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Chapter 1: General Introduction
Transcriptional regulation
A genome contains all of the genetic instructions for construction of an organism.
In eukaryotes this information is stored on vast DNA double helices and split into
distinct segments called chromosomes. Each of these chromosomes contains a
double stranded DNA that has both coding and non-coding regions. Protein-coding DNA consists of open reading frames (ORFs) which, through messenger
RNA (mRNA) transcripts, instruct ribosomes how to make particular proteins.
Non-protein-coding DNA can determine the sequence of other types of RNA molecules, for example the RNA components of ribosomes or transfer RNA molecules
important for protein production. A gene is a discrete stretch of DNA that codes
for a protein or acts as a template for a functional RNA molecule. Non-coding
DNA also contains regulatory sequences. These sequences specify where a gene
begins and ends. They also designate where and when these genes are expressed
through the process of transcription. Transcription is thus the first step in the
expression of information coded by a genome. The regulation of transcription
allows for the alternative interpretation of genomic information in a context dependent manner. These contexts are potentially limitless and could involve, for
example, one of hundreds of developmental paths undertaken by mammalian
cells to ultimately become a specialized tissue type. The context could also be any
combination of the nutritional environments experienced by a wild yeast cell. To
achieve an appropriate response through gene expression, transcriptional regulation must be specific. Specific segments of the genome must be transcribed at
specific times under specific conditions for a cell to mount an effective morphological or metabolic shift. The essence of transcriptional regulation is therefore
specificity.
Because appropriate regulation requires specificity, loss of specificity can lead to
inappropriate regulation, dysfunction and ultimately disease. Here disease is a
consequence of misregulated gene expression. Examples include different types
of cancer as well as various developmental, metabolic and neurological disorders.
In order to cure disease, rather than treat symptoms, a complete understanding
of the molecular mechanisms underlying a loss of specificity is essential. In other
words, we require an understanding of the causal factors regulating expression
of the genome. Although dubious as a model for studying human disease phenotypes, budding yeast is a fantastic model organism for studying the molecular
mechanisms of transcriptional regulation. The virtues of yeast as a model are
fully extolled in the next section. The remainder of this section primarily refers to
transcriptional regulation, with an emphasis on Saccharomyces cerevisiae.
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In the process of gene expression, regulation occurs at many steps. Transcription
itself involves three stages: initiation, elongation and termination. Each of these
stages is regulated, with initiation being arguably the most regulated in a gene
specific manner. Once expressed, mRNA can also be post-transcriptionally regulated in myriad ways. Capping, splicing, editing and silencing can affect the stability, information content and translation of an mRNA molecule. Protein stability,
location and choice of interacting partners can also be regulated by post-translational protein modifications such as phosphorylation, sumoylation, acetylation
and numerous other amino acid modifiers. These modifications can be highly
specific and many of the protein regulators of transcription are themselves regulated in this way. A huge number of proteins come together to carry out transcription and it is at this initial, most heavily regulated step in gene expression, that
misregulation can potentially have the biggest impact on cell function.

Transcription of protein-coding genes in eukaryotes is carried out by RNA polymerase II (Pol II), a multi-subunit protein machine with a mass of more than half
a million daltons. The beginning of a transcriptional unit, the transcription start
site (TSS), is specified by regulatory sequences in the core promoter of a gene.
Yet Pol II alone cannot recognise these sequences in a core promoter and initiate
transcription. This can only be achieved through interactions with the general
transcription factors (GTFs): transcription factor II-B (TFIIB), -D, -E, -F, and –H.
With the exception of TFIIB, GTFs are themselves multi-subunit proteins, together
having a mass greater than 1.5 million daltons (reviewed in Kornberg, 2007). The
first layer of specificity in the transcriptional regulation of protein-coding genes
in budding yeast involves the preferential usage of one of these components at
distinct genomic locations. Protein-coding gene promoters can thus be broadly
classified based on the enrichment of either the Spt-Ada-Gcn5-acetyltransferase
(SAGA) or TFIID complex (Li et al., 2000). The TFIID complex is enriched at the
majority of gene promoters (Huisinga and Pugh, 2004). The genes regulated by
TFIID code for proteins that have been proposed to carry out mostly housekeeping functions in the cell. Conversely, developmental and condition specific gene
promoters are enriched for the SAGA complex and are targeted by a greater number of regulators than genes regulated by the TFIID complex. Both complexes
share several subunits including TATA binding protein (TBP) and a number of
TBP associated factors (TAFs). Preferential usage of either TFIID or SAGA loosely
follows core promoter sequence, with SAGA found more often at TATA-containing
promoters and TFIID enriched at promoters containing a TATA-like or degenerate
TATA element (Rhee and Pugh, 2012). The exact mechanism determining TFIID
or SAGA usage remains elusive, as does the consequences for promoter output.

Fine-grained specificity of genome expression is achieved through the activity of
gene specific transcription factors (GSTFs). GSTFs recognise specific promoters
6
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by binding 4-8 bp regulatory motifs in DNA. It is currently assumed that most
DNA is inaccessible to the transcriptional machinery in a eukaryotic genome, as
it is wrapped around histone octamers to form nucleosomes. Nucleosome architecture differs at different promoter classes (reviewed in Cairns, 2009). TFIID
enriched promoters tend to have a pre-existing nucleosome depleted region
(NDR). This region is in part due to the underlying DNA sequence. Stretches of
A nucleotides in DNA are rigid, making them less likely to bend around a histone
octamer (Segal and Widom, 2009). This inherent NDR is often the location where
GSTFs bind in these promoters. SAGA enriched promoters are generally occupied by nucleosomes. In order to initiate transcription at these promoters nucleosomes must be repositioned. Alternatively the histone octamer can be evicted.
Eviction can be through direct competition for DNA binding by GSTFs. GSTFs are
also thought to recruit chromatin remodelers that can move nucleosomes away
from preferential binding locations (reviewed in Saha et al., 2006). Alternative
nucleosome positioning can expose DNA motifs, thereby alleviating the repressive effect of a nucleosome. GSTFs can themselves also act as repressors by competing with activating GSTFs or by recruiting inhibitory protein complexes. Typically one GSTF binds from a few to hundreds of promoters. Each promoter is also
typically bound by more than one GSTF. This facilitates combinatorial control of
gene expression and reduces the number of GSTFs required for the expression
of distinct transcriptional programs. It is through these mechanisms that GSTFs
determine the fine grained specificity of transcriptional regulation.
Chromatin modifiers decorate nucleosomes, primarily at the N-terminal histone
tails, with a plethora of post-translational protein modifications (reviewed in
Rando and Chang, 2009). One such modification, lysine acetylation, neutralizes the positive charge of this residue and results in less well packed chromatin
(Shogren-Knaak et al., 2006). This histone mark is one of the simplest, most direct examples of a modification that physically affects the structure of a chromatin fibre. Other chromatin adornments have been proposed to act as binding platforms for a variety of regulatory proteins. Given how widespread many of these
marks are throughout the genome, one of the most surprising recent findings was
the specificity of effects on the expression of certain genes after single gene deletion of various chromatin modifiers (Lenstra et al., 2011). However, the enzymes
that lay down these marks may also modify non-histone proteins. This makes
it challenging to assign a causative role to many of these modifications and the
question of whether some marks simply follow transcriptional activity or actively regulate it remains unanswered (reviewed in Henikoff and Shilatifard, 2011).
If causal, these marks could add multiple layers of specificity and complexity to
transcriptional regulation.
Although GSTFs have been shown to directly recruit the Tra1 subunit of SAGA
General Introduction |
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(Bhaumik et al., 2004; Brown et al., 2001) as well as interact with some GTFs such
as TFIID, in general these activators are not thought to directly recruit either Pol
II or the remaining GTFs (Kornberg, 2007). Recruitment of the other GTFs is nucleated by binding of TFIID and perhaps also SAGA. In vitro, Pol II can bind to the
DNA-GTF complex, but in vivo, this is thought to require the action of Mediator,
another massive (> 1 mDa) multi-subunit complex. Mediator is therefore pivotal
for the response to activating GSTFs. GSTFs recruit Mediator and this results in
recruitment of Pol II. In this way Mediator is probably necessary for the transcription of all protein coding genes (Conaway and Conaway, 2011; Kornberg,
2005). Together with Mediator, Pol II and the GTFs make up the pre-initiation
complex (PIC, see figure 1).

Mediator

Cdk8
submodule

Pol II

SAGA / TFIID
GTFs
TBP

DNA
Nucleosome

GSTFs

TATA /
TATA-like

TSS

ORF

CTD

Figure 1: Cartoon depiction of a PIC, including a GSTF homo-trimer and a nucleosome (roughly to scale based on molecular weight).
Initial studies regarding the function of each of the PIC components were carried out in vitro through sequential addition of purified components to a solution
of naked DNA followed by measurement of transcriptional output (Hoffmann et
al., 1997). Through this approach the question of how to specify a transcription
start site (TSS) was answered. Recognition of a core promoter and transcription
initiation is carried out by the PIC. TFIID containing PICs were typically used in
these studies, in combination with a promoter that contained a perfect TATA-box.
The biochemical composition of the PIC (TFIID versus SAGA), sequence of the
TATA-box (consensus or degenerate), presence of particular GSTFs and nucleosome positioning at the promoter of each gene varies to a great extent across a
genome. In this post-genome era, classification and cataloguing of which proteins
8
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are present on the promoters of all genes is possible through chromatin immunoprecipitation (ChIP) followed by DNA microarray analysis (ChIP-chip) or deep
sequencing (ChIP-seq) assays. These methods provide a useful starting point,
an inventory list for each promoter. However, although these assays provide genome-wide resolution they do not consider functional output.

Functional Genomics in S. cerevisiae
To understand how a genome functions we need to determine: how gene expression is regulated; the function of each of the gene products; and how these
gene products interact to create the emergent properties of an entire organism.
This ambitious goal is only feasible by combining the knowledge gained through
functional genomics with systems biology, the modelling of complex biological
systems. The first complete eukaryotic genome to be sequenced was that of the
S288C strain of Saccharomyces cerevisiae (Goffeau et al., 1996). The industrial
utility of this yeast to baking and brewing combined with the incredible power of
yeast genetics has meant that long before its genome was sequenced, S. cerevisiae
was in use as a model organism for studying eukaryotic cell biology (reviewed
in Botstein et al., 1997). S. cerevisiae has a short generation time (1.5 hours with
glucose as a carbon source) and can be easily grown in large quantities. Transformation of S. cerevisiae is straightforward allowing gene addition, tagging or disruption through mitotic homologous recombination. The ability of budding yeast
to mate and sporulate facilitates the rapid combination of various genetic traits
and outcrossing of superfluous mutations. Our understanding of many cellular
processes, including transcription, has been greatly enhanced through the use of
various yeasts as model organisms.

Besides the advantages just noted, S. cerevisiae is a particularly attractive model
for transcriptomics (reviewed in Botstein and Fink, 2011). First it is a eukaryote
and therefore similar to human cells with its genome contained in a nucleus and
packaged around nucleosomes as chromatin. The transcriptional machinery in
yeast is highly conserved and insights into transcriptional regulation are often
relevant to other eukaryotes, ourselves included. Second, S. cerevisiae has a relatively small genome (12.2 Mb versus 3234 Mb in most humans) compactly contained in 16 chromosomes. Assays requiring whole genome re-sequencing, such
as MNase-seq to determine nucleosome positioning and occupancy, can therefore
be performed at high coverage and low cost. Third, yeast can be cultured and
maintained in the haploid state. This means that gene disruption or tagging need
only be performed once to be complete. Lastly several consortia have come together to provide resources for the yeast community, including the yeast deletion
strain collection (reviewed in Giaever and Nislow, 2014). High throughput datasets are also widely available for S. cerevisiae, including regulatory factor and nucleosome locations (Harbison et al., 2004; Jiang and Pugh, 2009), protein-protein
General Introduction |
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interactions (Ito et al., 2001; Tarassov et al., 2008; Uetz et al., 2000), genetic interactions (Costanzo et al., 2010) and protein modifications (Picotti et al., 2008).
These resources greatly facilitate functional genomic studies.
Indeed the yeast genome is probably the best studied eukaryotic genome on the
planet. One of the main advantages of S. cerevisiae should then be the relative
simplicity of assigning regulatory roles to stretches of non-coding DNA. The human genome contains a massive amount of non-coding DNA: 98.5% compared
to just 27.2% in S. cerevisiae (highlighted in figure 2). Much of the non-coding
DNA in humans contains regulatory elements (approximately 15% depending
on the cut-offs used) and these regulatory elements have now been systematically mapped by a wide variety of assays by the ENCODE consortium (Ecker et
al., 2012). Nevertheless, binding of a regulatory protein to a stretch of DNA can
also be aspecific or non-functional (Spitz and Furlong, 2012). Therefore the gold
standard for functionality remains genetic perturbation resulting in a measureable phenotype (Kellis et al., 2014). Until the recent advent of targeted mammalian genome editing technologies (Sander and Joung, 2014), this has been prohibitively difficult to achieve in a targeted way in human cells. However, even in
the relatively streamlined yeast genome many single gene deletions result in no
measurable change in gene expression (Kemmeren et al., 2014). Large sections of
repetitive regions of the yeast genome can be also deleted with no apparent effect
(Dymond et al., 2011). The ideal growth conditions provided for yeast in a laboratory environment can account for much of this seeming lack of functionality.
When most single gene deletion strains are grown in a variety of environmental
conditions, condition-dependent growth disadvantages become exposed (Hillenmeyer et al., 2008). This suggests a function for 97% of genes in the yeast genome. What about their regulation? In other words, how much of the non-coding
genome is functional? Debate continues as to how much of the human genome
is functional or “junk” DNA (Doolittle, 2013). Even in the humble yeast cell there
is a disconnect between the genomic binding location of regulatory proteins and
where they exert their function (Lenstra and Holstege, 2012). This means that
the classification of functional regulatory elements remains a challenge. Given
the more advanced and higher throughput methods available for yeast studies
one would expect that integration of the available data sets could provide us with
a relatively complete understanding of genome-wide transcriptional specificity
in this model organism. This lofty goal is far from complete and may in part stem
from alternative definitions of functionality and how one defines it.
A geneticist would probably insist that to label a DNA element as functional its
disruption must produce a change in phenotype. Some phenotypes are easy to
measure, such as eye colour or height. Other phenotypes may be invisible except
in a specific genetic or environmental context. A biochemist would likely argue
10

| Chapter 1		

H. sapiens
PGK1 promoter/enhancer
PGK1 gene

80 kb

S. cerevisiae
PGK1 promoter
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Figure 2: Comparison of an 80 kb region surrounding the phosphoglycerate kinase
(PGK1) gene in humans and in yeast. Grey lines/boxes indicate protein coding genes.
The Pgk1 protein sequence and structure is highly similar in both species (Watson
et al., 1982). Yellow boxes indicate non-coding DNA that may contain sequences
with the ability to regulate the expression of the PGK1 transcript. Note for H. sapiens, regulatory DNA such as enhancers could also be located outside of this region.
that a change in molecular activity is sufficient to assign functionality. For example an increase in the transcription of a non-coding RNA, regardless of whether
that RNA molecule is immediately degraded and has no further impact on cell
physiology. An evolutionary biologist may consider sequence conservation as the
criteria for functionality, potentially missing cases of neo-functionalization. Each
of these approaches has its advantages and limitations and the best approach to
assign function is most likely the incorporation of as many different lines of evidence as is possible (Kellis et al., 2014).
The work described in this thesis investigates the transcriptional regulation of
protein coding genes. Therefore the transcriptome is considered as our phenotype and perturbations that can change mRNA abundance are considered functional. Although a perturbation may affect mRNA levels, determining whether
this effect is direct or indirect is a separate but equally important question.

Indirect and secondary effects
Often the definition of a direct effect is assumed rather than explicitly stated. The
type of molecular mechanism being studied implies what is meant by a direct
effect. For example the deletion of a gene coding for a kinase may affect the phosphorylation of a large number of proteins. From the perspective of enzymatic
activity, the kinase is clearly functional. However, many phosphorylation events
are indiscriminate and do not affect the activity of a target protein (Landry et al.,
2009; Lienhard, 2008). Therefore, from the point of view of a target protein, the
kinase that adds an impotent phosphate group is clearly not playing a functional
General Introduction |
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regulatory role. To complicate matters further, many kinases, including mitogen
activated kinases (MAPKs) and cyclin dependent kinases (CDKs), are known to
be active only if phosphorylated themselves (reviewed in Ubersax and Ferrell
Jr, 2007). Signalling pathways frequently consist of these kinase cascades, often
ending in GSTF activation or repression. A cartoon depicting a kinase cascasde is
shown in figure 3A. Here, from the point of view of kinase A any effect on mRNA
abundance after deletion of this kinase would count as an indirect effect. The
same can be said of kinases B and C in this example (even though one may argue
that their function is clearly to regulate expression of those transcripts). These
kinases are upstream regulators of a direct effect. The phosphorylated GSTF that
helps recruit the PIC and initiate transcription has a direct effect on the levels
of mRNA produced from this hypothetical gene. Assuming no further regulation
occurs between GSTF phosphorylation and transcriptional initiation, specificity
has been determined at the level of the GSTF.
GSTFs can also act in cascades. This occurs when a GSTF targets the promoter of
another GSTF (figure 3B). In this case deleting the gene coding for GSTF A results
in indirect gene expression changes that are in fact due to a downstream factor,
GSTF B. It is easy to see how kinase and GSTF cascades can be combined to produce varied and specific transcriptional programs. Signalling cascades are known
to be highly branched and interconnected (Bensimon et al., 2012; Walhout and
Vidal, 2001). One kinase can affect the activity of many other kinase cascades.
These kinases can then have an impact on the transcription of other GSTFs and
kinases and so on. Detailed examination of the negative synthetic genetic interactions between kinases and phosphatases has revealed a far more complex picture
than simple interpretations such as redundancy allow for (van Wageningen et al.,
2010). Perturbation of one factor may lead to partial and counterintuitive compensation by another. When these feed-back and feed-forward loops are considered, attempting to decipher the tangled transduction of a signal through various
pathways in a cell becomes a daunting task. Attempting to interpret steady state
observations of gene expression levels in deletion strains may become untenable.
Genetic or environmental perturbations may affect mRNA stability at the same
time as transcription (figure 3C). Promoter dependent control of mRNA stability
has been recently established (Bregman et al., 2011; Trcek et al., 2011). Coordinating the regulation of mRNA expression and stability is an efficient cellular
strategy that allows for precise temporal delineation of gene expression (Trcek et
al., 2011). When attempting to determine the quantitative effect a perturbation
has on transcription regulation, mRNA stability must also be considered. Perfect
overlap between promoter binding by a factor and the gene expression changes
recorded after deletion of that factor implies direct transcriptional regulation.
However, this does not guarantee that transcription is the only process at play.
12
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Figure 3: Cartoons of various types of indirect and secondary effects. (A) Kinase
cascades. (B) GSTF cascades. (C) A factor affecting mRNA transcription and stability. (D) Population effects and the measurement of average mRNA expression levels.
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Measured changes in mRNA abundance due to mRNA stability are clearly a secondary effect from the perspective of transcriptional regulation.

Again, the solution to these conundrums is the integration of orthogonal data
types. For kinases a change in phosphorylation status of a proposed target protein
combined with in vitro phosphorylation evidence and conservation of surrounding amino acid residues can increase our confidence that regulation is direct (the
separate question of functionality may then be addressed by target amino acid
substitution). For GSTFs, combining location information based on ChIP assays
and mRNA expression datasets is instructive. Ideally, freshly transcribed nascent mRNA should be measured instead of whole cell mRNA abundance, thereby
avoiding the influence of mRNA stability effects. A genome-wide vista gives us
great insight into how genes are regulated with respect to other genes. Taking
genome-wide measurements may avoid the misconception that a perturbation
has a specific effect, when the expression of many genes is actually affected. However, this view comes at a cost. Until very recently harvesting enough material for
genome-wide assays required many cells (Junker and van Oudenaarden, 2014).
Our view is then not only obscured by indirect or secondary effects, but also by
the concept of a mythical average cell which probably does not exist (Levsky and
Singer, 2003). Consider the pink cells in the flask depicted at the top of figure
3D. They all contain roughly the same amount of a hypothetical mRNA, coloured
red. When we measure the red mRNA levels we interpret this as the mRNA level
in an average cell. Another population of cells, shown directly below the pink
cells, may contain cells with a high expression level of red mRNA and cells that
express no red mRNA. When we measure average mRNA levels, we might end up
with the same measurement for each cell population. Now consider a perturbation that affects the ratio of red to white cells, for example through the exclusive
proliferation of red cells. The absolute levels of mRNA in an individual cell does
not change. However, our measurement of average mRNA expression levels does
change, leading us to think there has been an effect on transcription. In reality all
that has changed is the ratio of red cells in the population. This potential issue is
one of population heterogeneity, where our assumption of an average cell could
be quite misleading. In this case use of a conditional strain where immediate effects can be measured is highly informative.
In order to understand how genomes dynamically interact with the environments
they encounter, an understanding of transcription is essential. Transcription involves the expression of specific regions of the genome at specific times. Specificity is determined by regulatory proteins that, depending on context, can have
functional and non-functional activities. Functional proteins can then affect processes either directly or indirectly. To build realistic models of how transcriptional specificity is determined in a cell, we must weed out confounding non-func14
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tional, indirect effects that obscure the processes we are attempting to study.

Aim and overview of research presented in this thesis
The overall aim of the work described in this thesis is to study mechanisms of
transcriptional regulation. In order to study the regulation of transcription indirect effects must first be considered. Therefore the initial focus of this thesis
is on taking secondary effects into account by investigating their impact on (genome-wide) studies. Additionally it is shown how secondary effects can either be
corrected for in silico or avoided experimentally. The hope is that the adoption of
these approaches will simplify our analyses and interpretation of data and bring
us closer to understanding the causal factors and mechanisms that control genome expression.

