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Abstract

The nature of genetic changes underlying the evolution of pheno-

typic diversity has been a long-standing subject of evolutionary bi-

ology. Changes in gene regulation have been heavily implicated in

the evolution of morphological complexity. Indeed, many studies have

highlighted the great evolutionary plasticity of cis-regulatory regions.

The role that transcription factors (TFs) play in the evolution and

turnover of transcriptional regulatory networks has been the subject

of intensive debate and as yet remains somewhat elusive on the sys-

tematic scale.

Here, I present a comprehensive study of TF repertoires in 15 species

of yeasts belonging to the Saccharomycotina. These species are es-

timated to have shared their most recent common ancestor around

300 million years ago and include the well-studied model organism

Saccharomyces cerevisiae as well as the human pathogen Candida al-

bicans. Furthermore a whole-genome duplication (WGD) event has

been inferred on the lineage leading to the modern Saccharomyces

species, allowing for assessment of the impact of WGDs for TF reper-

toire evolution.

In a preliminary study presented in Chapter 2, I investigate phyloge-

nomic approaches to infer a species phylogeny for subsequent evolu-

tionary analyses. I examine the impact of evolutionary models ac-

counting for between-gene heterogeneity through data partitioning

and separate parameterisation. I find that partitioned models out-

perform concatenated models and show that the use of complex evo-

lutionary models is important when analysing phylogenomic data.



The remaining chapters concentrate on various aspects of the evo-

lutionary dynamics in TF repertoires. In Chapter 3, I describe a

genome-wide screen for TFs and collection of the dataset which forms

the basis of all following analyses. TF repertoires are analysed with

respect to the types of DNA-binding domain (DBD) and domain ar-

chitectures found. Chapter 4 describes an in-depth study of duplica-

tions and losses in different DBD families and results are discussed

in relation to mechanistic differences in repertoire expansion as well

as the regulatory network. In Chapters 5 and 6, I consider evolu-

tionary rates of TFs in relation to their position in the regulatory

network (Chapter 5) and examine differences between clades and how

those relate to known biological differences (Chapter 6). Stress- and

nutrient response signalling in particular appear to have undergone

large-scale changes, supported by both expansion of signalling net-

works through gene duplication and evolutionary rate shifts between

clades. This study has generated a number of interesting and experi-

mentally testable examples of potential regulatory turnover, a few of

which are discussed in greater detail in Chapter 7.
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Chapter 1

Introduction

1.1 The Aim of this Thesis

One of the biggest challenges for evolutionary biologists in the post-genomic era

has been the question of how phenotypic diversity arises. Mouse and human

genomes for example share the largest part of their genes, and less than 1% of

protein-coding genes in mouse do not have a detectable homolog in the human

genome and vice versa (Mouse Genome Sequencing Consortium et al., 2002).

Even more similar are the human and chimpanzee genomes, where it is not only

gene content that is almost identical but also nucleotide divergence is very low

with a genome-wide nucleotide divergence rate of around 1.2% (Chimpanzee Se-

quencing and Analysis Consortium, 2005). A more recent study only found three

candidate genes created de novo that have not arisen through gene duplication in

the human lineage (Knowles & McLysaght, 2009). This amounts to about 0.01%

of estimated protein-coding genes in human, thus rendering gene content a very

poor explanation of phenotypic diversity.

The idea that not only the genes themselves but also when, how and in what

combinations they are expressed provide an important contribution to differences

between species was first proposed decades before whole-genome sequencing was

even to be considered an achievable scientific endeavour (Britten & Davidson,

1971; Jacob, 1977; King & Wilson, 1975) and has since been the subject of in-

tensive study. Recent technological developments have allowed us to study gene
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regulation at various levels, from alternative splicing (e.g. Kim et al., 2007), non-

coding RNAs (e.g. Sempere et al., 2006) and, maybe most prominently, changes in

transcriptional regulation including cis-regulatory sequence turnover and the evo-

lution of transcription factors, the regulatory proteins binding to those sequences

(reviewed in Wray, 2007). Indeed, there has been a heated debate about the

relative evolutionary importance of changes in cis-regulatory DNA and protein

coding genes (e.g. Hoekstra & Coyne, 2007). Cis-regulatory DNA is often viewed

as evolutionarily more flexible due to an alleged lower pleiotropic impact of mu-

tations in non-coding sequences compared to mutations in protein-coding genes,

transcription factors especially, which could essentially affect hundreds of down-

stream target genes (reviewed in Wray, 2007). While we are accumulating in-

creasingly deep understanding about the evolutionary dynamics of cis-regulatory

DNA, transcription factors have to date been studied either in an isolated man-

ner or over very large evolutionary distances, making it difficult to assess their

contribution towards adaptive phenotypes.

This thesis describes a systematic study of transcription factor repertoires,

the full genomic complement of transcription factors found within the genome

of a species, in 15 species of the Saccharomycotina which include the brewer’s

yeast Saccharomyces cerevisiae as well as the human pathogen Candida albicans.

In the remainder of this Chapter, I will introduce the mechanisms involved in

transcriptional initiation and the role that transcription factors play in this pro-

cess. I will review the arguments of the cis versus trans debate and motivate why

studying the evolution of transcription factors is fundamental to understanding

the evolution of gene regulation, based on theoretical arguments and examples

of regulatory evolution in the Saccharomycotina. Finally, I will discuss the most

interesting aspects of the biology and ecology that distinguish the major clades

included in my study to provide a reference of how my findings contribute to the

understanding of adaptation to their respective niches.
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1.2 Transcriptional Regulation in Eukaryotes

1.2.1 Transcriptional Initiation

The default transcriptional state of Eukaryotic genes is “off” and full transcrip-

tional activation requires the execution of a series of molecular events and involve-

ment of a large number of regulatory factors (Figure 1A). In Eukaryotes, DNA is

wrapped around nucleosomes which are in turn organised into higher order chro-

matin structures. Each nucleosome covers 147 base pairs (bp) of DNA and con-

sists of an octamer of histone proteins, incorporating two of each of the histones

H2A, H2B, H3 and H4 (Luger et al., 1997). The density of chromatin packing is an

important determinant of transcriptional activity, providing a structural barrier

for the binding of the transcriptional machinery and thereby preventing transcrip-

tional initiation. Chromatin packing in turn is regulated by chemical modification

of histone tails. These modifications are complex and can act alone or in com-

bination to determine the packing state of DNA and association with cofactors

that are able to alter condensation states. Known modifications include acety-

lation, methylation, phosphorylation and ubiqitination although at the moment

their function and interactive behaviour is often not well understood (reviewed in

Lee et al., 2010a). Silent chromatin in S. cerevisiae for example has been found

to be associated with hypoacetylation of histone H3 and H4 tails whereas their

acetylation is associated with transcriptionally active genes (reviewed in Rusche

et al., 2003). This chromatin-mediated mode of gene inactivation is termed “si-

lencing” and not to be confused with repression. As opposed to repression, which

is gene-specific, silencing acts at a distance. Sequence-specific transcription fac-

tors (TFs) bind to silencer elements and recruit the silencing machinery. This

can influence the chromatin structure of a number of surrounding genes such as is

observed at telomeres. Silencing can also act in a gene-specific manner, however,

as is the case at the silent mating type loci in S. cerevisiae (reviewed in Rusche

et al., 2003).

Most promoters in S. cerevisiae however have an “open” chromatin confor-

mation, where nucleosomes are spaced between 160 and 200 bps apart (Lee et al.,

2007; Yuan et al., 2005). Those often include a nucleosome free region (NFR)
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A

B

Figure 1.1: A: Promoter structure of a eukaryotic gene and the regulatory pro-

teins involved in the modulation of transcriptional activity. Figure adapted from

Wray et al. (2003). B: Nucleosome architecture around active promoters. Nucle-

osomes -1 and +1 (green) are located around 150 downstream and just upstream

of the transcription start site respectively, exposing a nucleosome free region.

Figure adapted from Venters & Pugh (2009).

near the transcription start site (TSS), spanning approximately 150 nucleotides

located 200 bps upstream of annotated genes (Fig. 1B). This is in contrast to

coding regions which were found to be highly occupied by nucleosomes in yeast

(Lee et al., 2007). Lee et al. furthermore found different categories of nucleosome

density at promoters, and found that those correlated with expression level and

functional classes of genes. Stress-responsive genes, for example, were most oc-

cupied in their data set, in contrast to genes involved in ribosome biogenesis and

RNA and DNA metabolism which were found to be most depleted. This reflected

the conditions under which the samples were taken, during the log growth phase,

where stress-responsive genes are generally not needed and the cells are prolif-

erating at high rates. Moreover, they found a strong statistical correspondence

between nucleosome depletion and the presence of binding sites for TFs known

to be localised in the nucleus in the sampled conditions, underlining the link

between nucleosome organisation at promoters and activation of gene expression.
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TFs are sequence-specific DNA-binding proteins that bind to cis-regulatory

modules (Figure 1A). They perform a variety of roles by recruiting different co-

factors, including chromatin remodelling complexes, general transcription factors,

chromatin modifying complexes and RNA polymerase II itself via the mediator

complex (reviewed in Venters & Pugh, 2009). Depending on the particular nuclear

context, the same TF can often be both an activator and repressor by interacting

with different condition-specific cofactors. The repressor-activator protein Rap1

is an archetypal example of such a multifunctional TF. Depending on the binding

site context, it can act as an activator: e.g. by binding in combination with Gcr1,

Gcr2 and Gal11 it induces the high-level expression of the glycolytic enzymes.

Alternatively, it can function as a repressor: e.g. during silencing of the HMR

and HML silent mating type loci in combination with Orc and Abf1 (reviewed

in Shore, 1994). It has also been shown to be involved in maintenance of open

chromatin and stimulation of meiotic recombination (reviewed in Morse, 2000).

Once the chromatin structure around a promoter is permissive, general TFs

are recruited to the promoter to form the pre-initiation complex (PIC). The in-

teractions between gene-specific TFs and the general transcriptional machinery

are thought to be bridged by the Mediator complex, a 21 subunit protein complex

which has been shown to interact with both gene-specific TFs and the unphospo-

horylated form of pol II which forms part of the PIC (reviewed in Björklund &

Gustafsson, 2005). Other components of the PIC include the non-specific, broadly

utilised general TFs TFIIA, -B, -D, -E, -F, and -H which assist the loading and

release of RNA pol II at the TSS (reviewed in Thomas & Chiang, 2006). TFIID

is the largest of those multiprotein complexes and includes the TATA-binding

protein (TBP). TFIID nucleates the assembly of the PIC, either through direct

recruitment or deposition of TBP only by the SAGA complex depending of pro-

moter structure (reviewed in Venters & Pugh, 2009). The promoter occupation

by TBP in turn is negatively regulated by the cofactors NC2 and Mot1 which,

through combined action, mediate the removal of TBP from promoters. The ef-

fects of those negative regulators are counteracted by TFIIA and TFIIB which

through interaction with TBP stabilise the TBP/DNA interactions and those to-

gether form the minimal PIC (reviewed in Venters & Pugh, 2009). The full PIC

is subsequently assembled through binding of the remaining general TFs (TFIIF,
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TFIIE and TFIIH) and pol II. TFIIH is the last component that is incorporated

into the PIC and is crucial for the transition from transcriptional initiation to

transcriptional elongation (reviewed in Venters & Pugh, 2009). TFIIH encodes a

DNA helicase, required for the separation of the double strand to allow for the

formation of an open promoter complex with pol II (Wang et al., 1992). Further-

more, it contains a kinase subunit which phosphorylates the C-terminal domain

of pol II, leading to its dissociation from the Mediator complex and the start

of transcriptional elongation (Björklund & Gustafsson, 2005; Venters & Pugh,

2009). Transcriptional elongation itself is a highly regulated process requiring

the action of numerous elongation factors and is accompanied by a series of inter-

acting histone modifications, but in the interest of brevity it will not be discussed

here.

1.2.2 Transcription Factors

Gene-specific TFs thus play an important role in determining whether or not a

given gene is expressed at a given time. By definition TFs contain a sequence-

specific DNA-binding domain (DBD) that recognises short motifs in the DNA

called transcription factor binding sites (TFBSs), typically around 10 nucleotides

in length. TFBSs in turn are organised into cis-regulatory modules (Fig. 1A)

that often include 10 - 50 binding sites for 5 - 15 different TFs. These can be

located within a few hundred base pairs of the promoter, as is commonly found

in yeast, but especially in higher eukaryotes may be over tens of kilobases away

from the genes they regulate. TFs can bind to certain motifs with varying affinity

and whether or not a motif is occupied by a TF depends on a number of other

factors, including whether or not the specific TF is present in the nucleus at this

time, the condensation state of chromatin and/or binding of nearby TFs that

might prevent binding through steric hindrance (reviewed in Wray et al., 2003).

1.2.2.1 The DNA-binding Domain

Depending on the exact structural classification, the currently known number of

DBDs ranges from around 150 to 300 (classification using Pfam or SUPERFAM-

ILY respectively; Wilson et al., 2008a, and references therein). Those fall into
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eight broad structural classes that differ in their DNA-binding mode (Luscombe

et al., 2000). The two most abundant of those are the Helix-Turn-Helix (HTH)

and zinc-coordinating DBDs (Wilson et al., 2008a). A summary of the classes of

DBDs discussed in Luscombe et al. and the families belonging to those is shown

in Table 1.1. Note that this table is by no means complete, but is meant to

illustrate the type of classification discussed here using well-studied and widely-

known examples of DBD families. HTH DBDs, as the name suggests, are formed

by two almost perpendicular α-helices that are connected by either a short β-

turn or a linker loop. Prokaryotic HTH proteins tend to bind as homodimers

to palindromic recognition sequences, whereas in eukaryotes they are frequently

observed to bind as monomers or heterodimers to non-symmetrical target sites

(Luscombe et al., 2000). Winged HTH DBDs are characterised by the presence

of an additional α-helix and an adjacent β-sheet which provide additional con-

tacts with DNA. HTH proteins are the dominant classes of DBDs found in TF

repertoires of both bacterial and archeal genomes (Charoensawan et al., 2010a,b;

Wilson et al., 2008a).

The second important structural class of DBDs are the zinc-coordinating pro-

teins. These include the C2H2 and binuclear cluster (Zn clus) zinc fingers, which

dominate eukaryotic TF repertoires. Zinc-coordinating proteins are characterised

by the tetrahedral coordination of zinc ions, mediated by cysteine and histidine

residues. In C2H2 zinc fingers this structure forms a finger-like protrusion that

directly contacts DNA and each finger recognises a 3 bp motif. TFs often contain

several adjacent such fingers, increasing the specificity of DNA-binding (reviewed

in Luscombe et al., 2000). Human C2H2-containing zinc finger TFs have been

found to encode 8.5 zinc fingers on average, with some containing more than 30

repeats of the motif (Emerson & Thomas, 2009). Such poly-zinc fingers wrap

around the DNA in a spiral-like manner with each protrusion contacting their 3

bp half-site, although especially in TFs with a very large number of fingers it is

unlikely that all fingers make contact with DNA and selective binding of a subset

of fingers has indeed been demonstrated before (Pavletich & Pabo, 1993).
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1.2 Transcriptional Regulation in Eukaryotes

1.2.2.2 Non-DNA-binding Regions of Transcription Factors

Besides the DBD, TFs often harbour additional “accessory domains” involved

in regulating the activity of the TF itself by mediating protein-protein interac-

tions, activation potential or metabolite binding (Fig. 1.2). As mentioned above,

a TF’s activity is often determined by context-dependent interaction with other

regulatory components and indeed, many TFs are also capable of forming homo-

or heterodimers (Table 1.1; Luscombe et al., 2000). Especially in eukaryotes,

heterodimerisation between TFs from the same family occurs often and provides

mechanisms for combinatorial control. These include dimer- and hence context-

dependent DNA-binding specificity as well as additional regulatory mechanisms

by providing concentration-dependent switches through stochiometrical require-

ments for certain complexes to form. Heterotypic interactions with binding part-

ners that lack DNA-binding ability or activation potential can lead to the com-

plete inactivation of an interacting TF through dimerisation with the latter (re-

viewed in Amoutzias et al., 2008) or concentration dependent effects where the

inactive component acts as a molecular titer. Molecular titering in turn can result

in ultrasensitive behaviour, where small changes in input concentrations, protein

degradation rates or interaction strength of the partners involved can yield large

changes in the concentration of the active TF (e.g. Buchler & Louis, 2008).

The sulfur metabolism regulators in S. cerevisiae provide a classic example of

regulation through heterotypic interactions. Met4, the main regulator of sulfur

metabolic genes, lacks intrinsic DNA-binding ability and relies on a number of

different co-factors for tethering to its target promoters, whereas some of the

co-factors, Met31 and Met32, lack transcriptional activation ability. In order to

activate sulfur metabolic genes, Met4 complexes with either Cbf1 or Met31/Met32

and the set of target genes dependent on either of those complexes has been shown

to be distinct, thus providing a fine-tuning of sulfur metabolism (Lee et al., 2010c).

Three main types of activation domain have been characterised to date. These

are acidic domains, which contain a large proportion of negatively charged residues,

proline-rich domains and glutamine-rich domains. Acidic domains are among

the best-understood of those and have been shown to activate transcription by

interaction with the general transcription factors TFIID and TFIIB, the first
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1.2 Transcriptional Regulation in Eukaryotes

Figure 1.2: Regulating the regulator. Illustration of different mechanisms by

which the activity of a TF can be controlled. Post-translational modification and

induced conformational changes play an important role in all of these mechanisms

and are discussed further in the text. Figure taken from Holmberg et al. (2002).

general TFs recruited to promoters to form the PIC (Latchman, 2007). Acidic

domains have also been shown to interact directly with components of the me-

diator complex (Herbig et al., 2010) as well as with the chromatin-remodelling

and histone-modification machinery (reviewed in Erkine, 2004) and are thus able

to act synergistically on transcriptional activation through a variety of mecha-

nisms. More recent work is continuing to identify new modes of regulation, such

as interaction with the universal, ubiquitin-like regulator SUMO through a sumo

interaction motif that has been shown to act as an activation domain and re-

sembles the acidic domains (Du et al., 2010), underlining both the complexity

of the interactions involved in transcriptional activation as well as how limited

our understanding of these mechanisms is. Activation domains often lack an in-

trinsic structure, especially when unbound, and are thus somewhat idiosyncratic

to detect without experimental evidence seeing that their main hallmark is high

densities of either acidic amino acid, proline or glutamine residues.

Ligand-binding domains are common in bacterial TFs but are less frequently

found in eukaryotic TFs. Eukaryotes have increasingly “outsourced” their metabo-
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1.2 Transcriptional Regulation in Eukaryotes

lite sensing components and instead integrate this information through protein-

protein interactions which allow for greater regulatory flexibility (Charoensawan

et al., 2010b; Huang et al., 1999). Recent studies indicate that a similar system ex-

ists in the archaea, whose DNA-binding proteins, although largely orthologous to

bacterial TFs, often lack the additional ligand-binding domains required (Pérez-

Rueda & Janga, 2010). Although less common than in prokaryotic TFs, there are

however examples of ligand-binding in eukaryotic TFs, such as the S. cerevisiae

TF Cup2 which contains a poly-copper binding element which confers Cup2 its

regulatory activity based on the copper ion concentration in the cell (reviewed

in Rutherford & Bird, 2004) or the nuclear hormone receptor TFs (reviewed in

Mangelsdorf et al., 1995).

Furthermore, TFs are heavily post-translationally regulated and other mo-

tifs found in non-DBD parts of these proteins are related to their own regula-

tion. Those include nuclear localisation signals (NLS) and nuclear export signals

(NES), short sequences that facilitate import and export from the nucleus. In

non-activating conditions, NLSs are often masked through the binding of inter-

action partners which are released upon activation, leading to nuclear import of

the TF. Similarly an exposed NES will mediate nuclear export once the TF is

deactivated. In reality this process can be very complex, involving multiple ad-

ditional layers of control and in some cases constant nucleocytoplasmic shuttling

of TFs, where the predominant subcellular localisation of a TF is determined by

the relative strength of import and export signals (reviewed in Ziegler & Ghosh,

2005). Also, phosphorylation, the addition or removal of one or several negatively

charged phosphate groups by protein phosphatases or kinases, is an important

way to regulate a TF’s activity. Phosphorylation induces conformational changes

or alters the affinity to interact with other proteins. TFs can be targeted by many

different kinases, integrating information from different signalling pathways as

well as harbouring multiple phosphorylation sites that have different effects on

the TF’s activity. For example, mammalian heat-shock factor Hsf1 has at least

five phosphorylation sites some of which have activating and some repressive

properties, and its overall transcriptional activity is thought to be determined by

the balance of the modifications at different sites (reviewed in Holmberg et al.,

2002). Ubiquitination of some TFs and their subsequent degradation through the

11



1.2 Transcriptional Regulation in Eukaryotes

ubiquitin-proteasome pathway has also been shown to be important for the dis-

assembly of transcriptional complexes and removal of deactivated TFs (reviewed

in Kodadek et al., 2006). Similarly, SUMOylation, a related pathway, affects

activating potential of TFs, although in this case conjugated proteins are not tar-

geted for degradation through the proteasome but instead SUMOylation might

prevent ubiquitination of the same residues as well as having been shown to exert

repressive effects on transcriptional initiation, possibly through interaction with

transcriptional co-repressors (reviewed in Anckar & Sistonen, 2007).

All together, these mechanisms interact to control a TF’s activity by changing

their interaction potential, subcellular localisation or protein stability, thus pro-

viding vast potential for combinatorial control and integration of various signals

(Spoel et al., 2010). So while the DBD influences where a TF is exerts its action,

the non-DBD part determines when and how this action takes place, and whether

the effect on transcriptional initiation is positive or negative, either through di-

rect modifications in the non-DBD or the interaction with co-factors which are

in turn under control of regulatory mechanisms of their own.

From a mechanistic perspective, molecular recognition of target sites and affin-

ity for interaction with cofactors are dependent on the conformational state of

the TF (e.g. Boehr et al., 2009). Proteins do not exist in a single conforma-

tion at a certain point in time but rather form an ensemble of conformational

states where each state is present at different concentrations. Ligand- or cofactor-

binding, post-translational modification and DNA-binding can alter the relative

concentrations of conformational states of TFs through the induction of allosteric

changes (reviewed in Boehr et al., 2009; Pan et al., 2009 and Pan et al., 2010).

Whether or not a TF occupies a particular binding site and whether and how this

affects transcriptional initiation are thus functions of the predominant conforma-

tional states of the TF, its nuclear localisation, accessibility of the binding site

itself and the conformational states and localisation of its interaction partners.

TFs together “collect” information about the metabolic, developmental and

environmental parameters that the cell is faced with and through combinatorial

interaction translate this information into a dynamic output. Depending on its

exact location, the impact of a mutation in a TF can conceivably range from

small changes in relative concentrations of conformational states (e.g. through

12
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increase or decrease in interaction potential with a cofactor) to complete loss

of function (e.g. through loss of DNA-binding ability or activation potential).

Understanding the evolutionary dynamics shaping the divergence of TFs is thus

of great importance for the understanding of evolution of gene regulation as a

whole.

1.2.2.3 Transcription Factor Repertoires — the Complement of Tran-

scription Factors in a Genome

Due to the early availability of fully-sequenced prokaryotic genomes, many of

the larger studies of TF repertoires initially focussed on bacterial and archaeal

genomes (e.g. Aravind et al., 2005; Minezaki et al., 2005; Pérez-Rueda et al.,

2004). The first comparative study of TF repertoires in eukaryotes was published

by Riechmann et al. (2000) and included the mustard weed Arabidopsis thaliana,

C. elegans, Drosophila melanogaster and S. cerevisiae. A number of studies have

followed since, focussing on plants (Shiu et al., 2005), fungi (Shelest, 2008) and

human (Vaquerizas et al., 2009) as well as more recent cross-kingdom compar-

isons (Charoensawan et al., 2010a,b). Two common themes about TF repertoires

have emerged from these studies. Firstly, there is a correlation between the num-

ber of protein coding genes and the number of TFs encoded within a genome

(Charoensawan et al., 2010a; Pérez-Rueda et al., 2004; Riechmann et al., 2000;

van Nimwegen, 2003). This relationship was found to be exponential: whereas

very small genomes (such as found in obligate parasites or symbionts) include

as little as 0.3% TFs among their protein-coding genes, larger genomes encode

increasingly larger percentages of TFs (Babu et al., 2006a; Charoensawan et al.,

2010a; Levine & Tjian, 2003; Pérez-Rueda et al., 2004). This correlation was

found to be stronger for prokaryotes, however, and the exponential increase in

TF percentage with genome size was slower in eukaryotes, probably reflecting

the more complex modes of regulation in eukaryotes (e.g. through combinatorial

interactions; Ahnert et al., 2008; Balaji et al., 2006a and see above) thereby di-

minishing the need for increasingly larger number of TFs (Charoensawan et al.,

2010a).

Secondly, TF repertoires differ in their composition between the superking-

doms and between clades and are often highly asymmetrical with respect to the
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contributing DBD families. Bacterial and archaeal TF repertoires are heavily

dominated by HTH DBD proteins, with as much as 80% of TFs in those species

belonging to this class (Charoensawan et al., 2010a; Pérez-Rueda et al., 2004).

Approximately half of the bacterial DBD families are shared between the three

major bacterial phyla (Charoensawan et al., 2010b). Interestingly, although the

transcriptional machinery in archaea is more similar to the eukaryotic one, the

archaeal TF repertoires share most DBD families with the bacterial repertoires

(Aravind & Koonin, 1999; Charoensawan et al., 2010a; Minezaki et al., 2005;

Pérez-Rueda et al., 2004). Eukaryotic TF repertoires in turn are mainly domi-

nated by zinc-coordinating TFs and in contrast to bacterial repertoires show more

distinct patterns of amplification between the metazoa, fungi and viridiplantae

kingdoms (Riechmann et al., 2000; Shelest, 2008; Shiu et al., 2005). Indeed,

very few families (three in total) are shared between the three superkingdoms

(Charoensawan et al., 2010b). Although most DBD families are shared between

eukaryotes, different families have been heavily amplified in different lineages,

e.g. the nuclear hormone receptor in C. elegans, KRAB-zinc fingers in human or

the fungal-specific binuclear cluster zinc fingers (Zn(II)2Cys6) in S. cerevisiae and

related fungi (Charoensawan et al., 2010b; Riechmann et al., 2000; Shelest, 2008;

Vaquerizas et al., 2009). In contrast to metazoan and fungal genomes however,

where often a single DBD family dominates the TF repertoire, this asymmetry

is less apparent in plants where several large families are found and in addition

to a large number of C2H2 zinc fingers, Myb-DNA binding proteins, Helix-loop-

helix and MADS box TFs also contribute large numbers of TFs to the repertoires

(Riechmann et al., 2000; Shiu et al., 2005).

Overall these lineage-specific patterns of DBD occurrence underline the im-

portance of comparatively recent and frequent gene duplication in TF repertoire

growth. Currently we have relatively little idea about whether these lineage-

specific expansions reflect functional differences between clades and this is not

aided by our very limited functional knowledge about most TFs in many species.

There is some indication that differences in lineage-specific occurrence might be

of functional importance, e.g. differences in repertoires between vertebrates and

invertebrates where a DBD involved in body plan and organogenesis is amplified

in vertebrates but not invertebrates and another involved in neural development
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is absent from invertebrates all together (Charoensawan et al., 2010b). Neverthe-

less, especially in eukaryotes where metabolite-binding and signal transduction

are largely separated from DNA-binding (see above), a TF is not restricted to

regulating a certain set of genes but might instead be coopted into new regulatory

roles and these large lineage-specific patterns might merely reflect the mutational

mechanisms generating them and the concomitant evolutionary plasticity of gene

regulatory networks.

1.2.3 The Regulatory Network

Transcription factors do not function in isolation but rather interact with each

other to form complex networks that respond to environmental inputs and de-

termine developmental programs. Many genes are expressed in a coordinated

fashion where groups of functionally related genes are induced or repressed at

the same time. In two seminal studies in the early 2000s Lee et al. (2002) and

Harbison et al. (2004) have characterised the S. cerevisiae transcriptional regula-

tory network (TRN) through genome-wide location analysis of the binding of the

majority TFs encoded in this genome. These studies have set the foundations for

the systematic study of the architectural and dynamic properties of the networks

resulting in coordinated expression of functionally related genes in eukaryotic

genomes. The earlier of the two studies surveyed genome-wide binding patterns

of 106 TFs in rich media and uncovered important topological properties of the

TRN. The regulatory interactions can be seen as a directed graph where a TF

is connected to a target gene (TG) via a directed edge. Analysis of the result-

ing graph structure revealed that regulatory interactions are often organised into

so-called network motifs (subgraphs; Fig. 1.3A) that are overrepresented in the

TRN and display distinct properties with regards to modulating regulatory dy-

namics (Fig. 1.3A; Lee et al., 2002; Milo et al., 2002). The three most commonly

occurring motifs are the feed-forward loop (FFL), single-input motif (SIM) and

multiple-input motif (MIM). The SIM, where one TF regulates multiple TGs,

functions in coregulating a set of related genes under the same signal, whereas

the MIM, where multiple TFs regulate one or more TGs, can potentially integrate
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various signals for the regulation of downstream genes. The FFL, the most com-

mon of the three, relays information from one TF via a second TF and both then

regulate the same TG. FFLs display several interesting dynamic properties based

on whether the two TFs act as repressors and/or activators, e.g. if both TFs are

activators the FFL can serve as a buffer against noisy expression of the first TF

so that the TG is only activated after a period of stable induction (Mangan &

Alon, 2003). More recently, it was proposed that the “bi-fan” motif, a type of

MIM, is the most highly overrepresented motif in both the Escherichia coli and

S. cerevisiae networks (Artzy-Randrup et al., 2004). Like the FFL motif, the bi-

fan was shown to be able to produce a large range of dynamical transcriptional

outputs depending on the nature and biochemical properties of the regulators

involved (Ingram et al., 2006).

Besides these smaller-scale properties, TRNs also display large-scale topologi-

cal properties that have been analysed using graph-theoretic approaches (Fig. 1.3B).

The indegree distribution of a gene, the number of TFs it is regulated by, was

found to be exponentially distributed, meaning that most genes are regulated

by a relatively small number of TFs (e.g. 93% of genes in S. cerevisiae are reg-

ulated by one to four TFs; Guelzim et al., 2002). The outdegree of TFs, the

number of TGs they regulate in turn was found to follow a power-law distribu-

tion, where a small number of TFs regulates a very large number of TGs. These

TFs were named regulatory hubs and correspond to the master regulators in the

TRN (Guelzim et al., 2002; reviewed in Babu et al., 2004). TRNs thus have a

“scale-free” architecture and are often also found to be highly-clustered (many

interconnections between groups of nodes). These properties have important im-

plications for the evolvability of such networks and robustness to perturbations.

Random deletion of TFs in scale-free networks is more likely to affect regulators

with few target genes, lending such networks robustness against random gene

inactivation (e.g. Albert et al., 2000). Evolvability in turn is a feature of the

clustered nature of regulatory networks. Many genes are coregulated by multiple

TFs (Balaji et al., 2006a), allowing for evolutionary flexibility through the usage

of alternative regulatory pathways.

Furthermore, TRNs can be organised into hierarchical structures (Fig. 1.3C),

with three main hierarchical components. These are the top layer, which contains

16



1.2 Transcriptional Regulation in Eukaryotes
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Figure 1.3: Properties of regulatory networks. A: Common submotifs found

within regulatory networks. B: Global structure of the regulatory network.

Adapted from (Babu et al., 2004). C: Schematic of the hierarchical structure

found in regulatory networks. Adapted from (Nowick & Stubbs, 2010).
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TFs that are themselves not regulated by other TFs; a densely connected middle

layer; and a bottom layer which contains TFs that do not regulate other TFs

(e.g. Bhardwaj et al., 2010b; Cosentino Lagomarsino et al., 2007; Jothi et al., 2009;

Ma et al., 2004; Yu & Gerstein, 2006). These layers differ in their topological,

functional and evolutionary properties. Whereas the top and core layers are

generally involved in the regulation of many biological processes and contain TFs

with large outdegrees, the bottom layer represents a specialist layer containing

TFs that perform largely stand-alone functions such as amino acid metabolism

or carbohydrate catabolism (Bhardwaj et al., 2010b; Jothi et al., 2009; Yu &

Gerstein, 2006). Moreover, the core layer is distinct from the top layer in that

it forms a tightly connected component, is highly enriched for regulatory hubs

and shows the greatest level of collaborative regulation between TFs (Bhardwaj

et al., 2010b; Jothi et al., 2009). Together, the core layer TFs regulate 87% of

characterised target genes (compared to 35% and 25% in the top and bottom

layers respectively) and as such is the main processor of regulatory information

(Jothi et al., 2009). Indeed, there is almost no collaboration between TFs in the

bottom layer (Bhardwaj et al., 2010b; Jothi et al., 2009). Analysis of motifs found

within and across different layers suggest the presence of a feed-forward structure,

in which top-layer TFs regulate core- and bottom-layer TFs and core-layer TFs

regulate bottom layer TFs (Jothi et al., 2009; Ma et al., 2004). Figure 1.4 shows

the percentages of the two most commonly occurring motifs involving regulators

from each layer in the S. cerevisiae, E .coli and Mycobacterium tuberculosis TRNs.

Whereas most MIMs are formed between core-layer TFs regulating non-TF target

genes, FFLs often involve a top- and core-layer TF, relaying information from top

to bottom (Bhardwaj et al., 2010b).

Differences between the dynamic properties of TFs also reflect possible mech-

anisms for information processing across the network, e.g. top-level TFs are gen-

erally much higher in protein abundance, most likely due to slow degradation,

whereas both core and bottom-level TFs are more rapidly degraded (Jothi et al.,

2009). Together with the observation of frequent occurence of FFLs between top-

and core layer TFs, this suggests the presence of a constantly “armed” system

that can be rapidly modulated through availability of “second in command” TFs.

Interestingly, protein abundance of top-level TFs was also found to be relatively
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Figure 1.4: The distribution of network motifs across different hierarchical layers

of the S. cerevisiae (Sc), E. coli (Ec) and Mycobacterium tuberculosis (Mt) based

on the study by Bhardwaj et al. (2010b). Each bar corresponds to the percentage

of network motifs that correspond to the structure shown directly above

noisy and it was proposed that this might aid differential responses to the same

stimuli between cells and thus enhance adaptability within a population (Jothi

et al., 2009).

Top and core layer TFs were furthermore found to be more evolutionary

conserved than bottom layer TFs (Bhardwaj et al., 2010b; Jothi et al., 2009),

although paradoxically Yu & Gerstein (2006), while they also found top-level

regulators to be more influential, found that bottom level TFs were more likely

to be lethal when deleted. It is possible that this reflects both a low degree of

redundancy in the bottom level due to the often stand-alone regulatory role of the

TFs as well as potentially greater evolutionary plasticity through fast turnover

and rewiring of these TFs seeing that they regulate few target genes and show

low levels of coregulation and as such a possibly more amenable to “replacement”

by other TFs.

TRNs thus are heavily substructured entities whose complex patterns of coreg-

ulation and dynamic properties can generate both highly-coordinated, rapid and

specific regulatory output. Indeed, coregulation is wide-spread (the average num-
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ber of TFs a TG is regulated by in yeast is 2.9 [Balaji et al., 2006a]) and the ten-

dency for TFs to coregulate TGs increases with organismal complexity (Bhardwaj

et al., 2010b). Moreover, the yeast coregulatory network shows a more distributed

architecture than the scale-free transcriptional regulatory network and as such is

more robust to the targeted removal of regulatory hubs, explaining why only few

TF hubs are essential genes (Balaji et al., 2006b). Extensive coregulation thus

appears to facilitate evolvability through the presence of alternative pathways to

regulate a given target gene.

1.3 How do Complex Phenotypes Evolve? —

The Cis versus Trans Debate

The genomic changes underlying the evolution of phenotypic diversity and partic-

ularly form have been the subject of much recent debate. While the importance

of changes in gene expression has been appreciated early on (e.g. King & Wilson,

1975; see above), the availability of fully sequenced genomes, transcriptomes and

genome-wide TF binding data has raised new questions and challenges of exactly

how genotypic variation gives rise to phenotypic variation. The observation that

homologous developmental regulators that have been evolving independently for

hundreds of millions of years of evolution and are able to substitute for each other

functionally in distantly related species has given rise to a school of evolution of

development (“evo-devo”) whose strongest proponents have placed heavy if not

exclusive emphasis on changes in cis-regulatory sequences for the generation of

morphological variation (e.g. Carroll, 2005; Prud’homme et al., 2007; Stern, 2000;

Wray, 2007; Wray et al., 2003). Pax6, for example, is a master regulator of eye

development and can perform this function when substituted between humans,

mice and Drosophila (Halder et al., 1995; Onuma et al., 2002). Further support

for the “cis hypothesis” came from a handful of compelling examples of regulatory

rewiring of a conserved “regulatory toolkit” (e.g. in producing Drosophila wing

pigmentation patterns: Gompel et al., 2005; Prud’homme et al., 2006 or mor-

phology of the pelvis in stickleback fish: Chan et al., 2010; Shapiro et al., 2004).
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In his book “Endless Forms Most Beautiful”, Sean Carroll states: “regulatory

evolution must be the major contributor to the evolution of form”.

The arguments that are being put forward in favour of such hypotheses gener-

ally encompass three lines of thought. First, changes in cis-regulatory sequences

are likely to be less pleiotropic than changes in protein-coding sequences (Stern,

2000; Wray, 2007; Wray et al., 2003). This dwells on the fact that whereas most

changes to protein-coding genes are likely to be deleterious, especially in the case

of TFs where mutations might affect tens if not hundreds of downstream targets

in a number of different conditions, cis-regulatory sequences are modular and

changes in a TFBS are likely to affect only the gene in question and only at

a particular point in space and time, and have thus less pleiotropic constraint.

Second, changes in cis-regulatory DNA are more likely to be codominant and

are therefore more likely to be exposed to selection than mutations in protein-

coding genes which are likely to be recessive (Wray, 2007; Wray et al., 2003).

Third, a distinction is made between the evolution of physiology and the evolu-

tion of morphology. While evo-devo proponents generally accept the importance

of protein-coding evolution for adaptive changes in physiological traits, evolu-

tion of morphology is proposed to be exclusively due to cis-regulatory changes

(e.g. Carroll, 2005). In a critical review of these arguments, Hoekstra & Coyne

(2007) argue convincingly that in fact this distinction lacks a true biological

justification and that it is hard to conceive why the deleterious effect of protein-

coding mutations would be less strong for physiological and biochemical traits

than for anatomical ones. Furthermore, they argue that while there is ample evi-

dence for adaptive evolution in protein-coding genes, there is lack of evidence for

adaptive changes in cis-regulatory regions. Although the adaptive potential of

cis-regulatory mutations is clearly more difficult to determine, often associations

between gene expression level and phenotype have not been linked to causal mu-

tations (there is no a priori reason to believe that changes in gene expression are

the result of cis-regulatory mutations). Equivalently, fast-evolving non-coding

regions have rarely been linked to a phenotypic outcome and their evolutionary

significance remained questionable (Hoekstra & Coyne, 2007).

Recent technological advances have made it possible to both link changes in

TFBSs to changes in expression level (e.g. Chen et al., 2010) and determine the
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adaptive significance of changes in gene expression level (e.g. Emerson et al., 2010;

Fraser et al., 2010) which should allow for more thorough empirical studies of “the

locus of evolution”. Indeed, the question of whether regulatory divergence resides

in cis or trans has been the subject of a plethora of studies, primarily in yeast

(e.g. Brem et al., 2002; Bullard et al., 2010; Chang et al., 2008; Emerson et al.,

2010; Sung et al., 2009; Tirosh et al., 2009; Wang et al., 2007; Yvert et al., 2003)

but also in Drosophila (e.g. Osada et al., 2006; Wittkopp et al., 2004) and mam-

mals (Wilson et al., 2008b), at both the intra- and interspecies level. Commonly

used approaches to addressing such questions experimentally are either the map-

ping of quantitative trait loci (QTLs) that are associated with gene expression

variation in crosses between different strains or species (e.g. Brem et al., 2002;

Yvert et al., 2003) or, more recently, measurement of allele-specific expression

(ASE) in a F1 hybrid of the two parental strains or species and comparison of

relative expression patterns to those observed in the parents (e.g. Bullard et al.,

2010; Chang et al., 2008; Emerson et al., 2010; Sung et al., 2009; Tirosh et al.,

2009; Wang et al., 2007. This comparison works based on the hypothesis that in

the hybrid the trans environment is the same for both parental alleles. If both

alleles are expressed at equal levels in the F1 hybrid, the relevant cis-regulatory el-

ements are considered to be conserved and differences in expression level between

the parental strains are solely due to trans effects. Similarly, if the expression of

alleles in the hybrid mirrors that of the parental strains, differences in expression

are postulated to be solely due to cis effects. A mixture of both patterns points

to more complex histories of inheritance that can neither be explained by cis or

trans effects alone.

Generally, these studies revealed a large number of loci (e.g. around a quarter

of protein-coding genes in yeast) that showed divergence in expression levels be-

tween strains (e.g. Brem et al., 2002; Yvert et al., 2003) and species (e.g. Bullard

et al., 2010; Tirosh et al., 2009). Within-species crosses mainly implicated trans-

acting factors as the prevalent source for expression divergence (Brem et al., 2002;

Chang et al., 2008; Emerson et al., 2010; Sung et al., 2009; Wang et al., 2007;

Yvert et al., 2003), whereas between-species crosses found greater importance of

cis-regulatory variation (Osada et al., 2006; Tirosh et al., 2009; Wilson et al.,
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2008b; Wittkopp et al., 2004, 2008). In a comparison between inter- and intra-

specific ASE data in yeast, Emerson et al. (2010) furthermore found that there

was an excess of cis polymorphism between species when compared to the level

of polymorphism expected based on within-species comparisons, especially when

compared to the proportions of trans-acting variation, indicating that cis-acting

variation might be the subject of directional selection. While these studies are

useful for determining the direct influence of mutations in the cis-regulatory re-

gion on the expression divergence of that gene, they conceptually fail to address

the questions posed by the initial argument, i.e. an associated trans change does

not necessarily imply that the underlying mutation(s) is (are) in a protein-coding

gene. Similarly, a cis-only effect could mask the combined action of a co-evolved

change in protein-protein interaction (PPI) potential and creation of a new bind-

ing site, where, all else being equal, neither the PPI nor the binding site alone

are sufficient for the recruitment of a novel TF. Indeed, especially the later stud-

ies (e.g. Emerson et al., 2010; Sung et al., 2009; Tirosh et al., 2009) and studies

on specific regulatory modules (e.g. Chang et al., 2008) have generally revealed

complex patterns of cis- and trans-dependence with only a minority of expres-

sion divergence explained solely due to cis or trans effects. Tirosh et al. (2009)

investigated the relative contributions of cis and trans effects to expression di-

vergence in four different conditions using an ASE approach. Interestingly, they

discovered that, while cis divergence between species is mainly independent of

environmental conditions (effects persisted in all four conditions tested), trans

effects were largely condition-dependent, somewhat contradicting the first argu-

ment outlined above that argues for greater modularity and condition-specific

impact of changes in cis-regulatory modules (although again it needs to be em-

phasised that the nature of trans changes here remained undetermined). Recent

approaches have attempted more careful dissection of the relationships between

genetic and expression divergence, e.g. through modelling of the underlying reg-

ulatory systems (Ye et al., 2009) or integration of a variety of other sources of

data (Choi & Kim, 2008) which should allow for the refinement of the cis versus

trans hypotheses.

It is thus clear that neither source of variation alone is able to explain the

large amounts of expression divergence observed in the species studied here and
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that components other than cis-regulatory modules deserve our attention when

studying the evolution of gene regulation. Indeed, in a thorough evaluation of the

arguments advocated by Carroll, Wray and others (Carroll, 2005; Prud’homme

et al., 2007; Stern, 2000; Wray, 2007; Wray et al., 2003), using the available

evidence at the time Lynch & Wagner (2008) have made a strong case for the

importance of TF divergence in the evolution of gene regulatory networks which

I will outline below. First and foremost, there is overwhelming evidence for

adaptive evolution in TFs across all major domains of life (Lynch & Wagner

(2008) cite 17 studies in support of this). Secondly, studies very similar to those

that initially established the notion that TFs are “evolutionarily rigid” equally

highlighted examples where developmental regulators failed to complement for

each other in divergent clades as is the case for the heart developmental regulator

tinman (reviewed in Lynch & Wagner, 2008). Furthermore, genome-wide ChIP-

chip studies such as the one by Borneman et al. (2007) and Tuch et al. (2008a),

which will be discussed in more detail in the next section, have shown that the

presence of a conserved TFBS does not predict TF binding and have implicated

the importance of other factors such as PPIs, post-translational modification

and local chromatin organisation in determining whether or not a binding site is

occupied (see Thompson & Regev, 2009; Wohlbach et al., 2009 and Pan et al.,

2009 and for review). Based on these observations and after a model outlined

by Tuch et al. (2008b) (Figure 1.5A), Lynch & Wagner (2008) have proposed a

model of TF recruitment via the evolution of novel PPIs which is shown in Figure

1.5. They hypothesise that a scenario where a novel interaction evolves prior to

a change in cis-regulatory elements (Fig. 1.5C) will have much greater fitness

effects, seeing that it will be immediately dominant and affecting all downstream

targets of the regulator simultaneously. In the case of the evolution of a novel

cis-regulatory element at a single gene (Fig. 1.5B), fitness effects would be very

weak initially seeing that TF recruitment would be limited to just this one allele.

As such the first scenario is arguably much more likely.

Moreover, the authors provide several lines of argument against the notion

that mutations in TFs necessarily have high pleiotropic effects. First, the role of

a TF is context-dependent and is determined by the combinatorial interactions

with other regulators that are expressed at the same time and in the same tissue
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Figure 1.5: A: A proposed model for the regulatory rewiring of regulons (after

Tuch et al., 2008b). B: Rewiring scenario through the evolution of a novel TFBS.

C: Rewiring scenario where a novel PPI arises before changes in cis-regulatory

regions. Figure taken from Lynch & Wagner (2008).

(e.g. Balaji et al., 2006a; Luscombe et al., 2004; see above). As such, gain or loss

of some functional properties of TFs (e.g. PPIs) are likely only to be important

in a certain spatio-temporal context, providing a large number of combinato-

rial possibilities to be explored without wide-spread pleiotropic effects. Indeed,

the study by Tirosh et al. (2009), who found trans effects to be predominantly

condition-specific, provides indirect empirical evidence in support of such claims.

Gene duplication is also an important mechanism for overcoming pleiotropic con-

straints (Hoekstra & Coyne, 2007; Lynch & Wagner, 2008). Duplicate copies of a

TF will be redundant at first, removing strong selective constraints and allowing

for sub- or neofunctionalisation of TFs through gain or loss of domains, interac-

tion partners or changes in DNA-binding specificity. The fact that TF repertoires

display such strong lineage-specific patterns of amplifications of DBD-types and

domain architectures (Charoensawan et al., 2010b; see above) suggests that gene

duplication is indeed a major evolutionary force driving the divergence of TF

repertoires. Lastly, pleiotropic effects can be overcome through alternative splic-

ing and use of different TF isoforms in different tissues, e.g. the full transcript

of the CF2 TF in D. melanogaster has at least three splice-isoforms that con-
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tain three, six or seven repeats of the C2H2 zinc finger and although it is not

clear whether the three-finger form binds DNA, the six- and seven-finger forms

have different DNA-binding specificities (Hsu et al., 1992). Furthermore, different

isoforms are expressed in different developmental processes and tissues, e.g. ei-

ther predominantly in female development (six-finger form), male development

(seven-finger form) or testis-only (three-finger form).

Besides these regulatory and combinatorial properties, there are other struc-

tural features of TFs that underline their evolutionary potential, e.g the presence

of short linear motifs (SLMs) or simple sequence repeats. SLMs are motifs that

span between three and 10 amino acid residues and can mediate interactions with

other proteins (Neduva & Russell, 2005). They can often arise through a single

point mutation and as such are highly evolutionary plastic. In fact, over 85%

of SLMs are found in intrinsically disordered regions of proteins reinforcing their

evolutionary plasticity due to the lack of strong structural mutational constraints

in these regions. Indeed intrinsically disordered regions are not only frequently

found in TFs but also other components of the transcriptional machinery provid-

ing further evidence for an important role of SLMs (reviewed in Fuxreiter et al.,

2008). Overall this thus paints a rather dynamic picture of TF evolution, very

far away from the static “toolkit” view proposed the Carroll (2005) and others.

1.4 The Evolution of Transcriptional Regulation

Our understanding of the evolution of transcriptional regulatory networks, very

much like the regulatory processes themselves, spreads across several layers of

complexity that we are slowly beginning to connect. These range from the di-

vergence of gene expression patterns, the output of the regulatory networks, to

the underlying genomic changes generating such divergence. Mutations affect-

ing gene expression can arise in cis-regulatory regions, affecting transcriptional

regulation locally, for example through generation or loss of transcription factor

binding sites (TFBS), or in trans-acting factors, e.g. transcription factors, chro-

matin modifiers or signal transducing proteins thereby generating divergence at

higher hierarchical levels that is able to influence transcriptional output globally

and in a variety of regulatory processes. In the following sections, I will review our
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current knowledge of the evolution of transcriptional regulation with a strong fo-

cus on the ascomycetous yeasts, those being the species that provided the largest

contribution to our understanding of regulatory evolution as well as the focus of

my study.

1.4.1 The Cis-regulatory Enigma

Coexpression between functionally related genes often shows strong conservation

between species (e.g. Bergmann et al., 2004; Chan et al., 2009; Liao & Zhang,

2006; Stuart et al., 2003; reviewed in Weirauch & Hughes, 2010). In contrast,

both computational studies of cis-regulatory element conservation (e.g. Doniger

& Fay, 2007; Gasch et al., 2004; Raijman et al., 2008; Tanay et al., 2005) and

experimental determination of TF binding (e.g. Borneman et al., 2007; Lavoie

et al., 2010; Moses et al., 2006; Odom et al., 2007; Schmidt et al., 2010; Zheng

et al., 2010) have revealed extensive variation in binding site turnover and oc-

cupancy between populations of S. cerevisiae (Zheng et al., 2010) and between

closely (Borneman et al., 2007; Doniger & Fay, 2007; Moses et al., 2006; Odom

et al., 2007; Raijman et al., 2008) and more distantly (Gasch et al., 2004; Lavoie

et al., 2010; Schmidt et al., 2010; Tanay et al., 2005) related species. Even when

there is some degree of conservation of enriched motifs across functionally related

sets of genes, it is rarely the primary promoter sequence that is conserved be-

tween species. In a study of ascomycetous fungi, Gasch et al. (2004) found that

out of the 42 TF binding motifs that were overrepresented in coregulated genes in

S. cerevisiae, the majority were also overrepresented in promoters of orthologous

genes within the Saccharomyces sensu stricto species, while three quarters were

conserved across the post-whole genome duplication (WGD) species and a third

up to Candida albicans (see Fig. 1.9 for a phylogeny of these species). Despite

conserved enrichment, spacing and orientation however, TFBSs were often not

found in orthologous positions and are likely to have arisen independently. It is

also worth noting that the enrichments observed here represent about a quarter

of known TFs in S. cerevisiae and as such are likely to be a survey of only a

few master regulatory pathways. In light of this, the findings that only a third

of the regulation of such important pathways is conserved between S. cerevisiae
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and C. albicans indicates the prevalence of large-scale rewiring even of important

transcription programs.

This extent of evolutionary plasticity in promoter and enhancer sequences is

not restricted to fungi but has been observed across a wide variety of organisms,

including insects (Dermitzakis et al., 2003), nematodes (Maduro & Pilgrim, 1996)

and vertebrates (Fisher et al., 2006). As such it appears to be a general feature

of regulatory evolution. Studies of orthologous regions in promoters of closely

related yeasts showed that TFBSs are frequently lost and gained and generally

under very weak selective constraint (Doniger & Fay, 2007; Raijman et al., 2008).

Furthermore, promoters often tend to be enriched for multiple copies of a motif

and the selective constraint experienced by a TFBS appears to be correlated with

the number of redundant alternative sites in its vicinity (Raijman et al., 2008).

Indeed, 57% of the species-specific loss events inferred by Doniger & Fay (2007)

could be explained by turnover through the gain of a compensatory binding site

nearby.

Similarly, experimental TF binding data indicate large-scale turnover of pro-

moter occupancy. The mapping of the two pseudohyphal growth regulators Tec1

and Ste12 in three Saccharomyces sensu stricto species revealed that while coop-

erative binding between the two regulators was strongly conserved, only 20% of

binding events were conserved across all three species (Borneman et al., 2007).

Studies of liver-specific TFs involved in a regulatory program that is highly con-

served in vertebrates yielded very similar results, with as much as 89% divergence

in promoter occupancy for some TFs between human and mouse (Odom et al.,

2007). These differences were even more pronounced when the analysis was ex-

tended to five vertebrate species that shared their last common ancestor about

300 million years ago (mya; approximately the same time since the yeast species

in my study shared their last common ancestor; see below), where binding events

of one of the TFs, that were conserved across all five species amounted to 0.3%

of the total binding events observed in human for that TF (Schmidt et al., 2010).

Moreover, although loss and gain of binding events could sometimes be related

to a loss or gain of a TFBS in the corresponding region, there were numerous

instances in all three studies where either binding was conserved but sequence

was not or vice versa, implicating the importance of other factors such as local

28



1.4 The Evolution of Transcriptional Regulation

chromatin structure or interaction (cooperative or competitive) with other TFs

(Borneman et al., 2007; Odom et al., 2007; Schmidt et al., 2010). High levels of

divergent promoter occupancy were not only observed between species, but also

more recently within species where genomic profiling of Ste12 in two S. cerevisiae

parental strains and 43 segregants revealed frequent divergent binding, predomi-

nantly due to cis but also due to trans effects (Zheng et al., 2010).

There often remains a “knowledge gap” between promoter occupancy by a

TF and changes in gene expression (e.g. Borneman et al., 2007; Gao et al., 2004).

Borneman et al. (2007) were able to relate about 20% of observed binding events

to changes in gene expression and, more importantly, found no enrichment among

those for events that were conserved between all three species surveyed. Extensive

evolutionary plasticity of cis-regulatory regions is thus found at various levels,

from frequently turning over promoter regions to sometimes sequence-unrelated

gains or losses of binding events that are mediated or buffered by other factors,

providing both a robustness against mutations as well as ample potential for

evolutionary novelty through the compensatory and highly-context dependent

impact of mutations. At the same time this makes inferences about the nature

of adaptive changes a challenging task.

1.4.2 Evolution of Regulatory Networks — Lessons from

Fungi

Due to being easily manipulable and a tractable model system, the ascomyce-

tous fungi have contributed vastly to our understanding of regulatory evolution

in eukaryotes. Studies investigating gene expression divergence, the evolution

of cis-regulatory regions and comparative TF binding have begun to highlight

the mechanisms underlying changes in gene regulation between species. Figure

1.6 shows the three major scenarios of regulatory evolution that have become

apparent from those studies which I will review below, based on examples from

ascomycetous fungi.
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Evolution of Combinatorial Interactions

TF Duplication and Subfunctionalisation
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?

Figure 1.6: The three main mechanisms resulting in changes in gene regulation.

A: Large-scale rewiring, B: Evolution of novel interactions, C: Gene duplication.
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1.4.2.1 Large-scale Rewiring

Large-scale rewiring refers to a scenario where, despite conservation of TFs and

their DNA-binding specificities, the control of entire regulons has been handed

over from one or more TFs to one or more other TFs through turnover of cis-

regulatory elements (Figure 1.6A). During rewiring, new target genes can be

incorporated for coregulation or existing members can be lost from the regulon.

Regulatory interactions can be gained and lost through point mutations in TFBSs

themselves or through insertions or deletions nearby that alter the relative spacing

of motifs with respect to motifs of other competitively or cooperatively binding

TFs or the TSS. Transposable elements (TEs) also provide a potent mechanism

for the creation of new regulatory modules (reviewed in Babu, 2010). Indeed,

many TEs carry TFBSs and especially those carrying multiple binding sites for

different TFs are frequently involved in the creation of new functional binding

events when inserted in the vicinity of gene promoters, providing a mechanism

for rapid and large-scale regulatory rewiring through transposition (Xie et al.,

2010). Other mechanisms by which new regulatory interactions can arise are

gene duplication of regulators (see below) or target genes, doubling the number

incoming (in the case of TF duplication) or outgoing (in the case of target gene

duplication) interactions of target genes and TFs, respectively.

Several recent studies have detected such large-scale rewiring of important

metabolic pathways in fungi (e.g. Askew et al., 2009; Gasch et al., 2004; Hogues

et al., 2008; Ihmels et al., 2005; Lavoie et al., 2010; Martchenko et al., 2007;

Tanay et al., 2005). The most prominent and well-studied example of this is the

rewiring of the ribosomal proteins (RPs) on the lineage including S. cerevisiae

and its pre-WGD relatives (see Fig. 1.7). Over 90% of transcriptional activity in

the cell is dedicated to ribosome biogenesis and the tightly coordinated expres-

sion of stochiometric quantities of over 70 RPs making up this macromolecular

complex is crucial for its function (Deutschbauer et al., 2005). In S. cerevisiae the

main regulator of RPs is Rap1, a TF also involved in glycolytic gene regulation

and silencing at the mating type loci. Rap1, together with its essential cofactors

Hmo1, Ifh1 and Fhl1, regulates RP expression in a stress- and nutrient-dependent

manner (Kasahara et al., 2007; Martin et al., 2004; Rudra et al., 2005). Early
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motif-enrichment analyses in the Ascomycota showed that the Rap1 motif was

only enriched upstream of RP genes in the Saccharomyces species and close rel-

atives, whereas other motifs were present in the remaining ascomycetous fungi

(Gasch et al., 2004; Tanay et al., 2005). Recent studies have corroborated these

results both informatically and biochemically and have identified the TFs Tbf1

and Cbf1 to be the main regulators of RP genes in C. albicans and likely most

other ascomycetes too (Hogues et al., 2008; Lavoie et al., 2010).

Interestingly, while Rap1, Hmo1, Ifh1, Fhl1, Tbf1 and Cbf1 are conserved

across the Ascomycota, the main regulators Rap1, Hmo1 and Tbf1 in particular

have diverged significantly in function. Besides large changes in the number of

bound promoter regions (e.g. 10-fold enrichment of Rap1 binding in S. cerevisiae

compared to C. albicans), neither of these three TFs maintained a significant pro-

portion of their target genes (Lavoie et al., 2010). Tbf1 for example was found to

be exclusively regulating RPs in C. albicans but has drifted from this specialist

role to a generalist role in S. cerevisiae where it was detected at some RP genes

but mainly telomeric and subtelomeric regions in addition to approximately 300

protein coding loci. Similarly, Rap1 is mainly bound near the telomeres in C. al-

bicans whereas in S. cerevisiae it is known to regulate glycolytic genes and mating

type silencing in addition to RP genes (see above). As such this rewiring event

represents a complete handover of the, presumably heavily selectively constrained,

RP regulon from a Tbf1-Cb1-based system to a Rap1-Hmo1-based system on the

lineage leading to the Saccharomyces species, despite the conservation of their

main regulators. Also of interest is that the other three regulators which provide

condition-specific control have retained a significant part of their functionality,

suggesting conservation of the condition-specific response. Intriguingly, Cbf1,

which has a conserved role in the regulation of sulfur metabolism and respira-

tory chain genes but not RPs between the two species also regulates glycolytic

enzymes in C. albicans. Because C. albicans has a preferentially aerobic lifestyle,

this coordination between RPs, respiratory chain genes and glycolytic enzymes

seems favourable and suggests that the regulator turnover in RP genes might have

aided the decoupling of the regulation of respiratory chain genes and glycolytic

enzymes and in turn their regulation from RPs in the Saccharomyces species

which thrive under anaerobic, high-glucose conditions and repress respiratory
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metabolism in exponential growth phases (see below). Indeed the glycolytic en-

zymes were “reunited” with the control of RP genes through combined regulation

by Rap1 in the Saccharomyces species (Lavoie et al., 2010). Similarly, the Rapid

Growth Element (RGE), which is found across RPs in both species, has been lost

from mitochondrial RPs (MRPs) in S. cerevisiae and relatives, which led to a

decoupling of the expression of MRPs and RPs (Ihmels et al., 2005). MRPs in

S. cerevisiae are coupled with other aerobic and stress-responsive genes instead

(Gasch et al., 2000; Ihmels et al., 2005).

Besides the RP regulon, there are numerous other known examples of rewiring

in the Ascomycota (see Fig. 1.7), including carbohydrate metabolism (Askew

et al., 2009; Brown et al., 2009; Hittinger et al., 2004; Martchenko et al., 2007),

fatty acid catabolism and phospholipid biosynthesis (Hynes et al., 2006) and

amino acid biosynthesis (reviewed in Lavoie et al., 2009).

Together these examples show that the regulation of some essential metabolic

activities has been completely rewired within the 300 million years that separate

S. cerevisiae and C. albicans and demonstrate the great evolutionary plasticity

inherent in regulatory networks. Whether or not these rewirings represent in-

stances of adaptive evolution or are mainly due to drift and which mechanisms

allowed for such large-scale coordinated change is still being debated. It is clear

however that we will be likely to be able to extend this list of examples in the

future and that TF evolution has played an important role in the establishment

of these new regulatory mechanisms (see below).

1.4.2.2 Evolution of Combinatorial Interactions

Apart from the gain and loss of cis-regulatory elements, evolution of new com-

binatorial interaction through novel PPIs between TFs can generate novel regu-

latory interactions and integration of regulons to be coexpressed under the same

signals (Fig. 1.6B). It has been proposed that the evolution of a novel PPI is

a likely pathway for subsequent rewiring through turnover in TFBSs where a

new TF is recruited to all promoters in the regulon immediately and can be sta-

bilised through increase in either the strength of protein-protein or protein-DNA
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Figure 1.7: Known cases of regulatory rewiring in ascomycetous fungi. Figure

taken from Lavoie et al. (2009).
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interactions (Lynch & Wagner, 2008; Tuch et al., 2008b; see above). The gen-

eral regulator Mcm1 nicely illustrates this. Mcm1 is a ubiquitous TF that is

itself not generally regulated but exerts its regulatory role through interaction

with specific cofactors (reviewed in Tuch et al., 2008a). Depending on whether

it cooperates with Mata2 or Matα1, Fkh2 and Ndd1, Yox1 or Arg80/Arg81, it

regulates the expression of a-specific genes, α-specific genes, G2/M or M/G1 cell

cycle transitions or arginine metabolic genes respectively. Comparative binding

data of Mcm1 in S. cerevisiae, Kluyveromyces lactis and C. albicans suggested

extensive gain and loss of target genes between those three species (Tuch et al.,

2008a). While the authors found most characterised Mcm1-cofactor interactions

to be present to some extent across all three species, much of the turnover of

binding events between species could be explained by the evolution of entirely

new Mcm1-cofactor regulons.

The most interesting of those is probably the discovered interaction of Mcm1

and Rap1 at RP promoters in K. lactis. Mcm1 was detected to be bound to

70 out of the 101 cytosolic ribosome gene promoters which were also found to

be enriched for a well-spaced Rap1 motif, suggesting coregulation of RPs by

those TFs in K. lactis and a possible intermediate that might have facilitated the

takeover of the RP regulon from Tbf1 to Rap1 (see above; Tuch et al., 2008a).

Subsequent motif analyses furthermore revealed that within its close relatives, the

Mcm1-Rap1 promoter architecture is restricted to K. lactis but also appeared in

other species (e.g. the post-WGD species Candida glabrata and the distantly-

related Yarrowia lipolytica) which do not cluster phylogenetically. This is most-

parsimoniously explained by a striking amount of convergent evolution (Tuch

et al., 2008a).

Another well-characterised example is the cofactor interaction with Mata2

and Matα2 which is thought to have facilitated the switch from positive control

to negative control of a-specific genes (aasgs) in the Saccharomycotina (Figure

1.8; Tsong et al., 2003, 2006). In the haploid stage, S. cerevisiae and its relatives

occur in one of two mating types, a and α that are able to form a/α diploids

through reciprocal mating (reviewed in Soll et al., 2009). Each cell-type expresses

distinct sets of genes (asgs and αsgs) that are required for mating with the other

type and are turned off in a/α cells. In C. albicans and other ascomycetes, asgs
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C. albicans K. lactis S. cerevisiae

Figure 1.8: Regulatory rewiring from positive to negative regulation of a-specific

genes between S. cerevisiae and C. albicans. Figure adapted from Tsong et al.

(2006).

are turned off by default and in a cells induced by the TF a2. In S. cerevisiae

in turn, asgs are on by default but instead repressed by α2 in α cells, effectively

leading to the same result (a-specific expression of asgs), but using different

regulatory logic (Tsong et al., 2003). Investigation of the promoter regions of

S. cerevisiae and C. albicans asgs revealed well-spaced binding motifs for Mcm1,

flanked by two α2 sites in S. cerevisiae and a single a2 in C. albicans, suggesting

that Mcm1 might have facilitated this transition. Indeed, analysis of K. lactis

asg promoters revealed a tripartite structure as in S. cerevisiae but with one

flanking a2 site and one that is similar to both the a2 and α2 motif (Tsong et al.,

2006). Further evidence for the potentially facilitating role of the evolution of

an α2-Mcm1 interaction came from the study of the α2 interaction region which

was found to be highly conserved in Saccharomyces and its close relatives and

moderately conserved in K. lactis and relatives, but showed no conservation in

the Candida species or beyond (Tsong et al., 2006).

Furthermore, a novel Mcm1-cofactor interaction was discovered in C. albicans

and its close relative Candida dubliensis. Here Mcm1 was found to bind to non-

canonical sites in cooperation with Wor1, the main regulator of white-opaque

switching in C. albicans (reviewed in Lohse & Johnson, 2009). The white and

opaque states are two heritable cell types that can be assumed by C. albicans

and display distinct expression programs that have a key role in the mating cycle

and are also thought to be of importance for pathogenicity (Tuch et al., 2010).
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Moreover, the ability to switch from the white to the opaque state has been shown

to be closely linked to cell cycle progression (reviewed in Lohse & Johnson, 2009),

suggesting that the integration with Mcm1-regulation, whose core function is in

cell cycle regulation, might have implications for the switching mechanism (Tuch

et al., 2008a). Again, this association was only found in the two Candida species

suggesting recent origin and rapid rewiring.

This prevalence of Mcm1 in various rewiring events, already provides inter-

esting hypotheses about the mechanisms and prerequisites for TFs involved in

such events. Firstly, in at least two instances (Rap1 and Wor1), the evolution

of the Mcm1-cofactor interaction and the associated rewiring seems to have hap-

pened recently suggesting that these events can generally happen fast and espe-

cially, if transient, will not necessarily be detectable in inter-species comparisons

when phylogenetic distances are large. This might explain some of the puzzling

rewirings, especially in the light of fast-evolving cis-regulatory sequences and it

would be very interesting to delineate the exact evolutionary time-scale of such

events. Second, the number of distinct cofactor interactions, but also the striking

reoccurrence of Mcm1 at RP promoters, suggests that Mcm1 might act as a kind

of “molecular glue” that is especially suited for establishment of co-regulatory

interactions and handover of regulons. This is possibly mediated by a promis-

cuous and evolvable PPI interface (which it undoubtedly has) but also by the

fact that Mcm1 is ubiquitous and acts in a cofactor-specific way and is there-

fore unlikely to link entirely unrelated regulons that might introduce deleterious

cross-talk between each other. (We would expect the majority of TFs that Mcm1

might associate with to either not be present in the nucleus or inactive at the

same time if they regulate functionally antagonistic genes, although there will

clearly be exceptions).

1.4.2.3 Gene Duplication

The third evolutionary mechanism to create regulatory novelty is through gene

duplication (Fig. 1.8C). This has become apparent in large scale analyses of reg-

ulatory networks where it has been shown that 77% and 69% of homologous TFs

in E. coli and S. cerevisiae share at least one interaction with their duplicates,
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accounting for 10% and 22% of interactions, respectively (Teichmann & Babu,

2004). Duplication of TFs is thus likely to be a major evolutionary force driv-

ing divergence in transcriptional regulatory networks. Once a TF is duplicated,

one or both paralogs may be under relaxed selective constraint and accumulate

mutations in the DBD and non-DBD regions and therefore be able to acquire

new target genes or interactions with other regulatory proteins. This can allow

for subfunctionalisation, i.e. the partitioning of regulatory roles, as is likely to

be the case in the example outlined below, or neofunctionalisation through the

acquisition of new target genes under the same signal or the opposite scenario,

altered control of the TF while maintaining its target genes thereby being able

to integrate several signals. The genomic region that is duplicated during such

events can vary in size from small-scale duplication of individual genes up to

the duplication of entire genomes. Especially the latter has been shown to be of

great impact for regulatory evolution. After a WGD event on the yeast lineage,

TFs were among the preferentially retained classes of genes and the post-WGD

regulatory network has been shown to have diverged rapidly in function trough

asymmetric loss of regulatory interaction in paralogous pairs of TFs (Byrne &

Wolfe, 2007; Conant & Wolfe, 2006). WGD events can thus facilitate large, but

most importantly, coordinated changes of entire regulatory programs through the

creation of initial regulatory redundancy.

An example of post-duplication subfunctionalisation again comes from an

Mcm1-cofactor interaction. In combination with the arginine-sensing TF Arg81,

Mcm1 and Arg80 repress the expression of arginine biosynthetic genes and in-

duce the expression of arginine catabolic genes (reviewed in Messenguy & Dubois,

2003). Arg80 is a duplicate of Mcm1 that has arisen around the time of the WGD.

Although first thought to act as a heterodimer with Mcm1, later ChIP analyses

indicated that the complex observed at arginine-responsive genes more likely in-

corporates a homodimer of Arg80 (see Tuch et al., 2008a, and references therein).

Unlike Mcm1, which regulates a broad array of functions (see above), Arg80 is

specific to arginine-responsive genes and has a much reduced half-life (reviewed in

Messenguy & Dubois, 2003) and appears to have taken over the role of Mcm1 in

the regulation of arginine metabolism in the post-WGD species, thus representing

a regulatory subfunctionalisation.
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More recently, a TF duplication has also been implicated in the evolution of

RP expression in the post-WGD species (see above). Ifh1 and Crf1 are condition-

specific TFs that associate with Fhl1 at RP promoters to either activate (Ifh1) or

repress (Crf1) RP expression by competetively binding to the Rap1-Hmo1-Fhl1

complex. Ihf1 is active during fast growth but is repressed during stress response,

when Crf1 is expressed at high levels, thereby rapidly switching off the produc-

tion of RPs (Wapinski et al., 2010). Ifh1 and Crf1 are WGD duplicates of one

another and although similar in some regions, Crf1 has lost the N-terminal acidic

activation domain and has overall higher amino acid substitution rates (Wapinski

et al., 2010). Those authors showed that the observed lack of stress-dependent

repression of RPs in C. glabrata is most likely due to the loss of the Crf1 ortholog

in this species. This thus represents another example of subfunctionalisation;

although here both TFs still regulate the same target genes but under different

signals and with opposite effects.

A final interesting example of how the initial redundancy created through TF

duplication can facilitate divergence and rewiring comes from a study of the YAP-

family in yeasts (Kuo et al., 2010). The YAP regulators are a small family of bZIP

TFs that each preferentially bind to one of two target sites, YRE-O and YRE-A

(Tan et al., 2008), and binding specificity for either motif has been shown to be

strongly influenced by the identity of residue 12 in the DBD (Kuo et al., 2010).

Despite their largely shared set of target genes, C. glabrata YAP1 differs from its

homologs in the other yeasts studied at this critical position and, in contrast to

YAP1 homologs in the other yeasts, preferentially binds to the YRE-A target site.

Examination of promoter regions of shared target genes in C. glabrata revealed

the coordinated change from a YRE-O to a YRE-A site, highlighting a case of

co-evolution between DNA-binding specificity of the TF and the cis-regulatory

regions in its target genes (Kuo et al., 2010). Most likely, this was facilitated by

the presence of a WGD duplicate of YAP1 which has been retained in most post-

WGD species. Examination of multiple sequence alignments showed that the

WGD paralog of CgYAP1 retained the otherwise conserved residue at the critical

position in the DBD and as such likely also binding specificity for the YRE-O

site (this study). Here the WGD paralog probably initially buffered against any

deleterious effects of the substitution and change of specificity in the CgYAP1
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DBD, allowing for gradual change from a YRE-O to a YRE-A motif in CgYAP1

targets.

In addition to gene duplication, new TFs can be gained through other mech-

anisms such as horizontal gene transfer (HGT) or de novo recruitment (reviewed

in (Babu, 2010)). HGT is especially important in bacteria where a large number

of regulators in the TF repertoire of Escherichia coli were found to have arisen

by HGT (Price et al., 2008). An example of de novo recruitment of a DBD is

the eukaryotic WRKY-GCM1 zinc finger family, whose origin has been traced to

the DBD part of a transposase (Babu et al., 2006c). TEs thus not only provide

“transport vehicles” for cis-regulatory DNA but also have the potential to con-

tribute the DBD parts they encode as novel TFs, underlining their potential for

the creation of regulatory novelty.

1.4.2.4 Promoter structure and the Evolution of Gene Regulation

Besides changes in the repertoire of transcriptional regulators and turnover in

the targets they bind to, promoter structure also plays a role in the evolution of

transcriptional regulation (Tsankov et al., 2010). Amongst other factors, whether

or not a TF is bound to a target site depends on the accessibility of the region.

The binding site might be occluded by nucleosomes (see above). Similarly, bind-

ing of a TF might be necessary to alter the local chromatin environment into

one that is permissive for transcriptional initiation. Local chromatin structure at

promoters is furthermore influenced by the initiation rate of RNA pol II which

can displace -1 nucleosomes (e.g. Weiner et al., 2010) and “anti-nucleosomal”

sequences mediating constitutively open promoter regions (e.g. Sekinger et al.,

2005), both resulting in elevated expression levels. Studying the evolution of gene

expression of growth- and stress-related genes in the Saccharomycotina and the

decoupling of respiratory metabolism from other growth-related genes after the

WGD, Tsankov et al. found evidence for compensatory turnover of binding sites

for different chromatin-associated TFs as well as transitions from one promoter

structure to another, including transitions from constitutive to trans-regulated

promoters trough the loss of antinucleosomal sequences and repositioning of reg-

ulatory motifs relative to the NFR. Divergence of promoter structure thus also
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plays an important part in regulatory evolution and will be important to consider

when interpreting results.

1.4.3 The Role of Transcription Factors

From the above examples, it is clear that evolutionary divergence of TFs is likely

to play an important part in the evolution of regulatory networks. In most cases,

regulatory rewiring was accompanied by changes in the TFs involved. Rap1 for

example has gained a transactivation domain in the common ancestor of the

pre- and post-WGD species which might have been fundamental for its ability

to take over the regulation of RPs in those clades (Graham et al., 1999; Tanay

et al., 2005). Also, the loss of the activation domain of Crf1, is likely to have

been an important step for its establishment as a stress-induced repressor of RPs

(Wapinski et al., 2010).

Despite the accumulating information about evolutionary dynamics of cis-

regulatory regions (see above), so far there have been limited efforts in charac-

terising the nature, evolutionary plasticity and conservation of TF repertoires in

a systematic way. A good attempt was made by Haerty et al. (2008) who col-

lected and characterised TF repertoires in three species of nematodes. However,

the functional data available with respect to the regulatory network for those

species is relatively limited and complex thus making it more difficult to relate

their results to known evolutionary changes and properties of TRNs. Most other

studies have either been concerned with specific DBD families (e.g. Rodrigues-

Pousada et al., 2010; Thomas & Emerson, 2009), focussed on very wide groups

of taxa (e.g. Charoensawan et al., 2010b; Pérez-Rueda et al., 2004; Riechmann

et al., 2000) or assumed a “focus species” perspective (e.g. Bussereau et al., 2006;

Vaquerizas et al., 2009) and in most cases analysis was often restricted to DBD

composition, domain architectures and lineage-specific amplifications. Since the

work presented in this thesis was begun, two studies have been published assess-

ing TF repertoires in ascomycetous yeasts, although again evolutionary analysis

was relatively superficial with a main focus on DBD families (Park et al., 2008;

Shelest, 2008). The results of those studies will be discussed in greater detail in

the introduction to Chapter 3.
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1.5 The Saccharomycotina

The conservation of basic molecular mechanisms with respect to higher eukaryotic

organisms and ease of cultivation in the laboratory coupled with rapid growth,

simple genetic manipulation techniques and its industrial importance has ad-

vanced the yeast Saccharomyces cerevisiae to become one of the best-studied

eukaryotic model organisms with respect to functional genomics and systems bi-

ology approaches (reviewed in Castrillo & Oliver, 2006) as well as comparative

genomic studies (reviewed in Dujon, 2010). S. cerevisiae belongs to the Saccha-

romycotina, a clade containing over 1000 known members (Stajich et al., 2009)

that, owing to extensive sequencing efforts during the last 10 years, has become

very well characterised with respect to patterns of genome evolution (e.g. Butler

et al., 2009; Dietrich et al., 2004; Dujon et al., 2004; Génolevures Consortium

et al., 2009; Kellis et al., 2003). This together with the increasing amount of

knowledge concerning the evolution of gene regulation in those species (reviewed

above) made the Saccharomycotina ideally suited for a genome-wide comparison

of TF repertoires. Furthermore, the Saccharomycotina display several interest-

ing features with respect to genome evolution, e.g. a whole-genome duplication

(WGD) event on the lineage leading to the Saccharomyces species, and contain

the important human pathogen Candida albicans. It will be interesting to exam-

ine TF evolution in the light of these different mechanisms of genome evolution

and determine their impact on the evolution of pathogenicity in the Candida

clade.

1.5.1 Taxonomy and Genome Evolution

The Saccharomycotina are one of the three major clades within the Ascomycota

(Figure 1.9) which furthermore encompass the Pezizomycotina (containing the fil-

amentous Aspergillus species) and the Thaphrinomycotina (containing the fission

yeast Shizosaccharomyces pombe; Hibbett et al., 2007; Suh et al., 2006). Their

defining characteristics include a cell wall composition that mainly consists of β-

glucans (compared to chitin in the Basidiomycota), GC content below 50% and

their often more fermentative lifestyle. Furthermore, ascomycete yeasts are eco-

logically diverse and tend to be nutritional specialists, frequently associated with
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plants and animals and found in liquid environments that are rich in organic car-

bon (reviewed in Suh et al., 2006). The Saccharomycotina largely contain yeast

forms occurring as haploids or diploids that predominantly go through long cycles

of clonal growth by mitotic division (“budding”) rather than sexual reproduction,

although the majority of those species appears to be capable of going through a

sexual cycle (reviewed in Knop, 2006; Fig. 1.9). Based on molecular estimates,

the split leading to the divergence of the Saccharomycotina from the remaining

Ascomycetes is thought to have occured between 300 and 500 mya (Taylor &

Berbee, 2006).

Within the Saccharomycotina there are three major clades: the “CTG species”

that are named after a change in the genetic code, leading to the CUG codon being

translated into a serine instead of a leucine (Miranda et al., 2006; Santos & Tuite,

1995) and encompass the Candida species as well as Debaryomyces hansenii and

Lodderomyces elongisporus, and the pre-WGD and post-WGD species together

referred to as the Saccharomycetaceae. The pre-WGD and post-WGD species are

separated by a WGD event that is though to have occurred about 100 mya (Kellis

et al., 2004; Wolfe & Shields, 1997) and led to a doubling of chromosome numbers

that is still visible in the 2:1 syntenic relationship of chromosomal regions between

the post-WGD and pre-WGD species (reviewed in Dujon, 2010). The majority of

WGD paralogs (“ohnologs”) have subsequently been lost in a lineage- and species-

specific manner, however, with S.cerevisiae having retained approximately 550

ohnologs, corresponding to about 10% of protein-coding genes (Byrne & Wolfe,

2005).

Most of the Saccharomycotina genomes encode between 5000 and 6000 protein-

coding genes and post-WGD and CTG species generally encode more genes than

the pre-WGD species (reviewed in Dujon, 2010). They tend to be intron-poor, es-

pecially in the Saccharomycetaceae where the number of intron-containing genes is

around 3-6% and only a handful of genes have more than one intron (Génolevures

Consortium et al., 2009). The CTG species have a slightly larger percentage of

introns in their protein-coding genes, although still very low at approximately

6-7% (reviewed in Dujon, 2010). Syntenic relationships within the three ma-

jor clades are highly conserved, e.g. between S. cerevisiae and Candida glabrata

approximately 58% of genes are found in syntenic regions (Montcalm & Wolfe,
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2006). This is in contrast to the large amounts of sequence divergence observed.

Conservation of protein-coding sequences between those two species has been es-

timated to be equivalent to levels of conservation between human and fish (Dujon

et al., 2004) and equivalent patterns are seen in the pre-WGD (Génolevures Con-

sortium et al., 2009) and CTG species (Butler et al., 2009). This rapid sequence

divergence has been attributed to the largely clonal lifestyle of these yeasts and

presumably frequent population bottlenecks when new colonies are established

(Dujon, 2010). Indeed outcrossing in natural populations appears to be rare (re-

viewed in Knop, 2006 and Dujon, 2010) and is also likely to be the cause of the

scarcity of transposable elements and pseudogenes found in the Saccharomycotina.

1.5.2 Life style and Ecology

Ecological niches for the Saccharomycotina are relatively poorly defined. Many

species, including S. cerevisiae, continue to be isolated from different environ-

ments, indicating that we have yet to define their full ecological ranges (e.g.

Pennisi, 2005). Most species within the Saccharomycetaceae are associated with

plants, e.g. S. cerevisiae has been isolated from grapes, the bark of oak trees,

nectar and tree sap together with other sensu stricto species (e.g. Sampaio &

Gonçalves, 2008). The Saccharomycetaceae however also contain C. glabrata, a

human commensal and opportunistic pathogen (e.g. Pfaller & Diekema, 2007)

and Ashbya gossypii, first isolated as a cotton pathogen, which has been subse-

quently found to be closely associated with a beetle (reviewed in Wendland &

Walther, 2005). Most species in the CTG clade are generally associated with

mammals, although again have been isolated from various locations. C. trop-

icalis, for example, has been found in soil, clinical samples, fermentation vats

and rotten pineapples (Suh et al., 2006). Debaryomyces hansenii, a close relative

of the Candida species, is a marine yeast and has extremely high salt tolerance

(Almagro et al., 2000) but is rarely isolated from humans (Butler et al., 2009).