Chapter 2 identifies a major secondary effect in studies relating to the slow
growth of either gene deletion strains or wild type cells grown under sub-optimal environmental conditions. A method for transforming transcriptome data
that improves the detection of direct effects is presented. The results shown in
this chapter have serious implications for interpretation of any experiment involving genetic or environmental perturbation. Chapter 3 focuses on one such
slow growing deletion strain. This strain has a deletion for the CDK8 gene. Cdk8 is
the kinase associated with the Mediator complex and has been proposed to play
a role in the direct regulation of Pol II through phosphorylation of its C-terminal
domain (CTD). Here a conditional depletion strategy is employed that avoids the
pitfalls associated with steady state analysis of deletion strains. This approach
clarifies what the functional targets of Cdk8 are, including the discovery of new
GSTF targets. Chapter 4 investigates the alternative regulation of genes by either
SAGA or TFIID containing PICs. Again a conditional depletion strategy is used
but in this case applied to an essential GSTF, Hsf1. Hsf1 regulates both TFIID and
SAGA enriched promoters. Metabolic labelling of newly transcribed mRNA is
combined with depletion of Hsf1 from the nucleus at different timescales. This
strategy identifies a clear difference in how the levels of Hsf1 are interpreted in
the context of SAGA versus TFIID promoters, in terms of transcriptional output.
Chapter 5 finishes with a discussion of the wider implications of these studies.
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Abstract

Growth condition perturbation or gene function disruption are commonly used
strategies to study cellular systems. Although it is widely appreciated that such
experiments may involve indirect effects, these frequently remain uncharacterized. Here, analysis of functionally unrelated Saccharomyces cerevisiae deletion
strains reveals a common gene expression signature. One property shared by
these strains is slower growth, with increased presence of the signature in more
slowly growing strains. The slow growth signature is highly similar to the environmental stress response (ESR), an expression response common to diverse environmental perturbations. Both environmental and genetic perturbations result
in growth rate changes. These are accompanied by a change in the distribution of
cells over different cell cycle phases. Rather than representing a direct expression
response in single cells, both the slow growth signature and ESR mainly reflect a
redistribution of cells over different cell cycle phases, primarily characterized by
an increase in the G1 population. The findings have implications for any study of
perturbation that is accompanied by growth rate changes. Strategies to counter
these effects are presented and discussed.

Introduction

Perturbation is a universally applied approach to study the behavior and molecular mechanisms underlying cellular systems (Ideker et al., 2001). A perturbation can be environmental, for example a change in growth condition or the addition of a response-inducing compound. A perturbation can also be the targeted
disruption of a particular cellular component, for example by gene deletion or
through RNA mediated knockdown. Combinations of these two general types of
perturbation are also frequently applied. The range of possible readouts that can
be monitored to study systems properties is extremely large. Dependent on the
system being studied and the questions being asked, readouts can vary between a
relatively simple phenotype such as growth, to the expression levels of all genes.
Given the interconnected nature of cellular systems (Bensimon et al., 2012; Walhout and Vidal, 2001), any systems readout is potentially determined by a combination of different types of direct and indirect mechanisms. Examples include
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ascribing a role as direct regulator to a particular transcription factor that is in
fact high up in a regulatory cascade of other transcription factors more directly
responsible for the readout (Spitz and Furlong, 2012). For environmental perturbations, an altered nutrient environment may have an indirect influence on a
phenotype such as cell size due to a more direct effect on doubling time for example (Zaman et al., 2008). There are therefore many different types of indirect
effects. Depending on the goals of a particular study, such effects need to be taken
into account, especially if the goal is to derive molecular mechanisms.

Here we further analyze a dataset describing changes in genome-wide expression patterns for 1484 Saccharomyces cerevisiae gene deletion strains (Kemmeren et al., 2014). We describe a gene expression signature common to many of the
strains, with subsequent analyses aimed at determining the cause of the common
expression signature. We show that the signature is similar to the environmental
stress response (ESR) gene expression signature, previously described as a cellular response exhibited upon many different environmental perturbations such
as nutrient limitations and different types of stress (Brauer et al., 2008; Gasch et
al., 2000). Further analyses show that both the ESR and the expression signature
common to slow growing deletion strains result to a large extent from shifts in
the proportions of cells in different cell cycle phases. The results have implications for any study applying environmental or genetic perturbations that result
in growth rate changes.

Results

A recurrent gene expression signature exhibited by slow growing deletion
mutants
We have previously carried out whole genome mRNA expression-profiling of 1484
S. cerevisiae single gene deletion strains grown under identical conditions (Kemmeren et al., 2014). Deletion strains were selected based on a (putative) role as
regulator of gene expression, also using characteristics such as nuclear location
or the capacity to modify other proteins. This results in of coverage of diverse
categories such as gene-specific and global transcription factors, RNA processing
and export, ubiquitin (-like) modifications, protein kinases/phosphatases, protein trafficking, cell cycle, meiosis, DNA replication and repair. Of the 1484 deletion strains, 700 exhibit an expression-profile that is robustly different from wild
type: more than 3 transcripts with expression changed over 1.7-fold and with
p<0.05 compared to the average of over 400 wild type strains, (Kemmeren et al.,
2014). Analysis of the mutants with robustly altered transcriptomes shows that
alongside specific expression changes, many strains display a shared expression
signature (figure 1A).
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In order to study this recur rent signature it was separated from specific effects
using principal component analysis (PCA, Materials and Methods). Projection of
the original gene expression data (figure 1A) onto the first principal component
axis demonstrates the recurrent nature of this signature (figure 1B, supplementary data file 1). The first principal component is distinct from other components
as it accounts for 24% of the variation in the entire dataset (supplementary figure
1) and is shared by 25% (r>0.5) of the 700 robustly affected deletion mutants.

Genome-wide expression changes that are shared between two or more mutants
typically indicates similar function such as shared protein complex or pathway
membership (Benschop et al., 2010; Hughes et al., 2000; Kemmeren et al., 2014;
Lenstra et al., 2011; Roberts et al., 2000). In contrast, this common signature is
found as part of the expression-profile of many different mutants that also belong
to diverse functional groups (figure 1C). What is shared by the majority of these
strains is a reduction in growth rate, with more slowly growing strains exhibiting
a stronger presence of the recurrent signature (figure 1D, supplementary data
file 2). In other words, the doubling time of the various deletion strains correlates
with the degree to which the recurrent signature is present. This finding agrees
with the previously reported observation that the number of genes with changed
expression scales with the degree of slower growth (Brauer et al., 2008; Hughes
et al., 2000; Keren et al., 2013; Regenberg et al., 2006). It is also important to note
that the apparent poor correlation of some deletion mutants to the recurrent signature (figure 1D, off-diagonal points) is due to additional gene expression changes specific to particular mutants (examples in supplementary figure 2). While not
identifying which aspect is causative, the correlation between growth rate and
the presence of the recurrent signature indicates a link between growth rate in
deletion mutants and expression changes in those genes most strongly affected.
The recurrent signature is not caused by medium depletion
All strains were grown for two cell doublings prior to harvesting (figure 2A, left).
This is sufficient for recovery from overnight preculture and also allows slow
growing strains to achieve balanced, exponential growth (supplementary figure 3). An initial concern was that the environment of slower growing strains
at the time of harvest may have been different compared to wild type because
of a longer time spent in culture. The medium of a slower growing strain may
have been more depleted of nutrients. Alternatively, compounds may have been
excreted into the medium for a longer time by the slower growing strains. Such
growth rate dependent changes to the media may account for the slow growth
gene expression changes, in particular because of the correlation between the
magnitude of the signature and the growth rate reduction (figure 1D).
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ing more than 1.7-fold and with p-value<0.05 compared to the average of over 400
wild types, (Kemmeren et al., 2014)). Both the transcripts and deletion strains have
been clustered (cosine correlation; average linkage). (B) The recurrent signature
of the dataset shown in (A), plotted as the projection of the first principal component and its presence in each deletion strain profile. Transcripts and deletions
strains are ordered as in (A). (C) The occurrence of the recurrent signature according to functional category of the deleted gene in each strain. Shown in blue are the
percentages when considering only strains displaying a strong recurrent signature,
here defined as deletion strains having a correlation greater than 0.5 with the signature. Only ‘protein trafficking’ (p=4.5×10-3) and ‘cell cycle regulation’ (p=0.018)
are significantly (p<0.05) overrepresented among strains with a strong recurrent
signature (hypergeometric test, Bonferroni-corrected). (D) The similarities of deletion profiles to the recurrent signature, versus their growth-rate plotted as log2
(doubling time in mutant/doubling time wild type). The similarity is expressed as
the projection of a deletion profile onto the normalized recurrent profile (this is
proportional to their covariance). The blue dots show the deletion mutants further
analyzed by flow cytometry in Figure 5.
To investigate this possibility, we expression-profiled wild type strains grown for
two cell doublings in media pre-conditioned by culture of slow growing deletion
strains (figure 2A). The expression profiles of the deletion strains are shown in
figure 2B-E. Wild type yeast grown in the pre-conditioned media from the deletion strains do not display the gene expression changes observed for the deletion
strains grown previously in the same medium (figure 2F-I). Growth-rate dependent changes to the media therefore do not account for the slow growth associated
signature.

The slow growth signature is pervasively present in genome-wide expression studies
To better understand the nature of the slow growth associated gene expression
signature, we next systematically searched publicly available yeast gene expression datasets for correlations with the recurrent profile. The slow growth signature was highly correlated with many previously published microarray datasets
(figure 3A). Curiously, rather than being restricted to studies of deletion strains,
correlations were also found with studies of wild type cells cultured under different growth conditions. Several of the strongest correlations are with wild type
cells grown under various conditions (Causton et al., 2001; Gasch et al., 2000)
(figure 3A). In the Gasch et al. study a large gene expression signature was described that occurs under all conditions of stress tested: the environmental stress
response (ESR). Of all the stress conditions examined, heat shock (15min after
shift from 290C to 370C, (Gasch et al., 2000)) gave the highest correlation to the
slow growth signature (figure 3B, r=0.73).
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This correlation increases further upon repeating the heat shock experiment
with our own platform and genetic background (figure 3C, r=0.82). The ESR was
not defined on heat shock alone. Rather, the ESR is characterized by genes that
change in expression during many environmental perturbations including addition of hydrogen peroxide, menadione, diamide, DTT, osmotic shock and various
nutrient limitations (Gasch et al., 2000). When only considering those genes that
define the ESR, the correlation with the slow growth signature increases even
further (figure 3D, r=0.93). High correlations are also found under different conditions analyzed with different technologies (figure 3E-F). These analyses show
that the signature that is common to slower growing deletion strains is highly
related to the ESR signature shown by wild type cells subjected to many different
types of growth condition perturbation.
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stress response (ESR). (A) Distribution of correlations with the recurrent signature
for a compendium of expression profiles from literature (Backhus et al., 2001; Barbara et al., 2007; Bernstein et al., 2000; Causton et al., 2001; Chu et al., 1998; Dasgupta et al., 2002, 2004; DeRisi et al., 1997; Epstein et al., 2001; Fazzio et al., 2001;
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Holstege et al., 1998; Hu et al., 2007; Hughes et al., 2000; Jelinsky et al., 2000; Lee et
al., 2000; Madhani et al., 1999; Ostapenko and Solomon, 2003; Primig et al., 2000;
Roberts et al., 2000; Roth et al., 1998; Spellman et al., 1998; Travers et al., 2000;
Vary et al., 2003; Viladevall et al., 2004; Young et al., 2003; Zhu et al., 2000). Indicated in blue are the correlations against the profiles described in (Gasch et al., 2000)
and in green, those by (Causton et al., 2001). (B-F) Scatter plots comparing the slow
growth signature to: (B) the (Gasch et al., 2000) heat shock expression profile at
t=15 min, (C) a heat shock expression profile at t=15 min. performed with an identical strain background, growth medium, microarrays and other procedures as in
figure 1, (D) heat shock (from C) when considering only ESR genes, i.e. those defined
previously to form the environmental stress response (Gasch et al., 2000), (E) the
expression changes of ESR genes 36 minutes after osmotic shock as determined using Affymetrix short oligonucleotide arrays (Miller et al., 2011) and (F) expression
changes of ESR genes after 100mM lithium addition as determined using RNA-seq
(van Dijk et al., 2011).
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The ESR signature can be explained by a cell cycle population shift
To determine whether there is a mechanism common to the environmental and
genetic perturbations that result in a shared expression signature, wild type response to environmental perturbation was first studied in more detail. Many
stressful conditions, including heat shock, osmotic stress and DNA damage, cause
a transient G1 arrest (Bellí et al., 2001; Gerald et al., 2002; Johnston and Singer,
1980; Rowley et al., 1993). Gene expression measurements typically describe the
average expression levels of genes in the population of cells that make up the
culture. In unsynchronized exponentially growing batch cultures this population
is made up of cells rapidly progressing through the cell cycle. The measured gene
expression level is therefore the average across the entire cell cycle. Cells subjected to mild heat shock transiently arrest their progress through the cell cycle
at the START checkpoint, between early and late G1 (Johnston and Singer, 1980;
Rowley et al., 1993). A transient G1 arrest due to heat shock would change the
distribution of cells over each of the cell cycle phases. To determine whether a
shift in the distribution of cells over different cell cycle phases can explain the
ESR, an in silico approach was taken. Cell cycle gene expression time-course data
from cells synchronized by elutriation (Spellman et al., 1998) were summed using weights that represent the fraction of cells in each respective cell cycle phase,
yielding a virtual profile that simulates a population of unsynchronized cells. The
weights were determined by a single spline, controlled by four parameters which
were optimized for correlation to the (Gasch et al., 2000) heat shock gene expression profile (15min, 29 to 370C). Strikingly, when weighted in this manner the
cell cycle gene expression data closely resembles the ESR (r=0.88, figure 4A).
To rule out overfitting, the same procedure was performed on randomized ESR
genes or on randomized cell cycle expression data, both yielding no correlation
upon optimization (average r=0.06 and 0.05 respectively, Materials and Methods). Furthermore, multiple cross-validations with half of the ESR genes used for
fitting the cell cycle data and applying this fit to the remaining ESR genes, yields
average correlations of 0.88 for the heat shock (Materials and Methods). Cell cycle synchronization can be achieved in a variety of ways. As discussed by Shedden
and Cooper (Shedden and Cooper, 2002), the elutriation dataset is the least prone
to stress and all methods suffer from quite rapid loss of synchronization. When
other cell cycle time series are used, the results are nevertheless similar. For elutriation from (Spellman et al., 1998) the correlation between heat shock and the
cell cycle based model (Figure 4A) is 0.88. For alpha factor arrest from (Spellman
et al., 1998) and (Granovskaia et al., 2010), the correlation is 0.82 and 0.63 respectively. For cdc28-ts (temperature-sensitive allel) from (Spellman et al., 1998)
and (Granovskaia et al., 2010), the correlation is 0.71 and 0.35 respectively. The
ability to mimic the ESR from cell cycle time-course data is a strong indication
that a large part of the ESR derives from a cell cycle population shift rather than
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from a direct cellular transcriptional response to environmental perturbation.

The cell cycle distribution derived from weighting of the cell cycle gene expression data predicts that the ESR involves an increase in the number of cells in early G1 and a decrease in the number of cells in late G1 and S phase (figure 4B).
Importantly, this fits with the transient arrest at START encountered upon mild
heat shock (Johnston and Singer, 1980; Rowley et al., 1993). To test this further,
a predictive model was created whereby a transient arrest of cell cycle progress
was initiated at t = 0. This corresponds to the heat shock induced cell cycle arrest
at START (Rowley et al., 1993). In the model, this results in accumulation of early
G1 cells and concomitant depletion of late G1 cells (figure 4C and supplementary
movie 1). Because both early and late G1 cells have 1N DNA content, the model
predicts that the fraction of 1N cells will begin to accumulate later during heat
shock and not immediately (figure 4E, line). To test the model, flow cytometry
analysis of a heat shock time course experiment was performed. The result agrees
with previous analyses (Johnston and Singer, 1980; Rowley et al., 1993) and exhibits a 1N accumulation both qualitatively and quantitatively close to the values
predicted by the model (figure 4E, dots; individual flow cytometry profiles, figure
4D). In agreement with the finding that the ESR can be modeled by weighting of
cell cycle gene expression data (figure 4A), the cytometry analysis shows that a
cell cycle population shift indeed takes place, also in the form predicted.

As with the shift in cell cycle populations modeled and measured during heat
shock (figure 4C-E), the ESR gene expression signature is also transient (Gasch et
al., 2000). As a further test of the idea that the ESR signature is to a large extent
caused by a shift in the distribution of cells over different cell cycle phases, the
population model (figure 4C) was used to predict the average magnitude of gene
expression changes. This model simply assumes that the magnitude of all gene
expression changes is directly proportional to the change in distribution of cells
in each cell cycle phase as compared to the unperturbed steady state distribution at t = 0. A transient arrest of 25 minutes was incorporated since this is the
timeframe previously shown to be required for maximal expression of chaperone
proteins (Miller et al., 1982), allowing adaptation to the higher temperature. Actual gene expression changes were then monitored during the course of a heat
shock experiment (figure 4F). Despite the simplicity of the model, the predicted
transient changes (figure 4G, lines) globally fit the average magnitude changes
measured (figure 4G, dots). The ability to recreate the ESR in silico from cell cycle
phase signatures of unstressed cells (figure 4A), the agreement between predicted and observed cell cycle population shifts that actually occur (figure 4C-E) and
the predicted and observed transient nature (figure 4G), all support the idea that
the ESR signature to a large extent reflects a cell cycle population shift.
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A cell cycle population shift also underlies the recurrent slow growth signature observed upon genetic perturbation
Growth rate change accompanies many environmental perturbations (Bellí et
al., 2001; Gerald et al., 2002; Johnston and Singer, 1980; Rowley et al., 1993).
Growth rate reduction also accompanies many single gene deletions (figure 1D,
supplementary data file 2). An expression signature similar to the ESR has been
observed in wild type continuous culture experiments forced to grow slowly
(Brauer et al., 2008; Regenberg et al., 2006). The recurrent slow growth signature found in many deletion strains is also highly similar to the ESR (figure 3).
We therefore reasoned that the similar signatures observed in both cases could
be the result of the same phenomenon: a shift in the cell cycle distribution of
the population. To test this possibility, deletion strains covering a wide range of
growth rates (blue dots, figure 1D) were analyzed by flow cytometry (figure 5A,
B). The degree of presence of the slow growth expression signature is clearly
proportional to the degree of cell cycle population shift observed for the individual strains (figure 5A). As with the ESR signature, the common signature found
in slower growing deletion strains also therefore results to a large extent from a
shift in the cell cycle distribution.
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Figure 5. Cell cycle population shifts and their correlation with the slow growth
signature in deletion strains. (A) Scatter plot comparing the similarities of gene
deletion expression profiles to the slow growth signature, versus the fraction of 2N
cells as determined by flow cytometry. (B) Examples of flow cytometry profiles used
in (A).
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Figure 6. Transformation of expression data to identify more direct consequences
of perturbation. (A) Expression changes under amino acid starvation conditions
(30 min, Gasch et al., 2000), before (left) and after (right) transformation (removal of the first principal component). Transcripts of genes annotated with “cellular
amino acid biosynthetic process” (GO:0008652) are in blue (p=5.7×10-10 original,
p=2.9×10-24 transformed: using a hypergeometric test for enrichment among genes
increasing more than 1.7 fold in expression with p<0.05). (B) Expression changes in
wild type strain at low (75µM) versus standard (10mM) phosphate conditions, before (left) and after (right) transformation. Targets of the low phosphate transcription factor Pho4 (Ogawa et al., 2000) are in blue (p=4.5×10-16 original, p=2.3×10-24
transformed). (C) False positive rate comparison before and after transformation
of transcription factor binding site enrichment analyses for 100 gene-specific transcription factor deletion strains. Strains are colored with respect to their log2 relative doubling time as shown by the scale.
Identifying primary effects of genetic and environmental perturbation
For those perturbations that result in growth rate reduction, it is likely that the
reduction in growth rate will often be a more downstream consequence. In such
cases, removal of the gene expression signature associated with slower growth
may help reveal the more immediate and direct effects of either an environmental or genetic perturbation. To test this we transformed a previously published
gene expression dataset from cells grown under amino acid starvation (Gasch et
al., 2000), by factoring out the slow growth signature (Materials and Methods).
Transformation of the amino acid starvation data in this way (figure 6A) results
in a more pronounced enrichment for genes involved in amino acid biosynthesis
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compared to the original data. The same approach was also applied to an environmental perturbation response not included in the Gasch study: growth in
low phosphate (figure 6B). Here, transformation of the data enriches for finding
direct targets of the low phosphate activated transcription factor Pho4. Transformation of environmental perturbation datasets in this way can therefore improve
delineation of direct responses.

The approach was also tested for genetic perturbation. For this we analyzed
gene-specific transcription factor (GSTFs) deletion profiles in the starting dataset (figure 1) for which there was also genome-wide binding data available (MacIsaac et al., 2006). Similar to environmental perturbation, transformation of the
GSTF deletion data by removal of the slow growth associated signature improves
identification of direct target genes. This is evident from the reduced false positive rate for finding GSTF binding in the promoters of genes with changed expression upon GSTF deletion (figure 6C). Importantly, the improvement is greatest
for the subset of GSTF deletions that suffers most from slow growth and does
not interfere adversely for deletions that are less affected by slow growth (figure
6C and supplementary figure 4). Transformation of gene expression datasets can
therefore improve delineation of direct effects for both environmental as well as
genetic perturbations. The fact that transformation works for both types of perturbations also supports the idea of a common underlying secondary response
and fits the proposal that cell cycle population shifts should be taken into account
in any study of perturbations that results in growth rate changes.

Discussion

The finding of a slow growth associated expression signature in deletion strains
fits with previous reports linking global changes in gene expression to changes in
growth rates, in particular growth rate changes caused by various nutrient limitations (Brauer et al., 2008; Keren et al., 2013; Regenberg et al., 2006). Here we
describe an expression signature common to slow growing deletion strains. As
with wild type strains growing more slowly due to particular growth conditions,
the signature common to slow growing deletion strains is highly similar to the
ESR, despite the deletion strains being grown under optimal conditions. Besides
a shared expression response, the feature that is common to all these different
perturbations (genetic, nutrient and the various forms of stress), is growth rate
reduction. Many stressful conditions, including heat shock, osmotic stress and
DNA damage, cause a transient G1 arrest (Bellí et al., 2001; Gerald et al., 2002;
Johnston and Singer, 1980; Rowley et al., 1993). Indeed, detailed examination of
the expression data used to originally define the ESR reveals a transient reduction in the mRNA levels of the post START pre-S phase marker CLN2 in the vast
majority of the stress time courses studied (supplementary figure 5). Disruption
of cell cycle progression has previously been indicated to cause many indirect
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gene expression changes (Lu et al., 2003). The latter study also indicated a link
between cell cycle population effects and gene expression, thereby providing the
basis for the ESR/cell cycle modeling approach taken here. The modeling and
flow cytometry analyses (figures 4 and 5) show that perturbations resulting in
slow growth have an altered cell cycle population distribution and that this explains a large part of the commonly found expression response.

An alternative explanation is that all the different perturbations result in stress
of which the common expression signature (slow growth/ESR) is part, and that
this causes the reduced growth rate. This does not fit with the ability to model the ESR using cell cycle phase signatures (figure 4). Furthermore, the recent
demonstration that commitment to the mitotic cell cycle occurs before induction
of G1-S gene expression changes (Eser et al., 2011), also rules this alternative out.
Rather than constituting a genome-wide response in single cells, the ESR and the
deletion strain slow growth signature are therefore mainly a manifestation of a
response at the level of the culture as a whole.