1.5.2.1 Carbohydrate Metabolism

One of the defining features of S. cerevisiae and its close relatives is the ability to

preferentially ferment glucose, even in the presence of oxygen. This is referred to
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as the Crabtree effect (De Deken, 1966). In glucose-rich conditions, S. cerevisiae

ferments glucose to ethanol which is secreted from the cell. Once all the glucose

is depleted, the cells switch to aerobic metabolism and consume the ethanol pro-

duced during fermentation. This is called the diauxic shift (Rolland et al., 2002).

Although the rate of ATP production is higher during fermentation, the net yield

of ATP per molecule of glucose is lower and as such is not energetically favourable

as a long-term nutritional strategy. Furthermore, anaerobic metabolism comes

at an additional cost through the need to adjust the redox balance in absence of

the respiratory chain to avoid accumulation of genotoxic reactive oxygen species

and the need for molecular oxygen in a number of biosynthetic pathways, such as

sterol and fatty acid biosynthesis, heme, NAD or uracil (reviewed in Merico et al.,

2007). S. cerevisiae is thought to have overcome these hurdles through a number

of enzymatic adjustments (see below; reviewed in Piskur et al., 2006) as well as

the regulatory decoupling of oxidative metabolism and fermentative metabolism,

e.g. through the rewiring of mitochondrial ribosomal proteins (see above; Ihmels

et al., 2005), repression of oxidative metabolism in high-glucose conditions (Carl-

son, 1999) and integration into intra- and extracellular signalling pathways to

allow for a rapid response to changing environmental conditions (Brauer et al.,

2008). Populations of S. cerevisiae thus have a “make, accumulate, consume”

strategy where growth is exponential during fermentation and then goes into a

stationary phase in low glucose or high stress conditions, and cycles between

the two depending on glucose availability (reviewed in Piskur et al., 2006; Tu

et al., 2007). Furthermore, the ethanol produced and secreted during exponen-

tial growth acts as an antimicrobial agent against other organisms and as such

might have conferred a competitive advantage.

Yeasts can be classified into obligate aerobes, that cannot survive without

oxygen, facultative anaerobes, capable of both aerobic and anaerobic metabolism,

and obligate anaerobes, that only use fermentative pathways, according to their

oxygen metabolic requirements. Most species within the Saccharomycotina are

facultative anaerobes, meaning they can survive in anaerobic conditions. The

efficiency and nutritional requirements with which they do so however vary con-

siderably between species (Merico et al., 2007; Fig. 1.9; “Anaerobic Metabolism”
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and “Petites”). The post-WGD species are generally Crabtree positive (i.e. per-

form aerobic fermentation), can grow under strict anaerobic conditions (on min-

imal media and with impaired respiratory chain) and are able to generate petite

mutants, characterised by large deletion or losses of mitochondrial DNA. The lin-

eages that did not undergo a WGD display a mosaic of these traits, with none of

them displaying all traits at the same quantitative level as the post-WGD species

(Merico et al., 2007). It has been proposed that while the ability to survive in

anaerobic environments is ancient and shared by many yeasts, the ability to effi-

ciently ferment glucose was probably selected for during the end of the Cretaceous

period when large amounts of fruit became available (Merico et al., 2007; Piskur

et al., 2006).

Indeed, the importance of the WGD in the establishment of crabtree-positive

lifestyles has been implicated a number of times (e.g. Conant & Wolfe, 2007; van

Hoek & Hogeweg, 2009). For example, an ohnolog of the alcohol dehydrogenase

gene ADH was retained after WGD and gained different enzymatic affinities al-

lowing for efficient conversion of acetaldehyde to ethanol, an important step in

alcoholic fermentation (Dujon, 2010). Also, a number of glycolytic enzymes and

hexose transporters were retained after WGD and it has been proposed that this

led to an effective increase in glycolytic flux (Conant & Wolfe, 2007) which has

been further validated theoretically (van Hoek & Hogeweg, 2009) and experimen-

tally (e.g. Lin & Li, 2010).

1.5.2.2 Pathogenicity

Three out of the five species belonging to the CTG clade included in my study

and the post-WGD species C. glabrata are human commensals and opportunistic

pathogens (see Fig. 1.9; “Pathogenic”). While most human contact with Can-

dida species is benign and over 50% of humans harbour commensal populations,

they can result in serious systemic infections especially in immunocompromised

patients (e.g. following chemotherapy or organ transplants). Over 10 to 15% of

bloodstream infections are caused by Candida species and mortality rates are

relatively high. This is in part also due to the fact, that being eukaryotic and
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thus more similar to humans in terms of their biochemistry, it has been very diffi-

cult to develop effective antifungal drugs and strains frequently develop resistance

(reviewed in Brown, 2006; Hynes et al., 2006).

Pathogenicity in those species has largely been attributed to the ability to un-

dergo morphogenic transitions, secrete hydrolytic enzymes, respond to changes

in the host environment such as changes in pH or osmolarity, and adhere to host

surfaces (reviewed in Brown, 2006). Comparative genomics of pathogenic species

has revealed expansions in gene families encoding extracellular lipases, trans-

membrane transporter families, surface adhesion proteins and proteins involved

in iron acquisition that were absent or present only in low copy number in non-

pathogenic species (Butler et al., 2009). Interestingly, none of those families was

equally amplified in the more distantly-related pathogen C. glabrata suggesting

convergent evolution of pathogenicity by different molecular mechanisms despite

the overall similarity of biological processes involved (Roetzer et al., 2010). This

has also become apparent in more detailed studies of factors known to be impor-

tant for virulence in C. albicans, e.g. the TF Ace2 which regulates cell separation

in C. albicans and the deletion of which results in attenuated virulence. Deletion

of the C. glabarata ortholog surprisingly was found to increase virulence by 200

fold (reviewed in Hynes et al., 2006), indicating related pathways but with dras-

tically different outcomes. The ability to infect different host tissues and escape

the human immune system is furthermore tightly tied to condition-specific reg-

ulation of metabolic activity, seeing that e.g. oxygen availability varies greatly

across different tissues that thus represent different niches. This is reflected in the

coordination of carbohydrate metabolism with phenotypic switching from white

to opaque (see above) in C. albicans (reviewed in Brown, 2006) or the extreme re-

sistance against starvation in C. glabrata in aid of its survival upon being engulfed

by macrophages (reviewed in Roetzer et al., 2010).

48



1.6 Transcription Factor Repertoires in the Saccharomycotina

1.6 Transcription Factor Repertoires in the Sac-

charomycotina

The theoretical arguments and experimental evidence introduced above, thus es-

tablished that TF divergence is an important part of regulatory evolution. To

address evolutionary dynamics of TF repertoires on a systematic scale, I have col-

lected TF repertoires from 15 species of yeasts belonging to the Saccharomycotina.

Instead of relying on published datasets, I have developed a pipeline to assemble

TF repertoires in yeasts to obtain an unbiased and high-coverage dataset of TFs.

I then analysed the collected repertoires with respect to the types of DNA-binding

domain (DBD) and domain architectures found (Chapter 3). This revealed inter-

esting patterns of global DBD family evolution and numerous detailed examples

of increase and decrease in copy numbers that are likely to be of functional im-

portance to the evolution of the species studied. To gain a deeper understanding

of regulator turnover in TF repertoires through gene duplication and loss, I have

inferred evolutionary histories for each group of homologous TFs and investigated

lineage-specific patterns of amplifications and losses and how those relate to the

architecture of regulatory networks (Chapter 4). The patterns of gene duplication

and loss across the clades studied were very different: while regulatory network

growth in the post-WGD species was mainly due to retention of WGD dupli-

cates and non-family specific, TF gain in the Candida species was dominated by

ongoing lineage-specific amplification of the Zn(II)2Cys6 and fungal-specific zinc

finger DBDs, the two largest TF families. Furthermore I found WGD duplicate

TFs to be enriched for highly-connected TFs and stress- and nutrient-responsive

regulators. I have investigated evolutionary rate constraints of TFs in relation

to their position in the regulatory network (Chapter 5) and examined how these

vary between different clades (Chapter 6). Analysis of evolutionary rates between

clades reflected known examples of regulatory rewiring in the Saccharomycotina

as well as again implicating extensive evolutionary changes in signal transduction

pathways mediating the response to nutrient availability and different stresses.

Examples of this are discussed in further detail in Chapter 7.

Furthermore, I have investigated the use of evolutionary models accounting

for between-gene heterogeneity in phylogenomic approaches where hundreds of
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genes are used to infer species phylogenies. Often in such studies, genes are

concatenated into a single “supergene” that is then analysed using a single pa-

rameterisation of an evolutionary model. It is known however that evolutionary

processes between genes can differ, which can lead to model violation and po-

tentially the reconstruction of well-supported non-optimal trees. With the aim

of obtaining a trustworthy species tree to be used in the evolutionary analyses

described above, I collected a phylogenomics dataset for 18 species within the Sac-

charomycotina and tested the use of concatenated and partitioned models, where

the data were partitioned by genes and every partition was parameterised sep-

arately thereby accounting for between-gene heterogeneity. Partitioned analysis

consistently outperformed concatenated analysis, although here this did not af-

fect the resulting species phylogeny. The choice of evolutionary model, especially

accounting for differences in evolutionary processes at different codon positions,

however did affect results, suggesting that within-gene heterogeneity resulted in

stronger conflicting signal than between-gene heterogeneity and underlining the

need to use good models of evolution.
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Chapter 2

Finding the Yeast Phylogeny -

Phylogenomic Approaches

2.1 Introduction

One of the most important pieces of information for any kind of comparative evo-

lutionary analysis is the species phylogeny. It forms the basis of all downstream

evolutionary analyses and having an accurate species tree is crucial for the infer-

ence of both qualitative and quantitative evolutionary properties. Phylogenomic

methods that make use of genome-wide data have become a standard approach

to resolving species phylogenies. Classic molecular systematic methods rely on

one or a few genes that are considered to be phylogenetically informative such as

ribosomal RNA or mitochondrial genes. In contrast, genome-wide analysis tries

to utilise the maximum amount of information encoded in multiple genomes to

reconstruct inter-species relationships (Philippe et al., 2005). By combining data

from different parts of the genomes we try to minimise the effect of sampling er-

ror which is encountered when a small number of characters (e.g. single genes) is

analysed and which can affect phylogenetic reconstruction. It is well-known, how-

ever, that heterogeneities in the evolutionary process within single genes, such as

different substitution rates across sites, can markedly affect phylogenetic recon-

struction (e.g. Delsuc et al., 2003, Brinkmann et al., 2005, Nishihara et al., 2007).

So in order to gain maximum profit from the increased amount of data, which

can only be expected to increase heterogeneity as data from different regions of
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the genomes are included, it is necessary to explore the use of appropriate models

that deal with variations in the evolutionary processes across different loci and

between different species.

In a classic phylogenomics study encompassing 106 genes from seven species

of yeast, Rokas et al. (2003) concluded that a supermatrix analysis, where all

individual gene alignments were concatenated into a “superalignment” and anal-

ysed using a standard (homogeneous) evolutionary model, could give a confident

species tree where analysis of the individual genes failed to find a congruent so-

lution. As increasing amounts of data from yeasts and other organisms become

available, it is an appropriate time to consider whether such methods are still

practical and reliable when applied to larger datasets like those that we are able

to assemble today and whether those conclusions hold for harder phylogenetic

problems, for example spanning a larger period of evolution. I have investigated

this, and generated a reliable phylogeny of an increased number of yeast species

for which full genomes were available at the time, by an extended study of yeast

phylogenomics 1.

2.1.1 Species Tree Reconstruction

The two most widely-used methods for inferring phylogenies from multiple ge-

nomic regions, supermatrix analysis and supertree reconstruction, have been re-

viewed by Delsuc et al. (2005). Both are based on the analysis of multiple se-

quence alignments of each of many orthologous genes found in the genomes of

interest. In supertree analysis, the separate alignments are analysed on a gene-

by-gene basis and individually reconstructed gene trees are combined by some

criterion to yield a global hypothesis about the phylogenetic relationship of the

species studied (Bininda-Emonds, 2005).

In supermatrix analysis, the alignments of the orthologous genes are analysed

simultaneously in order to derive the species phylogeny, the aim being to amplify

the phylogenetic support in the data, or in other words, increase the signal to

noise ratio (Rokas et al., 2003). The most commonly used approach is a simple

concatenation where the alignments of all genes are concatenated into a single

1This work has been prepared for publication and is currently under review for submission.
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superalignment and analysed as such. Further, more complex, model-based vari-

ations of this approach use, for example, partitioning of the superalignment into

genes or codon positions which are often treated differently, in recognition of po-

tentially diverse evolutionary dynamics — but these essentially still describe a

supermatrix analysis. Whereas the term ‘supermatrix analysis’ often refers to

the simple concatenation approach, in this chapter I will use it to refer to all

such approaches and distinguish these levels of complexity by denoting them as

either “concatenated” (all partitions treated equally) or “partitioned” (subset of

the sites treated differently).

Furthermore, several probabilistic methods that explicitly model individual

gene evolutionary histories of the loci analysed within the context of the coa-

lescent to find the most likely species phylogeny have been proposed recently

(e.g. Heled & Drummond, 2010; Kubatko et al., 2009; for review see Degnan &

Rosenberg, 2009). While those methods look very promising for the resolution of

short internal branches where we expect large amounts of discordance between

gene trees and species trees due to coalescent effects (e.g. Degnan & Rosenberg,

2006) they remain computationally intractable for phylogenomic datasets and

therefore were not considered in the context studied here.

Simulation studies are indicating that supermatrix methods, given an appro-

priate model of evolution, generally are more accurate in recovering the underly-

ing species phylogeny than supertree methods (e.g. Ren et al., 2008). The only

case in which supertree methods were found to outperform supermatrix analysis

was in the presence of strong coalescent effects such as incomplete lineage sorting

(Kupzcok et al., submitted). When incongruence through independent lineage

sorting is frequent and the genes showing such incongruent gene trees contribute

many columns to the supermatrix, the resulting erroneous signal becomes stronger

than the signal introduced through gene tree reconstruction artefacts that oth-

erwise dominate supertree methods. Here, I focussed on supermatrix analysis,

to take advantage of this increased accuracy and to obtain results that are com-

parable to the study undertaken by Rokas et al., and also because it relies on

primary sequence data to generate hypotheses and allows the parameterisation

and measurement of variation in the data used and test the importance of such

parameterisation.
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2.1.2 Considerations with the Supermatrix Approach

The rationale for the supermatrix approach is the assumption that most genes

in a genome share their evolutionary history and are thus expected to bear the

same phylogenetic signal. Concatenation of the genes aims to amplify this shared

phylogenetic signal by increasing the sample size, to reduce the effect of stochastic

processes that might dominate single gene phylogenies.

There are a number of well-known issues that can influence the accuracy of

phylogenetic reconstruction in general. The most well-studied among those is

probably across-site rate variation (Uzzell & Corbin, 1971) which is typically

accommodated by adding gamma-distributed rates to the evolutionary model

(Yang, 1994). Furthermore, not all substitutions occur at equal rates, e.g. A to G

and T to C transitions occur at higher frequency than A,G to T,C transversions

(Hasegawa et al., 1985), and the placement of a residue within the secondary

or tertiary structure of a protein can influence the patterns of substitutions ob-

served: buried residues tend to evolve slower than exposed residues and not all

substitutions are equally frequent at certain positions in different elements of sec-

ondary structure due to their physiochemical properties (Goldman et al., 1998;

Koshi & Goldstein, 1995; Le & Gascuel, 2010; Thorne et al., 1996). In addition

to variation in space, variation of the evolutionary process in time such as site-

specific rate variation across lineages, referred to as heterotachy (Lopez et al.,

2002), can adversely affect the outcome of phylogenetic reconstruction. Whilst

some solutions towards accommodating those processes are beginning to appear

(e.g. Lartillot & Philippe, 2004, Pagel & Meade, 2008, Whelan, 2008), they re-

main less well-understood. Other issues that are difficult to account for per se

include compositional bias (Lockhart et al., 1994) and mutational saturation that

can lead to long branch attraction artefacts (Ho & Jermiin, 2004).

Beside the difficulties associated with heterogeneity in substitution patterns,

population genetic processes can result in discordance between gene trees and the

species tree, essentially violating the assumptions of the supermatrix approach.

Those include incomplete lineage sorting, i.e. ancestral polymorphisms that pre-

date species divergence (reviewed in Degnan & Rosenberg, 2009), recombination
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and gene conversion (Posada & Crandall, 2002; Schierup & Hein, 2000) or hori-

zontal gene transfer (reviewed in Philippe & Douady, 2003). This is particularly

problematic for short internal branches (Degnan & Rosenberg, 2006, 2009).

Other than problems arising from the nature of the sequences and their evolu-

tion themselves there are additional factors that can impact the accuracy of tree

reconstruction. Those include gene duplication and loss that can lead to analysis

of paralogous sequences that do not share the same history of substitutions and

thus introduce conflicting signal. Gene sampling can also impact phylogenomic

analyses as not all genes are equally informative to the resolution of a particular

clade (Kuramae et al., 2007). Furthermore, sequence alignment is another well-

known contributor to variability in tree reconstruction, arising from misalignment

of non-homologous positions (e.g. Löytynoja & Goldman, 2008; Marcet-Houben

& Gabaldón, 2009). Whilst these issues provide serious challenges to phyloge-

nomic studies, their effects can be alleviated by careful data collection and choice

of methods to minimise their impact.

Seeing that the effects of heterogeneous evolutionary processes are already

apparent even in single-gene studies, they can only be expected to gain in im-

pact when data from multiple genomic regions are being analysed. Even when

we account for processes such as different rates across sites, concatenation and

subsequent supermatrix analysis using an evolutionary model with a single set of

parameters for the entire dataset is assuming homogeneity, or rather a “constant

heterogeneity”, of the evolutionary process.

This is highly unlikely to hold and it has been shown that systematic er-

rors resulting from the model violations mentioned above can be exacerbated by

concatenation to the extent where highly-supported but incorrect topologies are

recovered (Brinkmann et al., 2005; Delsuc et al., 2003; Nishihara et al., 2007). A

number of treatments to mitigate such effects have been proposed, e.g. increased

taxon sampling to break up long branches and thereby reduce the effect of mul-

tiple substitutions (Philippe et al., 2005); the removal of fast-evolving species,

genes or sites as those are suspected to be most prone to accumulate nonphyloge-

netic signal (Jeffroy et al., 2006; Nishihara et al., 2007; Rodŕıguez-Ezpeleta et al.,

2007); and recoding of data as purines and pyrimidines only (RY-coding) for nu-

cleotides (Phillips et al., 2004) or according to functional categories for amino
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acids, to reduce compositional bias (Rodŕıguez-Ezpeleta et al., 2007). Although

these measures seem to work in some cases (e.g. Rodŕıguez-Ezpeleta et al., 2007),

they are treating the symptoms of the problems, not the causes; typically they

discard potentially informative parts of the data and it is unclear in what way

this affects the signal-to-noise ratio.

Here, I prefer to address heterogeneity issues by using more sophisticated

models to fit the data, aiming to retain all useful information, rather than dis-

carding parts of the data to fit the models being used. Partitioned analysis in

which parameters of the evolutionary model are estimated separately for each

partition (in my case, each gene) in the dataset is a solution whose efficacy has

recently been demonstrated in studies on simulated data (Ren et al., 2008) as well

as empirically by Nishihara et al. (2007) in a study of the branching order at the

base of the mammals. Similarly, mixture models provide means for addressing

heterogeneities in the data by using different substitution matrices (e.g. Lartillot

& Philippe, 2004; Le et al., 2008) or different sets of branch lengths (Pagel &

Meade, 2008) for different pre-defined or learned partitions in the dataset. They

are however likely to be computationally very expensive for large datasets and

partitioned models, which are essentially a generalisation of mixture models, are,

despite the large number of parameters estimated, computationally more feasible

due to the ability to easily parellelise computation. I thus decided to focus on

those.

2.1.3 Yeast Phylogenomics

The ascomycetous yeasts have been the focus of many smaller (Diezmann et al.,

2004; Kurtzman & Robnett, 2003; Schoch et al., 2009; Tsui et al., 2008) and

larger (Bofkin, 2005; Cornell et al., 2007; Fitzpatrick et al., 2006; Jeffroy et al.,

2006; Kuramae et al., 2006, 2007; Marcet-Houben & Gabaldón, 2009; Phillips

et al., 2004; Rokas et al., 2003; Wang et al., 2009) phylogenomic studies. While

the smaller studies cited encompass a large range of species, they incorporate

only a handful of purposely sequenced genes in their supermatrix analyses and

thus add relatively little extra data. The first study attempting a larger scale

analysis was conducted by Rokas et al. (2003) with 106 genes, focussing on the
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relationships within the Saccharomyces sensu stricto species only. Fitzpatrick

et al. (2006) extended this by using a slightly larger dataset (153 genes) and a

wider phylogenetic range across the Ascomycota. More recent studies (Kuramae

et al., 2006; Marcet-Houben & Gabaldón, 2009) further increased the number

of genes and species studied, analysing concatenated datasets of 531 and 1137

genes in 21 species respectively. The analysis conducted by (Wang et al., 2009)

does not use supermatrix analysis however, but instead employs a composition

vector method that is based on genomic composition of the species analyzed.

This approach lacks a reliable statistical framework and as such cannot really be

assessed or compared to supermatrix approaches.

There is widespread agreement about the monophyly of the clade containing

the species that underwent a whole-genome duplication (WGD) and their close

relatives who form a sister clade to the WGD clade (Kellis et al., 2004), as well

as the monophyly of the clade including Candida and Pichia species and De-

baryomyces hansenii (Figure 2.1A). The relationships within the Saccharomyces

sensu stricto complex also seem well established. The maximum parsimony (MP)

analysis by Kurtzman & Robnett (2003) shows some contradictory branching,

placing S. paradoxus and S. mikatae as sister species (alternative branching not

shown); this difference is however minor and it is otherwise well-accepted that

S. cerevisiae and S. paradoxus are more closely related to each other.

In contrast, the relationships at the base of Saccharomycs sensu stricto species

complex are unclear. Whereas most phylogenomic analyses recover C. glabrata

as the species at the base of the WGD clade (Figure 2.1B), synteny data from an

analysis of chromosomal inversions give strong evidence for S. castellii branching

off earlier than C. glabrata (Scannell et al., 2006) (Figure 2.1C) . In their super-

matrix analysis of 153 genes, Fitzpatrick et al. (2006) recover S. castellii at the

base of the WGD clade with strong support (bootstrap values > 90%). Schoch

et al. (2009) also recover this branching in their analysis of six genes, whereas

Tsui et al. (2008) find C. glabrata and S. castellii as sister species at the root of

the WGD clade (Figure 2.1D) . Supertree analysis in the study by Fitzpatrick

et al. (2006) however does not recover this branching but instead sees C. glabrata

branching off first. The Bayesian analysis by Jeffroy et al. (2006) using a similar-
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sized dataset of amino acid sequences also supports the topology with C. glabrata

at the base of the WGD species with significant support.

Whilst in recent phylogenomics studies the relationships between the pre-

WGD species including S. kluyveri, Ashbya gossypii, Kluyveromyces lactis and

K. waltii have usually been recovered as a clade where K. lactis and A. gossypii

are sister species and S. kluyveri and K. waltii are sister species (Figure 2.1F),

there has been some previous disagreement about their branching order (Cornell

et al., 2007; Kurtzman & Robnett, 2003; Wang et al., 2009; Figure 2.1E) and

it will be useful to confirm the relationships in this clade using sophisticated

methods.

A further few uncertainties can be found within the clade encompassing

the Candida and Pichia species. While Candida albicans, Candida tropicalis

and Lodderomyces elongisporus are stably recovered as a monophyletic clade

where C. albicans and C. tropicalis are sister species, the exact relationships

between the remaining members of the clade are unclear. Tsui et al. (2008) find

D. hansenii, Pichia stipitis and Pichia gulliermondii as a monophyletic clade

where the two Pichia species are most closely related to each other to the ex-

clusion of D. hansenii (Figure 2.1H). This clade is also recovered by Wang et al.

(2009) but they found D. hansenii and Pichia stipitis to be sister species instead

(Figure 2.1I). The very large study by Marcet-Houben & Gabaldón again recov-

ers a different branching but here these species are paraphyletic with P. stipitis

being most closely related to the clade containing the Candida species, followed

by D. hansenii and P. gulliermondii (Figure 2.1J). The remaining studies largely

recover the topology shown in Figure 2.1G (Fitzpatrick et al., 2006; Jeffroy et al.,

2006; Kurtzman & Robnett, 2003; Schoch et al., 2009).

The branching order at the base of the WGD species, as well as some of the

relationships within the pre-WGD species and the Candida clade hence present

problems that remain unsolved and we hope to obtain a more definite answer

by performing more sophisticated analyses. It will be useful to examine the

placement of those species on the ascomycete phylogeny when more appropriate

methods for the analysis of multigene datasets are being used.

With the exception of the studies presented in Diezmann et al. (2004), Bofkin

(2005), Tsui et al. (2008) and Schoch et al. (2009), all supermatrix analyses
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Figure 2.1: Topologies recovered by the four most inclusive previous supermatrix studies of fungi, trimmed

to include only species that are considered in this study. The red branches indicate regions that show differences

compared to a general consensus over these studies. The star indicates the position of the WGD event. A:

Combined maximum likelihood analysis of four nuclear and two rDNA genes (Diezmann et al., 2004). B: Tree

recovered from Bayesian analysis of 106 amino acid sequences (Jeffroy et al., 2006). C: Maximum likelihood

tree from analysis of 153 amino acid sequences (Fitzpatrick et al., 2006). D: Most parsimonious tree from a

maximum parsimony analysis of 18S and 5.8S internal transcribed spacer, three 26S rDNAs, EF-1, mitochondrial

SSU rDNA and COX II nucleotide sequences (Kurtzman & Robnett, 2003).59
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mentioned above have been carried out in a concatenated and hence rather sim-

plistic manner. Some (e.g. Rokas et al., 2003) do not address systematic error at

all; others try to account for non-phylogenetic signal simply by removal of fast-

evolving sites or by RY-recoding (Fitzpatrick et al., 2006; Jeffroy et al., 2006;

Phillips et al., 2004). As mentioned earlier, however, those treatments are not

well-suited for a comparative analysis and do not directly address heterogeneity

issues between the concatenated genes which can lead to phylogenetic inconsis-

tency and reconstruction of wrong trees with high support. In order to obtain a

high-quality species tree for 18 ascomycetous yeasts and to investigate how more

data contribute towards solving more difficult phylogenetic problems, I have ex-

tended the well-known phylogenomics study of Rokas et al. by considering 10

additional species, increasing the diversity to a range of species that shared their

last common ancestor about 250 million years ago and approximately trebling

the number of genes to 343. This represents a phylogenomic dataset of a scale

that is more typical of the problems that are studied today.

Furthermore I wanted to examine the effects of more sophisticated models

accounting for both intra- and inter-gene heterogeneity of evolutionary dynamics,

especially with regards to the conclusions drawn by Rokas et al. (2003), who claim

to have obtained high-confidence results from rather simplistic analysis. It is

known that over-simplification can lead to over-confidence (Sullivan & Swofford,

1997; Yang et al., 1994) and it is interesting to see if those conclusions hold for

more complex datasets and analyses such as ours.

The nucleotide sequences of the 343 genes were analysed both individually

and as a supermatrix. I explored the signals present in the data when analysed

as single genes and determined the impact of model choice and tree reconstruc-

tion method used. I examined the validity of using a supermatrix analysis on

a dataset of this scale and investigated more sophisticated maximum likelihood

(ML) analyses, accounting for heterogeneities between the genes while consider-

ing the entire dataset. Furthermore I was able to achieve robust estimates of

controversial regions of the phylogeny using thorough modelling of supermatrix

data. Analysis of the 343 genes’ amino acid sequences confirmed these results.
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2.2 Data Collection and Analysis

The core of the species that were selected for analysis were the eight species

that were included in the Rokas et al. (2003) study. I considered 10 additional,

more divergent, ascomycetous yeasts including the well-studied pathogenic fungus

Candida albicans and the distantly related Yarrowia lipolytica as an outgroup

(Dujon et al., 2004). See Figure 2.1 for the complete list of species studied.

Primary analyses were performed on nucleotide coding sequences. In order to

reinforce the results obtained with the nucleotide dataset in concatenated and

partitioned supermatrix analyses, I repeated those using amino acid data.

The Fungal Orthogroups Repository (FOR) at the Broad Institute (Wapinski

et al., 2007a) contains orthology assignments of protein-coding genes for 14 out

of the 18 species considered in this study. The orthology assignments available

in FOR are results of computational synteny-asissted homology reconstruction

(Wapinski et al., 2007a) but also incorporate curated homology assignments from

the yeast gene order browser YGOB (Byrne & Wolfe, 2006) and are therefore

believed to be of high quality (see Figure 4.3). Genes are grouped into homologous

clusters based on sequence similarity and synteny conservation and the gene tree

for each cluster is built by recursively traversing the species tree from leaves

to root. At each node, the relationships for the species below that node are

resolved using a Neigbor-Joining approach until the root is reached. Orthologous

genes (one-to-one orthologies, but also one-to-many relationships) are grouped

together in so-called orthogroups (Wapinski et al., 2007a; see Chapter 4.1.1 for a

full discussion of the underlying method). I screened FOR for orthogroups with

exactly one representative one-to-one orthologs in each of the 14 species studied

that were included in FOR, resulting in an initial list of 1148 orthogroups.

For the purpose of mapping those orthogroups to the remaining four species

that were not included in FOR, I used the amino acid sequence of the represen-

tative S. cerevisiae protein for each orthogroup to search against the remaining

four genome sequences using tblastn (Altschul et al., 1997) with the standard

genetic code table for Saccharomyces kudriavzevii and Saccharomyces kluyveri

and the alternative yeast nuclear code for Lodderomyces elongisporus and Pichia

stipitis In order for an orthogroup to be considered for further analysis I required
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it to be complete, i.e. containing all 18 species, as well as sufficiently divergent

in order to avoid the possibility of unknowingly analysing paralogous sequences

and thereby introducing bias. The last point was addressed by further tblastn

searches against the respective protein annotations using the S. cerevisiae mem-

ber of each orthogroup. If each of the respective orthogroup members was found

to be the best hit in its genome and its blast score was at least twice that of the

next match the orthogroup was considered sufficiently divergent. This filtering

step led to a reduction in the number of orthogroups to 629.

Within each orthogroup, the amino acid sequences were mapped to the cor-

responding genomes and their nucleotide sequences were extracted if I could find

an exact match to the respective genome sequence, taking into account the differ-

ences in the genetic code in the CTG species. The orthogroups were again filtered

by requiring nucleotide sequences for all 18 species to be present, further reducing

the set of orthogroups to 357. This represents a large reduction in the number

orthogroups and was mainly due to the Candida albicans genome release used

in this study (Assembly 20) which I later discovered was a superposed “mosaic”

haploid assembly of the previous diploid assembly (Assembly 19). A final six

orthogroups were removed due to convergence problems in phylogenetic analyses

(see below).

Upon release of the second version of FOR in January 2009, which included

updated annotations for Saccharomyces kluyveri and Lodderomyces elongisporus,

I re-examined the orthogroups collected for analysis. Overall, I found changes

in orthology assignment in 14 orthogroups which were updated accordingly, and

a further 11 orthogroups that were no longer in agreement with the conditions

outlined above and hence removed from analysis.

The amino acid orthogroups were aligned using Mafft version 6.24 (Katoh &

Toh, 2008). Regions of potentially low quality in the alignments were removed

using Gblocks version 0.91b (Castresana, 2000), using default parameters apart

from the minimum number of sequences for a flank position which was set to 10;

the minimum block length, set to 5; and gaps were allowed for half the sequences.

It is arguable that trimming alignments in this manner is also discarding poten-

tially useful information and that this is done more or less arbitrarily. While

this is true to some extent, I argue that not trimming poorly aligned regions
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will more likely than not introduce conflicting signal and that the nature of this

conflicting signal is different to the one that I set out to explore. As such this

is a reasonable, if not necessary step to take. BLAT (Kent, 2002) was used to

map the trimmed alignments to their respective genomic location, to create the

nucleotide alignments of the coding sequences used in all further analyses.

These data collection and filtering procedures are considered to be very strin-

gent, and were used in order to avoid introducing any confounding sources of

error whilst trying to be as inclusive as possible.

2.2.1 Evolutionary Models

Choosing an appropriate evolutionary model for phylogenetic analysis is of great

importance as it is well-known that overly simple models can give misleading

results (e.g. Yang et al., 1994, Sullivan & Swofford, 1997). Especially in genome-

wide datasets such as the one presented here, where data from diverse regions of

the genome are being analysed, between-gene heterogeneities are to be expected

in addition to within-gene heterogeneities. I tested an array of combinations

of evolutionary models (with varying degrees of complexity) and partitionings

of the data, as summarised in Table 2.1. The Jukes-Cantor model (JC; Jukes

& Cantor, 1969), being the simplest of all those evolutionary models, assumes

equal nucleotide frequencies and no difference in rate between transitions and

transversions. The Hasegawa-Kishino-Yano model (HKY; Hasegawa et al., 1985)

parameterises the different nucleotide frequencies (π) and includes a rate ratio

parameter (κ) for the ratio of the rates of transition and transversion substitu-

tions. Finally, the general time reversible model (REV; Rodŕıguez et al., 1990;

Tavaré, 1986) includes parameters for the different nucleotide frequencies (π), as

for HKY, as well as exchangeability parameters (sij; Goldman & Whelan, 2002)

for every possible type of substitution (also referred to as the exchangeability

parameters a-f in the PAML package [Yang, 2009]). Among-site heterogeneity in

the rate of evolution was modelled using a gamma distribution (Γ; Yang, 1994).

Apart from testing different evolutionary models, I also investigated the im-

pact on model fit when partitioning the data, allowing some or all parameters to

be estimated separately for individual partitions to account for between-partition
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heterogeneities. Partitions represented different codon positions, different genes,

or both (see following).

Partitioning of codon positions (see Note a in Table 2.1) was carried out us-

ing the “Mgene” options implemented in baseml from the PAML package (Yang,

2007). G0 is the simplest of those options, introducing parameters for different

rates at each codon position in the form of branch length scaling factors (c). G2

and G3 additionally estimate separate nucleotide frequencies (π123) or separate

exchangeability parameters (s123
ij ) for each codon position, respectively; G4 esti-

mates separate nucleotide frequencies (π123), exchangeability parameters (s123
ij )

and different rates (c). Finally G1, the most general option, estimates sepa-

rate nucleotide frequencies, rate ratio parameters and different non-proportional

branch lengths (bl123) for each position.

Between-gene partitioning was performed with both unpartitioned genes (rows

1 and 2 in note b; Table 2.1), and in addition to partitioning by codon positions

(rows 3 to 7 in note b; Table 2.1). Due to the capabilities of available software and

the computational cost involved, I could only carry out the partitioning between

genes by calculating likelihoods individually for each gene and then summing over

the trees tested, treating genes entirely independently: this equates to Mgene

option G1. The most complicated model thus estimates separate branch lengths,

nucleotide frequencies and exchangeability parameters for each codon position in

every gene as well as a separate α for each gene in the dataset.

2.2.2 Model and tree comparison

The likelihood ratio test (LRT) is widely-used and is utilised to perform hypoth-

esis testing between two nested models (Felsenstein, 2004). The LRT statistic is

defined as:

λ = 2[lnL(Θ̂1)− lnL(Θ̂0)] (2.1)

where lnL(Θ̂1) and lnL(Θ̂0) are the maximised log-likelihoods of the alternative

and the null models with k1 and k0 being the number of estimated parameters in

Θ1 and Θ0, respectively. Under the null hypothesis, this statistic is asymptotically

distributed as a χ2 distribution with k1 − k0 degrees of freedom.
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Model Parameters No. of parameters

Single-gene/ Partitioned

Concatenated

Single genes

JC+Γ bl, α 35 n/a

HKY+Γ bl, π, κ, α 39 n/a

REV+Γ bl, π, sij, α 43 n/a

Supermatrix

REV bl, π, sij 42 b 14406

REV+Γ bl, π, sij, α 43 14749

REV+Γ+G0 bl, π, sij, α, c a 45 15435

REV+Γ+G2 bl, πk, sij, α, c 51 17493

REV+Γ+G3 bl, π, skij, α, c 55 18865

REV+Γ+G4 bl, πk, skij, α, c 64 21952

REV+Γ+G1 blk, πk, skij, α 129 44247

WAG+Γ bl, π, α 55 18865

LG+Γ bl, π, α 55 18865

a Partitioning by codon positions
b Partitioning by genes

Table 2.1: Evolutionary models used and the number of parameters estimated per

model. The number of parameters for partitioned analyses is based on the dataset

size of 343 genes, where each parameter is estimated separately for each gene. α is

the shape parameter of the gamma distribution, bl are the branch lengths, κ and

sij are the rate ratio parameters and π are the nucleotide frequencies. When the

Mgene options in baseml are used, c represents two scaling factors for proportional

branch lengths at codon positions 2 and 3 and the “k” superscript indicates that in

these models, those parameters are estimated separately for each codon position.

The area shaded in orange (note a) indicates partitioning by codon positions,

blue (note b) indicates partitioning by genes and purple indicates partitioning by

both codon positions and genes.
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In addition to LRTs I also calculated the AIC scores for each model. The

AIC score has information theoretic foundations and can be used to compare

several models, not necessarily nested, at the same time (Posada & Buckley,

2004). Because sample size in my dataset was small in comparison to the number

of free parameters (n/k < 40) AICc, the second order approximation of the AIC

score was used for model testing (Burnham & Anderson, 2004). Furthermore, as

additional parameters for partitioned models are added for each partition rather

than the entire dataset, I calculated the penalty term on a per-partition basis:

AICc = −2lnL+ 2k +
∑

partitions i

2ki(ki + 1)

ni − ki − 1
(2.2)

where lnL is the maximised log-likelihood of the data, ki is the number of param-

eters estimated for partition i with k =
∑

i ki, and ni is the sample size (number

of alignment positions) for partition i with n =
∑

i ni. The smaller the AICc

score, the better the fit of the model to the data.

The AIC score is known to favour parameter-rich models under some condi-

tions while the BIC is generally considered to be more conservative (Burnham

& Anderson, 2004; Weaklim, 1999). In order to obtain a conservative estimate

of model-fit I additionally calculated BIC scores (Schwarz, 1978) for each of the

comparisons carried out. As for the AICc, I calculated the penalty term on a

per-partition basis. The BIC is then defined as:

BIC = −2lnL+
∑

partitions i

ki log(ni) (2.3)

where lnL is the maximised log-likelihood of the data, ki is the number of param-

eters estimated for partition i with k =
∑

i ki, and ni is the sample size (number

of alignment positions) for partition i with n =
∑

i ni.

In order to gauge the heterogeneity inherent in the collected dataset, I ex-

amined the distributions of estimates of two parameters. I consider these distri-

butions to be diagnostic of the amount of variation of the evolutionary process

experienced by the individual genes. These estimates were taken from the single-

gene analyses under the REV + Γ model of evolution, which was found to be
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optimal in single-gene analyses (see below). The average transition/transversion

(ts/tv) ratio R (Yang, 2006) for a gene is given by:

R =
(sTCπTπC + πAπG)

(sTAπTπA + sTGπTπG + sCAπCπA + sCGπCπG)
(2.4)

where πi are the nucleotide frequencies and sij are the exchangeability parameters

as defined by the REV model (Goldman & Whelan, 2002). Considering the

distribution of R over all genes presents a way to display the diversity of the

parameterisation of the same model for different genes and hence heterogeneity

between them. Similarly α, the shape parameter of the gamma distribution

that is used to model rate variation amongst sites (Yang, 1994), is a measure

of the within-gene rate heterogeneity of the individual genes and observing its

distribution across the single genes gives an indication of the observed between-

gene heterogeneity of within-gene rate heterogeneity.

The difference between estimated trees was measured using the normalised

version of the Robinson-Foulds (RF) distance (Robinson & Foulds, 1981). Based

on the number of bipartitions induced by either tree that are not induced by the

other, the normalised version of the RF distance (RFN) is calculated by dividing

this number by the the maximum possible value for the number of sequences

in the alignment, 2N − 6 where N is the number of sequences, so that the RF

distances assume a range from 0 to 1. Only identical trees have RFN = 0; trees

with RFN = 1 are as different as possible.

2.3 Single-gene Analyses — 343 Genes - 336

Trees

The congruence of reconstructed gene trees with the species tree they evolve

in and their informativeness for determination of the latter depends on a num-

ber of factors including the accuracy of phylogenetic reconstruction (which in

turn is known to be influenced by model specification [e.g. Ripplinger & Sulli-

van, 2008; Sullivan & Swofford, 1997] or stochastic error due to small sample

size [i.e. short alignments]) and biological processes leading to gene trees different

from the species tree (e.g. independent lineage sorting, horizontal gene transfer or
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recombination, reviewed in Degnan & Rosenberg, 2009). The relative influence

of these factors is not well known, yet the nature of the signal causing discor-

dance between gene trees and the species tree is important to consider when

choosing methods of species tree reconstruction as this might have large effects

on downstream analysis, especially for methods that utilise and combine gene

tree estimates such as supertree and some of the coalescent-based methods. In

order to address some of these issues I explored the amount of variation between

gene tree estimates encountered in my phylogenomic dataset and the statistical

support for this variation when different tree reconstruction software and models

of evolution were used as well as the variation between estimates from different

genes.