The correlations achieved by modeling a population shift are high but not complete (figure 4). This indicates that while the majority of the ESR can be explained
by the cell cycle population shift, there is also an independent component. This
likely corresponds to the well-documented transcriptional response to general
stress mediated by transcription factors such as Msn2/4 (Morano et al., 2012).
Direct targets of Msn2 are indeed part of both the ESR (Gasch et al., 2000) and the
slow growth signature (Supplementary Table 1). The presence of distinct contributions to the ESR has been suggested before (López-Maury et al., 2008). Further
work to completely unravel the contributions of the distinct components will
potentially have to take into account the possibility of metabolic/redox cycles
also causing cyclic expression of general stress response target genes (Chen et
al., 2007; Tu et al., 2005). Despite these complicating factors, the part of the ESR
previously linked to growth (Brauer et al., 2008; López-Maury et al., 2008) can
now be attributed to the cell cycle population shift.
A practical outcome of this study is that the extensive scope of the genetic perturbation data provides a means to calculate a high quality vector representation
of the recurrent slow growth signature (Supplementary data file 4). The vector
can be used to determine which transcripts are most strongly influenced by slow
growth. Gene ontology (GO) analysis of the signature (Supplementary table 1)
shows enrichment for many of the same processes previously described in detail
for the ESR (Gasch et al., 2000). The enriched categories include many metabolic
processes intimately coupled to cell cycle progression (Chen et al., 2007; Tu et al.,
2005), in agreement with a cell cycle population shift underlying a large part of
these signatures.
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Subtraction of the slow growth vector from the gene expression patterns of genetically or environmentally perturbed cells improves identification of more direct responses to the perturbation (figure 6). The signature is present in datasets
generated with diverse platforms (figure 3). Although transformation of data
across different technology platforms is possible (figure 6A), this likely works
better within a single platform (Irizarry et al., 2005). A transformed dataset for
all gene deletion expression profiles is made available (Supplementary data file
5), as is a file combining the original and transformed data including the p-values
relating to the original measurements (Supplementary data file 6). Weighting of
the degree of data transformation differs depending on the degree to which the
slow growth signature is present. This also fits with the observation that the degree of reduced growth differs for each deletion strain and for different environmental perturbations. In agreement with the idea that the recurrent signature is
a result of cell cycle population shifts, it is interesting to note that the inverse signature is also present in a subset of deletion strains (figure 1B, 1D) and that these
also show the opposite cell cycle population shift (figure 5A, msn2Δ and set4Δ).
The same holds for a subset of environmental perturbation data (figure 3A, negative correlations). One of these is a cold shock transfer from an adverse 37°C to a
more optimal growth temperature of 25°C (Gasch et al., 2000). Cold shifted cells
also show the opposite flow cytometry profile shift (supplementary figure 6), all
in line with the explanation that the recurrent signature is a reflection of altered
cell cycle phase populations.
It is unlikely that all analyses will benefit from data transformation to remove the
recurrent signature. The presence of slow growth, a cell cycle population shift
and its associated signature are phenotypes. Just like other phenotypes, for analyses of similarity between different deletion strains, the presence of such characteristics can help place mutants into similarly behaving groups. Data transformation should therefore only be applied in studies requiring identification of direct
effects. Alternatively, other experimental approaches such as rapid conditional
inactivation of a gene product may be applied (Haruki et al., 2008; Nishimura et
al., 2009).

Although the focus of this study has been on analyzing gene expression patterns,
it is important to emphasize that other phenotypes may similarly be indirectly influenced by the associated shift in cell cycle populations. The yeast gene deletion
strains studied here (Winzeler et al., 1999) are used in a wide variety of studies.
As with the expression pattern of the entire culture, any cellular characteristic
that differs dependent on the proportion of cells at specific cell cycle stages will
appear apparently changed in strains with a growth rate difference. Independent
of whether the readout is gene expression or a different phenotype, it is obvious
that all perturbation-based studies that are accompanied by growth rate changes
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should take cell cycle population shifts into account. It is likely that this effect
is also important for other organisms, as well as disease states associated with
changes in cellular growth.

Materials and Methods

DNA microarray expression data
Deletion strain DNA microarray data (figure 1) are from (Kemmeren et al., 2014),
and this data is available in ArrayExpress (accession numbers E-MTAB-1383,
E-MTAB-1384), GEO (accession numbers GSE42526, GSE42527) as well as in
other formats described in the original study. Deletion strain data was generated as four replicates: two biological replicates harvested in early mid-log phase
in synthetic complete medium with 2% glucose and each profiled in technical
replicate. These were averaged and statistically compared to the average of over
400 wild type expression profiles generated in parallel (Kemmeren et al., 2014).
Expression data of strains grown in deletion strain conditioned medium (figure
2) have been deposited in ArrayExpress (E-MTAB-2218) and GEO (GSE54539),
as has the heat shock profile (figure 3, E-MTAB-2219, GSE54528), the heat shock
time course (figure 4, E-MTAB-2219, GSE54528), the low phosphate response
(figure 6, E-MTAB-2217, GSE54527) and the cold shock time course (supplementary figure 6, E-MTAB-2219, GSE54528). Growth of strains for the experiments
specific to this study is described below. For all microarray experiments, each
measurement point is the average of two biological replicates, each profiled as a
technical replicate in dye-swap, yielding four replicates that were averaged and
statistically analyzed by Limma (Smyth, 2005) versus either wild type or wild
type at t=0. All procedures were identical and are described in detail in (Kemmeren et al., 2014), with protocols submitted to ArrayExpress. Calculations were
done using the statistical language R version 3.0.1 on a Linux machine running
CentOS 5.5, with packages and scripts provided in the Supplementary Information. The (Miller et al., 2011) expression data (figure 3E) was obtained from ArrayExpress (accession number E-MTAB-439), and normalized with rma from the
R package affy. For this data, expression changes are the log2-ratios relative to the
median of the four t=0 wild types.
RNAseq data
The (van Dijk et al., 2011) data (figure 3F) was obtained from Sequence Read
Archive (accession number SRP005955). Reads were mapped with bowtie (Langmead et al., 2009) to the yeast genome R64.1.1 with standard settings. Read
counts per gene were calculated with featureCounts from the R package Rsubread (Liao et al., 2014). Normalization and log-ratios were obtained using the R
package edgeR (Robinson et al., 2010).
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Growth rates
The doubling times of the deletion strains were calculated from the slope of the
log2(OD600) by taking the linear part of the growth curve just prior to harvest. For
examples see supplementary figure 3. The doubling times from two biological
replicate cultures were averaged and the ratio versus wild type (supplementary
data file 2) determined from wild type cultures grown in parallel to each batch of
mutants.
Principal Component Analysis (PCA)
The procedure separating the slow growth profile from specific effects was performed with singular value decomposition (SVD) but is more easily referred to
using the terminology from the more familiar PCA to which it is closely related.
Given the full data matrix M, consisting of the log2-ratios (relative to wild type) of
m transcripts x n deletion strains we write
M = U × S × VT			

(SVD formulation)

M = X × VT			

(PCA formulation)

or, alternatively

with the columns of U the left-singular vectors, those of V the right-singular vectors (or, in PCA terms, the principal component axes or loadings), and S the diagonal matrix of singular values, X the principal component scores, and × and
T denoting matrix multiplication and transposition respectively. Columns of all
matrices are sorted by decreasing importance. If we rewrite, in the SVD expression, the diagonal of matrix S as a simple vector s, it is clear that SVD decomposes
matrix M into a weighted sum of simpler matrices (sometimes called its modes
(Alter et al., 2000)), as
		
with Uk and Vk the k-th column of matrices U and V and k ranging over the number of deletion strains. Using (or conversely, discarding) a subset of dimensions
allow the separation of specific features of the data. In the current study, the first
mode (principal component) is identified with cell cycle phase distribution effects, and is studied (figure 1) by only using k=1 or, conversely, discarded (figure
6) by setting s1 to zero. Using only k=1, we obtain the first mode, M(1) = s1•U1×V1T,
also shown in figure 1B. Since all M(1) columns are collinear, each one of them
could be called the slow growth profile. For easier comparison with the actual
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data, we call the one with the largest norm the slow growth signature (Supplementary data file 4). The equivalent procedure in PCA terms is to create matrix
X(1) from the scores matrix X but setting all but the first column to zero, and forming
M(1) = X(1)×VT

Conversely, the transformed data M* is obtained by leaving out the first mode, as

or, equivalently but more simply,
			
M* = M - M(1)
		
The equivalent procedure in PCA terms is to create matrix X* from matrix X by
setting its first column to zero, and then forming M* = X*×VT, or again using M*
= M – M(1).

To remove the correlation with the slow growth signature from other data, each
of their expression profiles was transformed in Gram-Schmidt fashion by subtracting from them their projection onto the basis vector given by the normalized
slow growth profile (which is identical to the first left singular vector U1). The
original (untransformed) data set, the slow growth profile and the transformed
data set are provided in supplementary data files 3, 4 and 5 respectively. A single
file combining the original and transformed data sets and including the p-values
from the original measurements is also available: supplementary data file 6. R
scripts are provided that determine and subtract the first principal component
from any data set (svd-transform.R), as well as transforming any data using the
slow growth profile determined in this study (remove.signature.R). The similarity to the slow growth profile (figure 1D) was expressed as the inner product of
the strain’s expression profile and the first left-singular vector U1. For centered
data this is equivalent to using the covariance.
Culture of cells
For pre-conditioned media experiments, wild type and deletion strains were
grown for two cell doublings in synthetic complete (SC) media containing 2%
glucose. Cells were then harvested by centrifugation at 3952 x g for 3 minutes.
The supernatant was decanted and filtered through a 0.2µm filter. This pre-conditioned media was then added to wild type cells which were also allowed to grow
for two cells doublings before harvesting. For the low phosphate experiment cells
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were grown for two cell doublings in SC media containing 2% glucose and 75µM
phosphate before harvesting. For heat and cold shock experiments wild type cells
were grown in SC media containing 2% glucose at either 300C or 370C for two cell
doublings, harvested by centrifugation (3952 x g for 3 minutes) and then re-suspended in either 370C or 300C media respectively depending on whether a heat or
cold shock experiment was performed. Cells were then harvested at the indicated
time points by centrifugation. In all cases cells were harvested and RNA isolated
and processed for microarray profiling as described previously (Kemmeren et al.,
2014).

Flow cytometry analysis
Cells were grown for two cell doublings and then harvested by centrifugation at
the indicated time points. Cells were first fixed in 70% ethanol overnight at 40C,
then were washed twice in 1 ml flow cytometry buffer (200 mM Tris, 20 mM
EDTA), re-suspended in 100 µl ribonuclease A (1 mg/ml in flow cytometry buffer;
Sigma) and incubated for 2 h at 37°C in a shaking heating block at 800 rpm. Cells
were washed in phosphate-buffered saline (PBS) and stained in 100 µl propidium
iodide (50 µg/ml in PBS; Molecular Probes) for 1 hour at RT. Sample volume was
increased to 1 ml with PBS and sonicated for 10 sec at 25% amplitude (Hielscher
UP200S). DNA content was quantified by flow cytometry (FACS Calibur) and analyzed using CellQuest 5.2.
Deconvolving the ESR using cell cycle phase specific profiles
We consider the heat shock profile of an asynchronous population to be the sum
of ‘pure’ cell cycle phase specific profiles, weighted by their fraction in the population. To decompose the Gasch et al. (2000) heat shock profile into such a weighted sum of cell cycle phase-specific profiles we used the Spellman et al. (1998)
elutriation data as the best approximation to such ‘pure’ cell cycle phase specific profiles (see also Discussion). The elutriation data comprises 14 time points
from 0 till 390 minutes at 30 minute intervals. The elutriation profiles, the experimental heat shock profile as well as the virtual heat shock profile are defined
and expressed as M-values, i.e. as the log2 of expression changes, relative to t=0.
Missing data were imputed with the R package pamr (Hastie et al., 2013) using
default settings. We attempted to find the weights such that the weighted sum of
the cell-cycle specific time points yields a virtual expression profile most closely
resembling the heat shock profile of the 859 ESR genes (Gasch et al., 2000). To
preclude overfitting and to ensure smooth behavior at neighboring time points, a
single cubic spline governing the weights was used for all 859 genes together. This
spline was constructed from four control points with x-values chosen at 78, 156,
234, and 312 minutes. These four time points were not measured in the elutriation experiment, but provide an unbiased placement at fractions 0.2, 0.4, 0.6, and
0.8 of the duration of the elutriation data cell cycle. The y-values of the four conCell cycle population effects in perturbation studies |
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trol points were optimized such that the spline through them yields 14 weights
(i.e. population fractions, between 0 and 1 and summing to one) that, when used
in the weighted sum, give the maximal correlation of the virtual profile with the
heat shock profile. (The four y-values themselves have little significance; e.g., unlike the weights they need not be between zero and one). The deconvolution procedure was written in R and uses its built-in spline generating function splinefun
and optimizer optim, both with default settings (Forsythe-Malcolm-Moler and
Nelder-Mead, respectively). The optimizer is run at least ten times (with the four
control points initialized randomly between 0 and 1), but more if the solutions
failed to converge as judged by the best three correlations having a coefficient of
variation greater than 0.01 or any of the three pairwise correlations of the top
three sets of weights being below 0.95.

To rule out overfitting, the deconvolution was also performed with randomized
ESR gene labels. The mean correlation of the heat shock expression data with
the fit obtained after 100 randomizations of ESR gene labels was 0.06, maximum
0.13. Similarly, 100 randomizations of the cell cycle expression data matrix (each
time-point column independently randomized) yields an average correlation of
0.05, maximum 0.12. The method was also cross-validated by using half the genes
as a training set to obtain the four control points of the spline to weigh the time
course data. This was then applied to the other genes (test set) to determine their
correlation with the heat shock data. The mean correlation of 100 such random
splits of the 859 ESR genes into training set and test set was 0.88, i.e. the same
as that of the full deconvolution. The procedure is fast (seconds), general, and is
made available as R package dccd in the Supplementary Materials.

Cell cycle simulation
We modeled the distribution of cells over the phases of the cell cycle as a circular
array of slots, each representing 1 minute along the cell cycle and containing the
relative number of cells at that point in the cell cycle. The simulation proceeds in
time steps of one minute, and cells are transferred from one slot to the next. The
distribution of relative numbers of cells is initially uniform over the whole circular array (representing an unsynchronized population), and remains so if there is
no G1 arrest due to heat shock. At t=0, a heat shock is applied which erects a barrier at the START checkpoint in G1, between slots 14 and 15. Cells can only pass
this barrier after having recovered for 25 minutes. The result is that the slots beyond START ‘empty out’, whereas the slot in front of START ‘piles up’ the recovering cells. For purposes of visualization, the one-minute slots where averaged into
coarse-grained slot of 7 minutes. The lengths of the cell cycle phases, in minutes,
were: G1: 21; S: 14; G2: 14; M: 21; M.G1: 7. Cells in slots 1 till 28 were deemed
to have 1N DNA content, the rest 2N. For modeling the global expression changes
during heat-shock (figure 4G) only fold-changes in cell numbers of greater than
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1.7 were taken into account, analogous to the 1.7-fold-change threshold applied
to the expression data. All parameters used in the simulation were chosen to
mimic those observed experimentally, but qualitatively the results are not sensitive to their exact values. The simulation procedure is available in the R package
s3c2 in the Supplementary Materials.
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Supplementary Figure 2. Examples of specific gene expression changes associated
with offdiagonal deletion strains from Figure 1. (A) The similarities of deletion profiles to the recurrent signature, versus their growth-rate plotted as log2 (doubling
time in mutant/doubling time wild type). The similarity is expressed as the projection of a deletion profile onto the normalized recurrent profile (this is proportional
to their covariance). Highlighted are 11 off-diagonal deletion mutants that make
up the Paf-complex (green), mediator kinase submodule (red) and the Tup1p-Cyc8p
corepressor complex (purple). (B) Heat map of mRNA expression changes (y-axis) more than 1.7-fold and with p<0.05 compared to wild type in the 11 deletion
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mutants (x-axis) highlighted in (A). Both the transcripts and deletion strains have
been clustered (cosine correlation; average linkage). (C) Heatmap of the recurrent
signature of the 11 deletion mutants shown in (B). Transcripts and deletions strains
are ordered as in (B).
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series of flow cytometry profiles after heat shock. (C) Time series of flow cytome50

| Chapter 2

try profiles after cold shock. (D) Average magnitude of gene expression changes as
shown in (A) above for genes with increased (yellow) or decreased (blue) expression
during heat shock. (E) Average magnitude of gene expression changes during cold
shock, as shown in (A) above, colours as in (D). (F) Fraction of 1N cells during heat
shock. (G) Fraction of 1N cells during cold shock.
Supplementary table 1. GO and GSTF binding enrichments for transcripts changing in the slow growth signature
			

The slow growth signature with gene expression changes corresponding to the slowest growing
strain was used for enrichment analysis. Transcripts were used based on a fold change cutoff of
1.7 and a pvalue cutoff of 0.05, resulting in 439 transcripts with increased expression and 207
transcripts with decreased expression. GO terms and GSTF enrichments were considered significant with a p‐value less than 0.01 (after Bonferroni correction). GO terms also found in the ESR
have been marked by an *.
			
Transcripts with increased expression:			
			
Gene Ontology - Biological Process

oxidation-reduction process (GO:0055114)*

generation of precursor metabolites and energy
(GO:0006091)

energy derivation by oxidation of organic compounds (GO:0015980)

oxidative phosphorylation (GO:0006119)

cellular carbohydrate metabolic process
(GO:0044262)*

Corrected
P-value

0.00

0.00

0.00

0.00

0.00

cellular respiration (GO:0045333)

carbohydrate metabolic process (GO:0005975)*

0.00

2.07E-09

ATP synthesis coupled electron transport
(GO:0042773)

0.00

respiratory electron transport chain (GO:0022904)

0.00

mitochondrial ATP synthesis coupled electron trans- 0.00
port (GO:0042775)

single-organism carbohydrate catabolic process
(GO:0044724)*

electron transport chain (GO:0022900)

0.00

0.00

Cluster
frequency

95/426
(22.3%)

51/426
(12%)

44/426
(10.3%)

17/426
(3.99%)

39/426
(9.15%)

31/426
(7.28%)

57/426
(13.4%)

16/426
(3.76%)

16/426
(3.76%)

16/426
(3.76%)

26/426
(6.1%)

16/426
(3.76%)

Background
frequency

429/6168
(6.96%)

171/6168
(2.77%)

145/6168
(2.35%)

29/6168
(0.47%)

154/6168
(2.5%)

102/6168
(1.65%)

309/6168
(5.01%)

28/6168
(0.454%)

28/6168
(0.454%)

30/6168
(0.486%)

83/6168
(1.35%)

31/6168
(0.503%)
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Gene Ontology - Biological Process

single-organism carbohydrate metabolic process
(GO:0044723)

aerobic respiration (GO:0009060)

carbohydrate catabolic process (GO:0016052)*

trehalose metabolic process (GO:0005991)*

biological_process (GO:0008150)*

cellular response to oxidative stress (GO:0034599)*

response to oxidative stress (GO:0006979)*

single-organism catabolic process (GO:0044712)*

single-organism metabolic process (GO:0044710)*

mitochondrial electron transport, ubiquinol to cytochrome c (GO:0006122)

monosaccharide metabolic process (GO:0005996)

phosphorus metabolic process (GO:0006793)

glycogen biosynthetic process (GO:0005978)*

phosphate-containing compound metabolic process
(GO:0006796)

vacuolar protein catabolic process (GO:0007039)

pyridine nucleotide metabolic process
(GO:0019362)*

cellular response to chemical stimulus
(GO:0070887)*

mitochondrial electron transport, succinate to
ubiquinone (GO:0006121)

phosphorylation (GO:0016310)

tricarboxylic acid cycle (GO:0006099)
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Corrected
P-value

0.00

3.21E-08

0.00

1.47E-06

0.00

0.00

0.00

2.09E-05

0.00

0.00

0.00

0.00

0.00

0.0005545

0.00

0.0008791

0.00

0.001405

0.001451

0.00

Cluster
frequency

50/426
(11.7%)

26/426
(6.1%)

26/426
(6.1%)

9/426
(2.11%)

109/426
(25.6%)

25/426
(5.87%)

25/426
(5.87%)

58/426
(13.6%)

182/426
(42.7%)

8/426
(1.88%)

20/426
(4.69%)

83/426
(19.5%)

8/426
(1.88%)

80/426
(18.8%)

7/426
(1.64%)

15/426
(3.52%)

44/426
(10.3%)

5/426
(1.17%)

40/426
(9.39%)

11/426
(2.58%)

Background
frequency

266/6168
(4.31%)

85/6168
(1.38%)

90/6168
(1.46%)

11/6168
(0.178%)

922/6168
(14.9%)

98/6168
(1.59%)

104/6168
(1.69%)

399/6168
(6.47%)

1900/6168
(30.8%)

11/6168
(0.178%)

79/6168
(1.28%)

705/6168
(11.4%)

13/6168
(0.211%)

680/6168
(11%)

10/6168
(0.162%)

51/6168
(0.827%)

300/6168
(4.86%)

5/6168
(0.0811%)

265/6168
(4.3%)

29/6168
(0.47%)

Gene Ontology - Biological Process

response to abiotic stimulus (GO:0009628)

energy reserve metabolic process (GO:0006112)

cellular carbohydrate biosynthetic process
(GO:0034637)

organic substance catabolic process (GO:1901575)*

cellular carbohydrate catabolic process
(GO:0044275)

nicotinamide nucleotide metabolic process
(GO:0046496)

pyridine-containing compound metabolic process
(GO:0072524)

catabolic process (GO:0009056)*

pentose metabolic process (GO:0019321)*

glycogen metabolic process (GO:0005977)

disaccharide metabolic process (GO:0005984)

Corrected
P-value

0.00

0.00

0.00

0.002322

0.003889

0.003889

0.004129

0.005871

0.007776

0.00861

0.00861

monosaccharide catabolic process (GO:0046365)

0.009165

Gene Specific Transcription Factor

Corrected
P-value

MSN4
MSN2
SKN7
HAP4
HSF1
NRG1
ROX1

1.82E-10

1.87E-10

5.37E-10

4.33E-08

1.94E-05

0.0003599

0.001636

Cluster
frequency

28/426
(6.57%)

11/426
(2.58%)

14/426
(3.29%)

78/426
(18.3%)

14/426
(3.29%)

14/426
(3.29%)

16/426
(3.76%)

85/426
(20%)

7/426
(1.64%)

10/426
(2.35%)

10/426
(2.35%)

11/426
(2.58%)

Cluster
frequency

49/440
(11.1%)

54/440
(12.3%)

44/440
(10%)

20/440
(4.55%)

15/440
(3.41%)

28/440
(6.36%)

20/440
(4.55%)

Background
frequency

157/6168
(2.55%)

30/6168
(0.486%)

48/6168
(0.778%)

681/6168
(11%)