ML phylogenetic methods were used for all of the analyses presented here due

to their power and ability to explicitly model different evolutionary patterns both

within and between genes (Yang, 2006). Gene trees were built using Leaphy 1.0

(Whelan, 2007) and PhyML 3.0 (Guindon & Gascuel, 2003), both ML programs

but employing different tree searching strategies. Leaphy utilises a sophisticated

tree searching strategy implementing algorithmic improvements in the refinement

and resampling stages of tree search and novel stopping rules. PhyML was run

using both the SPR and NNI algorithms. I estimated the trees using the JC,

HKY and REV nucleotide models of evolution (Table 2.1, “Single genes” rows).

Rate heterogeneity among sequence positions was modelled using a discrete ap-

proximation of a gamma distribution (Γ; Yang, 1994) with six rate categories.

In order to assess confidence in the individual nodes of the tree I performed

non-parametric bootstrap analyses with 100 replicates each (Felsenstein, 1985).

The baseml program (Yang, 2007) was subsequently used to evaluate the ef-

ficiency of the two tree-searching programs with respect to each other and their

overall performance. Because Leaphy and PhyML differ slightly in their algo-

rithms to calculate the likelihood of a tree, likelihoods calculated using baseml

were used to provide a standardised measure of fit. The direct comparison was

carried out by evaluating on a gene-by-gene basis which of the trees produced by

Leaphy or PhyML was of higher likelihood. The overall performance would ide-

ally have been addressed by scoring the ability of the respective softwares to find

the highest likelihood gene tree. Since baseml does not implement sophisticated
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tree building methods, guaranteeing finding this tree would require baseml to

be presented with the entire set of possible topologies. However, since there are

1.92× 1017 possible unrooted trees for 18 species this was not feasible. Instead, I

considered all trees ever inferred by any of the single-gene analyses in this study,

totalling 1668 different topologies, as a reasonable snapshot of the “tree space” of

feasible single-gene trees and used this as the reference tree set for baseml. This

reference tree set is referred to as “candidate tree set 1” (CTS1).

2.3.1 Large Amounts of Variation Between Tree Recon-

struction Methods

Phylogenetic analysis of the 343 nucleotide single-gene data sets was performed

using the JC + Γ, HKY + Γ and REV + Γ models of evolution and using both

PhyML and Leaphy. PhyML analyses were run using both implemented tree

searching algorithms, NNI and SPR, and the best of those trees used. I found

that Leaphy generally outperformed PhyML in finding the best tree (Table 2.2).

(To ensure that those results were not biased in favour of Leaphy because of

similarities in the likelihood calculation procedure I repeated this comparison

using PhyML to obtain comparative likelihoods. This gave nearly identical results

[not shown]). When the ML trees obtained by PhyML and Leaphy were compared

to each other on a gene-by-gene basis, both methods found the same tree for

approximately 70% to 75% of genes. For the remaining 25% to 30%, found

uniquely by either software, Leaphy clearly showed a better performance. Overall

Leaphy found the best tree for around 95% of the genes tested, compared to 75%

found by PhyML (see Table 2.2, “Single-gene trees”). (Interestingly, PhyML’s

SPR tree search, generally considered better, did not always outperform NNI.

Including SPR however considerably improved the accuracy of PhyML in this

comparison compared to using NNI alone [results not shown].)

This comparison only showed how frequently PhyML and Leaphy equal or

exceed each other at finding high likelihood trees. In order to gauge their perfor-

mance with respect to finding ML trees, but in the absence of knowledge of the

correct ML tree for each single-gene dataset, I instead used baseml to calculate
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the ML trees for each of the genes from amongst the entire CTS1 set of plausi-

ble trees (see above) and determined how often PhyML and Leaphy found the

best tree. This procedure guaranteed that the best trees found by PhyML and

Leaphy for a particular gene were compared to many other potentially superior

trees, namely those found in any single-gene analysis performed in this study

(since an exhaustive comparison against all trees was not feasible). Overall, the

outcome was similar to that when PhyML and Leaphy results were compared

directly (see Table 2.2, “CTS1”). PhyML found the best tree for around 75%

of the genes whereas Leaphy found the best tree for 90% to 94% of the genes.

This showed that Leaphy not only outperformed PhyML in direct comparison,

but also performed very well overall. I was thus confident to use Leaphy alone

for all subsequent analyses.

Such differences between tree reconstruction methods can have important im-

plications for understanding evolutionary relationships and in downstream analy-

ses. While both programs tested here agree on a ML topology for the majority of

alignments, about 25% to 30% of proposed gene trees differ for any given model

of evolution. To investigate possible causes for the disagreement between PhyML

and Leaphy, I examined whether convergence on the same ML tree was associ-

ated with alignment length, as a proxy for the amount of information available

for tree estimation (Figure 2.2). If all variability was due to the lack of strong

phylogenetic signal, we would expect a bias for short alignments to yield disagree-

ing gene tree estimates. Indeed, there was a weak, albeit significant, association

between convergence and alignment length with genes where Leaphy and PhyML

disagree (Mann-Whitney U test; P < 0.01). Nevertheless, I found numerous short

alignments where both methods agree and long alignments where both methods

disagree, suggesting that some but not all discrepancies might be attributable to

the lack of strong signal. Arguably, there are situations where alignment length

will be a poor proxy for the amount of information available, e.g. when a large

number of alignment positions contain identical residues in all sequences. The

choice of a measure for column diversity however is non-trivial and the search for

an appropriate measure was not attempted here.

In order to explore how far-reaching the discrepancies between PhyML and

Leaphy were, I investigated the statistical support for the differences between
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Figure 2.2: Distributions of the lengths of alignments yielding congruent “shared”

(blue) and incongruent “variable” (red) ML topologies when analysed using

PhyML and Leaphy and the REV + Γ.
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Figure 2.3: Distributions of the bootstrap values of nodes that were shared (blue)

or unique (red) between the respective ML topologies proposed by PhyML and

Leaphy for each of the 343 genes. “non-ML only” shows the distribution of unique

nodes in the gene tree that was found to be of lower likelihood only.
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the alternative topologies generated by the two different programs for each gene.

For this, I focussed on REV + Γ results only (this being the best model for all

343 genes studied: see below). This was done by examining the bootstrap val-

ues obtained for conflicting nodes in the two ML trees proposed for a gene by

PhyML and Leaphy. Figure 2.3 shows the distribution of the non-parametric

bootstrap values for shared (red) and variable (blue) nodes between ML trees

proposed by either Leaphy or PhyML using 100 replicates, and also the distribu-

tion of bootstrap values when only “inferior” ML trees (as determined by baseml)

were considered (purple). Averaged over genes, the trees reconstructed by each

program share about 80% of internal branches. Generally, bootstrap values were

low for branches that differed between the alternative ML trees. There was,

however, some overlap of the distributions of bootstrap values for branches that

differed between trees and branches that were shared, and a number of cases

where bootstrap support for regions of conflict between the two topologies was

over 70%, often a boundary above which nodes are considered reliable and in-

cluded for downstream analyses. Removing the trees that were found non-optimal

in pairwise comparison did not visibly alter the distribution of bootstrap values,

showing that the high bootstrap values for shared nodes occur in both “optimal”

and “non-optimal” trees. The use of good tree searching methods such as im-

plemented in Leaphy is thus vital for circumventing such otherwise undetectable

non-optimal inferences.

2.3.2 The Influence of Model Choice on Gene Tree Re-

construction

To investigate the impact of model choice on tree reconstruction I analysed the

343 gene nucleotide dataset using the JC + Γ, HKY + Γ and REV + Γ models

of evolution. Here, only results for models including gamma-distributed intra-

gene rate heterogeneity are presented since these models were always significantly

preferred (results not shown). When I examined how often the ML trees for a

gene using the different models were identical, topologies recovered using the

HKY + Γ and REV + Γ models were the same for about 47% of the genes. In

contrast, the number of identical topologies recovered when REV + Γ results were
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compared to JC + Γ results was much smaller, with the same ML tree obtained

for just 8% of genes. Similarly, JC + Γ and HKY + Γ analyses resulted in 9% of

shared trees. This discrepancy was also detected when I investigated the degree

of differences between the trees recovered by the different models for a given gene.

On average, the mean normalised RF distance (RFN) between the REV + Γ and

the HKY + Γ topologies was 0.08 whereas mean RFN between REV + Γ and JC

topologies was 0.27.

As above, I examined the bootstrap distributions for ML trees reconstructed

using different models of evolution to determine the statistical support for the

discrepancies between alternative topologies proposed for the same gene. Gene

trees were reconstructed using Leaphy with 100 bootstrap replicates each and

the JC + Γ, HKY + Γ and REV + Γ models of evolution. Figure 2.4 shows the

distributions of shared (red) and variable (blue) nodes in pairwise comparison

between models. The support for discrepancies between JC + Γ, the simplest

and most unrealistic model used, and the two more complex models is mostly

below 70%, but there is however a considerable amount of well-supported conflict

(Fig. 2.4A, B). The comparison between HKY + Γ and REV + Γ shows fewer

conflicting nodes overall and only very little highly-supported conflict, indicating

an improvement in model fit (Fig. 2.4C). The increase in congruence and the

decrease in well-supported conflict when more complex models are used both

show that choosing a better model improves results and that it is important to

choose a model that best fits the data.

2.3.3 Best-fit Models

Hierarchical LRTs were used to determine the optimal model for each gene.

HKY + Γ was always found to be better than JC + Γ and REV + Γ was found to

be the best-fitting model for all but one of the 343 genes studied, where HKY + Γ

was favoured instead. I consequently focussed on REV + Γ as the model for anal-

ysis of the nucleotide data, omitting simpler models of evolution. Nevertheless,

even with the best available models there remain discrepancies that can affect

downstream analyses, as is shown next.
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Figure 2.4: Distributions of the bootstrap values of nodes that were shared (blue)

or unique (red) between the respective ML topologies proposed by Leaphy for each

of the 343 genes, using different models of evolution.
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2.3.4 Large Amounts of Incongruence Among the Single-

gene Datasets

I will now concentrate on the results of analysing the single-gene datasets using

the optimal model found for each gene (see above). I found very large amounts of

incongruence within the set of ML trees recovered. In total I obtained 336 distinct

ML topologies for the 343 genes: in other words, a different phylogeny of the 18

yeasts for almost every individual gene. The mean pairwise RFN distance among

the 336 topologies was 0.54. So whilst they were clearly more similar to each

other than 336 randomly drawn trees of the same size (P < 0.0001 from 10000

simulations; mean RFN distance = 0.93, std. dev. = 0.0006), it still meant that

on average the gene trees for any two genes differed by 16 unique bipartitions.

Pruning of all species not included by Rokas et al. (2003) from the 336 trees

resulted in 49 distinct trees with a mean RFN distance of 0.55 (P < 0.0001 from

10000 simulations; mean = 0.93, std. dev. = 0.0039) indicating similar levels of

divergence.

The analysis of single genes thus proved inconclusive in this case and I was

unable to derive a species phylogeny supported by the individual gene phyloge-

nies. Incongruence among gene trees is not specific to this dataset but instead is

found in a large fraction of studies comparing single-gene phylogenies (Rokas &

Chatzimanolis, 2008). Even though it is as yet unclear how much incongruence

between gene trees in a genome is “normal”, the level of incongruence encountered

here (i.e. 336 phylogenies from 343 genes) was surprising. In order to confidently

resolve inter-species relationships there was thus the need for a way of combin-

ing the data in a sensible manner. Supermatrix analysis promised resolution of

conflict where individual analyses failed.

To illustrate the heterogeneity across the single-gene datasets and thereby

speculate about the validity of a concatenation approach for further analysis I in-

vestigated the transition/transversion (ts/tv) ratio for each of the genes (Fig. 2.5A).

I also examined the distribution of α, the shape parameter of the Γ distribution

which indicates the extent of among-gene rate variation for a given gene (Fig-

ure 2.5B). Each of these measures demonstrates a potential source of inter-gene
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Figure 2.5: Distributions of A: ts/tv ratio (R) and B: gamma-distribution shape

parameter α, estimated on the ML topology for each of 343 genes

variation in evolutionary dynamics. I used the maximised parameter estimates

of each gene under the REV + Γ model of evolution as calculated by baseml.

The range of ts/tv ratios was large, extending from 1.30 to 4.22, and indicated

that there was a lot of heterogeneity in the evolutionary process between the

individual genes. These values were similar to previously compiled distributions

of ts/tv ratios over a range of different genes (Whelan et al., 2003). Similarly,

α ranged from 0.25 to 1.03, showing that the distributions of rates across sites

of the different genes were diverse. Again, this between-gene variation in ts/tv

rates and α could have been the result of poor parameter estimates due to lack

of phylogenetic signal in short alignments. In order to assess whether the more

extreme values of those distributions were the result of noisy parameter estimation

I examined whether the distance from the mean of their respective distributions

for each estimate was associated with alignment length and the standard error

(SE) of the parameter estimates (Fig. 2.6A and B for α and R [ts/tv] respectively;

SE estimates were available for α only, as the calculation of SEs for ts/tv is

complex due to the incorporation of multiple parameter estimates and requires

information about covariance between those estimates for accurate calculation,

which is not included in the standard PAML output).
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Figure 2.6: A:Distributions of parameter estimates and standard error of α,

when considered by alignment length. B:Distributions of parameter estimates of

R, when considered by alignment length. Values are plotted as the distance from

the population mean.

78



2.4 Supermatrix Analysis

The distribution of the standard error of α (Fig. 2.6A, right plot) showed that

there was a clear relationship between gene length and the accuracy of parameter

estimation, as would be expected. In contrast, the distribution of the parameter

itself (Fig. 2.6A, left plot), although arguably somewhat associated with gene

length, showed numerous estimates close to the population mean for very short

alignments and, vice versa, plenty of estimates on long alignments that were

far from the mean. This underlined that the variation of α that I encountered

across the 343 genes was not solely due to accuracy of parameter estimates but

was capturing the heterogeneity inherent in the data. Similarly, the difference

from the mean estimate of R was weakly associated with alignment length but

again the shape of the distribution suggested that alignment length alone is not

explaining the variation encountered.

The number of distinct topologies recovered in single-gene analyses underlined

the need for phylogenomic methods to distil the shared “historical” signal between

the genes analysed. At the same time, the level of heterogeneity encountered be-

tween the genes when examining two key parameters of the optimal evolutionary

model suggested that a simple concatenation supermatrix approach might not be

valid and complex models were needed to analyse a dataset containing this much

variation.

2.4 Supermatrix Analysis

I chose baseml (Yang, 2007) to perform analyses of the supermatrix dataset due

to the wealth of models it implements. However, as mentioned above, baseml is

best used with a predefined set of trees for input. To obtain such a plausible set

of trees, I compiled a second candidate tree set (CTS2) based on prior knowledge

about the evolutionary relationships in some parts of the phylogeny. The three

major clades shaded in different colours in Figure 2.1A are stably recovered in

this configuration and in addition to the evidence from sequence analysis, other

features of these genomes support these groupings. Namely those are the “post-

WGD” species that underwent a whole genome duplication (green) and show a

2:1 syntenic relationship to their close relatives the “pre-WGD” species (blue;

Byrne & Wolfe, 2006) and finally the lineage leading to the Candida clade that

79



2.4 Supermatrix Analysis

translate the CTG codon into a Serine instead of a Leucine (red; Santos & Tuite,

1995; Sugita & Nakase, 1999).

Figure 2.1A shows the “backbone” species tree of the 18 yeasts I studied.

Inter-species relationships that are well-accepted are shown fully resolved, whereas

regions of uncertainty in the phylogeny are collapsed into polytomies. The CTS2

initially included all trees found by resolving all the polytomies shown in the tree

into all possible arrangements. In order to keep the number of topologies man-

ageable, I first resolved the relationship between Candida glabrata and Saccha-

romyces castellii as shown in Figure 2.1B, resulting in 1575 remaining topologies.

I then ran an initial analysis using the partitioned REV + Γ + G0 model (Table

1.1) that, whilst computationally very feasible, was found to be a good model for

supermatrix analysis of nucleotide data (as described below). From this analysis

I identified the 500 best-scoring topologies. Those were subsequently modified so

that there would be a copy of each of those topologies, but incorporating either of

the alternative resolutions in Figure 2.1C and D, totalling 1000 additional trees.

Based on further ML analysis using the same model, I excluded all instances of

C. glabrata and S. castellii branching as sister species (Figure 2.1D) due to con-

sistently very low likelihoods for those trees (results not shown). The remaining

500 novel trees were added to CTS2, now containing 2075 topologies.

Both nucleotide and amino acid analyses were carried out on a concatenated

as well as a partitioned form of the data using the CTS2 and the evolutionary

models described in Table 2.1 (“Supermatrix” rows). Nucleotide analyses were

performed using a range of nested models, each increase in complexity allowing

for more amongst-genes heterogeneity. Amino acid analyses were carried out

using the WAG and LG models of evolution (Le & Gascuel, 2008; Whelan &

Goldman, 2001) with a gamma distribution (again using six rate categories) to

allow for different rates at different positions. Partitioned analysis was achieved

by analysing each gene separately (see Evolutionary Models, above) and total

likelihoods thus calculated for each member of the CTS2 to determine the ML

tree. Bootstrap analyses were performed using the RELL method (Kishino &

Hasegawa, 1989) with 1000 samples for each of the above analyses.
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2.4 Supermatrix Analysis

2.4.1 Complex Data Require Complex Models

Supermatrix analyses were performed using a range of different models and par-

titions (Tables 2.1, 2.3; see above). The basic model of evolution used was REV,

as found to be the most appropriate in single-gene analyses (see above). Building

on this, I introduced gamma-distributed rates across sites (+ Γ) and partitioning

into either codon positions (Mgene options), genes or both, where some or all

parameters are estimated separately for each partition thus allowing for hetero-

geneity between them. The optimal model was determined according to the AICc

and BIC criterion as well as LRTs where applicable. The order in which LRTs

for the different Mgene options were performed was as follows; G0 - (G2,G3) - G4

- G1. G2 and G3 are not nested and thus could not be tested against each other

in an LRT. The results are shown in Table 2.3. The most comprehensive model,

partitioned REV + Γ + G1, was found to be optimal for the supermatrix by both

AICc and LRT — reflecting the complexity of the signal encoded in these data.

BIC results for the nucleotide models were very similar to the ones obtained

using LRTs or AICc (see Table 2.3 and Figures 2.7 and 2.8). All three tests

support the use of complex models, treating each codon position separately. Fur-

thermore, partitioned models were always preferred over concatenated models

showing that even a conservative test supports partitioning despite the large

number of additional parameters. The BIC, however, selected REV + Γ + G4

as the best model as opposed to REV + Γ + G1 selected by the other two tests.

Examination of the AICc results in Figure 2.7 shows that the gain of information

with respect to the number of parameters added between those models is not as

great as for other comparisons, suggesting that the model is nearing an optimal

level of complexity.

Model testing and the choice of an appropriate model proved to be important

in this case, because the ML tree again changed depending on which model was

used (Table 2.3). Both different rates across sites (+ Γ) as well as different rates

at each codon position (+ G0) influenced which tree was found to be the ML tree.

Interestingly, as more parameters were free to vary at different codon positions

the likelihood increased significantly but the ML topology remained the same,

reinforcing my confidence in having found a good species tree (see Table 2.3).
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2.4 Supermatrix Analysis

Concatenated Partitioned

Model ML tree ∆AIC ∆BIC P(LRT) ML tree ∆AIC ∆BIC P(LRT)

REV A 990359 886041 - A 872007 832326 - (0*)

REV+Γ B 431437 327128 0* B 315551 277374 0*(0*)

REV+Γ+G0 C 283288 179000 0* C 155540 120364 0*(0*)

REV+Γ+G2 C 279792 175568 0* C 146131 119900 0*(0*)

REV+Γ+G3 C 162718 58536 0* C 30691 10374 0*(0*)

REV+Γ+G4 C 144273 40188 0*/ 0*a C 7156 0 0*/ 0*(0*)a

REV+Γ+G1 C 123756 20364 0* C 0 80015 0*(0*)

WAG+Γ C 74186 21951 - C 25394 27007 - (0*)

LG+Γ C 52235 0 - C 0 1612 - (0*)

a Models with Mgene option G4 were tested against both G2 and G3 models

Table 2.3: ML trees and test statistics for model tests performed on the super-

matrix dataset. Models used are as in Table 2.1. LRTs were performed between

the model considered and the next-smallest nested model. ∆AIC is the difference

in AICc between a model and the best-fitting model; ∆BIC accordingly. Parti-

tioned models were also tested against their concatenated version (in brackets).

Significant P-values (< 0.001) are indicated by a star. Trees A and B are shown

in Figure 2.10; tree C as in Fig. 2.9.

It is also noteworthy that the bootstrap support across the ML trees recovered

using the overly-simple REV and REV + Γ models (see below) was high and thus

was not acting as a reliable indicator when trying to assess the confidence for

trees recovered in my analyses. In general, large amounts of data can give over-

confidence in the result obtained, notably when there is model mis-specification

and, in particular, in cases of over-simple models (Yang et al., 1994). Great care

should be taken to find the best available model for any given dataset.

2.4.2 Partitioned Analysis Outperforms Concatenated Anal-

ysis

All models tested were implemented both using a conventional concatenation

approach where a single parameterisation of the evolutionary model is used to

analyse the entire dataset, as well as more sophisticated partitioned analysis

where parameters were estimated for each partition (in this case genes), thus

allowing for more amongst-genes heterogeneity.
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2.4 Supermatrix Analysis

Partitioned analysis consistently outperformed concatenated analysis indepen-

dently of the model of evolution used (Figures 2.7 and 2.8; Table 2.3). The ∆AIC

between partitioned and concatenated analyses was substantial for all models,

representing a major improvement in model fit. In contrast to results obtained

with a mammalian dataset (Nishihara et al., 2007), the use of partitioned versus

concatenated analysis had no effect on which topology was found to be optimal

in the nucleotide analyses — a poor choice of model (e.g. REV or REV + Γ) still

lead to a sub-optimal tree, even if partitioned analysis was used.

2.4.3 Amino Acid Analyses

Nucleotide data are more prone to mutational saturation than amino acid data,

and this can present a source of stochastic error. Also, the effects of base com-

position variation between different genome sequences are likely to be less pro-

nounced in amino acid data. Therefore, in addition to analysing the nucleotide

dataset, I also investigated supermatrix analyses on the translated amino acid

sequences. I used the WAG + Γ and LG + Γ models (six discrete gamma

rate categories) to perform concatenated and partitioned analyses of CTS2 using

the codeml program from the PAML package (Yang, 2007). Again I found the

partitioned model to outperform the concatenated model when tested with AICc

(Figure 2.7). Furthermore, the ML topology calculated by partitioned analysis

was found to be identical to the one obtained using the best nucleotide model

(Fig. 2.9), reinforcing the results obtained with the nucleotide dataset.

Results obtained for amino acid analysis using BIC differed, in that BIC

selected concatenated models over partitioned ones. The interpretation of this is

somewhat unclear, seeing that the AICc is often considered too liberal and the

BIC as too conservative, and further study is needed to determine which of the

tests applied here is most appropriate for these kind of data. Nevertheless, in this

instance the choice of optimal tree was not affected.

2.4.4 Species Phylogeny of 18 Ascomycetous Yeasts

The species phylogeny that was obtained using supermatrix analysis is shown in

Figure 2.9. It is in good agreement with previously published studies for clades
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Figure 2.7: AICc score profiles for supermatrix analyses, differentiated by evo-

lutionary model and type of analysis. Partitioned analysis (light colours) con-

sistently outperformed concatenated analysis (dark colours). The choice of a

partitioned vs. concatenated model did not affect which tree was found to be op-

timal when analysing nucleotide data (green) as well as amino acids (blue). The

ML topology obtained using the optimal model for both nucleotide and amino

acid data is the same (red boxes) and is depicted in Figure 2.9. Trees A and B

are depicted in Figure 2.10
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Figure 2.8: BIC score profiles for supermatrix analyses. The results of BIC

testing were very similar to results obtained using AICc ,with partitioned analysis

(light colours) consistently outperforming concatenated analysis (dark colours)

for the nucleotide data. The tests however differed in their preferred models

which was found to be REV + Γ + G4. In the analysis of amino acid data

(blue), AICc and BIC differed however, with BIC favouring concatenated over

partitioned models (discussed in the main text).
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that were shared between them (e.g. Fitzpatrick et al., 2006; Jeffroy et al., 2006;

Phillips et al., 2004; Rokas et al., 2003) and received good bootstrap support

across the tree. The pre-WGD species were recovered with high bootstrap support

as a monophyletic clade where Saccharomyces kluyveri and Kluyveromyces waltii,

and Ashbya gossypii and K. lactis, respectively, are sister species that form sister

clades to one other. This agrees with what has been found in the more recent

studies (Fitzpatrick et al., 2006; Jeffroy et al., 2006). I inferred Pichia stipitis

to be basal to the Candida species and Lodderomyces elongisporus, albeit with

somewhat lower bootstrap support suggesting the presence of either conflicting

signal (e.g. due to incomplete lineage sorting) or stochastic effects influencing the

resolution of this node.

The branching order at the base of the WGD clade in the ML tree recovered

saw C. glabrata splitting off before S. castellii and is thus in disagreement with

the branching order suggested by synteny data (Scannell et al., 2006). When I

examined the support for either of three possible branching orders (C. glabrata

first and S. castellii second; S. castellii first and C. glabrata second; and S. castel-

lii and C. glabrata as sister species) in the single-gene dataset (REV + Γ) I found

the first branching order to be most strongly represented amongst the genes trees

(150 occurrences) in relation to the other two branchings (66 and 58 occurrences,

respectively). The study of substitution patterns hence consistently suggested

C. glabrata as the species at the base of the WGD clade. Disagreement with

synteny information could be due to the fact that, as yet, we have limited knowl-

edge of how to statistically and reliably estimate phylogenies from chromosome

rearrangement data. Alternatively, it might just as well be a result of biological

processes such as independent lineage sorting, especially seeing that the diver-

gence time between S. castellii and C. glabrata is relatively short (Scannell et al.,

2006). Because the data in support of a branching order where S. castellii is basal

to the remaining post-WGD species is very strong, I settled for this resolution in

the species phylogeny for use in downstream analyses described in the following

chapters.
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Figure 2.9: ML tree obtained using the optimal nucleotide and amino acid mod-

els of evolution. Bootstrap values were calculated using 1000 iterations of RELL

resampling. Branch lengths, in expected number of substitutions per nucleotide,

were calculated as the weighted mean of individual estimates in partitioned analy-

sis of the 343 genes of the nucleotide datasets. The branches marked by lowercase

letters were extended for the purpose of visualisation. The WGD event is marked

by star.
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Figure 2.10: ML trees recovered using non-optimal substitution models. As

above, bootstrap values were calculated using 1000 iterations of RELL resampling

and are indicated as the proportion of the total number of samples supporting

this node. The WGD event is marked by a star.
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2.5 Conclusions

The power of phylogenetic reconstruction is heavily dependent on the evolution-

ary models being utilised. This is already well-known (e.g. Ripplinger & Sullivan,

2008; Sullivan & Swofford, 1997; Yang et al., 1994) and it was thus not surprising

to find model choice having a large impact in phylogenomics. Furthermore, I also

found the methods used to search tree space to be of considerable importance.

Leaphy, a relatively new software, outperformed the more established software

PhyML both in direct and more comprehensive comparisons and is hence the

preferred method for tree reconstruction.

My datasets deliver another example where single-gene phylogenetics failed

to find a congruent solution when trying to resolve the species tree that underlies

the evolution of those genes. In fact, in this difficult phylogenetic problem the

number of proposed ML trees increased almost linearly to the number of genes

studied. Phylogenomics approaches are well-suited to address such questions and

we would like to see them deliver resolution even as datasets increase in size and

diversity. This has been demonstrated in the past, largely on smaller and easier

studies (e.g. Diezmann et al., 2004; Kurtzman & Robnett, 2003; Rokas et al.,

2003). Given my results, it appeared that this remained true for a dataset of

my size and complexity, but with the qualification that it is vital that analyses

appropriate to the complexity of the data are used.

Whilst in my nucleotide analyses the identity of the ML topology was not

affected by the choice of a partitioned over a concatenated model, it was however

highly dependent on the evolutionary model employed, resulting in a different

ML tree for all three types of model (no heterogeneity; among-site heterogene-

ity; and among-site heterogeneity plus individual treatment of codon positions)

used. This indicated that the heterogeneity of the evolutionary process affect-

ing substitution patterns within a single protein-coding gene resulted in stronger

(non-phylogenetic) signal than the differences between such processes acting on

different loci across the genomes of 18 yeast species. While this was surprising,

it possibly reflects the biological conditions governing the yeast nuclear environ-

ment.
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I found a considerable improvement in likelihood when the data were par-

titioned on a gene by gene basis. This confirmed the significance of inter-gene

variation of evolutionary dynamics. This in turn argues for the importance of

using appropriate models when analysing complex datasets, as do the results

obtained from amino acid analyses. This conclusion stands in contrast to the

conclusions drawn by Rokas et al. (2003) who suggested simple concatenation of

genes would be sufficient for the resolution of species trees.

The use of different model testing frameworks (LRT, AICc and BIC) further-

more highlighted interesting questions about the interpretation of results from

different tests. While all three agreed on a complex, partitioned model for the

nucleotide dataset, results for the amino acid data were conflicting. Indeed, model

testing in phylogenomics is often performed using a “black box” approach and

there currently is a lack of discussion of which tests are most appropriate to use,

especially in the case where both the number of observations and the number of

parameters estimated are large and composite pieces of data are combined such

as is the case in partitioned analysis. A more thorough discussion of this subject

is needed, that would benefit from and be of benefit to other areas of quantitative

biology dealing with similar-sized datasets and models.

I obtained a fully-resolved and well-supported species tree for 18 ascomycetous

yeasts. This placed Pichia stipitis at the bottom of the branch containing the

Candida species. Furthermore, I was able to confirm the relationships in the

pre-WGD species. The analysis presented here suggested C. glabrata to be at the

base of the WGD clade. This is in contrast with the branching order inferred from

synteny data and future work is needed in order to resolve this conflict. Recent

developments in coalescent-based methods such as the ones reviewed in Degnan

& Rosenberg (2009) provide a promising perspective of resolving short internal

branches and will probably provide valuable complementary results to the classic

phylogenetic methods such as the ones used in this study. Nevertheless, overall the

study presented here lent confidence to the notion that phylogenomics methods,

given the right evolutionary models, can give robust answers to a number of

yet-to-be-resolved branches of the Tree of Life and has provided a trustworthy

phylogeny for downstream analyses.
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Chapter 3

Transcription Factor Repertoires

in the Saccharomycotina

3.1 Introduction

Transcription factors (TFs) are the main protein-coding components of the tran-

scriptional machinery acting in a gene-specific manner (see Chapter 1.2 for a

review of transcriptional initiation and the players involved). They are charac-

terised by the presence of a sequence-specific DNA-binding domain (DBD) and

often contain numerous additional regions mediating a TF’s activity, including

protein-protein interaction (PPI) domains, ligand-binding regions, activation do-

mains or sites conferring post-translational regulatory control such as nuclear im-

port or export signals and phosphorylation sites. To date, ∼140 distinct DBDs

have been characterised (Charoensawan et al., 2010a,b) falling into several broad

structural classes and differ in their DNA-binding modes (for a brief overview see

Chapter 1, Table 1.1). Genome-wide analyses of TF repertoires in diverse species

have revealed that the number of TFs encoded in a genome scales approximately

with genome size, with a tendency for larger genomes and more complex or-

ganisms to contain a relatively higher percentage of transcriptional regulators

(e.g. Aravind et al., 2005; Babu et al., 2006a; Charoensawan et al., 2010a; Pérez-

Rueda et al., 2004; Riechmann et al., 2000; Shiu et al., 2005; van Nimwegen, 2003;

Vaquerizas et al., 2009). TFs are usually classified by their DBD and frequently

occur in large families. With the exception of plants, TF repertoires have been
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found to be highly asymmetric in their composition with few, very large DBD

families providing the majority of TFs (Charoensawan et al., 2010b; Nowick &

Stubbs, 2010; Pérez-Rueda et al., 2004; Riechmann et al., 2000; Shelest, 2008; Va-

querizas et al., 2009). Plant TF repertoires are usually more balanced, containing

more DBD families that contribute a significant portion of TFs (e.g. Mitsuda &

Ohme-Takagi, 2009; Riechmann et al., 2000; Shiu et al., 2005).

Compared to the body of work already present and steadily growing on cis-

regulatory evolution (see Chapter 1.4.1), relatively little is known about evolu-

tionary dynamics in TF repertoires. Analysis has mostly focussed on the pres-

ence, absence, expansion or contraction of DBD families (e.g. Bussereau et al.,

2006; Charoensawan et al., 2010b; Nowick & Stubbs, 2010; Pérez-Rueda & Janga,

2010; Pérez-Rueda et al., 2004; Riechmann et al., 2000; Shelest, 2008; Vaquerizas

et al., 2009) and has rarely included a more in-depth phylogenetic analysis (but

see Haerty et al., 2008, for example). From those studies it has become clear that

lineage-specific amplification of different DBD families (at the broad taxonomic

level) and different domain architectures (in the more shallow levels of classifica-

tion) play an important role in TF repertoire evolution. Distantly related phyla

are characterised by amplifications of different DBD families, e.g. the helix-turn-

helix family in bacteria and archaea (Aravind & Koonin, 1999; Charoensawan

et al., 2010a; Pérez-Rueda & Janga, 2010; Pérez-Rueda et al., 2004) or various

types of zinc-coordinating DBDs in eukaryotic organisms (Charoensawan et al.,

2010b; Nowick & Stubbs, 2010; Riechmann et al., 2000; Shelest, 2008; Vaquerizas

et al., 2009). Between more closely-related species, differences are often more

fine-grained, e.g. C2H2 zinc fingers (ZFs) are amplified in many animal TF reper-

toires, but occur in different domain architectures that are specific to certain

clades such as C2H2 - ZAD ZFs in insects, C2H2 - FAX ZFs in amphibians and

C2H2 - KRAB ZFs in vertebrates (reviewed in Nowick & Stubbs, 2010). Such

novel domain combinations can confer distinct roles to TFs containing the same

DBD, e.g. the KRAB domain mediates interactions with the Kap1 cofactor which

in turn recruits a histone deacetylase to modify local chromatin structure and act

as a repressor (Vissing et al., 1995). Besides different types of domains, the num-

ber of occurrences of the same domain in different TFs can span a large range.

The C2H2 - KRAB ZFs in humans, for example, can encode over 30 repeats of
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the C2H2 zinc finger motif (Tadepally et al., 2008; Thomas & Emerson, 2009).

Moreover, the absolute numbers of TFs with certain domain architectures can

also vary greatly between closely related species, as is the case for the C2H2 -

KRAB ZFs which show high copy number variation in different species of mam-

mals and show signs of independent lineage-specific amplifications in different

species (e.g. Tadepally et al., 2008; Thomas & Emerson, 2009), indicating great

evolutionary plasticity of TF repertoires at various taxonomic levels.

Recent work in yeasts, published after my study outlined below was begun,

examined DBD family distribution across the fungi, using data available from

the DBD database (hereafter referred to as DBD-DB to avoid confusion; Wilson

et al., 2008a). Shelest (2008) collected TF repertoires in 62 genomes spanning

the entire kingdom and characterised those according to the types of DBD found.

Overall, the study revealed matches for 37 different Pfam (Finn et al., 2010)

DBD families, five of which were found to be fungi-specific. Those included

the Zn(II)2Cys6 DBD family, which also represents the largest TF family in the

ascomycetous yeasts, the fungal-specific TF domain which was almost exclusively

found in combination with a Zn(II)2Cys6 domain, the APSES DBD as well as the

mating type factor MATα1 DBD (Shelest, 2008).

Here, I will present a comparative analysis of TF repertoires in 15 species of

ascomycetous yeasts belonging to the Saccharomycotina (see Chapter 1, Fig. 1.9

for a full list of species). In this chapter I will mainly focus on the collection

of my dataset, which also formed the basis for subsequent evolutionary analyses

discussed in the following chapters, and the overall composition of TF repertoires

within the species and clades studied with respect to distribution of different

DBDs and domain architectures. I will discuss relative changes in the copy num-

bers of different DBDs and domain architectures and how those relate to genome

evolution, e.g. the whole-genome duplication (WGD) event (see Chapter 1.5.1),

and differences in life style in the three major clades studied. The pipeline used

to assemble TF repertoires was distinct from the approach used by Shelest (2008)

and together with the more detailed comparative analysis provided an extension

to their work. A detailed comparison of the results obtained by Shelest (2008)

and my study will be discussed below.
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3.2 Genome-wide Screen for Transcriptional Regulators

Figure 3.1: The DBD pipeline. Fungal proteomes were first screened for the

presence of a DBD using InterProScan. Candidate accessions were then retrieved

from the Fungal Orthogroups Repository and manually filtered for false positive

matches to obtain the final dataset.

3.2 Genome-wide Screen for Transcriptional Reg-

ulators

3.2.1 Assembling Transcription Factor Repertoires: The

DBD Pipeline

In order to obtain an unbiased view of the DBDs present in the Saccharomy-

cotina I used a manually curated list of 168 InterPro signatures of DBDs from all

domains of life to screen the full proteomes of all species studied. This list had

originally been assembled by Juanma Vaquerizas for use in a screen for DBD-

containing proteins in human (Vaquerizas et al., 2009) and was subsequently

augmented by me with missing fungal DBD signatures that were derived from

domain annotations of known transcriptional regulators retrieved from the Sac-

charomyces Genome Database (SGD). An overview of the pipeline developed for

the collection of fungal TF repertoires is shown in Figure 3.1.

InterProScan v.15 (Hunter et al., 2009) was run on the full proteomes of all 15
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3.2 Genome-wide Screen for Transcriptional Regulators

species. InterPro is an integrated database of a number of different resources cata-

loguing known protein domains based on sequence similarity (ProDom), position-

specific weight matrices (PRINTS) and hidden Markov models (HMMs; PAN-

THER, PIRSF, Pfam, SMART, TIGRFAMs, Gene3D and SUPERFAMILY) as

well as short sequence motifs (PROSITE and HAMAP) that are consolidated

under common InterPro domain and family identifiers (see Hunter et al., 2009,

and references therein). InterProScan uses the native search tools of each of those

consolidated databases to identify domain or family signatures in query sequences

and here scans were performed using all available search tools, keeping the in-

trinsic cutoff values of each of the member databases’ screening methods fixed as

those are optimised for each individual program. InterProScan results were then

filtered for matches to the DBD signatures. Overall, I detected 4028 sequences

that contained one or more matches to 77 of the 168 DBDs screened for.

The sequence identifiers of those were subsequently used to retrieve groups

of orthologous proteins from the Fungal Orthogroups Repository (FOR; Wapin-

ski et al., 2007a) which is discussed in more detail in Chapter 4.2. Briefly, the

FOR contains sequences and their inferred orthologs rooted at the most recent

common ancestor of 23 ascomycetous fungi, the most divergent with respect to

Saccharomyces cerevisiae being Shizosaccharomyces pombe. Such assemblages

of orthologs are referred to as orthogroups and will be an important concept

throughout this thesis. By definition, each orthogroup is derived from a single

homolog in the common ancestor of the species included and members can ei-

ther be in a one-to-one orthology relationship where no duplication events have

occurred since the last common ancestor, or in a one-to-many relationship with

respect to the root where duplications have happened since (see Figure 3.2 for

examples). A special case are “orphan” orthogroups where only a subset of the

species considered is present. These can have arisen either through duplications

that could not be accurately mapped to their homologs, or through losses in other

species and clades.

Lodderomyces elongisporus and Saccharomyces kluyveri were not included in

the initial release of FOR (1.0) and homologs were mapped into existing or-

thogroups based on sequence similarity. Each orthogroup was aligned using Mafft

6.24 (Katoh & Toh, 2008) and alignment regions of potential low quality were
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trimmed using Gblocks 0.91b (Castresana, 2000) with the same settings as de-

scribed in Chapter 2.2. I used HMMER 2.3.2 (see Durbin et al., 1998 and Eddy,

2009) to build global HMM profiles for each of the alignments using hmmbuild.

Profiles were then searched against the respective proteomes and sequences were

added to an orthogroup if a significant match to the orthogroup HMM was found.

If the sequence resulted in significant hits to more than one orthogroup it was

added to the one yielding the highest score. If no significant matches were found,

the sequences were retained as a single-species orphan orthogroups. This ap-

proach had obvious shortcomings as despite using global HMM building and

search settings, often alignable regions of orthogroups were limited to the DBD

and regions of very strong local homology that can result in misassignment even

when phylogenetic information is taken into account (see Chapter 4.4) and was

later abandoned when an updated version of FOR became available that included

L. elongisporus and S. kluyveri (see below).

By taking this approach I hoped to increase the coverage of my dataset in

accounting for instances where the DBD motif, if present, did not produce a strong

enough match to be included in InterProScan results as well as instances where

the DBD has been lost completely. Such loss events are of considerable interest

seeing that they provide examples of functional turnover, e.g. novel mechanisms

of combinatorial regulation by tethering existing interaction partners without the

ability to bind DNA thereby preventing them to perform other functions, or the

loss of TF function all together. This increased the size of the dataset to 6327

sequences in total.