50/6168
(0.811%)

50/6168
(0.811%)

64/6168
(1.04%)

780/6168
(12.6%)

13/6168
(0.211%)

28/6168
(0.454%)

28/6168
(0.454%)

34/6168
(0.551%)

Background
frequency

161/6168
(2.61%)

182/6168
(2.95%)

195/6168
(3.16%)

55/6168
(0.891%)

44/6168
(0.713%)

154/6168
(2.5%)

98/6168
(1.59%)
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Gene Specific Transcription Factor

UME6
XBP1

Corrected
P-value

0.002122

ribosome biogenesis (GO:0042254)*

ribonucleoprotein complex biogenesis
(GO:0022613)*

rRNA processing (GO:0006364)*

rRNA metabolic process (GO:0016072)*

ncRNA processing (GO:0034470)*

ncRNA metabolic process (GO:0034660)*

ribosomal large subunit biogenesis (GO:0042273)*

RNA processing (GO:0006396)*

cellular component biogenesis (GO:0044085)*

ribosomal small subunit biogenesis (GO:0042274)*

RNA metabolic process (GO:0016070)*

maturation of SSU-rRNA from tricistronic rRNA
transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA)
(GO:0000462)*

maturation of SSU-rRNA (GO:0030490)*

maturation of 5.8S rRNA (GO:0000460)*

maturation of 5.8S rRNA from tricistronic rRNA
transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA)
(GO:0000466)
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31/440
(7.05%)

Background
frequency

196/6168
(3.18%)

0.006913

14/440
(3.18%)

60/6168
(0.972%)

Corrected
P-value

Cluster
frequency

Background
frequency

Transcripts with decreased expression:
Gene Ontology - Biological Process

Cluster
frequency

8.82E-70

8.02E-61

2.15E-54

5.69E-52

2.24E-47

4.41E-44

2.40E-39

1.11E-35

6.97E-29

1.51E-22

1.33E-20

7.13E-20
1.44E-18

2.99E-18

2.99E-18

98/202
(48.5%)

98/202
(48.5%)

76/202
(37.6%)

76/202
(37.6%)

81/202
(40.1%)

83/202
(41.1%)

44/202
(21.8%)

84/202
(41.6%)

100/202
(49.5%)

36/202
(17.8%)

97/202
(48%)

30/202
(14.9%)

30/202
(14.9%)

27/202
(13.4%)

27/202
(13.4%)

346/6168
(5.61%)

420/6168
(6.81%)

249/6168
(4.04%)

266/6168
(4.31%)

356/6168
(5.77%)

414/6168
(6.71%)

93/6168
(1.51%)

539/6168
(8.74%)

948/6168
(15.4%)

125/6168
(2.03%)

1123/6168
(18.2%)

94/6168
(1.52%)

103/6168
(1.67%)

81/6168
(1.31%)

81/6168
(1.31%)

Gene Ontology - Biological Process

maturation of LSU-rRNA from tricistronic rRNA
transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA)
(GO:0000463)*

Corrected
P-value

1.27E-16

maturation of LSU-rRNA (GO:0000470)*

4.14E-15

cellular nitrogen compound metabolic process
(GO:0034641)*

7.76E-15

nucleobase-containing compound metabolic process 4.88E-15
(GO:0006139)*

heterocycle metabolic process (GO:0046483)*

organic cyclic compound metabolic process
(GO:1901360)*

endonucleolytic cleavage involved in rRNA processing (GO:0000478)*

endonucleolytic cleavage of tricistronic rRNA
transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA)
(GO:0000479)*

cellular aromatic compound metabolic process
(GO:0006725)*

RNA phosphodiester bond hydrolysis, endonucleolytic (GO:0090502)*

nitrogen compound metabolic process
(GO:0006807)*

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)*

nucleic acid metabolic process (GO:0090304)*

cleavage involved in rRNA processing
(GO:0000469)*

endonucleolytic cleavage in 5’-ETS of tricistronic
rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA)
(GO:0000480)*

RNA phosphodiester bond hydrolysis
(GO:0090501)*

endonucleolytic cleavage to generate mature 5’-end
of SSU-rRNA from (SSU-rRNA, 5.8S rRNA, LSU-rRNA) (GO:0000472)*

rRNA 5’-end processing (GO:0000967)*

1.00E-14

3.51E-14

3.74E-14

3.74E-14
5.84E-14

6.02E-14

7.57E-14

Cluster
frequency

18/202
(8.91%)

18/202
(8.91%)

112/202
(55.4%)

117/202
(57.9%)

115/202
(56.9%)

116/202
(57.4%)

19/202
(9.41%)

19/202
(9.41%)

113/202
(55.9%)

19/202
(9.41%)

122/202
(60.4%)

Background
frequency

32/6168
(0.519%)

37/6168
(0.6%)

1703/6168
(27.6%)

1845/6168
(29.9%)

1797/6168
(29.1%)

1851/6168
(30%)

47/6168
(0.762%)

47/6168
(0.762%)

1782/6168
(28.9%)

48/6168
(0.778%)

2033/6168
(33%)

1.20E-13

18/202
(8.91%)

43/6168
(0.697%)

6.06E-13

98/202
(48.5%)

1448/6168
(23.5%)

7.12E-13

7.80E-13
9.89E-13

5.22E-12
9.31E-12

21/202
(10.4%)

15/202
(7.43%)

21/202
(10.4%)

15/202
(7.43%)

15/202
(7.43%)

69/6168
(1.12%)

29/6168
(0.47%)

70/6168
(1.13%)

32/6168
(0.519%)

33/6168
(0.535%)
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Gene Ontology - Biological Process

ncRNA 5’-end processing (GO:0034471)*

gene expression (GO:0010467)*

RNA 5’-end processing (GO:0000966)*

ribosome assembly (GO:0042255)*

ribosomal large subunit assembly (GO:0000027)*

ribosomal subunit export from nucleus
(GO:0000054)*

ribosome localization (GO:0033750)*

establishment of ribosome localization
(GO:0033753)*

ribonucleoprotein complex localization
(GO:0071166)*

ribonucleoprotein complex export from nucleus
(GO:0071426)*

rRNA-containing ribonucleoprotein complex export
from nucleus (GO:0071428)*

ribonucleoprotein complex assembly
(GO:0022618)*

ribonucleoprotein complex subunit organization
(GO:0071826)*

nucleic acid phosphodiester bond hydrolysis
(GO:0090305)*

organelle assembly (GO:0070925)*

rRNA modification (GO:0000154)*

RNA methylation (GO:0001510)*

cellular component organization or biogenesis
(GO:0071840)*

ribosomal large subunit export from nucleus
(GO:0000055)*

nucleocytoplasmic transport (GO:0006913)*
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Corrected
P-value

9.31E-12

1.54E-11

1.62E-11

5.79E-11

3.90E-10

4.52E-09

4.52E-09

4.52E-09

4.52E-09

4.52E-09

4.52E-09

6.56E-08

2.03E-07

5.10E-07

1.61E-06

1.00E-05

1.32E-05

1.84E-05

5.14E-05

9.40E-05

Cluster
frequency

15/202
(7.43%)

103/202
(51%)

15/202
(7.43%)

18/202
(8.91%)

14/202
(6.93%)

15/202
(7.43%)

15/202
(7.43%)

15/202
(7.43%)

15/202
(7.43%)

15/202
(7.43%)

15/202
(7.43%)

23/202
(11.4%)

23/202
(11.4%)

25/202
(12.4%)

19/202
(9.41%)

9/202
(4.46%)

11/202
(5.45%)

105/202
(52%)

9/202
(4.46%)

20/202
(9.9%)

Background
frequency

33/6168
(0.535%)

1645/6168
(26.7%)

34/6168
(0.551%)

58/6168
(0.94%)

34/6168
(0.551%)

47/6168
(0.762%)

47/6168
(0.762%)

47/6168
(0.762%)

47/6168
(0.762%)

47/6168
(0.762%)

47/6168
(0.762%)

143/6168
(2.32%)

151/6168
(2.45%)

186/6168
(3.02%)

114/6168
(1.85%)

23/6168
(0.373%)

39/6168
(0.632%)

2095/6168
(34%)

27/6168
(0.438%)

160/6168
(2.59%)

Gene Ontology - Biological Process

Corrected
P-value

nuclear transport (GO:0051169)*

0.0001043

methylation (GO:0032259)*

macromolecule methylation (GO:0043414)*

establishment of organelle localization
(GO:0051656)*

nuclear export (GO:0051168)*

primary metabolic process (GO:0044238)*

assembly of large subunit precursor of preribosome
(GO:1902626)*

cellular metabolic process (GO:0044237)*

cellular macromolecule metabolic process
(GO:0044260)*

macromolecule metabolic process (GO:0043170)*

RNA modification (GO:0009451)*

cellular process (GO:0009987)*

metabolic process (GO:0008152)*

Gene Specific Transcription Factor:
No significant enrichments found

0.0004119

0.0004341

0.0008006

rRNA methylation (GO:0031167)

organic substance metabolic process
(GO:0071704)*

0.000381

0.0008405

0.0008969

0.0009688

0.0009805

0.001081

0.00184

0.002667

0.003005

0.003692

0.006524

Cluster
frequency

20/202
(9.9%)

15/202
(7.43%)

13/202
(6.44%)

15/202
(7.43%)

16/202
(7.92%)

6/202
(2.97%)

136/202
(67.3%)

5/202
(2.48%)

140/202
(69.3%)

110/202
(54.5%)

139/202
(68.8%)

112/202
(55.4%)

14/202
(6.93%)

171/202
(84.7%)

145/202
(71.8%)

Background
frequency

161/6168
(2.61%)

101/6168
(1.64%)

76/6168
(1.23%)

102/6168
(1.65%)

121/6168
(1.96%)

13/6168
(0.211%)

3193/6168
(51.8%)

8/6168
(0.13%)

3327/6168
(53.9%)

2398/6168
(38.9%)

3323/6168
(53.9%)

2497/6168
(40.5%)

104/6168
(1.69%)

4471/6168
(72.5%)

3581/6168
(58.1%)
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Chapter 3: Functional targets of Cdk8 indicate a scaffold only 		
		
model for the Mediator kinase submodule
Eoghan O’Duibhir, Mariel Brok, Esther Kuiper, Spiros Pachis, Dik van Leenen,
Marian Groot Koerkamp, Philip Lijnzaad* and Frank C.P. Holstege*
Center for Molecular Medicine, University Medical Center Utrecht, Utrecht, the
Netherlands
(* equal contribution)

Abstract

Cdk8 is an evolutionarily conserved kinase component of the general co-activator
Mediator and has been implicated in regulating transcription through phosphorylation of general transcription machinery components as well as gene-specific
transcription factors (GSTFs). In the yeast Saccharomyces cerevisiae, deletion of
CDK8 results in a large number of gene expression changes. The deletion strain
is also slow growing and differentiated into a flocculent state. This complex mix
of phenotypes has made it challenging to distinguish primary from secondary
effects and to attribute specific gene expression changes to specific Cdk8 kinase
targets. Here we monitor development of the CDK8 loss of function phenotypes by
performing high resolution time course analysis of a conditional Cdk8 depletion
strain. Whereas initial gene expression changes occur rapidly and almost concomitantly with Cdk8 depletion (12 minutes), slow growth and flocculence only
start developing several hours later, indicating that the gene expression changes associated with these phenotypes are more likely knock-on effects of Cdk8
depletion. Further analyses of the early gene expression changes indicate two
new Cdk8 targets, the GSTFs Bas1 and Gcr2. Although Cdk8 has previously been
implicated in regulation of gene expression through phosphorylation of general
transcription machinery components, almost all expression changes and phenotypes observed upon Cdk8 depletion can be accounted for solely by targeting of
GSTFs, indicating that these are the functional targets of Cdk8. Thus, rather than
being an integral contributing component of the pre-initiation complex, Cdk8 is
likely better described as a kinase component that uses Mediator as a scaffold to
target a subset of GSTFs.

Introduction

Cdk8 is a cyclin dependant kinase that partners with Cyclin C, Med12 and Med13
to form the kinase submodule of the Mediator complex. Mediator is a well conserved protein complex required for mediating the response to transcription activators and likely involved in transcription of all protein-coding genes in eukaryotes (reviewed in Conaway and Conaway, 2011; Kornberg, 2005). Mediator is
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comprised of four submodules of which the kinase submodule is one (reviewed
in Larivière et al., 2012). Although Mediator has a general role in transcription,
mutations in different subunits are associated with various human disorders
(Spaeth et al., 2011). This is most frequent for components of the kinase submodule, perturbation of which is associated with neurodevelopmental diseases,
cardiovascular disorders and cancer.
Despite extensive research, the role of Cdk8 in transcription regulation is still
enigmatic and apparently conflicting roles have been postulated. One important
issue is whether Cdk8 has a general or more gene-specific role in transcription.
Another is whether Cdk8 acts as a positive or negative regulator. Even when restricting analyses to the arguably most intensively studied model organism Saccharomyces cerevisiae, these issues are not resolved. Based on its association with
a general coregulator complex, and based on the genetic links to the carboxy-terminal domain (CTD) of RNA polymerase II (Kim et al., 1994; Liao et al., 1995),
a general role for the Cdk8 submodule has been put forward. A general role fits
with observations that Cdk8 can phosphorylate components of the general transcription machinery including the RNA polymerase II CTD (Liao et al., 1995), other Mediator subunits (Hallberg et al., 2004; Liu et al., 2004; Miller et al., 2012;
van de Peppel et al., 2005), as well as the TATA Binding Protein-/TFIID-associated
proteins Taf2 and Bdf1 (Liu et al., 2004).

Other observations support a gene-specific role for Cdk8. In contrast to many of
the subunits that make up core Mediator, none of the Cdk8 submodule genes are
essential for viability in yeast (Hengartner et al., 1995). Identification of CDK8
alleles in genetic screens of specific regulatory processes are also indicative of
specific roles (Balciunas and Ronne, 1995; Carlson et al., 1984; Li et al., 2005;
Surosky et al., 1994; Tabtiang and Herskowitz, 1998). This also holds for analysis of genome-wide expression, with only a subset of genes affected upon CDK8
deletion, compared to the genome-wide effects observed upon disruption of
Mediator core components such as MED17 (Holstege et al., 1998). Gene-specific
roles for Cdk8 are supported by the identification of several gene-specific transcription factors as phosphorylation targets of Cdk8 (Chi et al., 2001; Hirst et al.,
1999; Lenssen et al., 2007; Nelson et al., 2003; Raithatha et al., 2012). There is
therefore ample evidence to support both general and specific roles for Cdk8.
Similarly, there is evidence for both negative and positive effects on transcription
(reviewed in Nemet et al., 2014).
Assessment of the role of Cdk8 has been complicated by a challenge that is common to many studies of molecular mechanisms, the potentially confounding role
of secondary effects. The effects of Cdk8 have most frequently been studied using steady-state perturbation, for example by analysis of gene deletion in yeast.
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Secondary effects can come in different guises. They may be the result of a cascade of events ensuing from the initial perturbation or may more simply be the
compensatory or associated gene expression changes linked to development of a
particular phenotypic state. Deletion of CDK8 has at least two phenotypic consequences under standard growth conditions: a reduced growth rate (Hengartner
et al., 1995); and flocculence (Holstege et al., 1998). The latter is a differentiated
state related to filamentous growth whereby yeast cells remain more attached
to each other due to changes in the composition of their cell wall (reviewed in
Verstrepen et al., 2005). We have recently characterized a large gene expression
signature that is exhibited by wild-type and deletion strain cultures with reduced
proliferation (O’Duibhir et al., 2014). These slow growth associated expression
changes result from changes in the proportion of cells in the various cell cycle
phases and are therefore secondary to a reduced growth rate. It is likely that previous analyses of Cdk8 function have been influenced by the presence of these
slow growth associated expression changes.
Here we make use of rapid, non-invasive conditional inactivation of Cdk8 by “anchor-away” (Haruki et al., 2008) to investigate the development of Cdk8-dependent gene expression changes in high temporal resolution immediately following
Cdk8 nuclear depletion. The entire steady state CDK8 deletion profile is faithfully recapitulated by nuclear depletion, but the majority of those gene expression
changes take several hours to develop. The kinetics of Cdk8 depletion itself is
much more rapid and is associated with rapidly occurring gene expression changes, some of which are transitory. Further analysis of the time course data identifies previously established and indicates new Cdk8 target proteins (Bas1, Gcr2)
that mediate the gene expression changes. The results indicate that all the initial
consequences of Cdk8 inactivation are mediated by a small number of GSTFs and
that the majority of gene expression changes follow much later as a secondary
consequence, mainly of the reduced growth rate. A straight-forward model of
Cdk8 function is proposed whereby its incorporation as a Mediator submodule
reflects a scaffold function solely for targeting a subset of GSTFs at promoters, the
primary function revealed by these analyses.

Results
Creation of a conditional Cdk8 depletion strain
The CDK8 deletion strain grows considerably slowly (doubling time of 2.3 hours)
compared to wild type (WT, doubling time 1.5 hours). Even small growth rate
changes can affect the apparent expression of many genes through a shift in cell
cycle phase populations (O’Duibhir et al., 2014). To determine the direct transcriptional effects of CDK8 loss the use of a conditional inactivation strain would
Functional targets of Cdk8 indicate a scaffold only model for the Mediator kinase submodule |
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be potentially highly advantageous. This strain was therefore created by implementing the anchor-away system (Haruki et al., 2008) with some modifications.
Use of identical strain backgrounds in separate studies facilitates the straightforward comparison of data. The anchor-away system was originally implemented
in the W303 background. To simplify the comparison of data generated here,
with Mediator and GSTF deletion strain microarray profiles generated in previous studies, the parental anchor-away strain was remade in the S288C/BY4742
background. The anchor-away system utilises rapamycin as a small molecule inducer of protein dimerization resulting in depletion of the target protein from
the nucleus. Consequently the parental anchor-away strain must be insensitive to
rapamycin treatment. Sensitivity to rapamycin in the original anchor-away strain
was assayed by growth on a spot assay (Haruki et al., 2008). Expression of genes
after protein depletion was also monitored by qPCR. Our intention was to look at
genome-wide gene expression changes. It was therefore essential to first determine whether there were any effects of protein tagging or rapamycin treatment
not related to target protein depletion, in terms of both growth and genome-wide
expression.

An assay that allows optical density measurements every 10 minutes and is hence
more sensitive than a spot assay was employed to determine growth rates (see
materials and methods for full details). The newly created BY4742 anchor-away
strain (parental-AA) is impervious to rapamycin treatment as assayed by this
growth assay, whereas parallel treatment of the WT BY4742 strain results in a
rapid reduction in growth rate (figure 1A). Rapamycin treatment of the WT strain
also results in many gene expression changes (figure 1B). Gene expression in the
parental-AA strain is minimally affected by the genetic modifications required
for the anchor-away system (introduction of the tor1-1 allele, FPR1 deletion and
RPL13A tagging with two FKBP12 domains, figure 1C). This strain is also highly
insensitive to rapamycin treatment based on the lack of gene expression changes
compared to WT (figure 1D versus 1B). Thus, in terms of both growth and gene
expression, rapamycin treatment has no effect on the parental-AA strain.
Tagging of the target protein may also impair protein function and cause undesirable gene expression changes. In the anchor-away system proteins are tagged
with the FRB domain, which enables protein depletion. GFP can also be included
to allow direct observation of the nuclear depletion kinetics. C-terminal tagging
of Cdk8 by a combination FRB-GFP tag in the parental-AA background has no
effect on gene expression compared to the parental strain (figure 1E). The Cdk8
anchor-away (Cdk8-AA) strain has the same growth rate as its parental strain
(figure 1F, first 5 hours, doubling time of both strains is 1.5 hours). Nuclear depletion is induced by addition of rapamycin. This causes a gradual increase in
doubling time in Cdk8-AA cells maintained in exponential phase growth.
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Figure 1: Construction of the conditional Cdk8-AA strain in a BY4742 background.
(A) Growth of BY4742-AA strain. (B-E) Scatterplots of gene expression changes of
(B) WT treated with rapamycin (C) Parental-AA compared to WT (D) Parental-AA
treated with rapamycin and (E) Cdk8 tagged with FRB-GFP (Cdk8-AA) compared
to Parental-AA. The numbers on the axis refer to the averaged log2 fluorescent dye
intensities of the microarray probes representing each gene (dots) (F) Growth of
Cdk8-AA strain after rapamycin addition. Cultures were diluted into fresh media
twice to avoid nutrient depletion (G) Fluorescence microscopy of Cdk8-AA (Cdk8FRB-GFP) before and after rapamycin addition, scale bar 10µM. (H) Flocculent phenotype of CDK8 deletion and for Cdk8-AA grown in the presence of rapamycin.
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The growth defect starts to become detectable 5 hours after rapamycin addition
as determined by optical density measurements (figure 1F). After 20 hours of
Cdk8 depletion the Cdk8-AA strain doubling time has lengthened to 2.3 hours
(figure 1F), equivalent to the CDK8 genetic deletion strain (figure 1F). Importantly, this gradual change in growth rate is not due to lengthy or inefficient depletion
of Cdk8 from the nucleus. 12 minutes after rapamycin addition, Cdk8 is no longer
detectable in the nucleus (figure 1G). Besides slow growth, upon addition of rapamycin, the Cdk8-AA strain also faithfully recapitulates the flocculation phenotype
observed in the CDK8 deletion strain (figure 1H). Reinforcing the previous results
of Haruki and colleagues (2008), together this clearly demonstrates that the anchor-away system can be a remarkably clean and effective approach for conditionally depleting a protein of interest. The results demonstrate that in terms of
growth rate and cell morphology Cdk8-AA is comparable to the WT strain and
conditionally replicates the CDK8 deletion strain after nuclear translocation.

Spanning the genotype phenotype gap
As previously noted the CDK8 deletion phenotype is multifaceted. Decreased
growth rate, morphological transformation and more direct transcriptional effects may all contribute to the steady state gene expression phenotype. Since the
development of slow growth was much slower than the nuclear depletion of Cdk8,
our next aim was to investigate the cascade of events downstream of Cdk8 signalling that cause the development of slow growth, flocculation and the CDK8 deletion gene expression phenotype. Reproduction of the deletion strain genotype
by conditional depletion of the protein enables separation of the gene expression
profile in the time dimension. Cdk8 protein was depleted from cell nuclei and
gene expression was monitored over the course of 20 hours using DNA microarrays (figure 2, lanes 1 to 23). The gene expression profile of the conditional strain
20 hours after Cdk8 depletion is highly similar to the CDK8 deletion strain (figure
2, compare lane 23 to 24, R=0.9). This demonstrates that after protein depletion
Cdk8-AA not only recapitulates the growth and flocculation phenotype but also
the gene expression phenotype of the CDK8 deletion strain.
A substantial portion of this gene expression profile can be accounted for (R=0.8)
by the previously described slow growth associated expression changes (compare figure 2 lane 23 to lane 25, which represents the commonly found slow
growth expression changes taken from O’Duibhir et al., 2014). The similarity to
the slow growth profile increases during the time course, reaching a maximum at
the 20 hour time point. This is in accordance with the gradual growth rate reduction recorded for Cdk8-AA. Since these gene expression changes are found in all
deletion strains and WT strains with slow growth (O’Duibhir et al., 2014), these
gene expression changes are clearly due to secondary effects.
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In agreement with the rapid nuclear depletion, other gene expression changes
can already be observed just 20 minutes into the time course. These early changes in gene expression are separate from slow growth expression changes and include genes known to be regulated by targets of Cdk8. For example, Msn2 is a
known GSTF substrate of Cdk8 (Chi et al., 2001). Early increases in gene expression are regulated by Msn2 as indicated by genes changing in expression in the
MSN2 deletion strain combined with Msn2 promoter binding based on ChIP (figure 2, lanes 26 and 29). Genes displaying Msn2 promoter binding (lane 29) clearly overlap with transcripts increasing in expression in lanes 10-23 (max p-value <
0.3 x 10-4, hypergeometric test). Many of the binding targets of Msn2 also change
in expression upon MSN2 deletion (overlap lane 26 and 29: p=4.8 x 10-6, hypergeometric test), indicating that in a WT strain some Msn2 binding already activates
the expression of some genes. Msn2 is a known Cdk8 substrate and the MSN2 deletion strain displays the opposite gene expression changes observed in the time
course data (figure 2, msn2∆, lane 26). This is in agreement with Cdk8 phosphorylation repressing Msn2 activity through nuclear exclusion (Chi et al., 2001). Interestingly, overexpression of Msn2 has been shown to cause slow growth (Chua
et al., 2006) raising the possibility that inappropriate activation of Msn2 may be
the cause of the slow growth phenotype associated with Cdk8 loss of function.

A small cluster of transcripts decreases in expression at the beginning of the time
course and then returns to wild type levels. These genes are enriched for targets
of Bas1 (figure 2, lane 30 overlap with lanes 3-15 p-value < 0.5 x 10-4, hypergeometric test). The BAS1 deletion strain displays identical gene expression changes (figure 2, lane 27) and the overlap between genes changing in expression in
the BAS1 deletion strain with Bas1 promoter binding is highly significant (p=1.5 x
10-10, hypergeometric test). These results suggest that Cdk8 is a positive regulator
of this GSTF. These gene expression changes are absent from the CDK8 deletion
profile (figure 2, lane 24). The effect on Bas1 has apparently been compensated for under steady state growth conditions. This is likely due to compensation
of Cdk8 activity by another factor rather than redundancy of Bas1 with another
GSTF as there is clearly no analogous compensation in the BAS1 deletion strain
(bas1∆, lane 27).

Gcr2 as a substrate for Cdk8
Previously determined GSTF binding locations (MacIsaac et al., 2006) have
been combined with the gene expression profiles of deletion strains to identify Msn2 and Bas1 as factors directly affecting early changes in gene expression during the Cdk8-AA time course experiment. The enrichment for particular GSTFs in the promoters of co-regulated genes suggests that Cdk8 regulates
these GSTFs. The direction of gene expression changes (up- or down-regulated)
in GSTF deletion strains can then indicate whether Cdk8 is a potential positive
Functional targets of Cdk8 indicate a scaffold only model for the Mediator kinase submodule |
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or negative regulator of these GSTFs based on the direction of gene expression changes in the Cdk8-AA time course. Unfortunately this approach is ineffective for factors that are already inactive in the growth conditions used here.
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Figure 2: Heat map of gene expression changes and GSTF binding, cosine clustered on the y-axis based on all transcripts changing in expression in lanes 1-24
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(fold change >1.7 and p<0.05). Lanes 1-23: Time course of gene expression changes following addition of rapamycin to the Cdk8-AA strain. Lane 24: CDK8 deletion
(cdk8∆) profile. Lane 25: Changes associated with slow growth (O’Duibhir et al.,
2014). Lanes 26-28: GSTF deletion strains (Kemmeren et al., 2014). Lanes 29-31:
GSTF binding data (MacIsaac et al., 2006).
For example the GCN4 and GAL4 deletion strains, both known targets of Cdk8
(Chi et al., 2001; Hirst et al., 1999), display no gene expression profiles due to
their inactivity under standard growth conditions (Kemmeren et al., 2014). Inactivity can also result in poor chromatin immuno-precipitation (ChIP) data due
to an inability to detect DNA-protein interactions under the growth conditions
employed (Harbison et al., 2004). Deletion strains that grow slowly, thereby having many secondary gene expression changes (for example Gcr2, see below) and
potentially no significant overlap with their ChIP determined targets (O’Duibhir
et al., 2014) are also unsuitable for this type of approach.
To circumvent these limitations we took another approach by examining the promoters of co-regulated transcripts for enrichment of DNA motifs. Template transcript profiles were arbitrarily drawn to simulate early gene expression changes
and transcripts displaying comparable expression dynamics were included for
further analysis (figure 3A). The promoters of these genes were analysed to determine if they were enriched for any DNA sequence motifs (Bailey and Elkan,
1994). Detected motifs were then compared to a database containing previously
identified motifs of GSTFs (Gupta et al., 2007). This approach identified a previously identified target of Cdk8: Ste12 (Nelson et al., 2003), and two potentially
novel targets; Gcr1 and Gcr2 (figure 3B). The GCR2 deletion strain profile (figure
2, gcr2∆, lane 28) is confounded by slow growth with a 30% doubling time increase relative to WT and a high correlation with the slow growth profile (R = 0.7,
lane 25 versus lane 28). Genes changing in expression in the GCR2 deletion strain
show no significant enrichment for Gcr2 binding in their promoters. The identification of Gcr2 as a candidate Cdk8 target may have been previously obscured
by these slow growth related secondary effects. Together with the ChIP based
approach, both previously known (Msn2, Ste12) and potentially new targets of
Cdk8 (Gcr1/2 and Bas1) were thus identified from the time course analyses.

The fast timescale of phosphorylation events and the ubiquitous presence of kinase signalling cascades in cell signalling pathways (Kholodenko, 2006) means it
is possible that Cdk8 phosphorylates an alternative kinase which then phosphorylates Gcr1 and/or Gcr2. To determine if Cdk8 could be a direct regulator of Bas1
and Gcr1/2 we searched each of these proteins for serine and threonine residues
that could be potential Cdk8 phosphorylation targets. A likely candidate serine
for Cdk8 phosphorylation could not be identified in the Bas1 protein sequence.
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Figure 3: Gcr2 as a target of Cdk8. (A) Transcripts that increase early in the time
course are clustered to an arbitrarily drawn template transcript. (B) DNA motif enriched in the promoters of transcripts from (A) corresponds to a combined Gcr1/2
and Ste12 motif (from Gupta et al., 2007) (C) Potential serine phosphorylation sites
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(*) on Gcr1/2 compared to the confirmed sites on Ste12 (Nelson et al., 2003), Phd1
(Raithatha et al., 2012) and Gcn4 (Chi et al., 2001). (D and E) Multiple sequence
alignment displaying the degree of conservation of residues surrounding the candidate serines (*) in Gcr1 (D) and Gcr2 (E) between fungal species containing homologous proteins with the highest protein sequence similarity.
Cdk8 has previously been shown to regulate a GSTF by stabilising DNA binding through direct protein-protein interactions, rather than by phosphorylation
(Lenssen et al., 2007). It is possible that Bas1 is directly regulated by Cdk8 in a
similar manner, or is indirectly regulated by Cdk8 through another factor. Two
serine residues in Gcr1 and one serine in Gcr2 were identified as candidates
based on surrounding amino acid sequence similarity with previously identified
Cdk8 substrates (figure3C). Many fungal species other than Saccharomyces cerevisiae code Gcr1 and Gcr2 homologs. The candidate serine and the surrounding
amino acid sequence in the Gcr2 protein is highly conserved across most of these
fungal species (figure 3D) while the candidate serines in Gcr1 are not (figure 3E).
The high degree of conservation is suggestive of a functional role for this peptide
sequence in Gcr2 (Landry et al., 2009).
Mechanism of Cdk8 dependent Gcr2 activation
Cdk8 phosphorylation has previously been shown to control stability (Nelson et
al., 2003; Raithatha et al., 2012; Rosonina et al., 2012) and location (Chi et al.,
2001) of target proteins. The application in this study of a conditional strain facilitates Cdk8 depletion followed by continuous monitoring of protein status. The
Gcr2 protein clearly increases in mobility shortly after depletion of Cdk8, with
no obvious difference in protein abundance (figure 4A). This mobility shift corresponds to a reduction in Gcr2 phosphorylation as determined by treatment of
immuno-precipitated Gcr2 protein with lambda phosphatase (figure 4B). Lambda phosphatase treatment of Gcr2 causes a greater increase in mobility of the
protein than depletion of the Cdk8 kinase alone. This is due to the removal of
additional phosphate groups by the phosphatase. Gcr2 is potentially regulated by
a number of different kinases. Six other phosphoserine sites (S151, S247, S249,
S348, S406, S409) located within predicted motifs for casein kinases and Protein
Kinase A (PKA) were identified as changing in phosphorylation status in another
study (Albuquerque et al., 2008). Msn2 is regulated by both Cdk8 and PKA (Hao
et al., 2013). The integration by GSTFs of multiple signals from several kinases is
in line with the idea of combinatorial control used in multiple kinase signalling
pathways (van Wageningen et al., 2010).

Gcr2 is clearly phosphorylated in a Cdk8 dependent manner. To investigate the
functional consequences of this phosphorylation we examined the levels of Gcr2
on a target gene promoter both before and after Cdk8 nuclear depletion. As deFunctional targets of Cdk8 indicate a scaffold only model for the Mediator kinase submodule |
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scribed above, the GCR2 deletion strain is slow growing. This indicates that Gcr2
is already active before Cdk8 depletion. Indeed, before depletion of Cdk8, Gcr2 is
enriched four-fold on the promoter of PYK1, a known Gcr1/2 target (Uemura and
Jigami, 1992). Gcr2 enrichment then doubles shortly after depletion of Cdk8 from
the nucleus (figure 4B).

Gcr2 does not directly bind DNA (Zeng et al., 1997), rather it is localized to promoters through its interaction with Gcr1 (Deminoff and Santangelo, 2001). This
explains the similarity in DNA binding motif for both Gcr1 and 2 (figure 3B), where
a motif for Gcr2 was found because of its physical association with Gcr1. In order
to determine if the increased levels of Gcr2 on the PYK1 promoter are a result of
increased Gcr1 binding of DNA, we examined Gcr1 levels on the same promoter.
Gcr1 is fourteen-fold enriched on the PYK1 promoter (figure 4D), considerably
higher than Gcr2. Both Gcr1 and Gcr2 were tagged with V5, ruling out differences in enrichment due to IP efficiencies. The increased enrichment for Gcr1 compared to Gcr2 is most likely due to Gcr1 directly contacting DNA. In contrast to
the Gcr2 increase in enrichment after Cdk8 depletion, Gcr1 enrichment does not
significantly change upon removal of Cdk8 from the nucleus. In combination with
the known requirement of Gcr1 for Gcr2 promoter localization (Zeng et al., 1997),
these results strongly suggest that the Cdk8 mediated phosphorylation of Gcr2
reduces interaction of Gcr2 with Gcr1 while Gcr1 binding remains unaffected.
Conversely removal of the Cdk8 kinase reduces Gcr2 phosphorylation, increasing
the levels of Gcr2 on the promoter thereby activating transcription.
To determine if Gcr2 binding at all target promoters is regulated by Cdk8 we
carried out genome-wide Gcr2 binding assays both before and after Cdk8 depletion. The promoter binding profiles of three well studied Gcr2 targets, PYK1,
PGK1 (Sasaki and Uemura, 2005) and ADH1 (Uemura and Jigami, 1992), all enzymes involved in glycolysis are shown in figure 4E. Enrichment of Gcr2 at all
targets identified in this study increases after Cdk8 depletion (figure 4F) while
no increase is observed at the TUB1 promoter, a control region used in the ChIPqPCR experiments. The increased levels of Gcr2 at these promoters results in a
corresponding increase in mRNA expression for most of these genes (figure 4G).
This demonstrates that the Gcr2 at the majority of these promoters is functional and present at a level high enough to activate transcription. Interestingly, the
only transcript displaying an overall drop in expression is GPM1. The GPM1 transcript is also clearly regulated by Bas1, based on the BAS1 deletion strain gene
expression profile. This suggests a complex interaction between Gcr2 activation
and compensation of Bas1 repression during the regulation of expression of this
transcript.
Although Bas1 and Gcr2 are clearly regulated by Cdk8, without evidence of di70
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rect phosphorylation by Cdk8 this regulation could occur through an intermediate factor. To address this question we examined whether these GSTFs could be
phosphorylated in vitro by purified Cdk8, where an intermediate factor should
not be present. Unfortunately recombinant Bas1 protein could not be expressed
in our E. coli protein expression system. In contrast, recombinant Gcr2 could be
expressed at high levels. While Gcr2 is found to be phosphorylated by purified
Cdk8 in the in vitro kinase assay, an S365A Gcr2 mutant is not phosphorylated
(personal communication from Ivan Sadowski).
Taken together these results show that Cdk8 regulates Gcr2 and strongly suggests that Cdk8 directly regulates Gcr2 through phosphorylation. Phosphorylation decreases the interaction between Gcr2 and its DNA binding partner Gcr1.
Decreased protein interaction is a new mechanism of regulation by Cdk8 phosphorylation, adding to the known mechanisms of protein stability (Nelson et al.,
2003) and translocation (Chi et al., 2001). Gcr2 controls the expression of many
glycolytic enzymes. The cellular responses to both carbon (Gcr2, this study) and
nitrogen limitation (Ste12, Nelson et al., 2003) can thus be integrated by the Cdk8
kinase. As almost all gene expression changes can be accounted for by GSTFs,
this suggests GSTF regulation as being the primary functional role of Cdk8. Thus,
rather than being an integral part of the Mediator complex, the Cdk8 submodule
can be better understood as a kinase complex that uses Mediator as a scaffold, as
discussed below.

Discussion

In this study the early effects of Cdk8 loss are found to be moderate and due to
the effects of activation or repression of a small subset of GSTFs. Two of these
targets, Gcr2 and Bas1, were previously hidden due to slow growth effects and
steady state compensation respectively. The finding that almost all gene expression changes due to the loss of function of Cdk8 (including slow growth associated changes) can be explained through its action on GSTFs, argues against a proposed role as a regulator of the core transcription machinery (Kim et al., 1994;
Liao et al., 1995). It is important to point out that not all evidence for previously
proposed roles is equally strong. For example, phosphorylation of the C-terminal
domain (CTD) of RNA polymerase by Cdk8 has only been demonstrated in vitro
(Hengartner et al., 1995; Liu et al., 2004). Kin28 is clearly the primary kinase responsible for serine 5 (ser5) CTD phosphorylation in vivo (Liu et al., 2004), where
its function is to increase the turnover of Mediator on promoters (Jeronimo and
Robert, 2014). Cdk8 can partially assume the function of Kin28 under conditions
where Kin28 has been inactivated (Liu et al., 2004). However, Kin28 is an essential gene, meaning a physiologically relevant scenario where Cdk8 partially
assumes Kin28 function is unlikely.
Functional targets of Cdk8 indicate a scaffold only model for the Mediator kinase submodule |
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Figure 4: Regulation of Gcr2 activity by Cdk8. (A) SDS-PAGE followed by V5 immuno-blot of whole cell lysate from a Cdk8-AA/Gcr2-V5 strain during a rapamycin induced Cdk8 depletion time course. (B) SDS-PAGE followed by V5 immuno-blot showing lambda phosphatase treatment of V5 immunoprecipitated Gcr2 protein both
before and 60 min after Cdk8 depletion. ChIP-qPCR of Gcr2-V5 (C) and Gcr1-V5 (D)
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on the PYK1 promoter both before and 60 minutes after Cdk8 depletion (p values
calculated by Student’s t-test). (E) Examples of ChIP-chip genomic binding profiles
for Gcr2 before and 60 minutes after Cdk8 depletion. (F) Gcr2 enrichment at all
genomic binding locations both before and 60 minutes after Cdk8 depletion. Enrichment at the TUB1 promoter is shown as a control. (G) Heatmap showing gene
expression changes during the Cdk8-AA time course for the genes identified as Gcr2
targets in (F).
Cdk8-dependent phosphorylation of some Mediator subunits has previously
been demonstrated (Hallberg et al., 2004; Miller et al., 2012; van de Peppel et al.,
2005). However, many phosphorylation events are known to be non-functional
(Landry et al., 2009). The interpretation of a functional outcome related to phosphorylation events can now be reassessed. Both the Van de Peppel study (2005)
and the Miller et al., (2012) study were almost certainly hampered by secondary
gene expression changes connected to slow growth (O’Duibhir et al., 2014). This
is in contrast to the functional consequences of Cdk8-dependent phosphorylation
of gene-specific transcription factors (Chi et al., 2001; Hirst et al., 1999; Lenssen
et al., 2007; Nelson et al., 2003; Raithatha et al., 2012). For both Ste12 and Gal4
a mutation of a phosphorylated residue has been shown to have the same effect
on transcription as perturbation of Cdk8 itself (Hirst et al., 1999; Nelson et al.,
2003). In the study of Hallberg and colleagues (2004) a serine to alanine substitution was made in Med2, a Mediator tail subunit. The expression levels of four
genes located on the 2µm plasmid was then found to be downregulated. These
genes are all regulated by the GSTF OAF1 (p-value < 0.0093, Zhu et al., 2009).
Med2 and Oaf1 also present a positive genetic interaction (Collins et al., 2007),
suggesting that they are involved in the regulation of the same subsets of genes.
Given the specific effects of disruption of Cdk8 phosphorylation of this amino acid
in Med2, disruption of a Med2-Oaf1 interaction is more likely than interference
with general Mediator function. Although an indirect effect, this example also fits
with specific regulation of a GSTF by Cdk8. Taken together, these results open the
possibility that Cdk8 has both functional as well as non-functional phosphorylation targets. Non-functional phosphorylation events are a widely accepted but
rarely discussed phenomenon (Lienhard, 2008).

The discrepancy between genomic binding location and function further complicates attempts to pin down how regulatory factors exert their influence (Lenstra
and Holstege, 2012). Previous comparisons of Cdk8 binding and gene expression
changes after CDK8 deletion found no overlap (Andrau et al., 2006). A comparison
of more recent, higher resolution Cdk8 binding data (Jeronimo and Robert, 2014)
with changes in gene expression throughout the Cdk8 depletion time course also
reveals no correlation between location of the kinase and its effects on gene expression (max R2 is 0.03 at any timepoint). How then can Cdk8 specifically conFunctional targets of Cdk8 indicate a scaffold only model for the Mediator kinase submodule |
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trol gene expression if not through specific Cdk8 localization? The most probable
explanation is that Cdk8 specifically phosphorylates GSTFs. These GSTFs by definition are only located at specific gene promoters, while Cdk8 co-localizes with
Mediator at all promoters. Specific targeting of GSTF substrates combined with
specific localization of these substrates at particular gene promoters allows Cdk8
to regulate the transcription of specific genes. In this scenario, rather than being
an integral part of the pre-initiation complex, we propose that Cdk8 is better described as a kinase that uses Mediator as a scaffold. Use of Mediator as a binding
platform by the kinase submodule would allow concentration of kinase activity
in the direct vicinity of its GSTF targets. Targeting and concentration of kinase activity through the use of scaffold proteins is an established regulatory mechanism
for many kinase cascades (Ubersax and Ferrell Jr, 2007). This model for Cdk8
function is also in agreement with observations that Mediator can be purified in
two forms, both with and without the kinase submodule (Liu et al., 2001).
One dimensional gene expression analysis of strains containing single gene deletions can give insight into gene function, protein complex components and signalling networks (Benschop et al., 2010; Hughes et al., 2000; Kemmeren et al.,
2014; Lenstra et al., 2011; Roberts et al., 2000). However, this approach can be
hindered by indirect secondary effects resulting from the genetic perturbation
(O’Duibhir et al., 2014) and is unsuitable for the study of essential genes. Environmental perturbations often lead to regulation of transcription by a multitude
of factors, making it difficult to separate their individual influence (Gasch et al.,
2000). In this study we make use of a conditional depletion strain which enables earlier, more direct effects of loss of function of a specific gene to be separated from downstream indirect effects. Importantly, we created a parental anchor-away strain that, in terms of growth and gene expression, is identical to the
strain used to create the deletion strain collection used in many other studies
(Giaever and Nislow, 2014). This permits the integration of existing steady state
data with more detailed time resolved data. Combining both of these data types
greatly increases the power of each and gives us a window to directly view and
therefore better understand the genotype to phenotype transition.

Materials and Methods

Cell growth
Strains were streaked from -800C stocks onto appropriate selection plates and
grown for 3 days. 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. Two cultures each of
both parental anchor-away (Pt-AA) and Cdk8-AA strains were grown from over74
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night (ON) cultures. For growth rate determination cells were grown in 1.5 ml
of SC media at 300C, shaking at 230 rpm in an automated Infinite 200 incubator
(Tecan). For the time course experiment and protein isolation ON cultures were
diluted to an OD600 of 0.15 in 50 ml fresh medium and grown at 300C, 230 rpm
shaking incubator, 250 ml erlenmeyer flasks to an optical density of 0.6. Rapamycin was then added to each of the four cultures giving a final concentration of
7.5µM (time point 0). Cultures were regularly sampled for mRNA, flocculence and
OD600 measurements at the time points indicated above. Cultures were repeatedly diluted with fresh SC media containing 7.5µM rapamycin to maintain an OD600
of 0.4 to 1.4, thus avoiding entry into diauxic shift.