DNA-binding domains occur promiscuously in a large number of proteins,

many of which are not directly involved in transcriptional regulation, e.g. proteins

involved in splicing, DNA repair or telomere maintenance. Furthermore, known

TFs such as Abf1 (see Chapter 3.6.1) are known to perform several functions in

addition to TF activity, in this case including DNA replication and repair. This

necessitates extensive filtering to remove false positives. All FOR orthogroups

retrieved using the pipeline above were annotated in a two-step approach to ensure

maximum sensitivity. An initial search against the Pfam database (Finn et al.,

2010) was used to determine significantly matching domains at the gathering

threshold used by Pfam internally to build full alignments of a domain family.
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Figure 3.2: The orthogroup concept as defined by Wapinski et al. (2007a). One-

to-one orthogroups contain single-copy orthologs of an inferred ancestral protein

in the most recent common ancestor of A,B,C,D and E [A,B,C,D,E]. In this case

the one-to-one orthogroup is said to be complete seeing that it contains descen-

dants in every species. One-to-many orthogroups have experienced duplication

events since the [A,B,C,D,E] ancestor. Here two duplication events (red) and one

species-specific loss (blue) have occurred. Orphan orthogroups contain a subset

of the species studied (one or several). The orphan orthogroup here is said to be

rooted at [A,B] and can have arisen either through losses in C, D and E or been

acquired on the branch leading to A and B.
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This was followed by a second Pfam search with the E-value cutoff set to 10.

If a domain was found only at the loosened threshold (E-value cutoff 10) in a

protein but was detected at the more conservative gathering threshold in another

member of the orthogroup it belonged to, the annotation was transferred.

Orthogroups were then manually filtered and examined for the presence of

accessory domains that were indicative of roles other than transcriptional regu-

lation. The S. cerevisiae ADP-ribosylation factor AGE2, for example, contains

a GATA ZF-like domain but is not involved in transcriptional regulation as is

underlined by the other domain it was annotated with, ArfGap, which mediates

GTPase hydrolysis. If in doubt about a protein’s functional role, I considered

SGD annotation if available. Any orthogroups showing evidence against TF ac-

tivity of at least a subset of members, either through their domain architectures

or consultation of the literature, were removed from the dataset.

Whilst this strategy removed obvious false positives, it is likely that there

remained sequences containing DBDs that are not involved in transcriptional

regulation. Based on comparison with a collection of Saccharomyces cerevisiae

TFs assembled from a range of different biochemical and ChIP-chip experiments

the incidence of this seemed to be relatively low however (see below).

On release of an updated version of the FOR (FOR 1.1) in January 2009,

the second part of the pipeline was rerun excluding sequences that were found

to be false positives in the previous filtering step. The updated dataset was then

filtered again resulting in a final dataset of 3222 putative transcription factors.

Table 3.1 shows the number of candidate TFs retrieved for each species in

different steps of the pipeline. Inclusion of the FOR step did indeed improve

coverage by over 35% compared to the raw InterProScan output. After all filter-

ing steps were applied to the data, the percentage of sequences exclusively found

through the FOR was still close to 20%, proving the utility of this approach.

The discrepancy in percentages between the raw and filtered results however

also indicated an increased inclusion of false positives. Inspection of multiple

sequence alignments during later stages of analysis revealed that this was likely

to be due to a bias in the SYNERGY algorithm underlying the FOR (Wapinski

et al., 2007a) that can lead to artificial grouping together of only marginally re-

lated sequences through shared local similarities. An in-depth discussion of this
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Species InterProScan FOR 1.0 FOR 1.0 filtered FOR 1.1 FOR 1.1 filtered FOR only

Ashbya gossypii 238 399 170 212 179 18

Candida albicans 308 395 234 287 236 41

Candida tropicalis 175 496 237 290 235 117

Candida glabrata 276 441 194 243 208 22

Debaryomyces hansenii 314 541 239 280 239 24

Kluyveromyces lactis 250 424 188 231 193 18

Kluyveromyces waltii 251 436 175 240 196 32

Lodderomyces elongisporus 294 294∗ 206∗ 278 218 33

Pichia guilliermondii 329 532 249 307 254 24

Saccharomyces bayanus 289 459 184 239 205 36

Saccharomyces castellii 264 487 206 261 225 48

Saccharomyces cerevisiae 300 485 202 258 222 19

Saccharomyces kluyveri 124 124∗ 182∗ 213 187 121

Saccharomyces mikatae 309 472 192 254 216 28

Saccharomyces paradoxous 307 465 195 246 209 17

Total 4028 6327 3102 3839 3222 598

Table 3.1: Statistics for each step of the pipeline and the species considered. “In-

terProScan” refers to raw results from InterProScan. “FOR 1.x” results include

InterProScan results as well as the additional homologs retrieved trough inclusion

of different version of the FOR. “FOR 1.1 filtered” is the final dataset used. The

species marked by an asterisk were not included in the FOR 1.0 release but were

mapped into existing orthogroups based on sequence similarity (see above).

is provided in Chapter 4.2. Briefly, the reconstruction of orthogroups includes

a BLAST-based clustering step which was implemented with a relatively liberal

e-value cutoff that presumably was frequently surpassed by sequences sharing

only short homologous regions but that are otherwise unrelated. This resulted in

about a third of orthogroups containing such misclustered sequences (see Chap-

ter 4.2). All affected orthogroups were split and manually reassessed for false

positives. Despite these shortcomings of the algorithm however, the updated ver-

sion of the FOR presented a considerable improvement and increased sensitivity

with a further 120 putative transcription factors found compared to the filtered

FOR 1.0 results. The species that benefitted most from the FOR update were

Saccharomyces kluyveri and Candida tropicalis (“FOR only”, Table 3.1). The

improvement in coverage in those species was very clearly due to the release of a

higher quality set of predicted proteins than the proteome used as initial input

to the DBD pipeline.

Overall about 65% of matches found in the InterProScan step remained in the

final dataset. This will have been partly be due to a large number of false positives
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arising from the short and degenerate nature of some of those motifs, e.g. C2H2

ZFs, discussed further in consideration of results of a genome-wide resampling

experiment of a subset of families (see below). However, this also underlined the

promiscuity of DBDs in general. This promiscuity provides a huge evolutionary

potential with the possibility for new regulatory proteins arising through de novo

acquisition of DNA-binding domains or gain and/or loss of accessory domains

after duplication of genes not previously involved in transcriptional regulation.

An example of this is the Rap1 DNA-binding protein whose ancestral role is in

telomere maintenance but which has been coopted as a transcription factor into

the regulatory network controlling ribosomal regulation and glycolytic pathways

in the Saccharomycetaceae (including post-WGD and pre-WGD clades but not

the CTG clade; see Chapter 1, Fig. 1.9), facilitated by the gain of a transactivation

domain (Tanay et al., 2005).

3.2.2 Assessing Completeness of the Dataset

The fungal species considered in this study differ in their gene architectures,

e.g. the number of intron-containing genes (see Chapter 1.5.1), and hence make

it an elaborate and time-intensive task to perform de novo gene prediction. To

bypass this problem I chose to search the predicted proteomes rather than the raw

genome sequences for DBD-containing proteins based on the hope that individual

genome sequencing projects will have established the best methods for predicting

protein-coding genes in the respective genomes. While the S. cerevisiae proteome

is likely to be of high quality, other species such as Saccharomyces castellii have

been sequenced at low coverage and we would expect the proteomes of those

to be of lesser quality. This has previously been shown to be problematic in a

comparative study of C2H2 zinc fingers in human and chimpanzee: Tadepally

et al. (2008) drew conclusions about certain TFs being human-specific based on

their absence from the chimpanzee predicted proteome, but it was later shown by

Thomas & Emerson (2009) that these absences were in fact often due to the low

quality of the chimpanzee predicted proteome. In order to gauge the completeness

of the dataset collected and to get a handle on how my dataset might be affected

by annotation quality, I performed a genome resampling experiment of selected
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DBDs in a subset of genomes as well as comparisons with previously published

TF repertoires in S. cerevisiae, the results of which are outlined below.

3.2.2.1 Genome Resampling Experiment

I chose a subset of 15 DBD families to screen the full genomic sequence of four

randomly sampled genomes per family. The genomes were assigned to one of

the following categories: (1) trusted, (2) finished and (3) draft, based on the

status of the genome sequencing. To ensure a representative sample from each

category, one genome was chosen from categories 1 and 2 and two were sampled

from category 3. Similarly, the 15 DBD families were chosen based on a broad

coverage of different family sizes and phylogenetic distribution.

HMMs for each DBD selected were downloaded from Pfam (Finn et al., 2010)

and used as input for ESTwise (Birney et al., 2004). ESTwise matches a protein

HMM to a DNA sequence by scoring the HMM against protein models emitted

from the DNA sequence, accounting for gaps and mismatches (but not introns).

The algorithm used was “3:33L” which incorporates insertions and deletions

throughout the the alignment and is in “looping mode”, allowing for multiple

local matches of the domain within an alignment.

ESTwise returns a list of genomic coordinates where the HMM motif has

been found and their associated match scores. Pfam HMMs differ widely in

their specificity for detecting a particular protein family and consequently results

showed one of two patterns of score distributions (Figure 3.3). ESTwise results for

different families either form a discrete (Figure 3.3A) or continuous distribution

of scores (Figure 3.3B). In the latter case, definition of an appropriate detection

threshold is a difficult problem and I decided to use the score of the lowest-scoring

known true positive as a cutoff as this seemed to be the biologically most plausible

solution even though a conservative one (see below for mapping of true positives).

ESTwise hits were matched with the protein sequences retrieved using the

pipeline by their genomic location and were scored as either “matched”, when

the hit fell within 1000 bp of the mapped locus of one of the proteins found using

the DBD pipeline; “non-matched”, where a significant ESTwise match was found

in the genome but I had not retrieved a protein mapping to the same genomic
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Figure 3.3: Illustration of the types of score distributions recovered for different

HMMs in genome-wide screens using ESTWise. Known true positives are indi-

cated in red, other scores in black. A: Score distribution of matches to the heat

shock factor (HSF) DBD in S. cerevisiae. B: Score distribution of matches to the

Zn(II)2Cys6 DBD in S. cerevisiae.

location; or “undetected”, where there was a protein mapping to a particular

location found by the pipeline but no ESTwise hit was found. If multiple matches

mapped into the same open reading frame, they were considered to be repeats of

the domain in a single protein. This should provide a general idea about (a) the

sensitivity of the DBD pipeline in general, (b) the impact of annotation status

on the completeness of results and (c) whether using ESTwise, which does not

model introns, was appropriate for addressing (a) and (b). The results of the

resampling experiment are shown in Tables 3.2 and 3.3.

Table 3.2 shows the consolidated coverage statistics from the genome resam-

pling experiment. The overall agreement between the DBD pipeline and the

ESTwise approach (“matched”) was 86.11%. 2.92% of DBD proteins were exclu-

sively found by the DBD pipeline, thus giving this approach an overall coverage

of approximately 89%. Also, the small percentage of proteins that were missed

by the resampling approach indicated that ESTwise’s inability to model introns

did not have a major influence on its performance in the species used in this

study and therefore was suitable for the assessment of completeness. I examined
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Matched Non-matched Undetected Total DBD All found Not annotated

All families 502 17 64 519 583 18

% 86.11 2.92 10.98 89.02 7.89

Table 3.2: Coverage statistics across all genomes and families analysed in the

genome resampling experiment. The number of “matched”, “non-matched” and

“undetected” hits refer to hits detected by both ESTWise and the DBD pipeline,

DBD pipeline only and ESTWise only respectively. “Total DBD” refers to the

proportion of all hits found by either methods (“All found”) that were detected

by the DBD pipeline and “Not annotated” is counting the number of hits not

found by the DBD pipeline that were due to missing protein predictions.

the remaining 10.98% of matches that were exclusively found by the resampling

approach by searching the proteome for each species using BLASTx (Altschul

et al., 1990) and a 1kb region around the genomic location where the hit had

been found to see whether these were due to missing annotations. Indeed, 18 out

of the 64 DBD proteins that were found using the resampling approach but not in

the DBD pipeline were not present in the annotated proteomes of the respective

species.

A detailed breakdown of the different attributes of the genomes and TF fam-

ilies selected for resampling, such as genome annotation status, gene family size

and whether or not ESTwise scores were distributed in a discrete or continuous

way gave further insights into the performance of the pipeline on subsets of the

data (Table 3.3). Overall sensitivity of the DBD pipeline ranged from 85% to

99% depending on which subset was considered. As expected, performance was

worst in the low coverage genomes (Table 3.3; Annotation quality “draft”) and

reflected the fact that just under a third of hits detected by ESTWise only were

due to missing predicted proteins in the proteome versions used (see Table 3.2).

The best performance was seen for medium-sized DBD families (Table 3.3; Fam-

ily size “2”) where the DBD pipeline sensitivity was close to 99%. Presumably

this was due to increased sensitivity of family HMMs for those seeing that they

were likely to include a larger number of fungal representatives in Pfam (Finn

et al., 2010) due to the increased copy number. The two very large families (C2H2

ZFs and Zn(II)2Cys6 ZFs) did not benefit from this increased sensitivity however,
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Factor Category Matched Non-matched Undetected All found DBD sensitivity

Score distribution

D
51 7 6 64

79.7% 10.9% 9.4% 90.6%

C
451 10 58 519

86.9% 1.9% 11.2% 88.8%

Annotation quality

trusted
131 6 13 150

87.3% 4.0% 8.7% 91.3%

finished
120 5 6 131

91.6% 3.8% 4.6% 95.4%

draft
251 6 45 302

81.3% 2.0% 14.9% 85.1%

Family size

1
51 7 6 64

79.7% 10.9% 9.4% 90.6%

2
83 5 6 89

93.3% 5.6% 6.7% 98.9%

3
368 5 52 425

86.6% 1.2% 12.2% 87.8%

Table 3.3: Coverage statistics from the genome resampling experiment by sample

category (“Factor”). Score distributions are either discrete (“D”) or continuous

(“C”); annotation quality is binned by 1: trusted, 2: finished and 3: draft (see text

for details), gene family size distribution is binned according to average number

of copies per genome, 1: 1-10, 2: 10-20, 3: >20. Percentages are calculated with

respect to the to the total number of sequences found by both methods.
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most likely due to their short and degenerate motifs and promiscuous occurrence

in the genome (see Fig. 3.3B for example). Indeed, the C2H2 ZFs provided the

largest proportion of hits missed by the DBD pipeline (∼50%). Nevertheless,

whether or not scores were distributed discretely or continuously did not greatly

alter the sensitivity of the DBD pipeline (Tab. 3.3, Score distribution) suggesting

that missing protein annotation in the largest DBD families had the greatest im-

pact on performance of the pipeline. It needs to be emphasised at this point, that

some DBD families such as the C2H2 ZFs can encompass a number of subfamilies

that are not functioning in transcriptional regulation (see Krishna et al., 2003).

As such the numbers presented here are likely a conservative estimate of missing

regulators.

In summary, the DBD pipeline proved to be an adequate approach for assem-

bling TF repertoires in yeasts without entirely reannotating parts of individual

genomes which was beyond the scope of this study. Overall coverage was close

to 90% which provided a reasonable overview of the transcriptional regulators

encoded within the genomes of the species studied.

3.2.2.2 Comparison to Published Datasets

In addition to the resampling approach, I compared the S. cerevisiae DBD pro-

teins collected with a database of transcriptional regulatory proteins (Wilson

et al., 2008a) as well as a previously published dataset of transcriptional regula-

tors collected from a series of experimental studies (Jothi et al., 2009).

The DBD Transcription Factor Prediction Database (DBD-DB; Wilson et al.,

2008a), is a database of automatically predicted transcription factors based on the

presence of a sequence-specific DBD motif. DBD-DB uses Pfam (Finn et al., 2010)

and SUPERFAMILY (Gough et al., 2001) for detection of DBD motifs, a subset

of the methods implemented in InterProScan (Hunter et al., 2009). Despite the

availability of other species studied here in DBD-DB, I decided to focus on S. cere-

visiae for an in-depth comparison (Figure 3.4). This was due to the extensive

availability of functional annotation and consequent relatively easy assessment of

false positives. Statistics for other species available in DBD-DB closely mirrored

those obtained for S. cerevisiae and can be found in the Appendix, Table A.1.
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Figure 3.4: Comparison of the collected TF repertoire for S. cerevisiae “DBD

pipeline” with the datasets retrieved from DBD-DB (Wilson et al., 2008a) and

Jothi et al. (2009).
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DBD-DB contains 177 DBD-containing proteins for S. cerevisiae (as of June

2010), 168 of which were shared with the dataset I collected using the DBD

pipeline. Inspection of the nine missing proteins revealed that seven of those are

not involved in transcriptional regulation and/or do not bind DNA in a sequence-

specific manner and are thus false positives. In contrast, 54 DBD proteins were

uniquely found by my DBD pipeline and included well-characterised TFs such as

MSS11, MET4 or OPI1 as well as uncharacterised open reading frames, under-

lining the value of using the combined InterProScan and FOR approach instead

of relying on previously published datasets for increased sensitivity.

Jothi et al. (2009) assembled the S. cerevisiae transcriptional regulatory net-

work from an array of biochemical and ChIP-chip experiments focussing on inter-

actions involving sequence-specific DBD proteins to the exclusion of chromatin

remodelling factors. Overall, they retrieved 158 DBD proteins, 149 of which were

shared with my dataset. Out of the nine missing proteins, four were false positive

hits. Conversely, 73 DBD proteins were exclusively found by the DBD pipeline.

The remaining five proteins not found by the DBD pipeline were subsequently re-

trieved from the FOR along with their homologs in other species and added to the

final dataset. Inspection of the domain architecture of those revealed that none of

the sequences had significant matches to any of the InterPro signatures screened

for and had thus not been detected in the DBD pipeline. Finally, I found no TFs

that were represented in both DBD-DBD and the Jothi et al. (2009) dataset but

not detected by the DBD pipeline further underlining the good coverage of my

dataset.

Overall, I am thus confident that the final version of the data (as of June

2010) is a comprehensive collection of TF repertoires in the species studied. The

DBD pipeline approach proved to be of good coverage, reaching approximately

90% sensitivity when averaged across different families and genomes. Specificity

however was relatively low, seeing that as little as 65% of original InterPro hits

were retained in the final dataset. This was due to both the promiscuity of DBDs

as well as the sometimes short and degenerate motifs that are likely to result in

false positives and false negatives alike. The C2H2 ZF motif is 23 amino acids

long and only seven of those are strongly constrained (Finn et al., 2010). In line

with this, ESTWise reported over 33,000 hits of this motif in the C. albicans
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genome which, although generally low-scoring, is in stark contrast with the small

number of hits retrieved for e.g. the heat shock factor DBD (Fig. 3.3A). Further-

more, C2H2 ZFs can also bind to RNA and other proteins (e.g. Brayer & Segal,

2008) thus highlighting not only the difficulty in initial detection of C2H2 ZF pro-

teins but also the ambiguities about their functional role. Here, I have overcome

these issues through extensive manual filtering and consultation of the literature.

While this approach was feasible for organisms with small genomes and sufficient

experimental data, higher eukaryotes can encode thousands of TFs, very few of

which have been experimentally confirmed (Vaquerizas et al., 2009), and so the

approach is not likely to scale well. Studies such as the one I presented here,

however could be used to derive rules for more automated annotation of TFs in

other organisms, although this is beyond the scope of this thesis.

3.3 Transcription Factor Repertoires in the Sac-

charomycotina : A Parts List

Table 3.4 shows a summary of the numbers of transcription factors retrieved in

relation to the total number of protein-coding genes in the species studied. Over-

all, transcription factor repertoires were relatively stable in size with respect to

the numbers of annotated genes in each genome, making up between 3.5 to 4.5%

of protein-coding content which is in line with previous estimates (e.g. Riech-

mann et al., 2000). Noticeably, the percentages in Saccharomyces paradoxous,

Saccharomyces mikatae, Saccharomyces bayanus and Saccharomyces castellii are

slightly higher compared to the closely related S. cerevisiae and Candida glabrata.

This excess in relative contribution of TFs might be due to the comparatively

low quality of annotation in those species: The number of protein-coding genes

predicted in S. mikatae, S. bayanus and S. castellii is lower overall than in S. cere-

visiae and C. glabrata and it is conceivable that DBD-containing proteins would

be easier to detect, given their occurence in big and often well-defined families as

well as their inclusion in the Yeast Gene Order Browser (YGOB; Byrne & Wolfe,

2005) incorporated into the Synergy algorithm allowing for easier detection of

homologs in those species. S. kluyveri, conversely, has the lowest percentage of
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Total Numbers of

Species TFs DBD Families Annotated Genes %TFs

S. cerevisiae 226 45 5807 3.89

S. paradoxus 215 45 4788 4.49

S. mikatae 221 44 4525 4.88

S. bayanus 211 45 4492 4.70

S. castellii 231 45 4677 4.94

C. glabrata 214 45 5283 4.05

K. lactis 201 46 5329 3.77

A. gossypii 186 44 4718 3.94

K. waltii 186 44 5230 3.56

S. kluyveri 187 45 5321 3.51

C. albicans 241 46 6354 3.79

C. tropicalis 234 45 6258 3.74

L. elongisporus 217 45 5802 3.74

P. guilliermondii 254 44 5920 4.29

D. hansenii 240 46 6564 3.66

Table 3.4: Numbers of TFs collected in each species and relationship to the total

number of protein-coding genes. Rows are coloured by the three major clades:

(yellow) post-WGD; (green) pre-WGD; and (blue) CTG.

transcription factors relative to the size of its predicted proteome. This probably

reflects that the initial InterProScan search has been performed on an old, lower

quality set of annotations than the one included in FOR 1.1 and consequently

might be missing a number of singleton TFs that had not been included in the

original annotation or remained undetected by InterProScan.

Similarly, the number of families found in each genome is fairly stable, rang-

ing from 44 to 46 families each. Interestingly, none of the genomes encodes TFs

in all 48 families detected. A detailed breakup into contribution of DBD fami-

lies is shown in Figure 3.5. Here every TF is categorised by the presence of one
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type of DBD. Overall, the composition of TF repertoires is very similar across

all 15 species. The majority of DBD families are present in low copy number,

with ∼68% of families accounting for ∼26% of DBDs encoded in the collected

TF repertoires. A further 18% of families are predominantly present in inter-

mediate numbers (4 to 12 copies each) contributing another 22%, whilst the

remaining four families have been heavily amplified, making up over 50% of the

TF repertoires. The main contributors to TF repertoires in the Saccharomycotina

include two families of zinc-coordinating DBDs, the fungal-specific binuclear clus-

ter (Zn(II)2Cys6) and C2H2 zinc fingers as well as the less well-characterised, also

fungal-specific Fungal trans domains. These findings mirror previous reports of

transcription factor repertoires in ascomycetous fungi (Babu et al., 2004; Riech-

mann et al., 2000; Shelest, 2008). In the following I will discuss some of the most

significant trends based on the distributions of DBDs as well as the different do-

main architectures they occur in, and comment on the biological implications of

these findings.

3.4 DNA-binding Domain Distribution

As mentioned above, I found the contribution of different DBDs to the TF

repertoires to be highly asymmetric. The Zn(II)2Cys6 zinc fingers (“Zn clus”

in Fig. 3.5) form the largest family across all species, ranging between 39 and 91

members in Ashbya gossypii and Pichia guilliermondii respectively. Zn(II)2Cys6

zinc fingers predominantly belong to the ascomycete family although one member

has been found in a basidiomycete species (see Chapter 1, Fig. 1.9 for phylogenetic

relationships), suggesting either an older origin and subsequent large-scale loss

or horizontal gene transfer (MacPherson et al., 2006). Zn(II)2Cys6 zinc fingers

frequently occur in combination with a Fungal trans domain, the third biggest

contributor to TF repertoires, which is almost exclusively found in this arrange-

ment, where the Zn(II)2Cys6 domain is located at the N-terminal and the Fun-

gal trans domain at the C-terminal end of the protein. Although I found several

occurrences of the Fungal trans domain in isolation, these were small in number

and in orthogroups containing few homologous sequences suggesting its depen-

dency on the Zn(II)2Cys6 domain for canonical functionality. The Zn(II)2Cys6
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domain however was frequently found to occur in isolation as is evident from the

difference in abundance between those domains (Figure 3.5).

The second largest contributors to the TF repertoires were the C2H2 zinc fin-

gers. This DBD is conserved across all of eukaryotic life and is amplified heavily in

several taxonomic groups including human and Drosophila melanogaster (Emer-

son & Thomas, 2009). Less heavily amplified, but still in substantial copy number

were proteins containing one or more Myb-like DBDs. These are also conserved

across all of the eukaryotes but show most diversity in plants (Jiang et al., 2004;

Riechmann et al., 2000) and as a family remain relatively understudied, especially

in fungi.

None of the families showed a substantial increase in copy number following

the WGD (marked by the vertical dashed line in Figure 3.5) compared to their

immediate relatives. This is in line with the findings that most duplicate genes

were lost quickly after the WGD event (Scannell et al., 2006) and argues for

the lack of a large-scale effect of the WGD on the overall composition of TF

repertoires. This was despite an overall increase in numbers of regulators and a

larger proportion of TFs with respect to the total number of protein-coding genes

(Table 3.4), suggesting that gains through the WGD were spread among several

families.

An example of lineage-specific gain is the BAF1 ABF1 DBD, found in the

multifunctional global regulator ABF1 that is thought to be involved in a variety

of functions including gene activation and repression, silencing, DNA replica-

tion and chromatin remodelling (Miyake et al., 2004). This domain seemed to

have appeared on the lineage leading to the clade spanning S. cerevisiae and

A. gossypii and is generally not found outside this group of species, although the

InterPro database (Hunter et al., 2009) suggested the presence of a single copy in

one of the Drosophila species as well as barley which, if correct, would be most

parsimoniously explained by horizontal gene transfer, although the origins of the

fungal domain itself remain unclear. Horizontal gene transfer, the transmission

of genetic material other than through the germline, is a common mechanism

for the gain of new TFs in bacteria (e.g. Price et al., 2008). Although horizon-

tal gene transfer between eukaryotes has classically been thought of as rare (see

Keeling & Palmer, 2008 for review), it has recently been shown that transposable
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Figure 3.5: Distribution of different DBDs in TF repertoires across the Saccha-

romycotina. Fields are coloured depending on the number of family members

found in each genome and sorted by the number of family members in S. cere-

visiae. The WGD event is indicated by a dashed line and a star. Families marked

in red are discussed in more detail in the main text.

112



3.4 DNA-binding Domain Distribution

elements (TEs) have the potential to be transferred between higher eukaryotes,

e.g. (Pace et al., 2008). Conceivably they could carry other genetic material,

including parts of or full DBDs, during transmission. The recent TE coloniali-

sations of higher eukaryote genomes also have implications for the establishment

of new DBD families such as the WRKY-GCM1 zinc fingers which derive from

the DBD of a transposase (Babu et al., 2006c). By this mechanisms related DBD

families could have been established independently in different clades, although

currently there is lack of evidence supporting any of the horizontal transmission

scenarios in this case.

Apart from the BAF1 ABF1 domain, all remaining DBDs found were an-

cestral to the group of species studied here based on information obtained from

InterPro (Hunter et al., 2009). In consideration of this, I found lineage-specific

losses in several of the 48 DBD families. The larger patterns of absence across

entire clades included the zf-MIZ, SGT1 and HTH AraC domain families. In the

case of the zf-MIZ DBD, which has been lost in the clade spanning S. cerevisiae

and A. gossypii, there were still instances of this domain in the proteomes of those

species, but these were not found in proteins directly involved in transcriptional

regulation. There was no direct evidence for involvement of the remaining ho-

mologs in transcriptional regulation either but they lack the accessory domains

associated with the SUMO ligase functionality found in the proteins removed

as false positives. The SGT1 family appeared to have been lost from the Sac-

charomyces sensu stricto species. These domains occur across the eukaryotes,

albeit in low copy number, and are well-conserved (Kainou et al., 2006). SGT1

homologs have been shown to function, possibly as coactivators, in carbohydrate

metabolism and this finding was thus of considerable interest and will be dis-

cussed in detail below. HTH AraC is a predominantly bacterial DBD and is

found across the Ascomycota in combination with an Ada domain which is also

of bacterial origin, suggesting an ancient horizontal gene transfer into this clade.

This DBD has been lost from most species, being retained only in C. albicans,

Debaryomyces hansenii, Candida tropicalis and Pichia guilliermondii (Fig. 3.5).

Other examples of losses included the MATα1 (MAT Alpha1 in Fig. 3.5), mat-

ing regulators which were also of interest as the yeasts studied here have evolved

very different strategies for the control of mating loci (e.g. Butler et al., 2004; Lee
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et al., 2010b; Tsong et al., 2006; see Chapter 1.4.2.2 for discussion). The data

collected suggested the absence of MATα1 factors from A. gossypii, S. kluyveri,

C. albicans, Lodderomyces elongisporous and P. gulliermondii. A literature search

however revealed that C. albicans, for example, does indeed encode an ortholog

of S. cerevisiae MATα1 that was previously undetected (Soll et al., 2003). This

was due to not being in the genome of the strain sequenced and had thus also not

been included in the proteome. Unlike most of the Saccharomyceraceae, species

in the CTG clade do not encode silent mating type loci, coding for silenced copies

of both mating types (Butler et al., 2004; Génolevures Consortium et al., 2009;

Lee et al., 2010b; Soll et al., 2009). It is possible that the sequenced genomes

thus only contain orthologs for one of the two mating types commonly found,

depending on which strain has been sequenced, thus necessitating more thorough

investigation. Similarly, there appeared to be several species-specific loss events

(such as for the PC4 and YL1 domains). These also need additional investigation

to exclude the possibility that they were merely missed during data collection

and will not be discussed here in further detail.

The results I obtained here were qualitatively similar to the study by Shelest

(2008) reviewed in the introduction to this chapter, who also found the predom-

inance of Zn(II)2Cys6 zinc fingers. Overall they had found 37 families of Pfam

DBDs, 30 of which were also included in my dataset. The remaining six were

either not present in the Saccharomycotina (CP2, HTH psq) or found in proteins

involved in other functions in this clade (TFIIH C1, DDT, Not1, SART-1,zf-

C5HC2). Conversely, there were 17 families in my dataset not found by Shelest

(2008), including BAF1 ABF1 mentioned above and Rap1 which is also referred

to throughout this thesis due to its central role in the rewiring of ribosomal pro-

teins (e.g. Chapters 1.4.2.1 and 6.5.1). The gain and divergence of both those

TFs proved to be of considerable biological importance (see below). Closer in-

spection of four of the additional DBD families in my dataset, despite a role in

transcriptional regulation, however also indicated lack of evidence for TF roles

in the Saccharomycotina and were excluded from downstream analyses in the

following chapters (GAL11, zf-CCCH, HSA and SNF5).
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3.5 Domain Architectures

Next, I focussed on the different domain arrangements that these DBDs occurred

in. An overview of the domain architectures recovered and their relative abun-

dance is shown in Figure 3.6. Compared to considering DBDs in isolation, we

begin to see more detailed dynamics of family evolution that were previously con-

cealed. The C2H2 zinc fingers for example occur in several domain architectures

that are amplified to different extents in different clades (e.g. TFs containing ei-

ther two or three C2H2 fingers, highlighted in blue in Fig. 3.6). One of the most

interesting global patterns emerges in C. glabrata and S. castellii, the species that

diverged in quick succession just after the WGD. In contrast to the loss of dupli-

cate copies experienced by the Saccharomyces sensu stricto species, those differ

in their retention and loss patterns and S. castellii has retained a larger propor-

tion of the duplicated TFs (cf. Table 3.4). This has been previously described

by Scannell et al. (2006) in an analysis of patterns of reciprocal gene-loss after

the WGD and includes major transcriptional regulators such as STE12, TEC1,

TUP1 and MCM1 suggesting greater regulatory complexity in those species.

The increase in the number of transcriptional regulators in the CTG clade (see

Table 3.4) is to the greatest part accommodated by large lineage-specific expan-

sions of TFs with Zn(II)2Cys6 domains, both in isolation and in combination with

an N-terminal Fungal trans domain (Fig. 3.6, purple). The abundance patterns

of TFs containing an isolated Fungal trans DBD in contrast are somewhat erratic

and in low copy number, further arguing for its dependence on the Zn(II)2Cys6

domain to carry out its role as a transcriptional regulator. The exact function

of this domain is not well-understood and although annotated as DNA-binding

in Pfam, it has been implicated in regulating transcriptional activity and ligand-

binding (MacPherson et al., 2006). Its functionality as “stand-alone” TF is thus

unclear, although even without a Zn(II)2Cys6 zinc finger it might function as a

regulatory cofactor, given that TFs containing both domains often act as homo-

or heterodimers (MacPherson et al., 2006). Interestingly, the third most abun-

dant class of TFs, C2H2 zinc fingers containing a tandem repeat of the zinc finger

domain, have remained relatively stable in their abundance. The main increase

in C2H2 zinc finger-containing TFs in Candida species and their close relatives is
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seen in proteins containing three C2H2 repeats (Fig. 3.6; zf-C2H2x3). One might

speculate that this is a feature of greater regulatory complexity seeing that the

binding motifs of tandem C2H2 (Fig. 3.6; zf-C2H2:zf-C2H2) are short with each

zinc finger recognising a three nucletotide stretch of DNA and that in order to

sustain sufficient regulatory specificity, amplification beyond a certain size is lim-

ited to TFs with higher DNA-binding recognition specificities. Indeed genomes

encoding large numbers of C2H2-containing TFs tend to have larger number of

zinc finger repeats (Emerson & Thomas, 2009). The TF repertoires collected also

include C2H2 zinc finger proteins with larger numbers of zinc finger repeats (four,

six and seven) but those have remained comparatively stable in number, raising

the possibility of an “upper bound” to the optimal length of DNA-binding motif

for families displaying large evolutionary plasticity that is in some way related to

the rate of cis-regulatory DNA evolution.

Beside these larger amplifications, there are a number of smaller amplifications

specific to the Candida species cluster (Fig. 3.6, purple), seeing copy number

increases in several of the smaller TF repertoire contributors. Examples of those

are NDT80 / PhoG like DNA-binding proteins, the duplicate of which has been

found to be involved in drug resistance in C. albicans (Chen et al., 2009) and

RFX2, a C. albicans homolog of S. cerevisiae RFX1, encoding a RFX DNA-

binding domain that is also thought to play a role in virulence (Hao et al., 2009).

With respect to the domain architectures found there is some evidence of

lineage-specificity, for example the zf-C3HC4:Zn clus:Fungal trans domain ar-

rangement which includes a zf-C3HC4 domain to the N-terminal of the binuclear

cluster zinc finger appears to be specific to the Candida lineage where it has

subsequently been amplified. Another example are the homologs of S. cerevisiae

IXR1 that contains two high mobility group box DBDs (HMG box:HMG box;

Fig. 3.6, orange) ,and can bind DNA containing intrastrand cross-links (Lambert

et al., 1994). This architecture appears to have been lost from Candida and re-

lated species. Furthermore I find incidences of potential domain shuffling, that

must have occurred before the divergence of the species considered here based

on their phylogenetic distribution, e.g. the ZZ:Myb DNA-binding:SWIRM and

SWIRM:ZZ:Myb DNA-binding TFs where the SWIRM domain has moved from

one end of the protein to the other.
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Figure 3.6: Domain architectures recovered in Saccharomycotina TF repertoires.

Cases of lineage-specific expansion or loss are highlighted in orange (Saccharomyc-

etaceae) or purple (CTG clade). The whole-genome duplication is marked by an

asterisk. Both C.glabrata and S. castellii, the two species that diverged just af-

ter the WGD show distinct patterns of retention of WGD duplicates (red box).

Numbered rows are referred to in the main text.
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3.6 Functional implications

The genome-wide analysis of transcriptional regulators has not only produced an

overview of the global patterns describing TF repertoire evolution, but is also

detailed enough to provide information about individual evolutionary histories

of DBD families that are relevant to the biology of the species studied. In the

following section I will discuss selected examples of TFs showing lineage-specific

patterns of copy number abundance that are of functional importance considering

the biology of the yeasts studied here. These will include the multifunctional

transcriptional regulator ABF1, the SGT1 regulatory protein that has been lost

in the Saccharomyces sensu stricto species, some of the regulators that were

retained in duplicate after WGD in S. castellii or C. glabrata but subsequently

lost in other species and an overview of TFs showing lineage-specific amplification

in the CTG clade.

3.6.1 Evidence for gain of function in ABF1 after the

WGD and a possible role in efficient establishment

of petite morphs

ABF1 encodes a multifunctional regulatory protein that is essential in S. cere-

visiae. It performs a wide range of functions, acting as a transcriptional activator

as well as repressor (Miyake et al., 2004) in a variety of cellular processes such

as carbon source regulation, meiosis, sporulation, mitochondrial and ribosomal

regulation (see Miyake et al., 2004, and references therein). Furthermore, ABF1

is involved in DNA replication, the role in which it had been originally identified

(Rhode et al., 1989), and nucleotide excision repair (Reed et al., 1999), chromatin

remodelling (Venditti et al., 1994) and gene silencing (Rusche et al., 2003). Its

high abundance and ubiquity in the regulatory network (Lee et al., 2002; Lus-

combe et al., 2004) underline the essential role of this protein in S. cerevisae.

Figure 3.7 shows an overview of the domain architecture of ABF1 in S. cere-

visiae and the corresponding sections of the multiple sequence alignments in the

species encoding ABF1 homologs found in this study. The protein contains a bi-

partite DBD with an abnormal zinc finger domain at the N-terminal end (DBD1)
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Figure 3.7: Mutliple sequence alignment of the conserved regions of ABF1. Stars

indicate experimentally characterised phosphorylation sites and are discussed in

more detail in the main text.

and a second part, resembling a helix-loop-helix domain (DBD2) further down-

stream seperated by a conserved linker region. Whilst both parts are important

for DNA-binding activity, DBD2 has been implicated for determining binding

specificity (Cho et al., 1995). The linker region is absent in species that diverged

before the WGD and has been shown to be dispensable for DNA-binding activity

in S. cerevisiae through deletion studies (Cho et al., 1995) as well as the rescue

of an inviable ScABF1 knockout mutant by replacement with the homologous

protein from K. lactis (Gonçalves et al., 1992).

ABF1 also contains a C-terminal activation domain that can be separated

into several individual components that perform distinct roles, contributing to
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the great functional modularity of this protein (Loch et al., 2004; Miyake et al.,

2002). The C1 region (see Figure 3.7) spans a stretch of four amino acids in

S. cerevisiae and has been determined to be important for nuclear localisation of

Abf1p (Loch et al., 2004). A temperature sensitive mutation in ScABF1, K625I,

marked by the green asterisk in Figure 3.7, disrupts nuclear localisation of Abf1p

at high temperatures that was found to be rescued by the addition of a heterolo-

gous nuclear localisation sequence (NLS) (Loch et al., 2004). Interestingly, these

authors identified a second region capable of mediating moderate levels of nuclear

import upstream of C1 indicating the presence of several different pathways for

nuclear import. The C2 region just downstream of the C1 region has been impli-

cated to have a role in chromatin remodelling and consequently DNA replication

as well as transcriptional activation (Miyake et al., 2002). Indeed, the ScABF1

C2 region was found to be sufficient for chromosomal activation and stimulation

of transcriptional regulation when fused to a heterologous DBD. The function of

the region just at the C-terminal of the protein, referred to as “C3” from this

point, is less well-understood. Despite its considerable conservation, this region

has usually been found to be “dispensable” in functional studies of the C-terminal

end of S. cerevisiae ABF1 (Loch et al., 2004; Miyake et al., 2002). Given the

strength of the phenotypes resulting from mutations in C1 and C2, however and

the functional modularity of the protein, it is likely that any potential effects of

this region have thus far been masked by the penetrance of other mutations in

the conditions tested. Indeed, C3 has been found to contain a casein kinase II

phosphorylation site (blue asterisk, Figure 3.7) arguing for a functional role of

the conserved C-terminal end of ABF1 (Upton et al., 1995).

Analysis of the abundance pattern and multiple sequence alignments of ABF1

in the TF repertoires I collected (see Figure 3.6, note 1; Figure 3.7) revealed sev-

eral interesting points with respect to evolutionary mechanisms generating such

multifunctional proteins as well as the biology of the species studied. Firstly,

ABF1 has been retained in duplicate after the WGD in S. castellii only, whilst

WGD duplicates were lost in all other post-WGD species studied here. Ex-

amination of the alignments of all collected homologs gave evidence for sub-or

neofunctionalisation of one of the two copies. Scas721.136 (top line Fig. 3.7) is

diverging faster than its WGD paralog Scas717.63 (bottom line, Fig. 3.7), having
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accumulated mutations in both parts of the DBD that had previously been deter-

mined to be important for DNA-binding activity in S. cerevisiae (red asterisks,

Figure 3.7). The most striking of these are possibly the substitution of an other-

wise highly conserved histidine to a glutamine in DBD1 (pos. 38; Fig. 3.7), which

forms an important part of the zinc finger motif (Cho et al., 1995), and substi-

tution of an equally well-conserved proline residue to a valine in DBD2 (pos. 34;

Fig. 3.7). Indeed, both parts of the Scas721.136 DBD harbour numerous other

substitutions, suggesting changes in DNA-binding ability and/or specificity. The

C-terminal conserved regions of Scas721.136 also show greater divergence than its

paralog, with C1 essentially missing. It needs to be noted that alignment around

the C1 region is difficult however and it is not clear if either the second S. castellii

or the C. glabrata homologs contain a functional NLS or a phosporylation site,

both of which are clearly conserved in the Saccharomyces sensu stricto species.