RNA extraction
For mRNA extraction cells were harvested by centrifugation (4000 rpm, 3 min)
and pellets were immediately frozen in liquid nitrogen after removal of supernatant. Total RNA was prepared by phenol extraction and cleaned up on a customized Sciclone ALH 3000Workstation. Frozen cells (-800C) 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 hard for 20 seconds and incubated in a water bath for
10 minutes at 650C and vortexed again. Samples were then put in a thermomixer
(650C, 1400 rpm) for 50 minutes. Samples were spun for 20 minutes at 14000
rpm at 40C. 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%, -200C). Pellet was washed with Ethanol and dissolved in sterile water (MQ), snapfrozen and stored at -800C. All strains were profiled four times from two independently inoculated cultures.
Microarray profiling
Dual-channel 70-mer oligonucleotide arrays were employed with a common reference wild type (WT) RNA. All steps after RNA isolation were automated using
robotic liquid handlers. These procedures were first optimized for accuracy (correct fold change (FC)) and precision (reproducible result), using spiked-in RNA
calibration (van Bakel and Holstege, 2004). After quality control, normalization
(print-tip LOESS; no background correction), and gene specific dye-bias correction (Margaritis et al., 2009), statistical analysis was performed using Limma
(Smyth, 2005) for each Cdk8-aa versus the corresponding Pt-aa at the same time
point. The reported FC and p-values are an average of the four replicate Cdk8-aa
profiles versus the average of four Pt-aa profiles.
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Identifying transient gene expression profiles
Transient expression profiles were identified by correlating the expression profiles of all transcripts in the Cdk8-aa time course to a supervised pre-defined
profile. For this the cosine correlation similarity measure was used. A parameter sweep identified the profiles that best fit the data. The parameters represent
the time points indicating the start of the peak, the top of the peak (including
the width) and when expression returned to Pt-AA. The optimal profiles were
identified manually to best fit the data represented in the time course expression
profile. The results are robust to small changes in parameters. Transcripts with a
correlation better than R=0.9 are considered as part of the cluster.
Motif discovery and analysis
Putative transcription factor binding motifs were identified for the transient
gene expression profiles. The MEME (Multiple Expectation Maximization for Motif Elicitation) (Bailey and Elkan, 1994) algorithm was applied to the promoter
sequences 600 bp upstream of the translation start site of the transcripts represented in the profile. Limits for the motifs are set to a 6 basepair minimum and
a 20 basepair maximum. Any number of motif repetitions distributed among the
sequences was allowed. A third order Markov model was used as background.
The most significant motif of each expression profile was submitted to Tomtom
for a comparison against a database of known yeast transcription factor binding
motifs (Gupta et al., 2007).

Multiple sequence alignment
The S. cerevisiae Gcr2 protein sequence was used in a search against the refseq
protein database of all fungal species using blastp (Altschul et al., 1997). The
standard settings were used, a word size of 3, BLOSSUM62 as substitution matrix
and a gap penalty of 11 for opening and 1 for extending a gap within the alignment. The sequences of the best hits for each species were taken for generating
a multiple sequence alignment. The multiple sequence alignment was generated
by mafft version 7 (Katoh and Standley, 2013). L-INS-i is the used strategy together with the BLOSSUM62 substitution matrix, a gap penalty of 1.53 and offset
value of 0.

Chromatin Immunoprecipitation
ChIP was carried out as previously described (van Bakel et al., 2008) with some
modifications. In short, 250 mL of mid-log growing yeast cells (OD600 = 0.6) were
cross-linked with 2% formadehyde for 30 min at 300C, the reaction was quenched
with glycine, and cells were collected by centrifugation. All samples were harvested at the same time and OD. Subsequently, cells were spheroplasted according
to the protocol of the Rando lab (Rando, 2010) and then directly sonicated (Bioruptor, Diagenode: ten cycles, 30 sec on/off, medium setting. 200 µL chromatin
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extract was incubated with 10 µL of anti-V5 beads (Sigma) overnight at 40C. After
incubation antibody ChIPs were washed twice in FA lysis buffer (50 mM HEPES
KOH at pH 7.5, 150 mM NaCl, 1 mM EDTA, 1% Triton X-100, 0.1% Na-deoxycholate, 0.1% SDS), twice with FA lysis buffer containing 0.5 M NaCl, and twice with
10 mM Tris at pH 8.0, 0.25 mM LiCl, 1 mM EDTA, 0.5% Nonidet P-40 and 0.5%
Na-deoxycholate. Cross-links of the ChIP samples was reversed overnight at 65°C
in 150 μL 10 mM Tris-HCl (pH 8.0), 1 mM EDTA, 1% SDS. Samples were treated
with RNAse and proteinase K, and DNA was recovered for further analysis. For
ChIP-chip samples were then processed as in (van Bakel et al., 2008).
ChIP-qPCR
DNA samples were recovered after ChIP as described above. The fold change
of Gcr1 and Gcr2 on the PYK1 promoter over two control regions (HMR-RT and
POL1) was measured by qPCR, which were performed in 384 well plates using 6
µM IQ SYBR Green super mix (BioRad), 2 µM of each primer set and 2 µl of DNA.
The total volume per reaction was 10 µl. To create a standard curve 10 µl of each
of the input samples were combined and used undiluted and diluted at concentrations of 1:10, 1:100 and 1:1000. The qPCRs were run on a 7900HT fast real
time PCR machine (Applied Biosystems). IP and mock samples were first normalized to their corresponding input samples. The fold change of Gcr1 and Gcr2 were
then calculated by dividing the signal from these genes by the average signal of
the two negative control genes (HMR-RT and POL1). All samples were measured
as biological triplicates and technical quadruplicates.
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Abstract

Either the SAGA or TFIID transcriptional co-activator is preferentially enriched at
promoters of protein coding genes in the yeast Saccharomyces cerevisiae. Here a
conditional nuclear depletion strategy is used to investigate quantitative differences in the transcriptional output of SAGA and TFIID dominated genes to the
gene specific transcription factor Hsf1. Hsf1 promoter binding and relative mRNA
synthesis rates were evaluated over a range of nuclear Hsf1 protein concentrations. Altering Hsf1 localization affects the levels of protein binding at target promoters comparably. Reduced promoter binding results in a distinctive transcriptional response at each of the two promoter classes. SAGA enriched genes exhibit
a greater mRNA synthesis response upon an adjustment in Hsf1 binding. Hsf1
and pre-initiation complex binding are strongly correlated at SAGA dominated
genes, while at TFIID dominated genes recruitment of the pre-initiation complex
is de-coupled from the amount of Hsf1 at the promoter. We propose that pre-established promoter architectures can explain the differences in responsiveness
for SAGA and TFIID dominated promoter classes.

Introduction

Initial studies in the yeast Saccharomyces cerevisiae established that the pre-initiation complex (PIC) can be assembled on core promoters by two pathways that
involve either the TFIID complex or the SAGA complex (Kuras et al., 2000; Li et
al., 2000). More recent genome-wide studies have discovered the extent of both
SAGA and TFIID co-activator complex usage (Huisinga and Pugh, 2004; Rhee and
Pugh, 2012), with the majority of gene promoters (~80%) enriched for the TFIID
complex. TFIID enriched genes are proposed to carry out mostly housekeeping
functions and to be maintained in a constitutively active state (Basehoar et al.,
2004; Huisinga and Pugh, 2004; and reviewed in Cairns, 2009). Constitutive activity could be partially due to DNA encoded nucleosome depleted regions (NDRs)
which contribute to the maintenance of an open chromatin state (Struhl, 1985).
Most TFIID promoters also contain a degenerate TATA-box, known as a TATA-like
element (Rhee and Pugh, 2012).
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Use of the SAGA PIC assembly pathway is highly enriched at TATA-box containing
promoters, however a TATA-like element is located at approximately half of SAGA
enriched promoters (Rhee and Pugh, 2012). As a class, SAGA promoters are targeted by many more regulatory factors (Huisinga and Pugh, 2004), exhibit greater changes in gene expression when cells are grown in different environmental
conditions (Basehoar et al., 2004) and display more heterogeneous nucleosome
positioning than TFIID enriched genes (Rhee and Pugh, 2012; Tirosh and Barkai,
2008). Compared with TFIID promoters, TBP (TATA binding protein) turnover
is higher at SAGA promoters but not correlated with TATA element status, indicating that turnover is linked to SAGA complex usage rather than TATA element
sequence (van Werven et al., 2009).

While the exact mechanism of preferential SAGA or TFIID recruitment at core
promoters is unknown, upstream activation sequences (UASs) must be appropriately coupled to core promoters for efficient expression of the HIS3 gene (Iyer
and Struhl, 1995). Additionally, the requirement of either SAGA or TFIID complex
components for reporter gene expression was found to depend more on core promoter sequence than UAS (Cheng et al., 2002). Swapping of promoter elements
in these studies suggest that it is the core promoter sequence that determines
either SAGA or TFIID complex requirements in the PIC. However, based on these
experiments the role of the activator in PIC components usage and subsequent
transcriptional output, cannot be substantiated.

Components of co-activator complexes, including SAGA (Bhaumik et al., 2004;
Brown et al., 2001) and TFIID (Herbig et al., 2010) are recruited to gene promoters by gene specific transcription factors (GSTFs, Bhaumik, 2011; Brown et al.,
2001; Ptashne and Gann, 1997; Struhl, 1995). In order to study the consequences
of differential complex usage, it would be useful to have an activator that regulates both the SAGA and TFIID classes of promoter. Here we show both promoter
classes are regulated by Hsf1 (Heat Shock Factor 1). Hsf1 binds DNA through a
homo-trimeric, winged-helix-turn-helix DNA binding domain (Amin et al., 1988;
Hubl et al., 1994; Littlefield and Nelson, 1999). This domain and the DNA motif it
binds are highly conserved from yeast to flies to mice (Åkerfelt et al., 2010; Verghese et al., 2012). Here we show that under standard laboratory growth conditions (300C with glucose as a carbon source), yeast Hsf1 regulates the expression
of 21 transcripts. These genes are uniformly split between the SAGA and TFIID
promoter classes, affording an opportunity to determine how a single GSTF can
mediate transcription at each of the two PIC classes.
We find SAGA enriched promoters display a greater response to equivalent Hsf1
levels than TFIID promoters. This indicates that, rather than displaying increased
gene expression due to targeting by more regulatory factors (Basehoar et al.,
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2004; Tirosh and Barkai, 2008), a general property of SAGA containing PICs may
be increased responsiveness to transcriptional activation. Based on this differential transcriptional response and the altered relationship between activator and
PIC component binding levels at each promoter class, we propose a mechanism
where a pre-established promoter architecture determines the requirements for
recruitment of additional components by a GSTF. This study therefore explains
an important functional difference between these two classes of promoters: responsiveness.

Results

Conditional Hsf1 depletion
Although HSF1 is associated with the induction of heat shock proteins, it is an
essential gene under standard, non-heat shock conditions (Sorger and Pelham,
1988). To study Hsf1 function previous studies have therefore used HSF1 mutant
alleles (Zarzov et al., 1997). Mutant alleles often result in incomplete penetrance
and secondary effects (Haruki et al., 2008; Mnaimneh et al., 2004; Nishimura et
al., 2009). We have created a conditional Hsf1 depletion strain based on the “anchor-away” technique developed in the Laemmli lab (Haruki et al., 2008), but in
the S288C background. This conditional depletion method is fast, efficient and
avoids secondary effects if used appropriately. Tagging of Hsf1 with a combination GFP-FRB-domain tag required for the anchor-away technique does not interfere with growth as compared to the wild type (WT) strain (figure 1A, compare
green line, WT to grey line, Hsf1-tagged strain). This indicates HSF1 gene function
has not been compromised by tagging. As expected for loss of function of an essential gene, the HSF1 tagged strain stops growing after removal of Hsf1 from the
nucleus due to addition of rapamycin (figure 1A, black line). The appearance of
this growth defect takes approximately 5 hours. Yeast Hsf1 is a nuclear protein,
also under non heat shock conditions (figure 1B and Morano et al., 2012). Treatment with rapamycin depletes Hsf1 from the nucleus, with the GFP fluorescence
signal dropping to background levels (non-tagged WT levels) after just 15 minutes (figure 1C and quantified in 1D). These results demonstrate that Hsf1 can
be rapidly depleted from the nucleus leading to loss of function of the protein.
The difference in timing between protein depletion (15 minutes) and subsequent
growth perturbation (5 hours) provides a time window that is ideal for examining the direct effects of Hsf1 loss.
A heat shock event severely affects both mRNA export and stability (Verghese et
al., 2012). These effects are biologically coherent, implying regulated degradation rather than random decay. Sharp changes in mRNA abundance allow heat
shocked cells to adapt to their new environment efficiently. Recent studies have
shown that mRNA stability can be controlled in a promoter dependent manner
(Bregman et al., 2011; Trcek et al., 2011).
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Figure 1: Characterization of the HSF1 conditional depletion strain. (A) Growth
curves of WT and Hsf1 tagged strain with and without addition of rapamycin (B)
Microscopy images of Hsf1 in the nucleus, scale bar 10µm. (C) Microscopy images of
lack of Hsf1 in the nucleus 15 minutes after rapamycin addition. (D) Boxplot quantifying Hsf1 depletion from the nucleus. Dots represent individual cell measurements.
(E) Scatterplot showing levels of newly synthesised transcripts in the Hsf1 tagged
strain compared to WT. The x- and y-axes refer to the averaged log2 fluorescent dye
intensities of the microarray probes representing each gene (dots). Genes changing
in synthesis levels more than 1.7 fold with a p < 0.05 are ringed. Note that the two
ringed transcripts displaying apparent reduced synthesis are HSF1 itself and an
overlapping dubious open reading frame. As opposed to an actual change in mRNA
synthesis, this is a technical artefact. The HSF1 gene is now considerably longer due
to GFP-FRB tagging, making the amplification and labelling of the HSF1 transcript
for DNA microarray hybridization less efficient, resulting in the apparent drop in
synthesis compared to WT. (F) Scatterplot of transcripts changing in synthesis due
to Hsf1 depletion from the nucleus. Genes bound by Hsf1 that change more than
1.7 fold with a p < 0.05 are ringed. (G) Hsf1 binding to the SSA1 promoter (SAGA
enriched) as measured by ChIP-seq. (H) Hsf1 enrichment on the BTN2 promoter
(TFIID enriched) as measured by ChIP-seq. (I and J) Hsf1 enrichment and subsequent depletion from the SSA1 and BTN2 promoters after addition of rapamycin, as
measured by qPCR.
These results raise the possibility that interfering with Hsf1 function could also
directly affect mRNA stability. Our aim in this study was to study transcriptional output. Therefore to avoid potentially confounding mRNA stability effects we
metabolically labelled newly transcribed mRNA with 4-thiouracil (4tU, Miller et
al., 2011; Sun et al., 2012). Measurement of genome-wide transcript synthesis
rates, relative to WT, demonstrates that tagging of HSF1 does not compromise
gene function under standard growth conditions (figure 1E).

Having established that the conditional Hsf1 strain allows rapid depletion of the
protein while avoiding secondary effects due to tagging, we next identified the
functional targets of Hsf1 under standard growth conditions. First, genome-wide
transcript synthesis was monitored using 4tU labelling, 30 minutes after rapamycin addition. Depletion of Hsf1 results in reduced transcription of a specific subset
of genes (figure 1F, rings). These genes are enriched for the GO term protein folding (p < 2 x 10-24), in agreement with the known role for Hsf1 in regulating the
expression of protein chaperones, also under non-heat shock conditions (Gross
et al., 1990). These transcripts are also under the control of either the SAGA (11
genes) or TFIID (10 genes) co-activator complexes (Rhee and Pugh, 2012).
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Genome-wide binding analysis of GSTFs has previously been carried out most
extensively using chromatin immuno-precipitation (ChIP) followed by low density DNA microarrays (Chip) at the resolution of gene promoters, under a variety
of growth conditions (Harbison et al., 2004; Hughes and Boer, 2013; MacIsaac et
al., 2006). In order to better define the location of Hsf1 under our conditions we
performed a ChIP deep sequencing (ChIP-seq) experiment using the Hsf1-tagged
strain. Hsf1 was found to bind multiple promoter locations in the genome. Genes
regulated by these promoters are enriched for the GO term protein folding (p < 2
x 10-20). The overlap between genes with altered transcript synthesis rates that
also have promoters bound by Hsf1 before protein depletion is 96%. Examples
of Hsf1 binding enrichment are displayed for both a TFIID regulated gene (BTN2,
figure 1G) and a SAGA regulated gene (SSA1, figure 1H). Massive enrichment of
Hsf1 can clearly be detected at the promoters of each of these genes.

Hsf1 is not detected in the nucleus 15 minutes after rapamycin addition based
on the fluorescence intensity of the GFP tag (figure 1C). However, Hsf1 may have
clung to target promoters after this time point, at levels invisible to the microscope. We therefore determined if depletion of the fluorescent Hsf1 signal from
the nucleus corresponds with depletion of Hsf1 bound to promoter DNA, based
on the more sensitive ChIP-qPCR assay. As can be seen in figures 1 I and J, Hsf1
enrichment at both the TFIID and SAGA regulated gene promoters is depleted to
background levels within 15 minutes. Taken together these results demonstrate
that the conditional Hsf1-tagged strain is fully functional and allows rapid depletion of the Hsf1 protein from gene promoters. Hsf1 depletion results in a reduction in transcriptional output for a specific set of genes, thereby identifying the
set of Hsf1 functional targets for further analysis of SAGA and TFIID function.
Hsf1 serves both TFIID and SAGA dominated genes
Here, our aim was to use transcriptional activation by Hsf1 under standard laboratory growth conditions as a paradigm for studying differences in the regulation of the SAGA versus TFIID promoter classes. For the Hsf1 regulon to be a
plausible model for studying these differences, both sets of Hsf1 targets should
exemplify the known attributes of both the SAGA and TFIID gene classes. In
yeast, TFIID dominated gene promoters are characterised by a well positioned
+1 nucleosome, a clearly delineated nucleosome depleted region (NDR) and a
TATA-like element positioned 10-20 bp closer to the transcription start site (TSS)
than the TATA-containing element commonly found at SAGA dominated genes
(Rhee and Pugh, 2012). Compared to their 11 SAGA dominated counterparts, the
10 TFIID dominated promoters that are also targeted by Hsf1 have a TATA-like
element that is on average 20 bp closer to the TSS. These TFIID dominated Hsf1
targets also display the stereotypical well positioned +1 nucleosome and well
defined NDR common to the class (figure 2A and averaged in B). DNA containing
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a poly(dA:dT) sequence stretch is more rigid and inherently unfavourable for nucleosome wrapping (Segal and Widom, 2009a; Struhl, 1985). NDRs at TFIID promoters are thought to be in part due to these poly(dA:dT) sequences (reviewed
in Cairns, 2009). Poly A motif enrichment is found to co-occur with NDR location
in TFIID dominated genes targeted by Hsf1 (figure 2C). All of the above observations are consistent with the subset of TFIID dominated genes targeted by Hsf1
being representative of that promoter class.
SAGA dominated Hsf1 targets have both a weaker NDR and a +1 nucleosome that,
in comparison to TFIID enriched promoters, is less well positioned (figure 1D
and averaged in E). This weaker NDR is at the same location as the majority of
Hsf1 DNA binding motifs, rather than co-occurring with a peak in poly A motif enrichment (figure 1F). Altogether, the attributes displayed by each of these subsets
of genes indicate that, with regard to promoter architecture, they are representative of each of the PIC classes.
Having established that Hsf1 regulates two sets of promoters that are typical of
TFIID or SAGA complex usage, we next asked a simple question: for both promoter classes what is the relationship between the levels of Hsf1 promoter binding
and the transcriptional output at each gene? To answer this question we compared the initial levels of Hsf1 promoter binding based on ChIP-seq reads, with
the drop in mRNA synthesis after nuclear depletion of Hsf1. As a class TFIID enriched promoters display a poor correlation between Hsf1 binding and the subsequent drop in mRNA synthesis after Hsf1 loss (figure 2G). In contrast, SAGA
dominated Hsf1 targets exhibit a strong correlation between binding of Hsf1 and
the consequent drop in mRNA synthesis upon Hsf1 removal (figure 2H). This difference in Hsf1 dependency cannot be accounted for by a significant difference
in the initial or final mRNA synthesis rates between genes belonging to each of
the PIC classes. Previous studies of both PIC classes have reported SAGA genes to
exhibit greater expression changes, while their promoters are generally targeted
by a greater number of regulatory factors (Basehoar et al., 2004; Huisinga and
Pugh, 2004; Tirosh and Barkai, 2008). This suggests a relationship between the
number of factors regulating a gene and its levels of transcription. It is therefore
unexpected to observe a clear difference in transcriptional response between the
two PIC classes upon removal of a single regulatory factor, indicating that this difference may relate to promoter architecture or PIC usage rather than the number
of activators.
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Figure 2: Promoter architecture and Hsf1 binding vs. mRNA synthesis of TFIID and
SAGA dominated genes. (A) Map of nucleosome positions (Jiang and Pugh, 2009)
and trimeric Hsf1 binding motif (Badis et al., 2008) locations for TFIID and (D)
SAGA dominated promoters with average plots shown in (B) and (E). (C) and (F) as
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Hsf1 slow depletion
Promoter architecture is ultimately determined by the underlying DNA sequence.
The biggest known inherent influence from DNA itself is nucleosome exclusion
due to poly(dA:dT) tracts (Struhl, 1985). These tracts have been shown to affect
gene expression depending on their size and location relative to GSTF DNA binding motifs (Raveh-Sadka et al., 2012). Together with binding of GSTFs at specific
motifs, poly(dA:dT) tract location and the presence of either a degenerate or perfect TATA box, these elements orchestrate preferential recruitment of either the
TFIID or SAGA complex, through a currently unknown mechanism. Hsf1 has an
altered impact on transcriptional output depending on the promoter context. At
SAGA enriched promoters there is a clear quantitative relationship between Hsf1
levels and transcriptional output (figure 2G). The transcriptional output at TFIID
enriched promoters is affected by Hsf1 loss, but Hsf1 binding does not directly
relate to the amount of mRNA synthesised (figure 2H). There is no apparent difference in the ability to remove Hsf1 from either class of promoter (figure1I and
J). To investigate the differential response to activator binding, a slow depletion
experiment was carried out, allowing determination of promoter output at different binding levels of the GSTF.
The anchor-away system exploits rapamycin induced protein dimerization to deplete a target protein (Haruki et al., 2008). The protein of interest is conditionally
attached to an abundant ribosomal protein which is exported from the nucleus at
a high frequency. To determine if a slow depletion of Hsf1 is feasible, reduced concentrations of rapamycin were added to exponentially growing Hsf1-tagged cultures. Cells treated with lower concentrations of rapamycin should at some point
be limited by the availability of the inducing molecule, rather than by the speed of
ribosomal protein shuttling. Indeed, adding a fifty fold lower rapamycin concentration results in a delayed impact on cell growth due to Hsf1 depletion (figure
3A). Treating cells with various intermediate rapamycin concentrations results
in corresponding intermediate growth phenotypes, indicating that the rapamycin has become the limiting step and can be dosed so as to control the speed of
protein depletion. Importantly the cultures do stop growing, rather than growing
more slowly, suggesting that the depletion of Hsf1 is slower but complete. Complete depletion of Hsf1 was confirmed by fluorescence microscopy (figure 3B)
and found to take 90 minutes at the lower concentration of rapamycin.
In order to determine the kinetics of slow depletion at each of its target promoters, high density tiling arrays were used to monitor the genome wide binding
of Hsf1. Examples of Hsf1 binding to gene promoters during the slow depletion
timecourse are shown in figure 3C and D. The rate of Hsf1 protein depletion from
each promoter class (TFIID versus SAGA) was not measurably different (p-value
= 0.80). This result indicates that the differences in transcriptional output obDeterminants of transcriptional output at SAGA versus TFIID dominated promoters |
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Figure 3: Slow depletion of Hsf1 using a lower concentration of rapamycin. (A)
Growth curve of Hsf1 tagged strain after exposure to a reduced rapamycin concentration compared to WT and Hsf1-tag exposed to the higher dose. (B) Fluorescence
microscope images of Hsf1 depletion at low rapamycin concentration, scale bar
10µM. (C) Slow depletion of Hsf1 from BTN2 and (D) SSA1 promoters as measured
by high density tiling arrays. Green bars indicate probe locations. (E) Scatterplots
showing relative drop in mRNA synthesis due to slow depletion of Hsf1 from the nucleus. The x- and y-axes refer to the averaged log2 fluorescent dye intensities of the
microarray probes representing each gene (dots). Ringed transcripts both change
in expression and are Hsf1 bound, see Materials and Methods.
served between SAGA and TFIID promoters are not simply due to differential
rates of Hsf1 depletion.