Similarly, the C3 region shows less conservation in Scas721.136 compared

to the other homologs. Notably, the serine which is phosphorylated by casein

kinase II (Upton et al., 1995) is only conserved in the post-WGD species (blue

asterisk, Figure 3.7). The C2 region in turn is conserved across all homologs

found, reflecting the importance of chromatin remodelling to most if not all of

the functions known to be carried out by Abf1p. Given these results it thus

appears that whilst the Scas717.63 homolog of ABF1 is under selective pressure

to retain most of the functionality of its counterpart in other species, its WGD

paralog Scas721.136 is diverging in both its DBD and regulatory regions whilst

retaining at least part of the functionality as evidenced by the retention of the

C2 region.

Secondly, the phylogenetic distribution of ABF1, which seems to have ap-

peared in a common ancestor to the Saccharomycetacae according to this study

and supported by the absence of this domain outside this clade in the InterPro

database (Hunter et al., 2009) is striking, given the extent of integration of this

protein into the regulatory network as well as numerous other cellular processes

in S. cerevisiae, providing a great example of the evolutionary plasticity in gene

regulatory networks. Furthermore, the appearance of ABF1 coincides with sev-

eral interesting biological processes, exclusive to that clade, in which Abf1 has

been found to play a role in S. cerevisiae.
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Saccharomyces cerevisiae is known as a Crabtree-positive yeast, meaning even

in aerobic conditions it preferentially ferments glucose and fructose to ethanol in-

stead of utilising the more efficient respiratory pathways when those sugars are

present in high concentrations (see Chapter 1.5.2; Postma et al., 1989). This

property is shared with other species that diverged after the WGD, along with

the ability to grow under strict anaerobic conditions and the generation of stable

respiratory-deficient mutants called “petites” (Merico et al., 2007). Petite mu-

tants are characterised by deletions of all or parts of the mitochondrial genome,

disrupting aerobic metabolism(Piskur, 1994). The ability to form and maintain

petite mutants is largely thought to be restricted to species within the Saccha-

romycetacae (Bulder, 1964), although Candida albicans has also been reported

to give rise to petite mutant colonies more recently (e.g. Roth-Ben Arie et al.,

1998). The ability to form petites has often been suggested to be related to the

metabolic capability to grow under strictly anaerobic conditions. A recent study

examining the coincidence of those capabilities has indeed found that the post-

WGD species, displaying the most efficient anaerobic metabolisms, were all (with

the exception of three species that diverged soon after the WGD) able to gener-

ate petite mutants (Merico et al., 2007). The pre-WGD species in turn display a

mosaic pattern with respect to being able to grow anaerobically and generation of

petites, suggesting that the basic metabolic prerequisites for both these processes

were present in the last common ancestor of the Saccharomycetaceae but have

been fine-tuned after the WGD (Merico et al., 2007). Indeed, it has been sug-

gested that fine-tuning of the anaerobic metabolism through an increased ratio

of glycolytic enzymes after the WGD and a resulting increase in concentrations

has led to an increase in glycolytic flux in the post-WGD species, increasing the

efficiency of fermentation to an energetically favourable level (Conant & Wolfe,

2007).

Petite formation and the biochemical and physiological processes behind it

however remain less well-understood. The fact that amongst the pre-WGD

species examined by Merico et al. (2007), there were species that could not grow

under anaerobic conditions, even on rich media, but were still found to be petite-

positive such as Kluyveromyces wickerhamii, or in reverse were petite-negative

but could grow anaerobically, such as S. kluyveri, suggests that while the ability
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to grow anaerobically even on minimal medium probably aids the maintenance of

petites there are additional mechanisms in place controlling the response to loss of

all or parts of the mitochondrial genome. Abf1p has recently been implicated as

an important regulator in intergenomic signalling between the mitochondrial and

nuclear genomes in S. cerevisiae (Woo et al., 2009). Cells lacking mitochondrial

DNA experienced downregulation of genes involved in mitochondrial respiration

and oxidative phosphorylation, TCA cycle, amino acid metabolism and the tran-

scriptional regulator CAT8, responsible for derepression of genes required under

non-fermentable growth conditions (Woo et al., 2009). Woo et al. (2009) specifi-

cally linked the downregulation of COX6, a subunit of the cytochrome c oxidase,

to regulation by Abf1p. Indeed, COX6 expression levels have previously been

shown to be dependent on the phosphorylation status of Abf1p (Silve et al.,

1992). Out of the 66 genes that were found downregulated through intergenomic

signalling, 26 contained a binding motif for Abf1p in their promoters suggesting

a broader role amongst those (Woo et al., 2009).

Considering these results in light of the phylogenetic distribution of ABF1

(Fig. 3.8) one can hypothesise about the involvement of intergenomic signalling

and the resulting downregulation of genes involved in respiratory metabolism

in the ability to generate stable petite mutant colonies. Repression of genes

superfluous to respiratory metabolism conceivably confers an energetic advantage

to the cell, being able to use those resources elsewhere, and might thus aid the

success of respiratory-deficient mutants. The presence of ABF1 in the pre-WGD

species, yet petite-negative status of all pre-WGD species included in my dataset

(see Merico et al., 2007) suggests that if intergenomic signalling mediated through

Abf1 plays a role in formation and maintenance of petites, such mechanisms have

arisen after the WGD. Although the pathways involved in intergenomic signalling

are not well understood at this stage, the fact that COX6 expression level in

S. cerevisiae is dependent on phosphorylation status of Abf1 raises the possibility

of this being part of the communication pathway between mitochondrion and

nucleus.

Examination of the alignments of the conserved C-terminal domains in Figure

3.7 revealed two candidate regions that are phosphorylated in S. cerevisiae and

conserved amongst the post-WGD species to varying extent but absent from the
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Figure 3.8: Phylogenetic distribution of ABF1 (+: single copy; ++: two copies)

and the ability of different species to grow under strict anaerobic conditions (++:

minimal media; + rich media / low growth rate) and to form petite mutants.

“nt” means not tested. See text for references. The WGD event is indicated by

a star.
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pre-WGD species (Fig. 3.7, blue asterisks). The first phosphorylation site is found

just upstream of C1 and is the target of a DNA-damage kinase (Smolka et al.,

2007). The site is conserved across all the Saccharomyces sensu stricto species

but is either too divergent to align or absent in C. glabrata and S. castellii —

although the region just downstream shows strong conservation and it is possible

that one of the serines nearby is still phosphorylated in these species. C3 also

harbours a phosphorylation site that is absent from pre-WGD species, although in

this case the surrounding region is highly conserved across most of the alignment.

In addition to that, several other sites in ScAbf1 are know to be phosphorylated

and might contribute to intergenomic signalling. Merico et al. (2007) also found

three species that diverged after the WGD and are not included in my study

to be petite-negative and examining alignments of ABF1 homologs in those, if

any, would be interesting to focus hypotheses about involvement of regions of the

protein in petite formation. Unfortunately no genome sequence is available for

any of these species to date.

The example of ABF1 thus clearly demonstrates how flexible regulatory net-

works in yeasts are and shows how a novel transcription factor has become an

integral part of the gene regulatory network and cellular functions beyond within

just 150 - 200 million years of evolution. Furthermore, the phylogenetic profile

assembled here provided sufficient resolution to be able to form first hypotheses

about the evolutionary significance of this pattern of presence and absence within

the biological context of each species. Examination of sequence alignments gave

an example of asymmetrical divergence after gene duplication with one of the

copies evolving to perform new, or a subset of, functions compared to its an-

cestor. Also, I found ample evidence for potential neofunctionalisation through

changes in posttranslational modification such as phosphorylation or nuclear lo-

calisation, reflecting the functional versatility of Abf1p in S. cerevisiae. Indeed, a

recent study found that highly posttranslationally modified genes showed higher

rates of survival after WGD (Amoutzias et al., 2010), indicating that this po-

tential divergence in posttranslational regulation might have been an important

mechanism allowing for the retention of both paralogs in C. glabrata.
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3.6.2 Loss of a Putative Carbohydrate Metabolism Reg-

ulator in the Sensu stricto Species

The regulation of nutrient utilisation is known to have been rewired extensively in

the evolutionary history of the species studied here (e.g. Askew et al., 2009; Hit-

tinger & Carroll, 2007; Lavoie et al., 2009). Besides the emergence of ABF1, which

amongst other functions plays a role in regulation of glycolysis (see above), in

the pre-WGD lineages there were numerous other examples that showed lineage-

specific patterns of abundance such as SGT1 (Fig. 3.6; note 2). SGT1 is likely to

be involved in regulation of carbohydrate metabolism Kainou et al. (2006); Sato

et al. (1999a) but has not previosuly been implicated so in the species considered

here.

Expression of glycolytic genes in S. cerevisiae is mediated by an activatory

complex consisting of Gcr1 and Gcr2 that acts in cooperation with the general

TF Rap1 (Uemura & Jigami, 1995). This activatory complex is present across

the Saccharomycetacae but absent from the species that diverged before (Askew

et al., 2009; Haw et al., 2001). Regulation of glycolysis in C. albicans, which

lacks GCR1 and GCR2 homologs, has recently been shown to be regulated by

the TFs Tye7 and Gal4 (Askew et al., 2009) that are known to perform different

roles in S. cerevisiae. Functional studies in K. lactis, a facultative aerobic species

that diverged before the WGD, indicate that its homologs of GCR1 and GCR2

are indeed functional homologs of ScGcr1 and ScGcr2 and as such involved in

regulation of glycolytic genes (Haw et al., 2001; Neil et al., 2004). Furthermore,

it has been shown that the K. lactis homolog of Tye7, Sck1, is also required

for high-level expression of glycolytic genes, suggesting the regulatory network

controlling glycolysis to be in an intermediate state with respect to S. cerevisiae

and C. albicans (Neil et al., 2007). S. cerevisiae also encodes a homolog of Tye7

which has been found to be able to complement a gcr2 null mutant and rescue a

growth defect phenotype in the presence of glucose when overexpressed but not

a gcr1 null mutant (Sato et al., 1999b). Its functional role in S. cerevisiae is

otherwise not well-characterised, however.

Similar to the complementation of ScGcr2 by ScTye7, Sato et al. (1999a)

isolated a human protein that is able to complement a gcr2 null mutation. This
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protein, HsSgt1 encodes a transcriptional coactivator that has no homologs in

S. cerevisiae (Sato et al., 1999a). (Note that there is a gene called SGT1 in

S. cerevisiae which encodes a cochaperone protein that is however not homologous

to the SGT1 referred to here). Although S. cerevisiae does not encode an SGT1

homolog, my dataset includes homologs of SGT1 in most other species and it

appears to have been lost from the Saccharomyces sensu stricto lineage (Fig. 3.6;

note 2). Experimental analysis of the SGT1 homolog in the basal ascomycete

Shizosaccharomyces pombe found SpSGT1 to be essential for growth in haploid

conditions and involved in regulation of carbohydrate metabolism on glucose-

containing media (Kainou et al., 2006). This argues for an ancestral role of SGT1

in carbohydrate metabolism. Although there is currently a lack of experimental

evidence, SGT1 is a strong candidate to be an additional player in the regulation

of nutrient utilisation in the Saccharomycotina. If this is indeed the case, the

reconfiguration of the regulatory network controlling carbohydrate metabolism

in the post-WGD species might have led to its redundancy and subsequent loss

in the sensu stricto lineage.

Also of interest with regards to the rewiring of the carbohydrate metabolism

network is the fact that C. glabrata and S. castellii have each retained duplicate

copies of both GCR2 and TYE7 and it would be interesting to experimentally

investigate the possible functional consequences of that.

3.6.3 Increased Retention of WGD-duplicate TFs in S. castel-

lii and C. glabrata

It has previously been reported that genes retained in duplicate after the WGD

in S. castellii and C. glabrata but subsequently lost in the Saccharomyces sensu

stricto species are enriched for transcriptional regulators (Scannell et al., 2006).

Examination of both DBD family-level (Fig. 3.5) and domain architecture-level

(Fig. 3.6; red box) abundance patterns supports this observation, with frequent

cases of greater abundance of certain architectures in either S. castellii, C. glabrata

or both compared to the pre-WGD or the sensu stricto species. Based on these

observed enrichments, I have compiled a list of transcriptional regulators exhibit-

ing these patterns and their functional roles. This is shown in Table 3.5.
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S. castellii A S. castellii B C. glabrata A C. glabrata B S. cerevisiae Function

Scas492.3 Scas484.3 CAGL0M12100g CAGL0E05566g TYE7 Transcriptional activator in Ty-mediated

gene expression; Potential role in activation

of glycolytic genes; Compensates for GCR2

null mutation

Scas718.27 Scas635.12 CAGL0M01716g CAGL0F04081g TEC1 Transcription factor required for full Ty1 ex-

pression, Ty1-mediated gene activation, and

haploid invasive and diploid pseudohyphal

growth

Scas629.12 Scas630.6 CAGL0E00561g CAGL0C03608g TUP1 General repressor of transcription

Scas584.13 Scas646.6 CAGL0M01254g CAGL0H02145g STE12 Transcription factor that is activated by

a MAP kinase signaling cascade, activates

genes involved in mating or pseudohy-

phal/invasive growth pathways; cooperates

with Tec1p transcription factor to regulate

genes specific for invasive growth

Scas719.24 Scas551.1 CAGL0M09955g CAGL0D00682g SFP1 Transcription factor that controls expression

of ribosome biogenesis genes in response to

nutrients and stress

Scas655.16 Scas677.7 CAGL0G05467g CAGL0G05379g GCR2 Transcriptional activator of genes involved in

glycolysis

Scas668.25 Scas673.3 CAGL0M10087g CAGL0K02585g YAP3 unknown

Scas707.31 Scas602.9 CAGL0K02145g CAGL0L06072g YER130C unknown

Scas643.23 Scas548.5 CAGL0H06215g CAGL0F00803g GAL11 General transcription factor

Scas488.2 — CAGL0B04895g CAGL0H03751g RFX1 Major transcriptional repressor of DNA-

damage-regulated genes, recruits repressors

Tup1p and Cyc8p to their promoters; in-

volved in DNA damage and replication

checkpoint pathway

Scas573.4 — CAGL0B03421g CAGL0K05841g HAP1 Zinc finger transcription factor involved in

the complex regulation of gene expression in

response to levels of heme and oxygen

Scas697.35 — CAGL0I02838g CAGL0L03916g AZF1 Zinc-finger transcription factor, involved in

induction of CLN3 transcription in response

to glucose

Scas588.1 Scas686.10 CAGL0J10956g — SUM1 Transcriptional repressor required for mi-

totic repression of middle sporulation-

specific genes; also acts as general replication

initiation factor

Scas666.8 Scas697.43 CAGL0G06688g — MET4 Leucine-zipper transcriptional activator, re-

sponsible for the regulation of the sulfur

amino acid pathway

Scas713.11 Scas718.67 CAGL0K01727g — RPN4 Transcription factor that stimulates expres-

sion of proteasome genes; Rpn4p levels are

in turn regulated by the 26S proteasome

in a negative feedback control mechanism;

RPN4 is transcriptionally regulated by vari-

ous stress responses

Scas709.65 Scas625.5 CAGL0L01903g — RGT1 Glucose-responsive transcription factor that

regulates expression of several glucose trans-

porter (HXT) genes in response to glucose

Scas613.8 Scas669.4d CAGL0F07667g — MSS11 Transcription factor involved in regulation of

invasive growth and starch degradation; con-

trols the activation of MUC1 and STA2 in

response to nutritional signals

Scas721.136 Scas717.63 CAGL0J01177g — ABF1 DNA binding protein with possible

chromatin-reorganizing activity involved in

transcriptional activation, gene silencing,

and DNA replication and repair

Scas720.58 Scas699.7 — — GAL4 Transcriptional activator involved in control

of galactose metabolism

Table 3.5: List of transcription factors retained in duplicate in either S. castellii,

C. glabrata or both. Functional annotation was based on annotation of the cor-

responding S. cerevisiae gene from the Saccharomyces Genome Database (SGD).
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Considering this list of duplicates, I found a striking number of TFs known to

be directly involved in carbohydrate metabolism. Out of the 19 examples listed

here, five of the genes (TYE7, GAL4, GCR2, AZF1 and RGT1 ) are involved in

the regulation of glycolytic genes or galactose metabolism. As mentioned above,

TYE7 and GAL4 as well as GCR2 are among the major players in control of

glycolytic genes in C. albicans and S. cerevisiae respectively, with the pre-WGD

species likely to display a “mosaic network” that includes regulatory pathways

involving both the Gcr1/Gcr2 complex and the Tye7 homolog (Askew et al.,

2009; Haw et al., 2001; Neil et al., 2004). AZF1 positively regulates CLN3 in

S. cerevisiae in high-glucose conditions which in turn influences the timing of

cell-cycle progression leading to rapid cell growth in glucose medium (Newcomb

et al., 2002). RGT1 is involved in regulation of hexose transporter genes, having

a repressive role in low-glucose conditions but switching to an activating role

when hyperphosphorylated by the glucose sensing pathways, ensuring high-levels

of glucose transport into the cell (Kim & Johnston, 2006). While TYE7 and

GCR2 are retained in duplicate in both species, AZF1 is only present in two

copies in C. glabrata and conversely RGT1 and GAL4 WGD duplicates have

only been retained in S. castellii. Notably, C. glabrata is entirely lacking a GAL4

homolog and indeed has lost the ability to metabolise galactose (Hittinger et al.,

2004). Together this suggests that the mechanisms for the control of carbohydrate

metabolism might be quite different in those species.

The post-WGD yeasts distinguish themselves from their relatives that have

not undergone a WGD by the ability to ferment glucose efficiently even in aer-

obic conditions (see Fig. 1.9; Merico et al., 2007). This is thought to be facili-

tated partly by an increased glycolytic flux in the post-WGD species (Conant &

Wolfe, 2007) as well as efficient glucose repression of genes involved in alternative

resource utilisation pathways in high-glucose conditions (Carlson, 1999; Merico

et al., 2007). The duplicate retention of such a considerable number of important

carbohydrate metabolism regulators in the two species that diverged just after

the WGD possibly reflects an initial phase of “sorting out” where new regulatory

connections were established by diverging duplicate copies of the TFs, followed by

subsequent adaptation of the regulatory networks towards the more specialised

aerobic-fermentative lifestyle and loss of functionally redundant TFs.
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Other examples of retained WGD-duplicates include TEC1 and STE12, which

are both involved in regulation of haploid invasion and diploid pseudohyphal

growth which represent distinct developmental stages in yeast (e.g. Köhler et al.,

2002; Zeitlinger et al., 2003). Interestingly, MSS11, also in the list of retained

duplicates in S. castellii has been shown to be important in regulating inva-

sive growth, sharing regulatory targets with TEC1 and STE12 (van Dyk et al.,

2005). This “cluster-like” retention of functionally related TFs may be indica-

tive of rewiring events when one considers the argument that in order to retain

the duplicate pair sufficient levels of regulatory specificity (e.g. through differen-

tial expression of distinct sets of target genes) for either copy are needed. Al-

ternatively, dosage effects between interacting TFs could be an explanation for

coordinated retention (Papp et al., 2003) although the non-uniform patterns of

retention between S. castellii and C. glabrata as well as the subsequent loss of

the duplicates argues against this theory and the functional significance, if any,

of such clusterings remains to be determined.

The list also includes SFP1 which is involved in upregulation of ribosome

biogenesis in respiro-fermentative conditions and as such provides a link between

the AZF1 duplicate mentioned above and ribosome biogenesis in general which

is also known to have undergone extensive rewiring between C. albicans and

S. cerevisiae (Cipollina et al., 2005; Lavoie et al., 2009, 2010).

In addition to those, we find a number of general regulators TUP1, GAL11

and ABF1, probably facilitating this initial increase in regulatory proteins in

dosage dependent manner. Other examples include RFX1, a major repressor of

DNA-damage regulated genes (Zaim et al., 2005) and various others that I will

not discuss here.

3.6.4 Lineage-specific Amplifications in the CTG-clade and

the Evolution of Pathogenicity

Based on the enrichments observed in Figure 3.6, I investigated the domain fam-

ilies showing lineage-specific amplification in the CTG-clade encompassing the

Candida species as well as Lodderomyces elongisporus, Pichia guilliermondii and

Debaryomyces hansenii. Amongst the families that showed a net increase in size
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were TFs containing an NDT80-like DBD, RFX DBD containing proteins, the

zf-C2H2 TFs containing three repeats of the motif, as well as Zn(II)2Cys6 zinc

finger-containing proteins. Although a large number of the TFs that I found to

be lineage-specific across the CTG clade did not have functional annotation, all

the annotated examples were of relevance to the evolution of pathogenicity in

the Candida species and included regulators of hyphal development as well as

TFs involved in drug resistance phenotypes. This is perhaps unsurprising see-

ing that there is a great study bias towards mechanisms of pathogenicity and

drug resistance but probably also reflects the broadness of developmental and

metabolic processes involved in allowing those yeasts to survive in a mammalian

host (reviewed in Chapter 1.5.2.2).

Candida albicans is a commensal pathogen dwelling on the skin and mucosal

surfaces of the gastrointestinal and urogenital tract of most humans. Whilst it

usually represents a relatively harmless companion, serious Candida infections

can have detrimental outcomes, especially in immunosupressed patients, showing

greater than 40% morbidity (Eggimann et al., 2003). Being a eukaryotic organ-

ism, the range of possible drug targets is relatively limited due to the similarity

to its human host. Furthermore, C. albicans has evolved a variety of mechanisms

conferring drug resistance, making effective treatment yet more difficult (Cowen

& Steinbach, 2008). Consequently, drug resistance has been the subject of in-

tensive study and I will briefly outline the main mechanisms implicated so far

below.

The primary targets of antifungal drugs are ergosterol, the main sterol of fun-

gal membranes, its biosynthesis pathway, or the biosynthesis of (1,3)-β-D-glucan

cell wall components (reviewed in Cowen & Steinbach, 2008). The triazole-like

compounds are the most widely-studied antifungal drugs in C. albicans and a

lot of the current knowledge about drug resistance derives from the study of the

pathways mediating this. Triazoles work by blocking Erg11p, a late enzyme in

ergosterol biosynthesis, which leads to the accumulation of toxic intermediate

products and eventual cell death. C. albicans has evolved several independent

mechanisms to overcome the toxic effects of triazole treatment. These include

modifications to Erg11p itself, compromising triazole-binding as well as upregu-

lation of the enzyme and amplification of copy number to sequester most of the
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drug whilst retaining a functional ergosterol biosynthesis pathway, and the up-

regulation of different types of multidrug transporters increasing drug efflux out

of the cell (Cowen & Steinbach, 2008). Furthermore, a variety of cell signalling

processes have been shown to be important in triazole resistance, often in a com-

plex and highly interconnected manner influencing the downstream expression of

stress-response genes involved in small-molecule transport, cell wall integrity and

vesicular trafficking (Cowen & Steinbach, 2008).

NDT80 (Figure 3.6; note 3) is found in single-copy in all of the Saccharomyc-

etaceae and in S. cerevisiae is known to be a key modulator of progression of

meiotic division (reviewed in Sellam et al., 2010). I found the species in the CTG

clade in turn to encode two paralogs of NDT80, arising before differentiation of

this clade. This has also been reported recently by Sellam et al., 2010. One of

the C. albicans homologs, CaNdt80, is an important regulator of hyphal develop-

ment responsible for both activation and repression of genes in the yeast-to-hypha

switch with an ndt80 null mutant being unable to form hyphae which results in

attenuated virulence (Sellam et al., 2010). CaNdt80p has been shown to bind

to ∼23% of genes in C. albicans and is thought to be a major regulator in this

species (Sellam et al., 2009). Besides its role in hyphal development it has been

found to bind several multidrug transporters as well as conferring highly sig-

nificant upregulation of genes involved ergosterol metabolism, including ERG11

itself, implicating its involvement in drug resistance (Sellam et al., 2009). This

gives CaNdt80p a central role in virulence as well as drug resistance and con-

sequently this gene duplication might be an adaptation involved in allowing the

Candida species to infect mammalian hosts.

When examining the domain architecture of the two paralogous copies of

NDT80, Sellam et al. (2010) found that while one of the paralogs maintained the

same order of domains as the homolog in S. cerevisiae, with an N-terminal DBD

followed by a C-terminal activation domain (AD), the other copy shows a reversed

domain order. Interestingly, the functionally characterised copy of the paralogs,

CaNDT80, refers to the paralog bearing the “non-canonical” domain arrangement

while the role of the TF containing the ScNDT80 -like domain arrangement is

unknown; attempts at finding growth conditions under which it is being expressed

have been unsuccessful so far (Sellam et al., 2010).
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Furthermore, I investigated amplifications in the (zf-C2H2)x3 lineage. Al-

though most C. albicans ORFs in this class did not contain functional annota-

tion, those that did included CRZ1 and CRZ2, paralogs of CRZ1 in S. cere-

visiae. CaCrz1 is a downstream target of several signalling pathways, including

calcineurin signalling (Karababa et al., 2006; Miyazaki et al., 2010) and CK2

signalling (Bruno & Mitchell, 2005). Both of these have been shown to be im-

portant for triazole resistance in C. albicans. CaCrz2, in contrast, is not targeted

by either pathway according to current knowledge but has been shown to be

important in mediating response to changes in pH (Kullas et al., 2007). Again,

this duplication has occurred in a common ancestor to the species in the CTG

clade suggesting early functional fine-tuning of these signal integrators that might

have been important in facilitating the evolution of pathogenicity of the Candida

species.

Lastly, the RFX DBD-containing proteins show increased abundance in the

CTG species. Again, S. cerevisiae contains a single homolog containing this DBD,

whereas the CTG species encode two copies. In contrast to the previous examples,

however, this duplication is likely to have predated the divergence of the Saccha-

romycotina, followed by a loss in the Saccharomycetaceae. This inference derives

from consideration of the conservation of the DBD in multiple sequence align-

ments of the two CTG paralogs and their homologs in the Saccharomycetaceae

(not shown). ScRfx1 is a downstream target of the DNA damage response path-

way and its phosphorylation results in derepression of the DNA damage response

genes (Zaim et al., 2005). The function of the more closely related C. albicans

homolog CaRfx1 has not been determined to date but it has been shown that

CaRfx2 shows some functional redundancy with ScRfx1 through complementa-

tion studies (Hao et al., 2009). Apart from the shared role in DNA damage

response, CaRfx2 has also been implicated in regulation of hyphal genes, with an

rfx null mutant showing overexpression of hypha-specific genes under non-hypha

inducing conditions as well as the inability to revert back to yeast morphology

once hyphal growth has been induced. The null phenotype also showed atten-

uated virulence in mouse models, suggesting the importance of flexible control

of morphological state in response to changing conditions for pathogenicity (Hao

et al., 2009). I found that C. glabrata, a post-WGD species that also shows
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pathogenicity, also contains two copies of RFX1. These have arisen through the

WGD according to my data as well as syntenic information (Byrne & Wolfe,

2005) and any significance of this for virulence is speculative.

Although there was a clear bias with respect to experimental information

available for TFs in C. albicans due to the medical relevance of hyphal devel-

opment and drug resistance and the associated research effort, it is still striking

that all the examples I examined, i.e. those containing functional annotation,

are in one way or other related to pathogenicity in the Candida species. In

this light, it is also noteworthy that while the amplifications discussed above

are shared among all species in the CTG clade, not all of them are pathogenic.

Whereas C. albicans and C. tropicalis are highly pathogenic, L. elongisporus and

P. guilliermondii display weak levels of pathogenicity and D. hansenii is mostly

non-pathogenic (Butler et al., 2009). This raises the possibility that changes in

hyphal developmental control and stress signalling were probably not causative

of pathogenicity but had a facilitating role.

3.7 Conclusions

I have developed and implemented a pipeline for the collection of TF repertoires in

the Saccharomycotina. While sensitivity of the DBD pipeline was good, achieving

approximately 90% of coverage when averaged across DBD families and genomes,

specificity was relatively low with a high proportion of false positives. This was

likely to have been partly due to the often short and degenerate sequence motifs of

some DBDs, such as the C2H2 zinc fingers, where detection cutoffs were difficult

to define. Also, domains often found in TFs (both DBDs and accessory domains)

occur promiscuously and regions of strong homology are often confined to rela-

tively short segments that can lead to false homology assignments (see Chapter

4.2 for further discussion). As such, the dataset needed extensive manual cu-

ration. Nevertheless, I have collected a high-quality dataset of transcriptional

regulators in 15 species of yeasts.

The analysis of TF repertoire composition across the Saccharomycotina al-

lowed me to gain an overview of TF evolution and the role of individual gene

families in these species. The relative ratio of TF to protein-coding genes is fairly
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stable in the species studied here, ranging from about 3.5 to 4.9%, and the overall

contribution of different domain families is similar. However, even at this coarse

resolution of evolutionary dynamics it was possible to identify numerous examples

hinting at both the evolutionary plasticity of transcriptional regulatory networks

as well as the functional importance of those changes. I have found evidence

for mechanisms suggesting a slow, gradual turnover of regulatory “responsibili-

ties” as illustrated by changes in the regulatory network controlling carbohydrate

metabolism as well the potential for fast adaptation to abrupt changes such as

the complete loss of GAL4 in C. glabrata or the acquisition of many, highly in-

terconnected regulatory interactions within relatively short evolutionary time as

illustrated by ABF1.

More detailed analysis of the ABF1 example furthermore suggested that evo-

lutionary novelty, adaptive or not, is often created outside the DBD and while this

is anecdotally reported frequently, it will be interesting to explore this system-

atically. An analysis of relative evolutionary rates between DBD and non-DBD

regions in the data collected here is presented in Chapter 5.4.

Species that diverged after the WGD did not generally have noticeably larger

TF repertoires than their pre-WGD relatives. Nevertheless, it was clearly visible

that C. glabrata and S. castellii, the species that diverged very soon after the

WGD, had the tendency to retain different numbers and types of WGD homologs.

This differential retention of WGD duplicate TFs in those two species is not

unexpected but rather follows genome-wide patterns of post-WGD gene retention,

where the WGD was followed by series of independent gene loss in the lineages

leading to the extant species (e.g. Scannell et al., 2006). It however implies

that all of the TFs that have remained in duplicate in any of the post-WGD

species have been retained in duplicate until at least after the divergence of that

species, followed by independent losses. This initial excess of TFs possibly allowed

for rapid asymmetric divergence and acquisition of new regulatory interactions

that led to subsequent loss of consequently redundant regulators and as such

was facilitating rapid rewiring of the regulatory network. A putative example

of this would be the loss of SGT1 in the Saccharomyce sensu stricto species

(discussed above) which might have become redundant in regulating carbohydrate

metabolism after the WGD. It would thus be of great interest to study those two
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species in detail seeing that their genomes might bear the hallmarks of this initial

phase of “sorting” or regulatory connections and the way WGDs can facilitate

regulatory evolution. This has however not been attempted here.

Especially in low-abundance DBD families, it was possible to examine changes

in family size in context of the biology that defines the species in a particular clade

even without inference of evolutionary histories of groups of homologous TFs.

Regulation of carbohydrate metabolism, for example, is known to have changed

drastically, mirroring the origin of Crabtree-positive yeasts, and I found much

evidence for this in my data. Although the phylogenetic distribution of a lot of

the important players had been previously described individually, considering TF

repertoires in a systematic way allowed for the identification of a novel potential

regulator of carbohydrate metabolism based on functional studies in other species

and its phylogenetic distribution in relation to other known regulators. I also

found numerous virulence-associated amplifications in the CTG clade, suggesting

the importance of regulatory evolution in the establishment of pathogenicity.

Overall those results yielded a number of experimentally testable hypotheses,

such as a possible involvement of ABF1 in the ability to maintain stable petite

mutants or the impact of the retention of two WGD copies of RFX1 on virulence

in C. glabrata. This gave a promising perspective for the more detailed evolu-

tionary analyses of the TF repertoires as well as individual regulatory pathways

described in the following chapters.
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Chapter 4

Evolutionary Dynamics in

Transcription Factor Repertoires

4.1 Introduction

The distribution of DNA-binding domain (DBD) families and their abundance

patterns across different lineages and species have provided interesting insights

into the evolution of transcription factor (TF) repertoires and underlined their

important role in the evolution of the traits distinguishing the species of Saccha-

romycotina included in this study (see Chapter 3.6). This initial analysis also

suggested that turnover can be rapid, as shown for example by the complete loss

of the important metabolic regulator GAL4 in Candida glabrata, a gene central

to galactose metabolism in Saccharomyces cerevisiae (Martchenko et al., 2007)

and glucose metabolism in Candida albicans (Askew et al., 2009). Consideration

of abundance patterns alone however only reveals changes in absolute numbers

of copies of regulators within each family rather than the number and history of

events leading to the observed number of copies. A copy number profile that is

the same in all species can be an example of a very stable gene family without any

gain or loss events as well as of a family that has undergone constant turnover

but maintained a stable number of copies in each genome over time. In order

to examine to a fuller extent the evolutionary dynamics experienced by each of

the DBD families, I inferred duplications and losses for each of the orthogroups
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collected using the DBD pipeline (see Chapter 3.2.1) and tested for enrichment

of these events in individual families and orthogroups.

4.1.1 Inference of Duplication and Losses

The number of gene duplications and losses for a given gene family can be es-

timated by comparison of its gene tree with the species tree relating the taxa

being studied. The most commonly used methods for inference of duplications

and losses employ the reconciliation of the proposed gene tree with the species

tree (e.g. Chen et al., 2000; Zmasek & Eddy, 2001) and are based on a parsimony

principle, minimising the total number of duplication and loss events that need to

be inferred in order to map the gene tree into the species phylogeny (see Figure

4.1A). These methods however strongly rely on the assumption that both gene

tree and species tree are correct. While we can infer species trees with reasonable

confidence based on the availability of data from many loci across the genome, es-

timation of gene trees is a challenging problem due to the relatively small amount

of data available for their inference and the resulting artefacts in tree reconstruc-

tion that can lead to, sometimes highly supported, wrong trees (see Chapter 2

for an in-depth discussion). Besides these methodological issues, biological pro-

cesses such as independent lineage sorting or horizontal gene transfer can lead to

incongruences between gene and species trees (reviewed in Degnan & Rosenberg,

2009). Reconciliation of such incongruent trees forces the placing of duplications

on deeper branches of the species phylogeny, resulting in an increased number

of proposed duplications close to the root of the tree and consequently an over-

inference of losses on branches near the tips (Figure 4.1B; Hahn, 2007). The same

gain cannot happen twice independently, so a single gain is inferred at a deeper

node in the tree. Multiple losses are possible however and are then inferred to

correct the observed pattern of occurrences.

Currently available approaches for gene tree reconstruction and speciation-

duplication inference (SDI) can be classified into three categories (see Figure

4.2). Firstly, reconciliation methods employ the ad hoc approach of reconciling

a reconstructed gene tree with a species tree. The advantages of such methods
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Gene tree Reconciled gene tree Species tree

Gene tree Reconciled gene tree Species tree

Duplication

Loss Loss

Gain

A

B

Figure 4.1: Reconciliation of gene trees and species trees. Figure modified from

Hahn (2007). A: Mapping of gene tree into the species tree through the inference

of duplications and losses. Here a duplication event has occurred in the ancestor

of A and B, with subsequent loss of one of the duplicates in B. B: Inference

bias arising from the reconstruction of incorrect gene trees. Here no duplications

or loss events have happened, but in order to reconcile the erroneous gene tree

(note red branches) a duplication needs to be inferred in the ancestor of A, B and

C. This also forces the inference of three independent loss events. Duplications

and losses on the middle trees indicate the actually inferred duplication and loss

events, whereas symbols on the right (“gain” and “loss” indicate the directionality

of change in that clade.
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( ) λ

Reconciliation Synergy Probabilistic methods

+  phylogenetic framework
+  account for low confidence
 regions

-   very sensitive to variation
    in gene tree reconstruction
    (biological and systematic)
-   tends to overestimate
    number of losses

+  use synteny data

-   errors in reconstruction
    propagate through tree
-   method not available
    (precomputed data only)

+  full probabilistic model of gene
     family evolution

-   often computationally 
    expensive  

Figure 4.2: Gene tree reconstruction approaches.

clearly lie in the ability to use sophisticated phylogenetic methods such as Maxi-

mum Likelihood (ML) and a wealth of evolutionary models. Furthermore, these

methods are generally fast and calculation of statistical support through boot-

strapping can be easily parallelised. It is these ad hoc methods, however, that

suffer most from the biases discussed above and even if bootstrap support is incor-

porated when reconciling gene and species tree, they are prone to over-inference

of duplication and, especially, loss events (Hahn, 2007).

Alternative methods include SYNERGY, the algorithm behind the Fungal Or-

thogroups Repository (FOR) described in Chapter 3.2 (Wapinski et al., 2007a).

SYNERGY is a two-step procedure, performing both the initial homology assign-

ment as well as gene tree reconstruction. Genes are grouped into a graph structure

by sequence similarity and synteny conservation (“gene similarity graph”) and,

given a species tree, orthogroups (OGs) containing one-to-one or one-to-many

orthologous genes with respect to the root (see Chapter 3, Fig. 3.2 for a defini-

tion) are reconstructed recursively from leaves to root (Fig. 4.3). This approach

has the advantage of making use of synteny information, which especially in the

Saccharomycetacea, is highly conserved (Dujon, 2010). The disadvantage of such

recursive reconstruction, however, is the propagation of erroneous homology as-

signments during an early step in further iterations of the algorithm. As will

be discussed below, I found this to be particularly problematic in clades where
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Figure 4.3: The SYNERGY

pipeline. In the first step, genes

are grouped into homologous

clusters called “gene similarity

graphs” by sequence similarity

and synteny conservation. Sub-

sequent steps recursively group

connected homologs at each inte-

rior node of the species tree and

infer the branchings at order at

each level using neighbour-joining

analysis if more than two interme-

diate OGs map to the same level.

Figure modified from Wapinski

et al. (2007b).

high-quality synteny information is lacking, leading to frequent misclustering of

non-orthologous sequences due to local homologies.

Finally, more recently a number of full probabilistic methods for gene tree

reconstruction have emerged (e.g. Akerborg et al., 2009; Rasmussen & Kellis,

2010). Given a species phylogeny with branch lengths, these methods model a

birth and death (BD) process of gain and loss of gene copies inside the species

tree. Based on estimated rates of birth and death (which serve to define a prior

on a given gene tree) and a substitution model to derive the phylogenetic rela-

tionships between the sequences, they find the most likely gene tree given the

species tree and the data using Bayesian approaches. In an extension to the work

by Akerborg et al. (2009), Rasmussen & Kellis (2010) further introduced gene-

and species-specific evolutionary rate multipliers allowing for heterogeneity in the

evolutionary process between genes and over time. Prime-GSR (Akerborg et al.,

2009) proved to be very computationally expensive and as such not suited for

the analysis of the over 300 OGs collected here. For this reason I had initially

concentrated on reconciliation approaches and SYNERGY for the reconstruction
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of gene trees but later incorporated SPIMAP (Rasmussen & Kellis, 2010) when

it was released earlier this year.

In the first part of this chapter I will perform an in-depth comparison of these

three different types of tree reconstruction methods with respect to the consis-

tency and accuracy of the inferences derived from the reconstructed gene trees

as well as potential effects on downstream analyses. The second part is devoted

to the analysis of results obtained using SPIMAP, the method that I found to

perform best. In an extension of the work presented in the previous chapter, I will

discuss patterns of duplications and losses in different clades and DBD families.

Furthermore, I will relate those findings to the structure of the regulatory net-

work and comment on the consequences of the whole-genome duplication (WGD)

on network architecture.

4.2 Reassessing FOR

In order to assess the quality of the FOR dataset, I manually inspected the mul-

tiple sequence alignments of all 314 OGs which were realigned using a domain-

anchored version of PRANK (version 081107; Löytynoja & Goldman, 2005, 2008).

Briefly, PRANK was modified to use domain coordinates for shared conserved do-

mains as softbound anchors for the alignment. This meant that corresponding

positions in two subalignments (“anchors”) had to be aligned within five columns

of each other in the resulting alignment. I mapped the coordinates of Pfam do-

mains found in the sequences to be aligned to each of the intermediate progressive

alignments in each of PRANK’s iterations. These coordinates were used to guide

the alignment. If a domain was present more than once, homologous domains

were determined based on sequence similarity of the domain-only region of the

intermediate alignments. If domain coordinates for the two subalignments were

inconsistent, e.g. overlapping or in a different order, anchors were dropped, de-

faulting to the standard PRANK algorithm. I had implemented this based on

the observation that often only DBDs share sufficient homology to be confidently

aligned and when using other alignment programs such as MUSCLE (Edgar,

2004) or Mafft (Katoh & Toh, 2008), domain boundaries were often not accu-

rately aligned. A later release of PRANK (version 090707) however gave almost
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identical results to the domain-guided version and as such the domain-guided

version will not be discussed here further in the interest of brevity.