The effect of slow Hsf1 depletion on genome-wide mRNA transcription was also
monitored during the time course with 4tU transcript labelling (figure 3E). Due
to the slower depletion of the Hsf1 protein from promoters there was a more
gradual drop in the synthesis of transcripts during the slow depletion experiment
compared with changes in transcription during the fast depletion experiment
(figure 3E rings). The promoter classes (TFIID versus SAGA) were not significantly different from each other in mRNA synthesis levels either before or after Hsf1
depletion. This lack of difference in synthesis levels shows that the differences
in transcriptional output observed above are also not simply due to a difference
in initial or final transcript synthesis rates in each of the classes. However, when
Hsf1 binding and target mRNA synthesis data are combined, a clear contrast between the two promoter classes emerges.
SAGA dominated promoters are more responsive to Hsf1
By directly comparing promoter binding to transcript synthesis levels over a
range of activator concentrations, it is possible to determine the response to Hsf1
at each of its promoter targets. The rate of change in transcript synthesis as a
function of Hsf1 promoter binding is the slope of the line fitted through these
data points. That slope, or rate of change, is a measure of “responsiveness” to
Hsf1 for each target promoter. The effect a change in activator binding has on
transcriptional output differs at each promoter (figure 4A). Grouping of promoters based on PIC class demonstrates that SAGA promoters have a higher responsiveness compared to TFIID promoters (figure 4B). This means that for a similar
range of Hsf1 binding levels, a greater transcriptional response is elicited at SAGA
enriched promoters.
As described above there are several differences between SAGA and TFIID promoter architecture. These differences include nucleosome occupancy and posiDeterminants of transcriptional output at SAGA versus TFIID dominated promoters |
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tioning, and the location of poly(dA:dT) tracts. Competition between nucleosomes
and GSTF activators has been previously shown to affect the dynamic range of a
SAGA gene promoter (Lam et al., 2008). Interactions between a poly(dA:dT) tract,
or boundary regions, and GSTF binding has also been both modelled (Raveh-Sadka et al., 2009) and experimentally shown (Raveh-Sadka et al., 2012) to affect
gene expression at a variety of promoter types. However, a difference in competition between Hsf1 binding and nucleosome occupancy in SAGA versus TFIID
promoters would result in a difference in the binding of Hsf1 at each of these
promoter types. A broader range of binding could then simply result in a broader
range of transcriptional outputs. This difference in Hsf1 binding kinetics is not
observed (p-value of difference between slopes in each PIC class = 0.80). Therefore, an alternative difference in SAGA versus TFIID promoters must account for
the difference in responsiveness.

A major difference between the two PIC classes is the biochemical composition
of the PIC itself. Many GSTFs exert a positive influence on transcription through
direct recruitment of PIC components (Ptashne and Gann, 1997; Struhl, 1995).
TFIIB is an essential component in PIC assembly, directly interacting with DNA,
TBP and RNA polymerase II (Pol II, Hahn, 2004). We compared Hsf1 binding with
TFIIB binding (Rhee and Pugh, 2012) for each of the Hsf1 target promoters. For
SAGA enriched genes there is a correlation between the levels of Hsf1 and TFIIB
promoter binding (figure 4C). Assuming Hsf1 binding precedes TFIIB recruitment, this suggests that the degree of Hsf1 binding determines the extent of PIC
recruitment and therefore the transcriptional output at these genes.
TFIID enriched genes display no relationship between Hsf1 and TFIIB binding
(figure 4D). TFIID genes do not appear to be dependent on Hsf1 for PIC recruitment. A reduction in transcription at these genes when Hsf1 is removed does occur, demonstrating that Hsf1 has a functional role at these promoters. Hsf1 does
not however determine the degree of transcriptional output. For both promoter
classes TFIIB binding correlates with Pol II binding (R2 = 0.80 for SAGA and 0.79
for TFIID, data from Rhee and Pugh, 2012). This indicates that, as would be expected, regulation is at the point of PIC recruitment with subsequent recruitment
of Pol II following the PIC, at both promoter classes. The ability of Hsf1 to recruit
the PIC and dictate the levels of transcription at each the promoter class is therefore distinctive, pointing to a separate function for Hsf1 at SAGA versus TFIID
enriched promoters.
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Figure 4: Differential responsiveness of SAGA and TFIID dominated promoter. (A)
Responsiveness (measured as the slope of the line fit to Hsf1 binding change versus
mRNA synthesis change, inset) of Hsf1 targets ordered from high to low. Blue lines
are SAGA regulated genes and orange lines are TFIID regulated genes. (B) Boxplot
of responsiveness values shown in (A). Scatterplots showing correlation between
the amount of TFIIB binding and the amount of Hsf1 binding for SAGA (C) and
lack of corresponding correlation for TFIID genes (D).

Discussion

In this study we investigate how binding of a GSTF can be interpreted differently,
depending on promoter context. SAGA promoters respond to Hsf1 binding with
a corresponding increase in transcriptional output. This transcriptional output is
consistent for Hsf1 binding at various levels in SAGA enriched promoters (figure
2H). This predictable response to activator levels is counterintuitive because as
a class SAGA genes tend to display a more disorganised promoter architecture
(figure 2D and E). As responders to stress, SAGA regulated genes have been previously reported to display a greater change in gene expression levels compared
to TFIID dominated genes (Basehoar et al., 2004; Huisinga and Pugh, 2004). It is
important to note that this property of SAGA genes was thought to be due to increased competition between GSTFs and nucleosomes combined with promoter
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targeting by a greater number of regulatory factors (Basehoar et al., 2004; Huisinga and Pugh, 2004; Tirosh and Barkai, 2008; Tirosh et al., 2006). Here we
show that for a single regulatory factor, Hsf1, promoter binding leads to an increased transcriptional response from SAGA genes. Thus, rather than increased
transcriptional activation due to an increased quantity or variety of activators,
our results indicate that increased responsiveness is a property of SAGA enriched
PICs.
General regulatory factors (GRFs) are similar to GSTFs in that they bind DNA in
a sequence specific manner and regulate transcription. GRFs are more abundant
than GSTFs and are typically essential factors that target far larger numbers of
gene promoters (reviewed in Hughes and Boer, 2013). A recent study has shown
that for the GRF Rap1, binding has a poor correlation (R = 0.37) with Pol II occupancy (Lickwar et al., 2012). The correlation between Pol II binding and Rap1
turnover was slightly better (R = 0.52) than for binding, with residence time
determined by the Rap1 binding motif. Rap1 preferentially regulates TFIID enriched genes (Lieb et al., 2001). It may be that a non-quantitative relationship between regulatory factor binding and transcriptional output is a general property
of TFIID regulated genes.

A potential explanation for the difference in responsiveness of the SAGA versus
TFIID promoter classes may have been preferential binding of GRFs in the TFIID
enriched Hsf1 target genes. If true, Hsf1 might not have been the main sequence
specific contributor to transcriptional activation. This is not the case, as no preferential binding of any or all of the GRFs (Rap1, Reb1, Abf1, Tbf1 and/or Cbf1) is
found in either of the Hsf1 target gene classes (binding data from Kasinathan et
al., 2014; Lavoie et al., 2010; Preti et al., 2010; and Rhee and Pugh, 2011).
Hsf1 targeted TFIID promoters do have a stronger NDR coinciding with poly A
motif enrichment, that also overlaps with Hsf1 binding location (figure 2A-C).
By altering the location of GSTF binding sites in a SAGA promoter it is possible
to affect the degree of competition between GSTFs and nucleosomes (Lam et al.,
2008). Through altered competition the levels of gene expression for each SAGA
promoter variant can be determined. The SAGA and TFIID promoters targeted
by Hsf1 clearly display varied nucleosome locations (figure 2). Differential competition between GSTFs and nucleosomes was proposed to explain the observed
differences in levels of gene expression between the two classes of promoter (Tirosh and Barkai, 2008). It is therefore surprising that a clear lack of differential
Hsf1 binding in each of these promoter classes rules out differential competition
between Hsf1 and nucleosomes. Any increased competition with nucleosomes
at SAGA promoters should be reflected by differences in Hsf1 binding. No differences in binding are observed. Additionally, a relatively simple model allowing
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direct competition between Hsf1 binding and nucleosome formation on naked
DNA (Raveh-Sadka et al., 2009), also predicts no differences in the levels of Hsf1
binding to these promoter classes (personal communication with Michal Levo,
Segal lab). These results are valid across various nuclear Hsf1 and histone concentrations. If not nucleosome GSTF competition, or the influence of other regulatory factors, what then can account for the difference between SAGA and TFIID
promoters?
Although the activation domains of Hsf1 are well characterized (Nieto-Sotelo et
al., 1990; Sorger, 1990), the protein or proteins directly recruited to promoters
by Hsf1 to activate transcription are unknown. Recruitment is presumably a requirement for Hsf1 transcriptional activity (Ptashne and Gann, 1997), as binding
of DNA by Hsf1 alone cannot activate transcription (Jakobsen and Pelham, 1988).
Interaction surfaces between disordered activation domains and co-activator
subunits are not clearly defined but “fuzzy” (Brzovic et al., 2011). The activation
domain of Gcn4 has been shown to directly interact with: Med15, part of the tail
submodule of Mediator; Taf12, a shared subunit of SAGA and TFIID; and Tra1, a
shared subunit of SAGA and NuA4 (Herbig et al., 2010). The direct interactions
between Gcn4 and Taf12 did not significantly contribute to gene expression at
Gcn4 target genes. Given that activation domains apparently recruit a variety of
targets to the promoter, why do GSTFs activate some of their target genes while
having a lesser effect at others? GSTFs clearly do not “know” which co-activator
is required at each promoter. The same factors will be blindly recruited by GSTFs
to each of the promoters they bind. The difference in responsiveness could then
simply be the result of Hsf1 recruiting the same PIC components to all of its target
promoters. With each promoter already displaying a pre-existing promoter architecture, including nucleosome positions and possibly some PIC components,
the requirement for alternative PIC components at some promoters would then
be different.
Promoter architecture is to a large extent already specified by promoter DNA
sequence (Kaplan et al., 2010; Rhee and Pugh, 2012; Segal and Widom, 2009b;
Struhl, 1985). TAFs in the TFIID complex are positioned relative to the +1 nucleosome, possibly even interacting with it, whereas a weaker +1 nucleosome is
found at SAGA promoters, where PIC location follows the TATA-box (Rhee and
Pugh, 2012). Recruiting a SAGA subunit to a promoter that is already set up for
TFIID complex usage, may therefore be less productive than recruiting the same
components to a SAGA promoter. Transcription activation results from the ordered recruitment of regulatory factors (Cosma, 2002). For efficient transcription
to occur, compatible UAS and core promoter elements must be coupled (Iyer and
Struhl, 1995), with PIC preference most likely determined by the core promoter
rather than the recruiting activator (Cheng et al., 2002). As both the SAGA and
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TFIID complexes share subunits, recruitment of shared SAGA subunits to a TFIID
promoter may indirectly aid in recruitment of other TFIID components, albeit
less efficiently. This would then account for the less efficient, potentially indirect
recruitment of the PIC by Hsf1 at TFIID promoters (figure 4B and D).

Supporting this concept of promoter context and a pre-existing configuration, the
Hsf1 binding motif is on average 52 bp farther from TSS in SAGA compared to
TFIID enriched genes (figure 2B and E). This may reflect an increased space requirement for recruitment of the SAGA complex. Although sharing a number of
subunits, the SAGA complex is considerably larger (1.8 MDa, Wu et al., 2004) than
the TFIID complex (1.2 MDa, Sanders et al., 2002). This increase in GSTF motif
distance from the TSS for TATA-containing versus TATA-like genes also occurs
for a number of other GSTFs (Erb and van Nimwegen, 2011). Suitability of gene
specific binding by transcription factors in the context of promoters with distinct
requirements for co-activator components, may therefore explain the quantitative differences observed here between SAGA and TFIID promoters.

Materials and Methods

Cell Growth
Strains were streaked from -800C stocks onto appropriate selection plates and
grown for 3 days. Liquid cultures were inoculated with independent colonies and
grown overnight (ON) in Synthetic Complete (SC) medium: 2 gr/L Drop out mix
Complete and 6.71 gr/L Yeast Nitrogen Base without AA, Carbohydrate & w/AS
(YNB) from US Biologicals (Swampscott, USA) with 2% D-glucose. The following
day ON cultures were used to inoculate 1.5 ml of SC media and cells were grown
in an Infinite F200 platereader (Tecan) alongside a WT parental strain. Starting
OD600 of cultures was 0.15 +/-0.05 and the OD600 was measured every 10 minutes.
Cells were diluted 1:3 after two doublings (OD=0.60) by removing 1 ml of medium and adding 1ml of fresh SC medium containing 2% glucose and various concentrations of rapamycin. This dilution procedure was repeated several times.
These measurements were used to both calculate doubling times and determine
the rapamycin concentration to use for slow depletion experiments.

RNA labelling and extraction
5 mM 4-thiouracil (4tU) was added to well mixed cell cultures 6 minutes prior
to mRNA extraction. Cells were then harvested by centrifugation (3952 x g for 3
minutes) and pellets were immediately frozen in liquid nitrogen after removal
of supernatant. Total RNA was prepared by phenol extraction and cleaned up on
a customized Sciclone ALH 3000Workstation. Frozen cells (-800C) 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)
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was added. Samples were vortexed hard for 20 seconds and incubated in a water
bath for 10 minutes at 650C and vortexed again. Samples were then put in a thermomixer (650C, 1400 rpm) for 50 minutes. Samples were spun for 20 minutes
in an Eppindorf bench top centrifuge at 14000 rpm at 40C. 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%,
-200C). Pellet was washed with Ethanol and dissolved in sterile water (MQ) to
1 µg/µl final concentration. RNA samples were heated for 10 min at 600C, then
immediately put on ice for 2 min. 100 µL RNA was then biotinylated with 200 µL
of 1mg/mL biotin-HDPD and separated from total RNA on a µMACs column containing streptavidin conjugated magnetic beads. RNA was then purified with an
RNeasy MinElute Cleanup Kit from Qaigen.
Microarray profiling
Dual-channel 70-mer oligonucleotide arrays were employed with a 4tU common
reference WT RNA. For all microarray experiments, each measurement point is
the average of two biological replicates, each profiled as a technical replicate in
dye-swap, yielding four replicates that were averaged and statistically analyzed by
Limma (Smyth, 2005) versus either wild type or Hsf1-tag at t=0. Apart from 4tU
labelling and mRNA extraction all procedures were identical and are described
in detail in (Kemmeren et al., 2014). Calculations were done using the statistical language R version 3.0.1 on a Linux machine running CentOS 5.5. Expression
changes are the log2-ratios relative to the median of the four t=0 wild types.
Microscopy
Nuclear Hsf1p depletion rates were determined in exponentially growing cells
by fluorescence microscopy. GFP intensity was quantified for every cell at each
time point. This was done by measuring the skewness (Hao et al., 2013) of the
GFP signal (pixel intensities) in cells. All the images were set to have identical min
and max brightness values. Circles were manually drawn around cells to measure
pixel intensities using the ImageJ tool. Time points were binned in 15 min bins.

Chromatin Immunoprecipitation
ChIP was carried out as previously described (Van Bakel et al., 2008) with some
modifications. In short, 250 mL of mid-log growing yeast cells (OD600 = 0.6) were
cross-linked with 2% formadehyde for 30 min at 300C, the reaction was quenched
with glycine, and cells were collected by centrifugation. Rapamycin addition was
staggered during the timecourse experiment to allow harvesting of all samples at
the same time and OD. Subsequently, cells were spheroplasted according to the
protocol of the Rando lab (Rando, 2010) and then directly sonicated (Bioruptor,
Diagenode: ten cycles, 30 sec on/off, medium setting. 200 µL chromatin extract
was incubated with 10 µL of anti-GFP antiserum #32 which had been coupled to
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Protein G agarose beads (Roche 11 243 233 01) overnight at 40C. After incubation
antibody ChIPs were washed twice in FA lysis buffer (50 mM HEPES KOH at pH
7.5, 150 mM NaCl, 1 mM EDTA, 1% Triton X-100, 0.1% Na-deoxycholate, 0.1%
SDS), twice with FA lysis buffer containing 0.5 M NaCl, and twice with 10 mM Tris
at pH 8.0, 0.25 mM LiCl, 1 mM EDTA, 0.5% Nonidet P-40 and 0.5% Na-deoxycholate. Cross-links of the ChIP samples was reversed overnight at 65°C in 150 μL 10
mM Tris-HCl (pH 8.0), 1 mM EDTA, 1% SDS. Samples were treated with RNAse
and proteinase K, and DNA was recovered for further analysis.

ChIP-qPCR
DNA samples were recovered after ChIP as described above. The fold change of
two Hsf1 targets (BTN2 and SSA1) over two control regions (HMR-RT and POL1)
was measured by qPCR, which were performed in 384 well plates using 6 µl IQ
SYBR Green super mix (BioRad), 2 µl of each primer set and 2 µl of DNA. The total
volume per reaction was 10 µl. To create a standard curve 10 µl of each of the
input samples were combined and used undiluted and diluted at concentrations
of 1:10, 1:100 and 1:1000. The qPCRs were run on a 7900HT fast real time PCR
machine (Applied Biosystems). IP and mock samples were first normalized to
their corresponding input samples. The fold change of BTN2 and SSA1 were then
calculated by dividing the signal from these genes by the average signal of the
two negative control genes (HMR-RT and POL1). All samples were measured as
biological triplicates and technical quadruplicates.
ChIP-chip timecourse
For each peak the probe with the highest fold change was taken and subsequently
followed during the time course. If two adjacent probes switched between being
the biggest fold changer within the peak during the timecourse, the average of
the fold change and the p-value of these two probes were taken for subsequent
analysis.

ChIP-Seq peak finding
Peaks were detected using the program Cisgenome and the maximal log2(fold
change) between normalized IP and control DNA fragment counts (max log2(fold
change)), peak width and the normalized number of reads in the peak were used
for further analysis.

Motifs
To find de novo motifs in the 1000 bp upstream promoter regions of the Hsf1
targets genes, the MEME tool was used (http://meme.nbcr.net/meme/intro.html
Bailey et al., 2009). The default settings were used except for minimum motif size,
which was set to 5, minimum width to 5 and the distributions of motifs was set
to “any number of repetitions”. Sites were identified based on 57 high confidence
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Hsf1 bound targets. These targets were bound in both the ChIP-chip and ChIPseq experiments. Hsf1 functional targets are then the subset of these genes that
also change in expression in both the fast and slow Hsf1 depletion experiments.
HSP82 is omitted from all analysis due to transcript cross-hybridization with its
ortholog HSC82. As HSC82 is far more highly expressed, HSP82 is considered to
have a negligible effect on the measured mRNA levels of HSC82 (Borkovich et al.,
1989). Therefore HSC82 is included in the analysis.

Binding sites
The RSAT tool, (http://rsat.ulb.ac.be/ Turatsinze et al., 2008), was used to map
significant (p value < 0.001) presence of a found motif to the promoter regions
of the Hsf1 targets. As a motif-input fasta sequences files were given that were
found by MEME and used by MEME to create the. The standard settings were
used except for the background, which was set to Saccharomyces cerevisiae upstream regions without ORFs. For the scanning options sequence origin was set
to ‘start’, return to ‘site + pval’ and p value was set to 0.001.

Responsiveness
To calculate the responsiveness, the ChIP-chip and 4tU slow depletion time course
data of the functional HSF1 targets was used. The log2(fold change) values of the
ChIP-chip time course were plotted against the log2(fold change) values of the
4tU labeling time course, in each case compared to the corresponding t0 sample.
A line was fitted through the last three time points t30, t60 and t90, as this was
the most linear part of the curve. The slope of this line was used as a measure for
responsiveness. The significance of the slope difference in the mRNA expression
versus binding plots was calculated with a linear model: E = G + C + B + CB +
ϵ with E the log2(fold change) in mRNA expression; G the gene; C the gene class,
a dichotomous variable that is either SAGA or TFIID; B the log2(binding ratio),
which is a continuous covariate; CB the interaction between terms C and B; and
lastly the residual error term ϵ. The overall fit is (adjusted R-squared) 0.88; p
= 1.15e-15. The only term of interest in the model is the interaction term CB.
Its effect is equal to the average difference in slope between the two classes of
genes; its p-value is 0.00066. Residuals are normally distributed (p = 0.28, Shapiro test) and show no dependency on the independent nor fitted values. A simple
student’s t-test of the difference, per gene class, in the slopes of their regression
lines yields a p-value of 0.002. However, this approach is incorrect as it ignores
the variance structure of underlying data.
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Chapter 5: General Discussion
The work described in this thesis investigates mechanisms of transcriptional
regulation, taking into account potential sources of interfering indirect effects.
Strategies are explored to avoid or counter these secondary effects (chapter 2).
Applying these strategies has led to important discoveries about the role of the
Cdk8 kinase and how it achieves specificity (chapter 3). Additionally, promoters enriched for the SAGA or TFIID pre-initiation complexes were discovered to
respond distinctly to a gene specific transcription factor (chapter 4). The implications of these findings are discussed in those chapters. The remainder of this
general discussion instead focuses on the ramifications of acknowledging indirect effects and the caveats of applying the proposed remedies.

The importance of not growing slowly
In chapter 2 a major secondary effect was identified through analysis of the Kemmeren et al., (2014) dataset. The gene expression profiles of slow growing single
gene deletion strains contain a similar signature component. This component
scales in intensity relative to the growth deficiency displayed by a strain. Wild
type strains display the same gene expression signature when exposed to environmental perturbations (Causton et al., 2001; Gasch et al., 2000). A shift in the
number of cells in each phase of the cell cycle causes the majority of these gene
expression changes (O’Duibhir et al., 2014). These changes in gene expression
therefore do not represent direct transcriptional regulation due to deletion of
a gene. They also do not represent an orchestrated genome-wide response by a
single cell to a change in environment.
Although this secondary effect due to growth rate change was only made apparent from the viewpoint of genome-wide data covering many hundreds of deletion strains, it is important to point out that these findings have implications for
any study of perturbation that is accompanied by growth rate changes. Typically
growth deficiencies in yeast are evaluated by colony size on a solid substrate.
This type of assay is less sensitive than continuous monitoring of optical density
(OD) during strain growth in a liquid medium. As shown in chapter 2, even minor
changes in growth rate can have large effects on apparent changes in gene expression. When measuring changes in expression of a single gene it is common to
compare levels of the mRNA or protein of interest to expression levels of a control
gene. If the expression of a control gene does not vary during the cell cycle, the
naïve reaction to this information is that it is a good choice as a control gene. If the
expression of the gene of interest does vary during the cell cycle, any observed
changes in gene expression could be a secondary effect due to perturbation of
growth. The security offered by the unchanged expression of the control gene is
then false. This concept equally holds for measurement of any attribute that may
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change during the cell cycle. For example binding assays designed to determine
genomic location and assays of protein status investigating stability or modifications could also be vulnerable to this effect. In terms of gene expression studies, extrapolation of these findings suggest that ~25% of all reported expression
changes suffer from the reported effect.

There is no pathway
Progression through the cell cycle is a highly regulated process, with most of the
regulators of cell cycle checkpoints conserved from yeast to man (Nurse, 2002).
This means that the molecular mechanisms controlling the cell cycle that were
discovered in fission yeast are highly informative of the core mechanisms regulating the cell cycle in vertebrates. However, this also means it is highly likely that studies investigating conservation of the environmental stress response
(ESR) in various organisms (reviewed in Gasch, 2007) can now be reinterpreted
as simply the conservation of aspects of the cell cycle. These aspects include the
timing of gene expression during cell cycle phases and the use of similar cell cycle
checkpoints in various species. The underlying logic and order in the progression
of events during the cell cycle lends an illusion of biological coherence to these
studies, which claim to show conservation of a genome-wide ESR pathway. The
conserved pathway is rather a conserved arrest at a cell cycle checkpoint.
Countermeasures
One approach for countering slow growth secondary effects is to transform the
data by subtraction of the slow growth signature, after the experiment has been
performed. In chapter 2 this approach was shown to improve the overlap between gene expression changes in gene specific transcription factor (GSTF) deletion strains and the gene promoters these factors bind. However there are caveats to this approach. The recurrent signature described in chapter 2 is mostly
explained by a cell cycle population shift. However, this leaves an unexplained
portion of the signature that may be part of a direct transcriptional response to
stress (López-Maury et al., 2008). While an in silico correction method may be the
only option for data that has already been generated, a superior tactic is altering
the experimental setup to avoid having to deal with these secondary effects.

The slowest common denominator
Rather than avoiding secondary effects, an alternative approach not explored
in the experimental work presented in this thesis, is to fully embrace secondary
effects. By stressing all cells through severe nutrient limitation it is possible to
ensure that there are no differences in growth rate, with cells spending the vast
majority of their time in the G1 phase of the cell cycle. This was the approach
taken by Torres et al., (2007) when studying the effects of aneuploidy on gene
expression. In that study it was found that yeast strains displaying aneuploidy
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for distinct chromosomes grow at differentially reduced rates in rich media. The
specific gene expression changes associated with having an extra chromosome
were obscured by the slow growth signature (attributed to the ESR in the study).
To avoid this effect all strains were subsequently gene expression profiled after
growth in phosphate limiting conditions. This resulted in a growth rate for all
strains that was slower than the most slowly growing aneuploid strain. When
profiled in this way gene expression changes were found to be specifically increased for the extra chromosome contained in each strain.
This effective solution to the slow growth problem highlights one of the ironies
of using fast growing S. cerevisiae as a model for transcriptome studies. Rapidly
growing yeast spend almost as much time with a 1N as with a 2N DNA content,
as can be seen in the flow cytometry profiles in chapter 2. This aspect of yeast
growth is useful for screens investigating gene function (Giaever and Nislow,
2014), when the function of a gene may only be apparent in S, G2 or M phase of
the cell cycle. The chances of identifying a phenotype associated with gene loss
is greater when cells spend similar amounts of time in each cell cycle phase. Experimentation with yeast growing in glucose (the ideal carbon source) has therefore been generally adopted as the default growth condition. Unfortunately, gene
expression studies in this growth condition are precariously sensitive to growth
rate perturbations.
All roads lead to stress
Perhaps because of our industrial exploitation of S. cerevisiae we consider the
normal state of yeast growth as one of ethanol production. On the contrary, yeast
spend most of their time in the wild under non-ideal growth conditions. The original S288C strain was isolated from a rotting fig in California in 1938 (Mortimer
and Johnston, 1986). When a glucose rich environment such as the inside of a
fruit is encountered, yeast then maximize both biomass production and glucose
conversion to ethanol. This switch from respiration to mostly glycolysis is known
as the Crabtree effect in yeast (reviewed in Diaz-Ruiz et al., 2011). Many microorganisms cannot survive in high ethanol environments, giving the yeast a clear
advantage by creating this inhospitable environment. However, in this race for
glucose consumption yeast enter a sort of growth overdrive, rapidly pass through
the cell cycle, sacrificing protective structures such as the vacuole (reviewed in
Abeliovich and Klionsky, 2001) and leaving themselves susceptible to many forms
of stress. But this raises the question of what we actually refer to when we talk
of stress. Any perturbation of this unusual growth strategy rapidly forces a yeast
cell back to its habitual, respiratory growth state. This allows us to reinterpret
the question of why so many different stresses evoke the same response in yeast
(Gasch et al., 2000). Instead, growth in glucose is the stressful risky condition,
and the frequently deployed stress response is in fact a return to normality. This
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return to a safer default growth state also explains the phenomenon of cross-protection, where one stress appears to protect yeast from a further, seemingly unrelated stressful event (Verghese et al., 2012). Taking this viewpoint also explains
the apparent anticipatory gene expression changes observed in cross protection.
These expression changes are not anticipatory but a simple return to normality.
Finally, the reason why deletion of genes expressed during the ESR (Gasch et al.,
2000) does not impair the ability of cells to display cross protection (Giaever et
al., 2002) is also explained.

Relieving multicellular stress
In the study of more slowly cycling vertebrate cells the slow growth secondary effect may be expected to pose a problem of reduced magnitude. Cancer cells however, typically display increased proliferation rates compared to ordinary tissues
(Hanahan and Weinberg, 2011). Tissues containing heterogeneous cancer cells
can be identified by gene expression signatures (reviewed in van’t Veer and Bernards, 2008). This approach may in part be effective due to the ability to identify
a strong homogenous signal related to the increased proliferation of many cancer
cells in a tumour. If true, while gene expression signatures serve as useful diagnostic tools, a part of the signature could be related to a cancer hallmark, rather
than more direct causal factors that originally made the cells cancerous. Treating
an addiction to oncogenes (Weinstein, 2002), may therefore be tantamount to
treating a symptom rather than the cause of a cancer (although this symptom
may ultimately drive tumour growth as the disease progresses). After using these
signatures for diagnosis, in silico removal of a potential growth signal from an
expression profile might aid in the determination of causative factors and choice
of a personalized treatment regimen.

Another approach to avoid confounding indirect effects, implemented in chapter
3, is the use of a conditional loss of function strain (Haruki et al., 2008). A strain
allowing conditional depletion of Cdk8 clarified the functional targets of the kinase in yeast. In humans Cdk8 has been implicated as a facilitating oncogene in
colon cancer and melanoma (reviewed in Spaeth et al., 2011). In chapter 3 a newly identified direct GSTF target of the Cdk8 kinase was discovered. Gcr2 is a GSTF
regulating glycolytic gene expression. Inefficient glucose usage through glycolysis
rather than respiration is a metabolic hallmark of cancer, known as the Warburg
effect in mammalian cells (reviewed in Bayley and Devilee, 2012). If Cdk8 also
regulates Gcr2 in human cells, Cdk8 may in part facilitate the increased proliferation of cancerous cells by allowing increased glycolysis through Gcr2 misregulation.
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Conditions of conditional strain usage
Using conditional strains provides an opportunity to determine the effects of
gene loss long before secondary growth effects occur. It is worthwhile to note
some technical aspects relating to the use of these strains. A vital aspect in the
use of conditional strains is the choice of time point for experimentation. For
loss of function experiments it is ideal to have determined how long it takes for a
protein of interest to be depleted or degraded. Determination of the point when
any effect on growth rate occurs is also useful information. If a single time point,
rather than a time course, is being examined it is then tempting for the researcher to choose a time point just before commencement of a secondary growth perturbation. This time point hopefully provides the greatest chance of seeing an
effect, while reducing the chance of the dreaded negative result when employing
a potentially costly genomic technology.

It is therefore important to briefly make the distinction between cell growth and
cell proliferation. OD is an imperfect, indirect measure of cellular proliferation.
Rather than progression through the cell cycle, OD measurements monitor the accumulation of biomass (Radonjic et al., 2005). During exponential phase growth
these two processes, proliferation and growth, are intertwined. Here OD serves
as a reliable proxy for the cell doubling time of a strain. Outside of exponential
growth, this relationship has been shown to breakdown (Radonjic et al., 2005),
likely due to differences in cell size and morphology. It also became clear during
the heat shock experiments described in chapter 2 that biomass accumulation
can continue in the face of a cell cycle arrest. A cell cycle arrest due to the START
checkpoint clearly occurs after mild heatshock, as measured by flow cytometry.
Concurrently OD of the culture continues to rise, unperturbed for approximately
30 to 45 minutes after heat shock (unpublished observations). Flow cytometry
does not differentiate between pre- and post-START cells in the G1 phase of the
cell cycle. Resolution of this assay is limited by DNA content, resulting in a 15
minute delay in the ability to detect cell cycle population changes related to the
START check point. However, changes in the underlying cell population are clearly visible using flow cytometry considerably sooner than when measuring OD
alone. The point is then this: if unable to carry out a full time course, choose a
time point as close to loss of protein function as possible. This reduces the chances of succumbing to the secondary effects that one is ultimately trying to avoid.
This caveat regarding conditional strain usage is necessary because even though
a conditional strain may be employed, experiments using these strains typically
still involve growing a population of cells (Moqtaderi et al., 2014 and chapters
3 and 4). Should all in vivo molecular biology experiments then be carried out
using single cell measurements? Until recently the advantage of genome-wide
measurements had to be balanced against single cell measurements, due to maGeneral Discussion |
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terial constraints (reviewed in Junker and van Oudenaarden, 2014). However due
to the destructive nature of material collection required by genome-wide technologies, looking at dynamics in the same single cells remains possible for only a
few genes at a time. A more feasible approach may be to formulate hypotheses at
the level of the population and then verify specific aspects of these hypotheses at
the single cell level. For example, combining the Hsf1 conditional depletion strain
with single cell mRNA detection through fluorescent in situ hybridization would
allow the relationship between GSTF levels and transcriptional output at each
promoter class to be directly investigated in single cells. It would be interesting
to see for example if multiple rounds of transcription occur after Hsf1 depletion
at TFIID promoters, while transcription is rapidly shut down at SAGA promoters.
Secondary effects are not exactly a hot topic. In terms of publication popularity, indirect effects tend to be grouped somewhere alongside negative results.
Pointing out potential sources of indirect effects in other people’s data is not a
good way to make friends at scientific meetings, let alone in your own group. Regardless, I believe that the sources and consequences of indirect effects must be
tackled head on if we have any hope of ultimately avoiding them. In my opinion,
rather than a house of cards based solely on a race for publication novelty, understanding how a cell really works requires a solid foundation of knowledge on
which future study can be built upon. Only then can we really begin to investigate
causal factors in genome control.
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Appendix: Summary for the layperson
Causal factors in genome control
A genome contains all of the instructions to make an organism. These instructions
are coded by the sequence of nucleotides in a string of DNA. These nucleotides:
adenine (A); thymine (T); cytosine (C); and guanine (G); are chemical letters that
are used to write words. The words are genes. Each gene contains the information for how to make specific proteins, the building blocks of cells. Instructions
for where and when to produce each protein are also coded in the nucleotide
sequence of DNA. Special DNA binding proteins read this code and either activate
or repress the expression of genes. Depending on the situation a cell finds itself
in, it will benefit from having a particular set of genes switched on and off. Information from outside the cell can reach DNA binding proteins through the action
of protein kinases. Kinases are enzymes that can chemically link phosphate to
another molecule. These molecules can be other proteins, including DNA binding
proteins or even other kinases. Addition of a phosphate group to another protein
can affect the activity of that protein. In this way kinases can be used by the cell as
regulatory proteins: proteins that control the activity of other proteins. Linking
these kinases together in a chain forms a signalling pathway allowing information flow. This information can then flow from receptors that sense conditions
outside the cell, through kinases, to the DNA binding proteins. In this way a specific set of genes can be turned on, allowing a cell to respond to its environment.
Chapter 1 provides a general introduction to these topics.
The aim of this thesis is to study how genes are switched on and off in a coordinated way across an entire genome. In order to do this yeast is used as a model
organism. Yeast has a small compact genome and is easy to grow in the laboratory.
The mechanisms that control gene expression in yeast are very similar to those
of human cells. Even though yeast cells are easier to work with than human cells,
studying gene expression is still technically difficult because all of the factors involved cannot be directly observed. In order to get enough DNA and protein for
experiments, millions of living rapidly growing cells are typically destroyed to
extract their components. The measurements that are taken are then representative of a hypothetical average cell. In chapter 2 it is shown that gene expression
changes associated with many previous experiments reported in the literature
are related to a change in the growth rate of the cells. A method is presented for
mathematically correcting this indirect effect. If the objective of an experiment is
to discover the causal factors that turn genes on and off, this type of indirect effect
related to a change in growth can be misleading. Determining the causal factors
that control gene expression is important if we want to build realistic models of
how cells work or target drugs towards the proteins that cause disease.
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To understand how something works it is often necessary to first break it. In order to discover what a protein does in a cell, a common approach is to delete from
a genome the gene coding for that protein. The effect that loss of a specific protein
has on cell function can then be observed. If the protein carries out a function in
a relatively isolated process in the cell this is a useful approach. However many
processes in the cell are linked together and depend on each other. This means
that interfering with one process can impact many others. Again because of technical limitations the measurements taken in an experiment relating to gene loss
are typically taken several days or even weeks after the gene has been deleted.
In this intervening time many distantly related processes can be affected due to
the initial gene deletion. In chapter 3 an alternative approach is employed to
solve this problem of secondary effects. Here cells are used where a kinase protein (Cdk8) can be rapidly removed from the cell nucleus upon addition of an inducing chemical. Genome-wide measurements are then taken minutes after loss
of protein function in the nucleus. The knock on effects to gene expression are
also followed through time. Cdk8 was thought to have a general function in gene
expression in the cell. Using this approach it is found that Cdk8 targets specific
DNA binding proteins. Many of the gene expression changes originally attributed
to Cdk8 after deletion experiments are actually due to a change in growth rate of
the cells after Cdk8 loss.

Genes are not only simply switched on or off in cells. Controlling the expression levels of proteins can also be important for efficient cell functioning and
disease prevention. In chapter 4 the activity of a DNA binding protein (Hsf1) is
controlled by exploiting a modified version of the conditional protein depletion
strategy used in chapter 3. There are two main pathways used in the yeast genome for activating genes. One of the pathways (TFIID) typically controls expression of proteins that serve housekeeping functions in a cell. The other pathway
(SAGA) controls expression of genes with functions important in rapid responses
to changing environmental conditions and developmental processes. Hsf1 controls the expression levels of genes that are activated through each of these two
different pathways. By precisely controlling Hsf1 levels in the nucleus and directly measuring the effects on gene expression it was found that Hsf1 can have very
different effects in each of the two gene activation pathways. This study contributes to our understanding of how signalling information is interpreted in the context of each of these gene activation pathways.
Chapter 5 discusses the wider implications of the findings in the previous chapters and points out some further caveats relating to indirect effects.
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Appendix: Samenvatting in het Nederlands
Oorzakelijke factoren in genoom controle
Het genoom bevat alle instructies om een organisme te maken. Deze instructies
zijn gecodeerd als een sequentie van nucleotides in een streng DNA. Deze nucleotides: adenine (A); thymine (T); cytosine (C); en guanine (G); zijn chemische
letters die gebruikt worden om woorden te vormen. De woorden zijn genen. Elk
gen bevat de informatie voor het maken van een specifiek eiwit, dit zijn de bouwstenen van de cel. Instructies over waar en wanneer bepaalde eiwitten gemaakt
moeten worden zijn ook gecodeerd in de nucleotide sequentie van DNA. Speciale
DNA-bindende eiwitten lezen deze code en activeren danwel onderdrukken de
expressie van genen. Afhankelijk van de situatie waarin de cel zich bevindt, zal hij
profiteren van het aan- en uitzetten van bepaalde groepen genen. Informatie van
buiten de cel kan DNA-bindende eiwitten bereiken door middel van eiwit-kinases.
Kinases zijn enzymen die fosfaten op een chemische manier koppelen aan andere
moleculen. Deze moleculen kunnen andere eiwitten zijn, inclusief DNA-bindende
eiwitten, of zelfs andere kinases. Toevoeging van een fosfaat groep aan een ander
eiwit kan de activiteit van dit eiwit beinvloeden. Op deze manier kunnen kinases door de cel gebruikt worden als regulerende eiwitten; eiwitten die de activiteit van andere eiwitten regelen. Deze kinases volgen elkaar op als schakels in
een ketting en vormen op deze manier een signalerings route die zorgt voor een
stroom van informatie. Deze informatie kan stromen van receptoren die condities buiten de cel waarnemen, via kinases, naar de DNA-bindende eiwitten. Op
deze manier kan een specifieke groep van genen aan worden gezet, zodat een
cel in staat is om te reageren op zijn omgeving. Hoofdstuk 1 geeft een algemene
introductie van deze onderwerpen.
Het doel van deze thesis is om te bestuderen hoe genen aan en uit worden gezet
op een gecoordineerde manier over de lengte van het gehele genoom. Om dit te
kunnen doen is gist gebruikt als model organisme. Gist heeft een klein, compact
genoom en groeit gemakkelijk in het laboratorium. De mechanismes die gen expressie regelen in gist zijn erg vergelijkbaar met die in mensen cellen. Ook al zijn
gistcellen makkelijker om mee te werken dan mensencellen, het bestuderen van
gen expressie is nog steeds technisch moeilijk vanwege de vele betrokken factoren die niet direct zichtbaar zijn. Om genoeg DNA en eiwit te krijgen voor experimenten worden over het algemeen millioenen levende, snelgroeiende cellen vernietigd om vervolgens hun componenten te zuiveren. De metingen die genomen
worden zijn dan representatief voor de hypothetische algemene cel. Hoofdstuk
2 laat zien dat veranderingen in gen expressie die beschreven zijn in vele eerder
gerapporteerde experimenten in de literatuur, gerelateerd zijn aan een verandering in de mate van groei van de cellen. Een methode om dit indirecte effect
wiskundig te corrigeren wordt gepresenteerd. Als het doel van een experiment is
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om de oorzakelijke factoren te ontdekken die genen aan en uit zetten, dan kan dit
aan groeiverandering gerelateerde indirecte effect misleidend zijn. Het bepalen
van causale factoren die gen expressie regelen is belangrijk als we realistische
modellen willen bouwen van hoe cellen werken of medicijnen willen ontwikkelen die aangrijpen op de eiwitten die ziekte veroorzaken.

Om te begrijpen hoe iets werkt, is het vaak nodig om het eerst kapot te maken.
Om te ontdekken wat een eiwit doet in een cel, is een veelgebruikte benadering
om het gen dat codeert voor dit eiwit uit het genoom te verwijderen. Het effect
dat verlies van dit specifieke eiwit heeft op cel functie kan dan worden bekeken.
Als het eiwit een functie uitvoert in een relatief geisoleerd proces in de cel, dan is
dit een nuttige benadering. Echter, vele processen in de cel zijn aan elkaar gekoppeld en van elkaar afhankelijk. Dit betekent dat het onderbreken van een proces
gevolgen kan hebben voor vele anderen. Weer vanwege technische beperkingen,
worden de metingen in een experiment dat kijkt naar gen verlies over het algemeen dagen of zelfs weken na verwijdering van dit gen gedaan. In de tussentijd
kunnen dus al vele op afstand gerelateerde processen aangedaan zijn door de
verwijdering van het ene gen. In hoofdstuk 3 wordt een alternatieve benadering gebruikt om dit probleem van secundaire effecten op te lossen. Hier worden
cellen gebruikt waar een kinase eiwit (Cdk8) op een snelle manier verwijderd
kan worden uit de celkern door toevoeging van een inducerend chemisch stofje.
Genoom-brede metingen worden vervolgens genomen een paar minuten na verlies van eiwit functie uit de kern. Het zich uitbreidende effect op gen expressie
naar mate de tijd toeneemt wordt ook bekeken. Er werd gedacht dat Cdk8 een
algemene functie in gen expressie in de cel heeft. Met behulp van de benadering
in hoofdstuk 3 wordt gevonden dat Cdk8 juist specifieke DNA bindende eiwitten
reguleert. Veel van de gen expressie veranderingen die eerder werden toegekend
aan Cdk8 naar aanleiding van deletie experimenten, zijn eigenlijk het resultaat
van een verandering in groeisnelheid van de cellen na verlies van Cdk8.

Genen staan niet simpelweg aan of uit in cellen. Het regelen van de mate van eiwit
expressie kan ook belangrijk zijn voor het efficient functioneren van de cel en
voor het voorkomen van ziektes. In hoofdstuk 4 wordt de conditionele gen-verwijderingsstrategie uit hoofdstuk 3 aangepast om de activiteit van DNA-bindend
eiwit Hsf1 te regelen. Er zijn twee routes in het gistgenoom die gebruikt worden
om genen te activeren. Een van deze routes (TFIID) regelt over het algemeen de
expressie van eiwitten met een huishoudelijke functie in de cel. De andere route
(SAGA) regelt de expressie van genen met functies die belangrijk zijn om snel te
kunnen reageren op veranderingen in de omgeving en tijdens de ontwikkeling.
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Hsf1 regelt de mate van expressie van genen die worden geactiveerd door middel
van elk van de twee verschillende routes. Door op een precieze manier te regelen
hoeveel Hsf1 er in de kern zit en direct te meten welke effecten dit heeft op gen
expressie, wordt gevonden dat Hsf1 zeer verschillende invloed kan hebben op elk
van de twee gen-activeringsroutes. Dit onderzoek draagt bij aan ons begrip van
hoe signaleringsinformatie wordt geinterpreteerd binnen de context van elk van
deze gen-activeringsroutes.
Hoofdstuk 5 bespreekt de bredere implicaties van de bevindingen in de voorgaande hoodstukken en benadrukt een aantal aanvullende aandachtspunten
gerelateerd aan indirecte effecten.
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