Assessment of the realigned OGs revealed numerous cases of “misclustered”

OGs that contained sets of sequences, clearly related to each other but not sharing

regions of extended homology between them. One such example is provided in

Figure 4.4, showing parts of an alignment of the orthogroup containing homologs

encoding an NDT80-like DBD. Examination of the alignment clearly revealed

a “bipartite” structure where subsets of sequences are related within but not

between each other (blue and green boxes in Fig. 4.4). Annotation of the two

Saccharomyces cerevisiae proteins included in each boxed set further supported a

different origin of these two sections with the green set containing NDT80, a TF

described in more detail in the previous chapter, and the blue set containing LSM2

which is involved in RNA processing and does not contain an NDT80-like DBD

(reviewed in Beggs, 2005). Overall, I found similar incidences of misclusterings

in 74 other orthogroups thus affecting almost 24%, a considerable portion, of the

collected dataset.

These missasignments were due to shortcomings in the SYNERGY algorithm

which will be discussed in more detail below and explain why inclusion of FOR

in the DBD pipeline (see Chapter 3.2.1) resulted in an increased number of false

positive results. Instances like the one highlighted here were removed during the

manual filtering process however and do not contribute to the analyses of the

final dataset in Chapter 3.

Based on these observations, I decided to split OGs showing such patterns

of non-relatedness between groups of sequences and reassess the newly created

OGs based on their domain annotation. This reassessment led to the removal

of 321 sequences that had been misclustered into 40 of the 74 orthogroups. In

those cases, neither the domain nor functional annotation of a misclustered subset

supported their TF status, resulting in their removal from the final dataset. The

example discussed above is one of these cases. In the remaining 34 OGs, although

misclustered, there was sufficient evidence for the TF status of all unrelated

subsets in the OG and those were thus retained as separate OGs.

In order to gain a better understanding of the causes behind the failure of

the SYNERGY algorithm used to assemble the FOR, I examined the new splits
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4.2 Reassessing FOR

Figure 4.4: Multiple sequence alignment of FOR orthogroup encoding an NDT80-

like DBD. Sequences were aligned using domain-guided PRANK and regions of

low homology were trimmed manually for the purposes of visualisation. Blue and

green sections highlight the misclustered sequences.
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created with respect to their position on the phylogenetic tree. Figure 4.5 shows

the (A) frequency of splits created by separating sequence clusters with question-

able homology between them on the phylogenetic tree and (B) the corresponding

node assignment. Generally, the bulk of newly created splits was concentrated

at deep node levels (labelled N0, N1 and N11 in Fig. 4.5B) as would be expected

given the recursive nature of the algorithm and the assumption that assignment

over short evolutionary distances should be less error-prone due to longer align-

ments and less complicated evolutionary histories. By definition the number of

gene duplication and loss events describing the pattern seen at the tips can only

increase the further down we move into the tree.

The two most frequently occurring splits were between nodes N0 / N11 and

N1 / N11 suggesting that the relationships between N11, which corresponds to

the CTG clade (see Fig. 1.9), and other clades are problematic to assign for SYN-

ERGY in general. This was also reflected by the fact that N11 was the most fre-

quently created split. There are two plausible explanations for this phenomenon:

(i) the divergence time between N11 and other nodes is relatively large and (ii)

as opposed to the other clades, the CTG clade is not included in the Yeast Gene

Order Browser (YGOB; Byrne & Wolfe, 2005) and assignments at this level are

no longer guided by the high-quality synteny data available for the other species.

This second theory is supported further by the fact that the following four most

frequent splits (pgu, ctr, N13 and N15) all fall within the CTG clade, indicating

that the synteny data contributed considerable amounts of information to the

SYNERGY assignments. In line with this, the nodes below N1 showed relatively

less frequent misclusterings, with most of the splits being created at very shallow

node level and between nodes with large divergence time between them.

Given the above results, it appeared that the reason for these misclusterings

was likely to be the sequence similarity threshold used to decide on inclusion or ex-

clusion of an edge between two sequences from different species into the gene sim-

ilarity graph that is used for reconstruction of orthogroups (see Fig. 4.3). Briefly,

edges are placed between gene pairs from different species if their FASTA align-

ment E-value is below 0.1 and the corresponding sequence is the best FASTA hit

in the other species or the percent identity between the two sequences is at least

50% of that between the sequence and the best FASTA hit in the other species.
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4.2 Reassessing FOR

These edges are subsequently weighted using a composite distance score based

on the ML distance and synteny similarity score between the pair of sequences

(Wapinski et al., 2007a). The authors themselves concede that this procedure is

“lenient” and it is conceivable that erroneous edges are introduced through local

similarities that will result in a significant E-value, especially when orthogroups

(in the conceptual sense) are sparse (i.e. only contain members in few of the de-

scendant species), as is reflected by the misclusterings at shallow node level. The

synteny-based weighting of the edges also appears of great importance for the

accurate resolution of the gene similarity graph into individual orthogroups as

evidenced by the large number of misclusterings in the CTG clade for which no

synteny information was available at the time. The authors however fail to give

details about the relative weighting of peptide sequence similarity and synteny

similarity score, making it difficult to further elaborate on this.

The splitting of the 74 misclustered orthogroups resulted in creation of nu-

merous “fragmented” orthogroups rooted at a shallow node level. This could

have led to a loss of information and over-inference of evolutionary events due to

separation of true, but misclustered, orthologs into distinct orthogroups. To al-

leviate this as much as possible without introducing circularity through sequence

similarity measures that appeared to be the initial reason for dubious homology

assignment, I used an updated version of the YGOB (Gordon et al., 2009) as well

as the recently published Candida Gene Order Browser (CGOB; Fitzpatrick et al.,

2010) to screen for syntenic evidence supporting the reclustering of fragmented

orthogroups. Both gene order browsers were collapsed into a single assignment

of syntenic blocks based on shared Saccharomyces cerevisiae homologs, this be-

ing the only species within the Saccharomycetacae included in CGOB. I merged

conserved syntenic regions from both gene order browsers if they contained the

same S. cerevisiae sequence. Fragmented orthogroups were then searched for

consistent mappings, requiring the agreement of all sequences in each fragmented

orthogroup to map into the same, merged synteny block, and collapsed into a

new orthogroup if this was the case. Although this approach is limited by the

requirement of the presence of a syntenic ortholog between S. cerevisiae and the

species in the CTG clade which are distantly related, this still resulted in 20

“reunited” orthogroups.
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Figure 4.6: Pairwise HMM scores for each sequence belonging to one of the 75

reclustered orthogroups. Values in blue indicate a score ratio larger than one., in

turn indicating a better fit to the new (reassigned) orthogroup.
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4.2 Reassessing FOR

Assessing the validity of reclustered orthogroups is a challenging problem since

both alignments as well as trees have changed and as such are not comparable.

To get an approximate measure of “relatedness” of a sequence to the orthogroup

to which it is assigned, I chose to remove the sequence from the orthogroup in

question, realign the remaining members and then score the sequence against the

global, weighted HMM profile of the orthogroup. The HMM profile of an align-

ment is a statistical representation of the degree of conservation and consensus

sequence at all positions in the alignment (Durbin et al., 1998) and in theory a

sequence should score better when globally aligned to a HMM containing true ho-

mologs rather than sequences sharing only short regions of local homology. HMM

profiles of the realigned sequences were built using HMMER2 (Durbin et al., 1998;

Eddy, 1998) and the scores for the removed sequence aligned against the profile

was determined using Profile Comparer (Madera, 2008). Figure 4.6 shows the

pairwise scores for each sequence in its old and its newly assigned orthogroup

for all members of all 75 modified orthogroups. Overall about 74% of sequences

scored better in their newly assigned orthogroups. Surprisingly, this still left a

quarter of sequences scoring worse however. Orthogroups containing sequences

that scored lower in their new orthogroups included the example in Figure 4.4.

Here the sequences marked in blue were removed from the dataset due to a

lack of evidence of those being TFs (see above). The removal of this unrelated

subset from the alignment however also resulted in increased constraint on each

position in the global HMM (due to the now higher percent identity/similarity).

One of the NDT80 paralogs in the CTG clade has a reversed domain order with

respect to the other copies (see Chapter 3.6.4) and those “reversed” homologs

score worse in the new OG due to the overall increased constraint. This highlights

the difficulty of finding a suitable measure of “improvement”.

The SYNERGY algorithm was previously found to perform similarly well

on small and medium-sized orthogroups compared to computationally expen-

sive probabilistic methods (Akerborg et al., 2009) and in general in comparison

to methods not incorporating phylogenetic information at all (Wapinski et al.,

2007a). Nevertheless, I found almost a quarter of the orthogroups in my dataset

to suffer from erroneous homology assignments and inclusion of unrelated false
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positives. Arguably this is due to the nature of the data itself, given the promis-

cuous occurrence of DBDs and other accessory domains commonly found in TFs

in a range of different types of proteins. This in turn would have been equally

likely to influence other methods relying on grouping homologs by sequence simi-

larity such as best bidirectional hits (Fitch, 1970; Wall et al., 2003) or OrthoMCL

(Li et al., 2003) and as such represents a particularly difficult case. After man-

ual reassessment and splitting of dubious orthogroups I was confident that the

dataset at hand contained few false homology assignments. Although it is likely

that there is an increased occurrence of fragmented orthogroups which might lead

to a slight over-inference of evolutionary events, due to having to infer losses to

account for the “missing orthologs” which might in fact be present in another

fragmented orthogroup, it is possible to account for this in downstream analyses

and introduces less conflicting signal than analysis of non-orthologous proteins.

4.3 Widespread Disagreement between Speciation-

Duplication Inference Methods

As discussed in the introduction to this Chapter, inference of gene trees and,

implicitly, the inference of duplication and loss events is a difficult problem both

due to the stochastic error inherent in phylogenetic reconstruction of relatively

short sequences as well as the biological processes leading to incongruence between

gene and species trees. When this work was begun there was little theoretical

grounding on how to assess the performance of different gene tree reconstruction

methods due to the lack of a sound statistical framework to model gene family

evolution based on both gene duplication and loss as well as sequence evolution.

Approaches such as PrimeGSR (Akerborg et al., 2009) were beginning to address

such questions; however they remained computationally infeasible to use on large

datasets such as the one here. Very recently, SPIMAP (Rasmussen & Kellis,

2010), an implementation of similar theoretical principles as those PrimeGSR is

based on (see above) was published and proved to be fast enough for large-scale

analyses. Furthermore, Rasmussen & Kellis (2010) have developed a simulation
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framework to assess Speciation-Duplication Inference (SDI) methods and I will

discuss my performance measures in light of their empirical results.

To gain an insight into the performance of different SDI methods and the

inferences they produce, I performed a comparative analysis between results ob-

tained using four SDI methods employing different approaches for gene tree re-

construction. SYNERGY being one of these approaches, I decided to restrict the

comparison of these methods to the 240 orthogroups that remained unchanged

during reassessment of the dataset (“stable orthogroups”) in order to avoid com-

plication of the signal by possible false homology assignments. Of those stable

OGs, 172 contained more than three members and were thus non-trivial to re-

solve. All comparative analyses were run on the 172 stable, non-trivial OGs.

Reconstructed SYNERGY trees were taken directly from the FOR dataset. The

species tree used in my analysis differs slightly from the one that was used for the

FOR dataset, so in order to obtain comparable trees, nodes were rearranged to

match the species tree used in my analysis. If there was more than one possibility

for rearrangement, TreeBeST (see below) was used to resolve the subtree.

Secondly, I used Leaphy (Whelan, 2007) a ML software which I previously

found to perform well in gene tree reconstruction compared to other popular

phylogenetics software (see Chapter 2.3.1). Leaphy was run on the sequence

alignments of the amino acid sequences calculated by the domain-guided version

of PRANK (see above) using the WAG model of evolution (Whelan & Goldman,

2001) with four gamma rate categories and 100 bootstrap replicates each. The

reconstructed gene trees were then reconciled with the species tree obtained from

previous analyses (see Chapter 2) using NOTUNG 2.6 (Chen et al., 2000), a

software implementing the classic duplication-loss parsimony analysis outlined in

the introduction. I used the default cost for duplications and losses (1.5 and 1.0

respectively). NOTUNG finds reconciliations by minimising the Duplication/Loss

(D/L) score which is defined as cLL + cDD + cCC where L, D and C are the

numbers of inferred losses, duplications and conditional duplications respectively,

cL is the cost assigned losses and cD is the cost assigned to duplications. (C and

cC are defined as the number of inferred conditional duplications and the cost

of conditional duplications, respectively. Those are however only relevant in the

context of non-binary species trees which is not the case here and default to 0.)
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Reconciled gene trees were rearranged using NOTUNG based on the bootstrap

support at each node, with the support cutoff set to 70%. This means that nodes

with bootstrap support of 70% or over are fixed irrespective of the cost they

induce whereas edges with lower support are free to be rearranged to minimise

the D/L score thereby mitigating the impact of low-confidence branchings in the

reconstructed gene trees. This approach will be referred to as LeaphyN from now

on.

In addition the two previously mentioned approaches, TreeBeST (Li et al.,

2006) was included in the comparison. Although TreeBeST also uses a duplication-

loss parsimony reconciliation framework and as such falls into the same category

as LeaphyN , it employs a species-tree informed merging procedure of several in-

put trees, calculated on both amino acid and nucleotide data, whilst minimising

duplications and losses, thus making direct use of species relationships for the

reconstruction of gene trees which represents an essential difference to LeaphyN ’s

ad hoc approach. TreeBeST is widely used, being at the centre of the TreeFam

database (Li et al., 2006) and ENSEMBLCompara (Vilella et al., 2009), and is

generally considered a good gene tree reconstruction software, making it an in-

teresting candidate to include into a comparative analysis. TreeBeST was run

on nucleotide alignments, backtranslated from the amino acid alignments used in

the LeaphyN analyses.

Finally, I ran SPIMAP 1.0 (Rasmussen & Kellis, 2010) on all stable, non-

trivial orthogroups. SPIMAP is an empirical Bayes approach (Robbins, 1956)

and requires training of species-specific evolutionary rates and the duplication

and loss rate using a separate training script. I used the one-to-one ortholog

phylogenomic dataset collected previously (see Chapter 2.2) as a training set

for species-specific rates. Branch lengths to be used for training on each of the

343 training alignments were calculated using PAML (Yang, 2007) and the HKY

model of evolution with four categories of Γ-distributed rates, this being the model

of evolution implemented in SPIMAP. The duplication and loss rate parameters

λ and µ were taken from Rasmussen & Kellis (2010), as estimated for their

fungal dataset which spanned the same clades as my dataset. Values for λ and

µ were 0.000732 and 0.000859, defined as the numbers of duplications and losses

per unit branch length. Branch lengths are calculated in a relaxed clock model
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that incorporates the gene- and species-specifc rate parameters mentioned above.

Using the trained parameters, I ran SPIMAP with 500 iterations and 100 pre-

screening iterations. On average, the algorithm converged on a topology after

186 iterations, indicating that this was sufficient.

4.3.1 Placement of Inferred Events

A rigorous comparison between the methods considered is difficult to achieve due

to the lack of a “gold standard” dataset as well as the unavailability of the details

of the SYNERGY method. The comparison presented here was mainly con-

centrated on the consistency of events inferred by the different approaches with

respect to downstream analysis as well as the orthology assignments they induce.

Table 4.1 shows a comparison of the total number of duplications inferred by each

method. Since losses are placed as a consequence of where a duplication event has

been inferred and as such are implicit, this first part of the comparison was fo-

cussed on duplication events only. Overall SYNERGY inferred about half as many

duplication events as either the of two reconciliation methods. Approximately a

third and a quarter of these events were shared with those inferred by LeaphyN

and TreeBeST respectively and less than 15% have been inferred by all four meth-

ods. TreeBeST inferred most duplication events but showed less identically placed

duplications than LeaphyN in all three comparisons, arguing for greater accuracy

of the LeaphyN placement of duplications. Also noteworthy is the relatively large

number of shared duplications inferred by LeaphyN and TreeBeST, two thirds

of which were not recovered by SYNERGY. SPIMAP inferred similar numbers

of duplication events to SYNERGY, but shared a larger proportion of identical

duplications with both reconciliation methods. This higher consistency between

the methods dwelling on full phylogenetic inference rather than recursive recon-

struction might represent biases inherent to phylogenetic methods. Alternatively,

this increased consistency might reflect a lack of sensitivity to more complex evo-

lutionary scenarios by SYNERGY. Rasmussen & Kellis (2010) found such a lack

of sensitivity in the case of gene conversion, presumably due to the relatively

stronger weighting of synteny information over sequence similarity, which will be

discussed further below.
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Figure 4.7: Placement of inferred duplications by LeaphyN (blue), SYNERGY

(yellow), TreeBeST (green), SPIMAP (orange) and events shared by all methods

(grey) according to the number of descendant species below that node. The

category marked 6* only contains the WGD node.
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Number of Shared Duplications

Inf. Dups. SYNERGY LeaphyN TreeBeST SPIMAP All

SYNERGY 111 — 35(31.5%) 25(22.5%) 30(27.0%) 19(13.5%)

LeaphyN 196 35(17.9%) — 60(30.6%) 52(26.5%) 15(7.7%)

TreeBeST 217 25(11.5%) 60(27.6%) — 35(16.1%) 15(6.9%)

SPIMAP 113 30(26.5%) 52(46.0%) 35(31.0%) — 15(13.3%)

Table 4.1: Comparison between the numbers of duplications inferred using each

of the four SDI methods tested.

It is known that reconciliation methods are biased towards over-inference of

the number of duplications and frequent placement of those on deep branches

whilst inducing excess losses towards the tips of the tree (see Chapter 4.1.1 and

Hahn, 2007). To investigate whether this was the case here, I examined the exact

placement of inferred duplications with respect to the species phylogeny. Figure

4.7 shows the number of duplications inferred by each method as well as those

shared by all methods, according to the number of descendant species at each

node level. Both LeaphyN (blue) and TreeBeST (green) inferred a large number

of duplications on deep branches with many descendants. This trend was most

extreme for TreeBeST, with 40% of all inferred duplications placed near the root

of the tree (10 and 15 descendant species). Duplications inferred by SYNERGY

(yellow) were slightly more evenly distributed across the branches with most

duplications inferred at the WGD (six descendant species) whereas SPIMAP

(orange) showed opposite trends with a large number of inferred species-specific

duplications.

The majority of events that were consistently inferred by all methods (grey)

were species-level duplications (one descendant species) which is in agreement

with what has been proposed by Hahn (2007): the bias of reconciliation methods

for excessive placement of duplications is strongest near the root while branches

near the tips constitute “informative” branches on which duplications are accu-

rately placed. The depth of inferred events in my study indicates that the large

part of the additional duplications induced by LeaphyN and TreeBeST gene trees

(see Table 4.1 for numbers) are likely to be due to incongruence between the re-

constructed trees and the species tree, based on their placement on deep branches.
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Neither SYNERGY nor SPIMAP were affected by this bias, although there was a

large number of species-specific events inferred by SPIMAP but not SYNERGY.

Interestingly, just under a third of duplications found by the three phylogenetic

methods but not SYNERGY were species-specific and thus placed on informative

branches, suggesting that SYNERGY might be “underinferring” duplications to

some degree. Indeed, Rasmussen & Kellis (2010) found SYNERGY to be un-

able to detect gene conversion events in some cases, instead placing duplication

events deeper within the tree. SPIMAP was shown to be more accurate than

SYNERGY in recovering the real duplication age of gene conversion events (Ras-

mussen & Kellis, 2010) which might explain a portion of the large number of

species-specific duplications it inferred.

To further examine the properties of the inferred duplications, I calculated

the “Duplication consistency score” first introduced by Vilella et al. (2009). This

score is calculated as the ratio of the overlap of descendant species present in

the two subtrees below each duplication node to the total number of species

below the duplication node (see Figure 4.8A for an example). The rationale of

this score is based on the fact that frequently, misplaced duplications are due to

relatively small incongruences between the gene tree and the species tree that

force the placement of a duplication during reconciliation (Hahn, 2007; Vilella

et al., 2009). Such erroneously placed duplications will have a very small overlap

in descendant species and a score near zero, while well-placed duplications will

often be more balanced and score closer to one. Arguably, it is possible that

all but a few paralogs have been lost following gene duplication such as in the

examples outlined in Chapter 3.6.3. This would result in a small consistency

score but can generally be expected to be rare. Furthermore, the inclusion of

SYNERGY, which is not affected by the same gene tree reconstruction artefacts

(see above) should provide an approximate “baseline” frequency of such events

in the data.

The distributions of duplication consistency scores inferred by SYNERGY

(yellow), LeaphyN (blue), TreeBeST (green) and SPIMAP (orange) are shown in

Figure 4.8. While for most score categories the numbers of duplications falling

into each category were very similar for all four methods considered, there was
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Figure 4.8: A: Calculation of the duplication consistency score and illustrated

example. Figure modified from Vilella et al. (2009). B: Distributions of the du-

plication consistency score for all duplications inferred by SYNERGY (yellow),

LeaphyN (blue), TreeBeST (green) and SPIMAP (orange). Scores near zero in-

dicate low consistency whereas scores close to one indicate high consistency.
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a very clear excess of low-consistency duplications proposed by both the rec-

onciliation methods. In fact, the majority of additionally inferred duplications

appeared to be accommodated by this category. Again, TreeBeST inferred more

low-consistency duplications than LeaphyN .

SPIMAP showed opposing trends with a very large number of high-consistency

duplications. This was unsurprising given the large number of species-specific

duplication events it inferred, as those are, by definition, of high consistency.

Similarly, I also found an increase in abundance of high-scoring duplications in

LeaphyN and to some extent TreeBeST, which reflected the additional species-

level duplications proposed by the phylogeny-aware methods but not SYNERGY

(Figure 4.7).

4.3.2 Orthology Assignments

Finally, phylogenetic and functional downstream analyses require the assignment

of orthology relationships. By definition, one-to-one orthologs are separated only

by speciation, not duplication events. In order to assess sensitivity and speci-

ficity of the orthology assignments induced by the proposed duplications of all

four methods, I compared the pairwise orthology assignments to the syntenic or-

thologs annotated in CGOB (Fitzpatrick et al., 2010). (Unfortunately, a parseable

version of YGOB was not available for comparison as the raw data available via

the website are unassembled homology assignments and it was not possible to

determine orthology status of genes in the post-WGD genomes without execu-

tion of the YGOB code.) The CGOB gene browser contains manually curated

orthology assignments based on the syntenic context of the individual genes as

well as sequence similarity and phylogenetic evidence (Byrne & Wolfe, 2005) and

is considered to be of high quality. Here, raw results were directly parseable for

orthology assignments due to the one-to-one syntenic relationships of the genomes

included. CGOB contains the species in the CTG clade as well as homology as-

signments to S. cerevisiae. To avoid introducing bias, I chose to ignore those

assignments however, as S. cerevisiae only shares limited gene order conservation

with the species present in CGOB (Byrne & Wolfe, 2005). For the gene tree re-

construction methods, a pair of genes was considered to be orthologous when the
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nodes that separate them on the tree are speciation events only. The gene order

browser datasets are arranged into “pillars” of orthologous genes and “tracks” of

chromosomal environments. In the case of CGOB orthology assignment is trivial

seeing that there is only one syntenic track for all species. The results of this

comparison are summarised in Table 4.2.

All four methods performed well in comparison to CGOB, recovering be-

tween 83% and 92% of the orthology assignments that were testable. Both

reconciliation-based approaches showed lower sensitivity than either SYNERGY

or SPIMAP which was likely due to the biased placement of events on deeper

branches resulting in unbalanced duplications (see above). Again, SPIMAP and

SYNERGY performed similarly well, although SPIMAP showed both increased

sensitivity and specificity in the CGOB comparison compared to SYNERGY. En-

couragingly, the occurrence of positive orthology assignments that were not found

in CGOB was very low for all methods (∼ 0.1%) suggesting that false positive

orthology assignments are unlikely to be of great importance irrespective of the

method used for downstream analysis. These results mirror what has been found

in a recently published comparison of SDI methods (Rasmussen & Kellis, 2010).

4.3.3 Quantitative Comparison

One of the aims of this study was to identify DBD families and groups of homolo-

gous TFs that have undergone large amounts of turnover compared to others. The

previous comparisons considering the dataset as a whole, showed that there were

large differences between the inferences made by different gene tree reconstruc-

tion methods. To study the impact of method choice on the statistics derived

from inferred numbers of duplications and losses when focussing on individual

families, I compared those when abstracted to the DBD family and orthogroup

level. While in the global comparison SYNERGY and SPIMAP appeared to be

the most correct methods, judging by the placement and consistency of the pro-

posed duplication events, problems in the clustering step in the assembly of the

FOR dataset and unavailability of the method details meant that SYNERGY

inferences could not be used for at least one-third of my TF dataset. Based on

the statistics discussed above, SPIMAP thus was the method of choice. Figures
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4.9 and 4.10 show the numbers of duplications and losses respectively inferred

by each method when grouped by DBD or orthogroup. The comparisons shown

here are based on the correlation between inferences derived from SPIMAP re-

sults when compared to each of the other three methods; the remaining pairwise

comparisons are shown the Appendix, Figs. A.1 and A.2.

Despite a difference in the overall numbers of inferred duplications (cf. Ta-

ble 4.1) I found a good correlation between SPIMAP results and those of other

methods when considering the proposed number of events grouped by domain

architecture (Figure 4.9A). When removing the most extreme values, the correla-

tions became weaker but were still highly significant and strong when compared

to SYNERGY and LeaphyN results, but considerably weaker for TreeBeST infer-

ences. This was also reflected in the comparisons between TreeBeST and results

derived from either LeaphyN or SYNERGY inferences (Fig. A.1), further under-

lining the notion that TreeBeST results were generally more noisy for the dataset

analysed here. Furthermore, SPIMAP inferences correlated more strongly with

those from the other three methods than any of the other pairwise comparisons

(Fig. 4.9, Fig. A.1), suggesting a greater amount of shared signal (or noise). These

conclusions held when the inferred numbers of duplications were considered by

orthogroup (Figure 4.9B), although again correlations were less strong, probably

due to larger amounts of stochastic error that had less strong effects when in-

ferences were grouped by domain architectures seeing that DBD groupings often

contain multiple OGs.

The correlations between methods became less strong when considering the

numbers of inferred losses. This was unsurprising, given that differential place-

ment of the same number of duplications will induce different numbers of losses.

The effect of this became especially apparent when considering the number of in-

ferred events by orthogroup (Figure 4.10B). Nevertheless, correlations were still

significant especially when large domain architecture groups were included (Fig-

ure 4.10A). Here, SPIMAP showed stronger correlations with SYNERGY in con-

trary to the numbers of inferred duplications where SPIMAP showed stronger

correlations with LeaphyN , which reflected the Duplication Consistency Score

and node level statistics where both SYNERGY and SPIMAP generally inferred
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duplications at more shallow node levels and of higher consistency thus inducing

less loss events.

4.3.4 Conclusions

Inference of evolutionary histories of gene families involves two distinct analysis

steps: firstly, the grouping of homologous sequences; and secondly, the recon-

struction of gene trees for groups of given homologs. The SYNERGY algorithm

includes both those tasks and while it has been shown to perform well compared

to other methods for the former (Wapinski et al., 2007a), there is somewhat con-

tradictory evidence on performance in the latter task (e.g. Akerborg et al., 2009;

Rasmussen & Kellis, 2010). Because inferences made by SYNERGY are at the

heart of the data collection pipeline used for this study (see Chapter 3.2.1) and the

method promises increased accuracy in general due to incorporation of synteny

information which is curated to a very high standard for some of the species in-

cluded here (Byrne & Wolfe, 2005), SYNERGY was the initial method of choice.

In order to assess performance in both steps, I investigated the consistency of

the groupings of homologous genes, orthogroups, when compared to the available

gene order browsers as well as the proposed gene trees and resulting inferences

of duplications, losses and orthologs with respect to alternative widely-used gene

tree reconstruction methods.

Careful examination of the realigned data revealed a substantial number of

“misclustered” sequences, affecting approximately one-third of the collected or-

thogroups. Upon closer inspection I found that such artificial clustering frequently

occurred between the Saccharomycetaceae and the CTG clade, possibly reflect-

ing the large evolutionary distance between those species as well as the lack of

high-quality synteny information. The most likely cause for the failure of the al-

gorithm in those cases is the high BLAST E-value cutoff (0.1) used by SYNERGY

for initial clustering of homologous sequences. This was possibly exacerbated by

the nature of sequences themselves, often containing promiscuous but highly con-

served domains accompanied by rapid sequence divergence outside those domains

(see Chapter 5.4) which would have almost certainly been equally problematic for

other clustering methods and probably presents one of the more challenging cases

164



4.3 Widespread Disagreement between Speciation-Duplication
Inference Methods

to study due to those reasons. After reexamination, splitting and reclustering of

the erroneously clustered orthogroups I obtained a high confidence dataset for

further analysis.

Assessing the performance of SYNERGY as a gene tree reconstruction method

was challenging for a number of reasons including the lack of full technical detail

for the method and the fact that it performs two analysis steps simultaneously,

making it difficult to hypothesise on potential shortcomings. In a comparison with

their own probabilistic gene tree reconstruction method, Akerborg et al. (2009)

found that SYNERGY performed well for small to medium-sized orthogroups

but failed to recover gene trees for large orthogroups that were in the set of

most probable trees proposed for those by probabilistic methods. It is difficult to

discriminate, however, whether these results were due to similar misclusterings

as mentioned above or the actual gene tree reconstruction process seeing that

the authors used orthogroups calculated by SYNERGY as input for other soft-

ware and especially large orthogroups were more likely to be affected by artificial

clustering due to the resulting increase in evolutionary divergence between its

members. Rasmussen & Kellis (2010) in turn found SYNERGY to perform very

well, recovering over 99% of syntenic orthologs correctly with the only shortcom-

ings found being the inability to detect gene conversion events when compared

to methods using phylogenetic evidence.

In the comparison presented here SYNERGY performed well. It generally in-

ferred fewer duplication events, showing high consistency and not heavily biased

towards deeper branches of the tree, especially compared to the reconciliation

methods LeaphyN and TreeBeST. SYNERGY’s sensitivity for detection of or-

thologs as assessed by a comparison to CGOB, not included in the calculation of

the FOR dataset, was close to 90%, suggesting that even in the absence of highly

curated synteny information it can accurately infer orthology relationships, given

that the homologs were clustered together in the first place.

The agreement on the exact placement of duplication events between different

methods was very small, however, with at most 46% of inferred splits agreed by

any two methods. This was especially true within the light of the orthogroups

used for comparison, representing the portion of the dataset where no conflict in

homolog clustering by SYNERGY was found and as such comprising the “easy
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cases”. Both of the reconciliation-based methods were found to exhibit the bias

previously described, namely the forcing of duplications on deep branches of the

tree due to errors in gene tree reconstruction (Hahn, 2007). This was reflected

by the increased overall number of inferred events, low duplication consistency

of the majority of those events, and the excess of duplications inferred on deeper

branches of the tree. LeaphyN performed significantly better than the widely-used

TreeBeST however, showing less extreme bias in all of those measures.

SPIMAP, a probabilistic and species tree-guided gene tree reconstruction ap-

proach, was later added to the comparison and performed well on all accounts.

The overall numbers of inferred duplication events were very similar to those in-

ferred by SYNERGY, showed no bias towards deep branches of the species tree

and were of high consistency. There was an excess number of duplications in-

ferred on the species-level, especially when compared to SYNERGY, although

a proportion of those were also inferred by the reconciliation methods, indicat-

ing that those might represent cases of gene conversion where SYNERGY had

been previously shown to fail to reconstruct accurate gene histories (Rasmussen

& Kellis, 2010).

The failure of SYNERGY to appropriately cluster a considerable portion of

the dataset meant that alternative methods had to be used for at least that part

of the dataset. To examine how this would affect the outcome of planned down-

stream analysis, I investigated whether inferences made using different methods

would influence conclusions drawn from the data such as enrichment for duplica-

tions and losses by orthogroup or domain architecture or orthology assignments.

Although the placement of duplications frequently differed as described above,

the overall numbers of duplications inferred were found to strongly correlate,

especially when grouped by domain architecture. This meant that even when

using a different method, inferring different numbers of duplication events in dif-

ferent locations, the relative numbers of duplications inferred for each DBD are

similar between methods and would lead to equivalent results when comparing

duplication rates between DBD families. The numbers of losses correlated less

strongly but could still be considered to be informative. Although orthology

inference varied in sensitivity, it was found to be highly accurate with ∼99% pre-

cision, minimising the risk of analysing non-orthologous sequences in downstream
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analyses. Again, SPIMAP showed the strongest correlations of inferences of du-

plications and losses in pairwise comparisons between methods and performed

best in terms of sensitivity and specificity of orthology assignments. I was thus

confident to use SPIMAP for the following analyses.

4.4 Evolutionary Dynamics in TF Repertoires

4.4.1 Inference of Duplications and Losses

The full TF repertoire dataset comprised 391 OGs (the 240 stable OGs as well as

151 which were created as a result of splitting misclustered OGs; see above). Of

those, 271 were non-trivial, meaning they contained more than three sequences,

as for less than that SDI analysis is not meaningful. Gene trees for 271 non-trivial

orthogroups were reconstructed using SPIMAP 1.0 (Rasmussen & Kellis, 2010)

using the parameters determined previously (Chapter 4.3). SPIMAP reconstructs

a gene tree that induces a reconciliation but does not output a reconciliation (“the

mapping of events onto the species tree”) itself. SPIMAP trees were reconciled

with the species tree using NOTUNG (Chen et al., 2000) to obtain a labelled

species tree for each OG. Overall this resulted in the inference of 249 duplica-

tions and 303 losses. Figure 4.11 shows the distribution of inferred numbers

of duplications and losses (red and blue, respectively) and the number of OGs

rooted at a particular node level (yellow) across all DBD families. Recall, each

OG contains one-to-one and one-to-many orthologous sequences that are inferred

to be derived from a single sequence in the most recent common ancestor of the

species included in an OG, the root. If the root species does not correspond to

the most recent common ancestor of all species considered, I refer to the OG as

an “orphan”, rooted at the respective most recent common ancestor of the species

containing representatives in the OG. (For a review of the orthogroup concept,

see Fig. 3.2.)

The largest number of duplications, unsurprisingly, was inferred on the branch

of the whole-genome duplication (Fig. 4.11). The lineages that diverged just after

(Saccharomyces castellii, Candida glabrata, and the Saccharomyces sensu stricto

species) also showed increased numbers of duplications, although these are likely
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1  10   20
Duplications
Losses
OG count

WGD

Saccharomyces cerevisiae*

Saccharomyces paradoxus

Saccharomyces mikatae

Saccharomyces bayanus

Saccharomyces castellii

Candida glabrata*

Kluyveromyces waltii

Saccharomyces kluyveri

Ashbya gossypii*

Kluyveromyces lactis*

Candida tropicalis

Candida albicans*

Lodderomyces elongisporus

Pichia gulliermondii

Debaryomyces hansenii* 

Figure 4.11: Number of duplications (red) and losses (blue) inferred for 271

orthogroups using SPIMAP. Yellow boxes indicate the number of orthogroups

rooted at each of the respective branches. The whole genome duplication branch

is marked “WGD”. The area of the boxes is scaled according to the number of

inferred events using an arbitrary unit (see in-figure legend). Asterisks denote the

species for which the genome sequence was finished at the time when the dataset

was collected.
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to be due to gene tree reconstruction artefacts as indicated by the large number

of accompanying losses inferred on the same branches. It was previously found

that both S. castellii and C. glabrata have retained more WGD paralogs than

the sensu stricto species and that those are enriched for transcriptional regula-

tors (Chapter 3.6.3; Byrne & Wolfe, 2007), arguing for the true placement of

these duplications on the WGD branch. Indeed, inspection of the gene trees

of affected orthogroups revealed frequent cases where both S. castellii and/or

C. glabrata duplicates were reconstructed as species-specific duplications on long

branches where the generating duplications were inferred shortly after the WGD,

supporting the idea that those might be WGD paralogs instead. Interestingly,

this pattern was not only confined to cases where one of the duplicates was sub-

sequently lost in the sensu stricto species but also occurred when both copies

were retained in all descendant lineages, explaining the increased number of du-

plications inferred on the sensu stricto branch (Fig. 4.11). Examination of the

large number of species-specific duplications that were detected in the compara-

tive analyses discussed above (see Fig. 4.7) revealed that a large number of those

were inferred on the C. glabrata and S. castelii branch, suggesting the possibility

of high incidences of gene conversion in these lineages.

Only five duplications were inferred within the pre-WGD species (Fig. 4.11)

indicating that this clade has mainly been dominated by gene loss in comparison

to the other clades. Gene loss is somewhat more difficult to interpret within this

context and will be discussed in more detail below. It is noteworthy, however,

that all four pre-WGD species contain a large number of single-species orphan

orthogroups containing single TFs that could not be attributed to any homologs

by either SYNERGY or the YGOB.

The CTG clade in turn experienced relatively large amounts of gene gain, with

duplications inferred on every branch. This was in line with the overall increase

in numbers of TFs in those genomes as well as the overall increase in the number

of protein coding genes they encode (see Chapter 2; Table 2.1). Furthermore, I

found just under 20% of the orthogroups to be rooted at the base of the CTG

clade and thus represent additional copies not present in other clades, further

underlining this increase in size. Again, those could not be attributed to homologs

in the Saccharomycetacea and it is possible that a number of CTG orphans are
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indeed homologous to other non-root node orthogroups (e.g. those rooted at the

Saccharomycetaceae or the pre- and post-WGD clades), especially seeing that

remapping using the gene order browsers was restricted by the requirement of

the presence of a Saccharomyces cerevisiae ortholog. This is unlikely to explain

all of those orphan orthogroups however.

Inferred numbers of losses will be affected by the quality of the genome an-

notation of each species and accuracy of the placement of duplications, making

interpretation of those more challenging. The majority of losses were inferred

at tips of the tree, indicating that both issues might be affecting the estimates.

When considering only estimates from finished genome sequences (∗, Fig. 4.11),

assuming that those annotations will be more complete, the numbers of losses

were indeed smaller than in the surrounding species with lower quality annota-

tions (with the exception of C. glabrata; the reasons for an inflated amount of

losses here are explained above). The numbers of losses inferred on the deeper

branches in turn are likely to be an underestimate in light of the large number

of orphan orthogroups rooted at (e.g.) the base of the CTG clade or the Sac-

charomycetacea, some of which are likely to have been lost in other clades rather

than gained at their root. It is not possible however to determine whether those

orthogroups represent lineage-specific duplications or lineage-specific losses with-

out further phylogenetic analysis to resolve the relationships between different

orthogroups in the same DBD family. Initial analyses (not shown) suggested

that this would be difficult to achieve, given the large amounts of sequence diver-

gence and relatively short alignable regions in the species considered here, often

resulting in poorly-supported family-wide phylogenetic trees. Further analyses

were thus not attempted.

Despite these difficulties in interpretation, it was clear that the pre-WGD

species have experienced increased amounts of TF loss compared to the other

clades studied here, often in a species-specific manner. Interesting in this con-

text is also the large number of single-species orphan orthogroups (yellow boxes

at the tips of the tree in Figure 4.11) suggesting either a regime of indepen-

dent losses (often retaining only a single copy in one of the species), ancient

species-specific duplication, or rapid sequence divergence of ancient homologs in

individual species to the extent where it is not possible to determine orthology
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any longer. The fact that these orphans were frequently found within conserved

syntenic regions according to YGOB argues for the earlier two possibilities to be

more likely.

Overall, the three major clades studied here showed three very different pat-

terns of gene family evolution. The post-WGD species experienced large-scale

duplication of parts of their regulatory repertoire followed by a stable period

with few duplications and a slightly larger number of losses. This suggested a

burst of regulatory novelty followed by finer-scale specialisation and adaptation.

The pre-WGD species were mainly dominated by TF loss which possibly indi-

cates a process of fine-tuning of their existing repertoires in the adaptation to

their individual niches. All species studied in the pre-WGD clade are distantly

related to each other, with the speciations giving rise to the extant members be-

ing placed deeply in the tree (see Chapter 2, Figure 2.9). As a consequence, the

regulatory networks in those species will have evolved independently for extended

amounts of time, which in turn could be an explanation for the large amounts

of species-specific losses and duplications and high levels of sequence divergence

giving rise to the numerous orphans orthogroups observed in this clade. Again, it

needs to be emphasised that the patterns observed here are difficult to distinguish

from the ones that would arise from missing data, although the patterns found

in finished genomes here are no different from those of lower quality. Finally, the

CTG clade appears to have been under increased amounts of turnover, displaying

both elevated rates of duplication and loss throughout. Seeing that a large num-

ber of species within this clade (see Chapter 1.5.2.2) are pathogenic to humans

and other hosts, there is a possibility that this reflects active adaptive processes

to fluctuations in environmental conditions such as a co-evolving immune system

and it will be very interesting to explore the functional relevance of this increased

plasticity in more detail (see below and Chapters 3.6.4 and 6.5).

The patterns observed here mirror genome-wide all-gene estimates of dupli-

cations and losses for these lineages (Wapinski et al., 2007b), suggesting a tight

coordination between increases in the numbers of transcriptional regulators and

protein-coding content of the genome. This level of coordination argues for a

facilitating role of increased numbers of regulatory proteins for the retention of

gene duplicates. Whether this is through an increase in regulatory complexity, TF
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dosage-dependent or both is unclear at this moment but would be an interesting

question for further investigation.

4.4.2 Family-wise and Clade-wise Enrichment for Events

The contribution of different DBD families to TF repertoires in most organisms is

highly asymmetrical with a small number of DBD families contributing the ma-

jority of TFs in a given genome (see Chapter 3.4). A WGD event can be the result

of a hybridisation between different species or due to a spontaneous doubling of

chromosomes, e.g. after a failed round of meiosis (reviewed in Dujon et al., 2004)

and we would not expect a strong bias towards the retention of particular families

per se. SSD events in turn can be the result of a number of different mechanisms,

some of which are likely to result in amplification of already large families. Du-

plicate genes can be the result of retrotransposition of mature mRNAs trough the

machinery encoded by retrotransposons, non-homologous recombination, recom-

bination between paralogs or errors during DNA replication (reviewed in Hurles,

2004). Especially in the latter two cases, large families will have greater tenden-

cies to fluctuate in size due to the increased likelihood of the formation of unequal

crossovers (e.g. Ahlroth et al., 2001) or differential re-annealing after strand slip-

page during replication. To test whether any of the DBD families found in the

Saccharomycotina experienced significantly increased rates of turnover relative

to the other families, I calculated expected rates of duplication and loss (under

the assumption of equal rates) and contrasted those with observed rates for each

family across the entire tree as well as in a clade-specific manner. Significance

testing was performed using permutation tests and results were confirmed using a

probabilistic model of birth and death (BD) evolution as implemented in CAFE

(Hahn, 2007).

4.4.2.1 Rate of Gain and Loss, Difference Statistic and Permutation

Testing

The expected rate of duplication across the tree was defined as:

expT =
dupT
ancT

(4.1)
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where dupT is the total number of duplications inferred across all families and

ancT is the number of ancestral orthogroups. Note that here all orthogroups were

counted as ancestral, even if rooted at shallower nodes in the species tree and

a duplication was inferred at the root node level of orphan orthogroups. This

presents a simple shortcut to mitigate the effects of not knowing whether such

orthogroups arose through duplication or losses, whilst acknowledging the in-

creased copy number of TFs in that family. This slightly biases statistics towards

duplications, as an alternative explanation of the observed orphan orthogroup

would have been the loss of members in other clades. I considered this accept-

able, however, as a single duplication is often the more parsimonious explanation,

especially for orthogroups rooted near the tips of the species tree. In the follow-

ing sections, I will distinguish between such assumed duplications and bona fide

duplication events.

The expected number of duplications per family was defined as:

expfam = expT × ancfam (4.2)

where expT the expected rate of duplication across the tree as defined above and

ancfam the number of ancestral orthogroups for that family.

Finally the difference statistic was calculated as follows:

Sdup = obsfam − expfam (4.3)

where obsfam is the number of inferred duplications for a particular family and

expfam the number of expected duplications for that family as defined above.

Similarly, I calculated Sloss for losses. A third statistic, describing the overall

plasticity of a family, was defined as |Sdup|+ |Sloss|.
In addition to looking for deviations from average rates of duplication and

loss across the whole tree, clade-specific patterns of DBD family evolution were

calculated as above but limited to a particular subtree for the post-WGD, pre-

WGD, Saccharomycetacea and CTG clades by dropping orthogroup members

from other clades not under consideration. The ancestral number of orthogroups

here was taken to be the number of orthogroups that contained descendants in

the clade analysed.
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In order to determine the statistical significance of the differences between

observed and expected numbers of events for each family, I implemented a per-

mutation test by randomly re-labelling orthogroups with DBDs whilst keeping the

overall number of orthogroups per DBD constant. P-values were calculated from

1000 samples and were adjusted to have a false discovery rate (FDR; Benjamini

& Hochberg, 1995) of 0.05 to correct for multiple comparisons.

4.4.2.2 Results

Table 4.3 shows the results obtained from the analyses outlined above. None of

the DBD families showed significantly accelerated rates of gene gain, loss or overall

plasticity when considered across the entire tree. Analysis of clade-specific pat-

terns however revealed several significant changes in gene family dynamics in each

of the subtrees. The SRF-TF-like family of MADS box TFs was found to have

experienced increased rates of turnover in the post-WGD species, showing signifi-

cantly accelerated rates of duplication, loss and overall plasticity. Given that both

the rate of gain and loss were found to be highly significant however, this result

appeared dubious in light of the known biases of gene tree reconstruction where

incorrectly reconstructed trees lead to inference of excessive numbers of duplica-

tions and losses. Indeed, inspection of the alignments and reconstructed trees of

the two orthogroups annotated with an SRF-TF DBD suggested that this was the

case. Although both orthogroups were duplicated during the WGD, representing

true signal, excessive amounts of duplications and losses were inferred due to one

of the biases discussed above where S. castellii and C. glabrata WGD paralogs

tended to cluster together instead of with their syntenic orthologs. Manual in-

spection of other significantly accelerated DBD families (see below) confirmed

that this was the only enrichment affected by gene tree reconstruction artefacts,

however.

TF gain in the pre-WGD species was found to be dominated by the Zn clus

(Zn(II)2Cys6) as well as the Zn clus:Fungal trans domain-containing TFs. While

very few bona fide duplications were inferred in this clade, all four species con-

tained a large-number of orphan orthogroups, counted as assumed duplications,

which were significantly enriched for those two families. This suggested that,
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independent of whether these orphan orthogroups were the results of ancient

duplications, losses or high levels of sequence divergence, these families have ex-

perienced different evolutionary pressures compared to the other DBD families

in this clade.

When considering the Saccharomycetacea as a whole, I found accelerated rates

of duplication of the C2H2 tandem zinc finger TFs. Again, this enrichment was

most likely due to the large number of orthogroups that are specific to the Saccha-

romycetacea. Over 60% of orthogroups containing this domain architecture are

only found in this clade (compared to 20% tree-wide and 20% CTG-specific or-

thogroups). Conceivably, this enrichment could be somewhat inflated given that

the C2H2 tandem zinc finger is among the shortest domain motifs in this dataset

and the sequences encoding it are thus more likely to have been misclustered by

SYNERGY and subsequently fragmented (see Chapter 4.1). Nevertheless, even

if all 20% of CTG-specific orthogroups were the result of artificial fragmentation

and could be attributed to their orthologs in the Saccharomycetacea, this would

still leave an excess of clade-specific C2H2:C2H2-containing orthogroups. Further-

more, I detected significant increases in overall plasticity of the SRF-TF family

but, as before, this was most likely due to gene tree reconstruction artefacts.

Finally, investigation of patterns in the CTG clade revealed significantly

higher rates of gene gain in the Zn clus, Zn clus:Fungal trans and

zf-C3HC4:Zn clus:Fungal trans families. These families were enriched for both

bona fide inferred duplications and clade-specific orthogroups indicating clear

propensity for expansion in these families within the CTG clade. This is also re-

flected in the overall composition of TF repertoires (Chapter 3, Fig. 3.6), showing

that a large proportion of the TFs gained in the CTG species is accommodated

within the Zn clus and Zn clus:Fungal trans families.

The zf-C3HC4:Zn clus:Fungal trans domain architecture was exclusively found

within the CTG clade (see Chapter 3, Fig. 3.6) and has been amplified on the

branch leading to the CTG species as well as in Candida albicans and Debary-

omyces hansenii.

Besides acceleration in the rates of gain and loss in different DBD families, I

also tested for families showing significantly decreased rates of turnover (the lower

tail of the probability distributions was calculated using permutation testing).
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DBD family P-value(adj)

All

Duplications — —

Losses — —

Plasticity — —

WGD

Duplications SRF-TF < 0.001

Losses SRF-TF < 0.001

Plasticity SRF-TF < 0.001

Pre-WGD

Duplications Zn clus 0.043

Zn clus:Fungal trans 0.039

Losses — —

Plasticity — —

Saccharomycetacea

Duplications zf-C2H2:zf-C2H2 < 0.001

Losses — —

Plasticity SRF-TF < 0.001

CTG

Duplications Zn clus < 0.001

Zn clus:Fungal trans < 0.001

zf-C3HC4:Zn clus:Fungal trans 0.043

Losses — —

Plasticity — —

Table 4.3: Accelerated rates of duplication, losses and overall plasticity in different

DBD families
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Due to the very large number of significant families in some clades, these results

are not shown here but discussed below. Again, no family showed significantly

decelerated rates of either duplications or losses when considered across the entire

tree. When investigating clade-specific results, I found a large number of families

showing significantly decreased rates of duplication in the WGD and pre-WGD

clades (31 and 47, respectively) whereas only two families showed significantly de-

creased rates of duplication in the CTG clade. In light of the observed duplication

rates in each of these clades (see above) this seemed counter-intuitive at first, i.e.

one would expect a large number of families to show relatively decelerated rates

of duplication in the CTG clade where the majority of inferred duplications was

accommodated within a few families. The results can be explained by taking into

consideration both the spread of duplications across different families and overall

duplication rate: in the WGD clade, duplication rate is high and duplications are

spread across many different DBD families, leading to high per-family expected

rates when sampling across the TF repertoire during permutation testing and

consequently a large number of significantly decelerated families. Similarly, in

the pre-WGD species, the duplication rate is low and duplications are enriched

in few DBD families and although per-family expected rates are low, only few

DBD families showed rates surpassing this. Finally, the duplication rate in the

CTG clade is very high and duplications are significantly enriched in few fami-

lies. Duplications were inferred in a number of families however, albeit at lower

numbers. I found no significantly decelerated rates rates of loss in either of the

clades.

4.4.2.3 CAFE

In order to obtain an alternative validation of the above observations using a

probabilistic model of gene family evolution, I used CAFE v2.1 (De Bie et al.,

2006) to identify families that were undergoing large changes in size. CAFE

estimates the birth and death (BD) rate parameter (λ) across all families based

on the number of observed gene copies in all the extant species. The BD model

is subsequently used as a null hypothesis of random changes in gene family size

to test for families that violate this model (Hahn et al., 2005). Note that λ
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4.4 Evolutionary Dynamics in TF Repertoires

represents a single parameter for both gene gain and loss, a condition which is

essentially violated by the WGD. It is possible however to specify different values

of λ for groups of branches (“λ-models”), a feature which should make it possible

to overcome this effect to some extent.

CAFE was run using several different λ-models on the entire tree as well

as on the WGD and non-WGD subtrees only. The results are summarised in

Figure 4.12. Model testing was performed using likelihood ratio tests (LRTs) for

nested models and the AIC criterion (Burnham & Anderson, 2004) otherwise

(see Chapter 2.2.2 for definitions). Both LRT and AIC support a two-rate model

(Fig. 4.12; yellow row (“Full”) and tree) with different λ for WGD and non-WGD

species. A three-rate model, specifying different values for λ for the WGD, pre-

WGD and CTG clades was also tested and not rejected on the grounds of the AIC

(∆AIC <2), but the increase in likelihood was not significant according to the

LRT. Despite the gain and loss dynamics in the pre-WGD and CTG clades being

very different (see Fig. 4.11), this probably reflects the coupling of duplication

and loss rate in a single parameter suggesting overall similar levels of plasticity

despite the differences in directionality.

Besides the full model, I also estimated λ-models on the WGD and non-WGD

subtrees in isolation to assess whether the WGD had an impact on parameter

estimation and thus rendered the previous analysis invalid. Model testing con-

firmed the use of a single λ for each of those clades (Fig. 4.12; yellow rows (“no

WGD” and “WGD only”). Although here in both cases the more complex model

had a lower AIC value, the ∆AIC was not significant, supporting the use of the

simpler model. LRTs also did not support multi-rate models. The λ values esti-

mated for the single-rate models in the WGD and non-WGD species were very

close to the values estimated for each subtree in the full model, supporting the

validity of these analyses.

CAFE infers the numbers of gene copies for all families at each internal node

across the species tree based on the number of observed copies in the extant

species. Given the best-fit model of BD evolution and λ estimates it then calcu-

lates the probability of observing the inferred change in copy number given the

null model for each branch, yielding an overall P-value for the test of the given

family evolving according to the BD model as well as branch-wise probabilities for
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4.4 Evolutionary Dynamics in TF Repertoires

Family P-value # Sig. Branches Clades

zf-C2H2:zf-C2H2 0.001 3 WGD(1); pre-WGD(2)

Zn clus:Fungal trans 0.000 5 CTG(4); pre-WGD(1)

Zn clus 0.000 3 CTG(2); pre-WGD(1)

Table 4.4: CAFE results: Families showing an overall P-value < 0.01. Significant

branches indicates the number of significant branches found in each families and

“Clades” indicates how many of these were found in each subtree. Significant

branches were detected for both increase and decrease in numbers of TFs in each

family, although these do not necessarily correspond to increases or decreases in

rate as the test only surveys changes in the number of inferred family members

at each node. A much higher number of TFs on one branch will lead to a higher

number of inferred copies at the ancestral node and might indicate losses on

the low-copy number branch, even if the true difference was generated by large

expansion on the high-copy branch.

model conformance. Table 4.4 shows a summary of the families that were found

to evolve differently from the BD null model with P < 0.01. Full visualisation of

CAFE output for these families can be found in the Appendix, Figures A.3 - A.5.

Encouragingly, the CAFE results very closely mirrored the results obtained

from my permutation tests reinforcing the notion that those were not generated by

gene tree reconstruction artefacts or excessive fragmentation of misclustered or-

thogroups and indeed represent genuine signal. Virtually all families found signif-

icant in the clade-specific rate analysis were equally detected to have experienced

significant changes in rates of turnover by the BD model in the corresponding

clades. The one exception was the zf-C3HC4:Zn clus:Fungal trans family which,

being specific to the CTG clade, did not yield a low enough P-value for deviation

from the BD null model across the whole tree .

One observation that was not detected in the permutation tests was the very

high retention rate of zf-C2H2:zf-C2H2 WGD paralogs in Saccharomyces castellii,

which contains 29 TFs encoding this DBD compared to 23 in Candida glabrata

and 18 or 19 in the remaining post-WGD species (see Appendix, Fig. A.3). This

higher tendency for retention of WGD duplicates in S. castellii and C. glabrata

has become obvious from overall examination of the composition of the TF reper-
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4.5 Two Modes of Regulatory Network Growth

toires in those species (Chapter 3; Fig.3.6) and does not appear to be family-

specific. It would be interesting however to explore whether there are any biases

towards retention of particular functional classes of TFs in those species in more

detail.

4.5 Two Modes of Regulatory Network Growth

Evolutionary dynamics within the three clades studied here were found to be

very different. While regulatory network growth in the post-genome duplica-

tion species was mainly achieved through the retention of WGD paralogous TFs,

network growth in the CTG clade proceeded through series of small-scale du-

plications (SSD). These differences were also reflected when considering family-

specific evolutionary dynamics. Whereas I found retention of WGD TFs to

be non-family-specific, the SSD duplicates in the CTG clade were highly en-

riched for TFs belonging to the two largest DBD families, containing Zn clus and

Zn clus:Fungal trans architectures and contributing to an ongoing lineage-specific

amplification of those. Indeed, recent duplicates in C. albicans and D. hansenii

were often located close by on the same chromosome, implicating non-homologous

recombination and slippage during DNA replication (see Chapter 4.4.2) as impor-

tant mechanisms generating the lineage-specific amplification in the CTG clade.

This suggested the existence of two distinct modes of regulatory network

growth that are potentially very different in their functional properties, topolog-

ical features within the regulatory network and the resulting adaptive potential.

TFs do not act in isolation but are part of higher order network structures where

they cooperate with other TFs to regulate downstream target genes (see Chapter

1.2.3 for review). These networks have been shown to be hierarchically organised

(e.g. Bhardwaj et al., 2010b; Jothi et al., 2009; Yu & Gerstein, 2006) and display

a scale-free structure (e.g. Guelzim et al., 2002), where a small number of TFs,

denoted regulatory hubs, regulate a very large number of target genes while most

TFs regulate a small number of target genes (see Chapter 1; Fig. 1.3). TFs in

different hierarchical layers display distinct functional and topological properties,

e.g. TFs in the higher levels of the hierarchy tend to be enriched for regulatory

hubs (especially in the core layer which is highly interconnected) and be involved
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in a larger number of biological processes than the TFs found at the bottom of

the hierarchy, which are often stand-alone and specialist in their roles (Bhardwaj

et al., 2010b; Jothi et al., 2009).

It is known that the properties of genes duplicated in small-scale duplications

differ substantially from duplicates generated through WGD events (reviewed in

Conant & Wolfe, 2008). While small-scale duplicates are often found in the less

densely-populated regions of protein-protein interaction (PPI) networks (Li et al.,

2006) and generally exhibit smaller knockout fitness effects (He & Zhang, 2006),

much the opposite is true for duplicates generated by WGDs (Maere et al., 2005;

Van de Peer et al., 2009; Wapinski et al., 2007b). This has been explained by the

“dosage-balance hypothesis” (Edger & Pires, 2009; Papp et al., 2003). SSDs of

genes with large pleiotropic constraints that have many interaction partners or act

in a concentration-dependent manner are likely to have detrimental effects due to

the disturbance of the stochiometry of the modules or complexes they belong to.

Genome-scale duplication in contrast allows for the simultaneous duplication of

an entire module, thus relieving such pleiotropic constraints. Indeed, WGD par-

alogs that have been retained in the Saccharomyces sensu stricto species are often

part of the same protein complex and perform central roles in the cell (Wapinski

et al., 2007b). Based on these findings one could expect similar tendencies for the

retention of WGD duplicate TFs, i.e. increased retention of TFs at the core of the

regulatory hierarchy and within the same pathways. Recent studies have started

addressing some of those questions and have found that the post-WGD network

in S. cerevisiae forms a highly-connected network layer with frequent cross-talk

between duplicated and ancient pathways and that the subgraphs of WGD dupli-

cate regulatory motifs are generally more complex than motifs created through

SSD (Fusco et al., 2010). Also, the ancestors of WGD duplicate TFs were found

to be more influential, as determined by the extent of network fragmentation into

non-connected subcomponents when computationally removed, than the ances-

tors of other TFs in inferred ancestral regulatory networks (Conant, 2010). These

results hint that indeed, TFs retained after WGD were highly connected and part

of core regulatory pathways and below I present a more detailed analysis based

on my results.
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4.5 Two Modes of Regulatory Network Growth

In order to determine whether and how WGD duplicates differed from TFs

duplicated trough SSD, I examined their placement within the S. cerevisiae regu-

latory network with respect to the number of regulatory interactions and position

in the hierarchical organisation of the network. For these comparisons, I used the

network compiled by Jothi et al. (2009), which is a combination of a series of

biochemical and ChIP-chip experiments (see Jothi et al., 2009 and references

therein). This network contains 13,385 regulatory interactions between 158 TFs

and 4369 target genes. Overall, 143 of the 158 TFs were shared between my

dataset and the “Jothi2009” dataset. For corroboration of results I also used

a regulatory network compiled from YEASTRACT (YT; Teixeira et al., 2006)

which is a literature-based, curated repository of regulatory associations. In my

version of the YT network, I chose to only include regulatory interactions for

which direct evidence, i.e. through binding of a TF, was available. This YT

dataset contains 21,898 interactions for 184 TFs and 5833 target genes, of which

149 TFs were shared with my dataset. There are significant correlations between

the number of regulatory interactions per TF in the Jothi2009 and YT networks

(outdegree: R2 = 0.467; P < 2.2×10−16; indegree: R2 = 0.666; P < 2.2×10−16).

Approximately 87% of the interactions in the Jothi2009 network are contained

in the YT network. As such the Jothi2009 network is largely a subset of the YT

network, a fact also reflected by the overall bigger number of interactions per TF

in the YT network.

It is unclear which of these two datasets is a more biologically valid represen-

tation of the S. cerevisiae regulatory network. The Jothi2009 network is likely be

biased towards the few experimental conditions surveyed in the original studies

that were used to generate the dataset and might be missing a large number

of condition-specific regulatory interactions. While those are more likely to be

included in the YT data, the YT dataset likely suffers from study bias towards a

small number of well-studied TFs. Indeed, the two TFs showing by far the highest

outdegree in the YT network are two very well-characterised regulators (STE12

and RAP1 ). For those reasons, I chose to use both networks for cross-validation

of results whenever possible.

I used my results on the evolutionary histories of S. cerevisiae TFs to classify

each as a WGD TF if it had arisen from a duplication event inferred on the WGD
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branch and been retained in the sensu stricto species. Because of the inference

biases around the S. castellii and C. glabrata nodes (see above), I furthermore

included duplicates that arose on either the lineage leading to the sensu stricto

species plus C. glabrata or the sensu stricto species only if their WGD status was

supported by syntenic data in the YGOB (Byrne & Wolfe, 2005). Overall, 63

S. cerevisiae TFs were classified as WGD duplicates. Conversely, all other dupli-

cations since the root of the species tree were classified as non-WGD duplicates.

A full list of WGD TFs is shown in Appendix, Table A.2.

4.5.1 WGD Paralogs Are Enriched for Highly Connected

TFs

TFs with many regulatory interactions form important parts of the information

processing structure of regulatory networks. Conceivably, the more regulatory

interactions a TF has, the greater its potential for integration of signals (indegree;

the number of TFs it is regulated by) or for their dissemination (outdegree; the

number of target genes it regulates). Accordingly, one would expect duplication

of such highly connected TFs to have large pleiotropic effects that might affect

the accuracy and efficiency of signal processing. In order to examine whether TFs

retained after WGD show similar tendencies to other WGD-retained genes, that is

high pleiotropic effects with respect to the organisation of the regulatory network,

I compared the distribution of indegrees for WDG TFs to the distribution of

indegrees of non-WGD TFs as well as the distribution of outdegrees of WGD

TFs to the distribution of outdegrees of non-WGD TFs using both the Jothi2009

and YT networks.

Figures 4.13 and 4.14 show the distributions of outdegrees and indegrees

of non-WGD (grey) and WGD TFs (red) respectively. Comparison with the

Jothi2009 network showed a clear trend for enrichment of high outdegree in the

WGD TFs (Figure 4.13). This difference was statistically significant (one-tailed

Wilcoxon test: W = 3269; P < 0.001). The trend was less clear in the YT network

and did not yield a significant difference (one-tailed Wilcoxon test: W = 2773; P

= 0.231), although there was a clear excess of WGD duplicates among the TFs

regulating between 300 and 900 target genes. Interestingly, manual inspection of
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Figure 4.13: Distribution of the outdegrees of WGD TF duplicates (red) com-

pared to non-WGD TFs (grey) in the Jothi2009 and YT regulatory networks.

the four TFs with the highest outdegree in the YT network revealed that three of

those were indeed retained after WGD but only in either S. castellii, C. glabrata

or both and then subsequently lost on the sensu stricto lineage and therefore

not included in this analysis. It would be interesting to repeat this test when

those results are included. The distributions of indegrees (Fig. 4.14) showed a

clear enrichment for high indegree in WGD TFs compared to the distributions of

indegree among non-WGD TFs and was statistically significant in both networks

(one-tailed Wilcoxon test: W = 3485; P = 0.039 [Jothi2009] and W = 5530; P =

0.004 [YT]).

In order to investigate the discrepancies in enrichment results for high outde-

gree among WGD TFs between the Jothi2009 and YT networks, I examined the

relationship between indegree and outdegree of TFs in each network (Fig. 4.15).

As mentioned above, the YT network contains more regulatory interactions than

the Jothi2009 network overall and includes the majority of the interactions present

in the Jothi2009 dataset. Examination of corresponding outdegrees of WGD and

non-WGD TFs highlighted the differences in outdegree distribution between the

two networks. While at the lower end, the association between outdegrees was

almost linear, there were large differences between the Jothi2009 and YT net-
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Figure 4.14: Distribution of the indegrees of WGD TF duplicates (red) compared

to non-WGD TFs (grey) in the Jothi2009 and YT regulatory networks.

works in ranking order and magnitude of the high outdegree TFs. Those are

likely responsible for the significant enrichments seen among WGD TFs in the

Jothi2009 but not the YT network. In line with the stronger correlation between

indegrees of all genes in the Jothi2009 and YT networks (see above), TF indegrees

followed a more linear relationship (Fig. 4.15), Although the absolute numbers

of regulators per TF differed, WGD TFs were distributed similarly compared to

non-WGD TFs in both networks resulting in significant enrichments for large

indegree in both the Jothi2009 and the YT network.

Independent of the choice of network used to investigate the properties of

WGD TFs, I found clear trends for the retention of highly connected TFs fol-

lowing whole-genome duplication. Although these enrichments were not always

significant depending on which network was considered, the degree distribution

of these TFs clearly supported the notion that the WGD allowed for the reten-

tion of highly-connected network components, predicted to have large pleiotropic

effects. To examine this further, I also considered the incidence of regulatory

hubs, defined as the top 20% of highly connected TFs (Jothi et al., 2009), in

the Jothi2009 network. The results of this are shown in Table 4.5. Despite a

significant enrichment for high-outdegree TFs however and a strong trend to-
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Figure 4.15: Distribution of outdegrees of WGD TF duplicates (red) compared

to the overall distribution of outdegrees (black) in the Jothi2009 and YT regula-

tory networks (left plot). Distribution of indegrees of WGD TF duplicates (red)

compared to the indegree distribution of all TFs (black) in the Jothi2009 and YT

regulatory networks (right plot)
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Hubs Non-hubs N/A Total

All 32 102 93 227

WGD 18 33 12 63

Expected 12.56 38.44 — —

Expected (N/A) 8.88 28.31 25.81 —

Table 4.5: Number of regulatory hubs among WGD TFs. N/A refers to TFs in

my dataset that were not included in the Jothi2009 regulatory network.

wards a bias for regulatory hubs, I found no statistically significant enrichment

for regulatory hubs among the WGD TFs (χ2 test: P = 0.056; df = 1).

Interestingly, when including the proportion of TFs that were not included in

the regulatory network into the statistic, I found a strong underrepresentation of

not-included TFs (“N/A”; Tab. 4.5; row 4) among the WGD TFs (χ2 test: P <

0.001; df = 2) . In other words, WGD paralogs were more likely to have been

included in experimental studies than non-WGD TFs. This can be interpreted as

the WGD paralogs being of greater importance to the functioning and integrity

of regulatory modules and hence having been subject to greater experimental

characterisation. This idea is supported by the studies of ancestral reconstructed

networks by Conant (2010), who found ancestral WGD TFs to be more influential

(see above). Alternatively, this could be a side-effect of the balanced duplication

of many, often well-defined DBD families (see Chapter 3, Fig. 3.6), many of which

are more easily detected than the large zinc finger families and thus more likely

to have been identified in earlier studies of TFs in S. cerevisiae (see Chapter

3.2.2.1).

The yeast regulatory network can be seen as being organised in a hierarchical

manner, comprising a large feed-forward structure containing a top layer of TFs

that regulate TFs in the core and bottom layers, a very highly connected core

layer regulating downstream TFs in the bottom layer and a bottom layer that

represents the end of the regulatory cascades, regulating non-TF target genes

(e.g. Jothi et al., 2009; see Chapter 1, Fig. 1.3C). Different layers have different

properties. TFs in the top and core layers are generally associated with more
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4.5 Two Modes of Regulatory Network Growth

Top Core Bottom # N/A Total

All 18 61 55 93 227

WGD 7 27 17 12 63

Expected 6.85 23.22 20.93 — —

Expected (N/A) 5.00 16.93 15.26 25.81 —

Table 4.6: Distribution of WGD TFs among the hierarchical layers of the

Jothi2009 network. N/A refers to TFs in my dataset that were not included

in the Jothi2009 regulatory network.

biological processes than the bottom layer TFs as well as being more conserved

(on the basis of presence or absence of homologs in 15 other fungal genomes). The

core layer contains 27 of the 32 TFs classified as hubs and is involved in regulation

of 87% of target genes (in contrast to 35% and 25% for the top and bottom layers,

respectively) , making it the most important information processing structure in

the regulatory network (Jothi et al., 2009).

According to the hypothesis of increased retention of high-pleiotropy TFs after

WGD, I would expect WGD TFs to be represented across all three network layers,

including members of the top and core layers which are likely to have the largest

pleiotropic effects. Table 4.6 shows the hierarchical classifications of TFs in my

dataset as well as observed and expected numbers for the WGD TFs. Again, I

found no significant differences in the distributions of WGD and non-WGD TFs

across the hierarchical layers of the network (χ2 test: P = 0.512; df = 2) but

rather a balanced distribution.

In light of the high-pleiotropy hypothesis for WGD TFs that I had set out

to test, it thus appeared that indeed there was unbiased retention of both high-

and low-pleiotropy TFs following the WGD, arguing in favour of the gene bal-

ance hypothesis. Moreover, the significant enrichments for high indegree in both

networks and high outdegree in the Jothi2009 network, and the (not significant

but suggestive) trend for WGD TFs to be regulatory hubs certainly argue for the

retention of important regulators following the WGD. One aspect of this might

be that both hub status and position within the regulatory hierarchy are poor

definitions of pleiotropy. Indeed, I found that e.g. hub status had no effect on
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4.5 Two Modes of Regulatory Network Growth

evolutionary rate constraints (Chapter 5; Fig. 5.5A) and only the top layer TFs

had significantly more constrained rates compared to TFs in other layers (Chap-

ter 5; Fig. 5.5A). This suggests that there might be other factors determining

constraint and pleiotropic impact and will be discussed further in the conclusions

of this Chapter and Chapter 7.2.2.

Alternatively, it is possible that what I observed for WGD TFs above is still

very different from what is seen for SSDs. One can argue that a TF with few

regulatory interactions, in the bottom layer of the regulatory network is no less

likely to be retained after WGD than a highly-connected one. Conversely, re-

tention of hubs and highly influential TFs after SSD might be strongly selected

against in the absence of other, possibly interacting, duplicate TFs to balance the

impact of the increased dosage. In order to explore this possibility, I examined

the properties of SSD duplicated TFs which are discussed below.

4.5.2 The Properties of Small-scale Duplicated Transcrip-

tion Factors

In continuation of the argument above and in contrast to the enrichment for

highly connected genes among the WGD-retained TFs, one would expect dupli-

cates generated through SSD to display the opposite trend, i.e. low connectivity,

positioning in the bottom layer of the regulatory network and non-hub status. As-

suming that those are subject to dosage-dependent pleiotropic constraints, their

retention after SSD should be selected against and consequently rare. The very

small number of recent SSDs (Table 4.7) on the lineage leading to S. cerevisiae,

however, makes it impossible to perform statistical analyses analogous to the ones

presented above. Examination of the properties of the three SSD-generated gene

pairs provided some interesting insights.

All six TFs were found to have low indegree in both the Jothi2009 and YT

networks. Similarly, the outdegree for three of the four TFs included in the

Jothi2009 network were low (see Figs. 4.13 and 4.14 for overall distributions).

This was in contrast to annotated interactions in the YT network where the

two included TFs had 63 and 98 target genes. Only two TFs were found in

the description of the hierarchical structure of the network, one in the top layer
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Jothi2009 YT

SGD ID Out In Out In Position Hub

YER088C N/A 2 N/A 7 N/A N/A

YBL054W 1 0 N/A 9 N/A N/A

YKL038W 9 1 63 3 Bottom No

YBR033W 3 1 N/A 6 N/A N/A

YLR098C 51 0 98 2 Top No

YOR337W N/A 3 N/A 4 N/A N/A

Table 4.7: Degree distribution and position in the regulatory network of small-

scale duplicated TFs. Paralogs are grouped together in the same section.

and one in the bottom layer, and none of those was found to be a hub. While

these observations were somewhat inconclusive, especially in consideration of the

YT network, a large part of these TFs was not characterised in either dataset

or had a low indegree and outdegree arguing in favour of the low-pleiotropy

hypothesis for SSD TFs. An especially interesting exception are the two paralogs

in the last two rows of Table 4.7, YLR098C and YOR337W, where one member

regulates a considerable number of target genes, whilst its duplicate has remained

unstudied, raising the possibility of divergence after duplication or condition-

specificity. Considering the short time-scale of binding site turnover (e.g. Schmidt

et al., 2010), this raises the question of how fast a newly duplicated transcription

factor is assimilated into the existing network and can migrate into more densely

connected parts of the network given that it arose as a duplicate of a sparsely

connected TF.

In addition to the SSD duplicates that arose within the Saccharomycetaceae,

I also investigated the position and connectivity of the S. cerevisiae homologs of

TFs that had undergone lineage-specific amplification in the CTG clade. Because

at this moment there is no complete characterisation of the regulatory network

in any of those species, this required mapping to the S. cerevisiae regulatory net-

work for comparison. In total, there were 126 orthogroups for which duplications

(assumed and bona fide) were inferred, just under 80% of which were, however,
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4.5 Two Modes of Regulatory Network Growth

lineage-specific and were not mapped to a TF in S. cerevisiae. The remaining

27 orthogroups could be mapped to 31 S. cerevisiae homologs and an analysis of

these is presented below. By definition these are all bona fide duplications due

to the requirement of the presence of an ortholog in S. cerevisiae.

Figures 4.16 and 4.17 show the outdegree and indegree distributions of the

TFs that were amplified in the CTG clade (red) with respect to the outdegree and

indegree of non-amplified TFs in the S. cerevisiae regulatory network (grey). The

distributions were not found to be biased towards highly connected TFs for either

outdegree (Jothi2009: one-tailed Wilcoxon test: W = 1354; P = 0.547, YT: one-

tailed Wilcoxon test: W = 1177.5, P = 0.820) or indegree (Jothi2009: one-tailed

Wilcoxon test: W = 1830.5, P = 0.662, YT: one-tailed Wilcoxon test: W = 2559,

P = 0.815) in either network. This was also evident from the relative connectivity

distributions (Fig. 4.18) where CTG-amplified homologs often clustered in the

lower connectivity regions. Nevertheless, there were numerous highly-connected

TFs among the CTG-amplified homologs, arguing against a strict low-pleiotropy

rule for retention of SSD duplicates. Again, interpretation is not straightforward

given the large divergence time between S. cerevisiae and the extant members

in the CTG clade. Several recent studies examining the conservation of binding

events in the Saccharomycotina have shown how fast regulatory interactions are

gained and lost and that TFs can migrate from having few regulatory interactions

to becoming hubs within a few hundred million years (e.g. Lavoie et al., 2010;

Tuch et al., 2008a).

The analysis of the CTG-amplified homologs in the context of the network

architecture led to similar conclusions. When considering the frequency of hubs

among the duplicates I found no significant difference from the background distri-

bution (Table 4.8), although here the overall trends were reversed with respect to

the WGD TFs, i.e. I found fewer hubs than expected among the CTG-amplified

TFs as opposed to more than expected among the WGD TFs. Here, the propor-

tion of TFs that was not included in the description of the regulatory network

was almost identical to the expected number. This was a strong contrast to what

I found in WGD TFs (χ2 test: P = 0.514; df = 2). This lent further weight to

the possibility that there might be biological reasons, such as importance in the
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Figure 4.16: Distribution of the outdegrees of CTG TF duplicates (red) com-

pared outdegree distribution of not amplified TFs (grey) in the Jothi2009 and

YT regulatory networks.
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Figure 4.17: Distribution of the indegrees of CTG TF duplicates (red) compared

to the distribution of indegrees of non-amplified TFs (grey) in the Jothi2009 and

YT regulatory networks.
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Figure 4.18: Distribution of outdegrees of CTG TF duplicates (red) compared to

the overall distribution of outdegrees (black) in the Jothi2009 and YT regulatory

networks (left plot). Distribution of indegrees of CTG TF duplicates (red) com-

pared to the indegree distribution of all TFs (black) in the Jothi2009 and YT

regulatory networks (right plot)
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Hubs Non-hubs N/A Total

All 32 102 93 227

CTG 3 17 11 31

Expected 4.78 15.22 — —

Expected (N/A) 4.37 13.93 12.70 —

Table 4.8: Distribution of regulatory hubs among TFs duplicated in the CTG

clade. N/A refers to TFs in my dataset that were not included in the Jothi2009

regulatory network.

Top Core Bottom # N/A Total

All 18 61 55 93 227

WGD 3 7 10 11 31

Expected 2.69 9.10 8.21 — —

Expected (N/A) 2.46 8.33 7.51 12.70 —

Table 4.9: Distribution of CTG-amplified TFs among the hierarchical layers of

the network. N/A refers to TFs in my dataset that were not included in the

Jothi2009 regulatory network.

regulatory network or family-specificity that were captured by the strong under-

representation of uncharacterised TFs among the WGD duplicates. Similarly, I

found no significant deviations of the distribution of CTG-amplified TFs across

the hierarchical layers of the network (Table 4.9; χ2 test: P = 0.634; df = 2).

Taken together, the results obtained from analysis of SSD TFs were not strong

enough to either reject or support the hypothesis of preferential duplication of

low-pleiotropy genes in small-scale duplications. Nevertheless and in contrast to

the WGD-retained TFs, which were significantly enriched for highly-connected

TFs, I found fewer regulatory hubs than expected and more bottom layer TFs

than expected among the SSD TFs although these enrichments were not signif-

icant. It is more than likely that some of the TFs that were amplified in the

CTG clade have been rewired and experienced gain and loss of regulatory in-

teractions since the divergence from the Saccharomycetaceae. It is known from
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comparative studies of bacterial regulatory networks that both global and local

structures can change drastically and completely different transcription factors

can be “promoted” to become global regulators in different species (Babu et al.,

2006b). The extent to which this is true in eukaryotic regulatory networks, which

are generally more complex and interconnected (Sellerio et al., 2009), is currently

unknown and it would be very interesting to examine degree distributions and

placement of the CTG-specific duplicates within the network architecture of a

more closely related species.

4.6 Functional Implications of Regulatory Net-

work Growth

Analysis of the position of duplicated TFs within the regulatory network showed

that WGD paralogs were enriched for highly-connected TFs and as such are

likely to perform important roles in the regulatory network. To examine the

biological relevance of the TFs that were retained after the WGD, I determined

their functional role based on annotation available at the Saccharomyces Genome

Database (SGD) as well as published literature. Annotations for the 63 WGD

TFs can be found in Appendix, Table A.2. Functional classification revealed

that a striking number of WGD TFs participate in the regulation of stress- and

nutrient-signalling. In total, 35% of regulators are known to be directly involved

in the response to a variety of extra- and intracellular stresses, including im-

portant master regulators such as MSN2/4 (general stress response), the YAP

family (oxidative stress response, salt tolerance), AFT1 and AFT2 (iron home-

ostasis) and RLM1 (cell integrity). A further 10% of TFs regulate carbohydrate

and nitrogen metabolism in response to nutrient availability and metabolic state

(i.e. aerobic or anaerobic). Other highly represented groups included cell cycle

regulators and a number of TFs mediating drug resistance.

The post-WGD species are Crabtree-positive, meaning that they preferen-

tially ferment glucose even under aerobic conditions, and do so at a high rate

(see Chapter 1.5.2.1). This is likely to be a derived metabolic feature: even

196



4.6 Functional Implications of Regulatory Network Growth

though most species that did not undergo a WGD event are facultative anaer-

obes, none of them displays an anaerobic metabolism as efficient as the post-WGD

species (Merico et al., 2007). This efficiency requires the tight coordination of

metabolic processes in response to nutrient availability and extracellular condi-

tions. In high-glucose environments S. cerevisiae grows exponentially and genes

required for oxidative respiration, use of alternative carbon sources and response

to stresses are repressed. Genes required in rapid growth conditions such as ribo-

somal proteins are highly expressed and cell cycle progression is fast (Brauer et al.,

2008; Gasch et al., 2000). In contrast to the Saccharomyces species, high growth

rates in non-WGD species are likely to be linked to aerobic metabolism, thus

requiring the high-level, coordinated expression of different pathways in nutrient-

rich environments. Indeed, recent studies of ribosomal protein regulation in the

Saccharomycotina have shown incidences of large-scale rewiring that lead to the

separation of the regulation of mitochondrial and cytosolic ribosomal proteins

(e.g. Ihmels et al., 2005) as well as a breakdown of coregulation between respira-

tory and cytosolic ribosomal proteins (e.g. Lavoie et al., 2010) in the post-WGD

species. The very high occurrence of stress- and nutrient-responsive regulators as

well as cell cycle regulators among the WGD TFs I have collected thus provides

evidence that the WGD event might have substantially influenced the rewiring of

the regulatory network and the ability to adapt to new environments in S. cere-

visiae and its close relatives.

Furthermore, I examined the functional annotation for TFs that were the re-

sult of amplification in the CTG clade. Striking here was that a small number of

orthogroups were heavily amplified (see Appendix, Table A.3). One orthogroup

containing TFs of unknown function experienced ten duplication events. Annota-

tions for CTG TFs were much more sparse compared to the annotation available

for S. cerevisiae, however: over 50% of the TFs were not experimentally charac-

terised. Nevertheless, available annotation underlined the biological importance

of the observed duplications with a number of TFs found to be involved in the

regulation of drug resistance, copper and iron homeostasis and hyphal gene ex-

pression, all of which are known to be important for pathogenicity and virulence

(Banerjee et al., 2008; Miyazaki et al., 2010; Sellam et al., 2010). Another inter-

esting observation was the heavy amplification of two orthogroups containing TFs
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of unknown function that show homology to the S. cerevisiae lysine metabolism

regulator LYS14. Overall, I inferred 14 duplications on various branches in these

two orthogroups. A literature search revealed a recently published study that

found a number of lysine metabolic genes to be up-regulated in high osmotic

stress conditions in C. albicans (Bruno et al., 2010), suggesting a possible role for

these highly amplified TFs.

4.7 Conclusions

Analysis of patterns of gains and losses experienced by TF repertoires in the Sac-

charomycotina revealed clade-specific differences in evolutionary dynamics across

the three major lineages studied (Fig. 4.11). Network growth in the species that

underwent a WGD event ∼100 million years ago appeared to be mainly domi-

nated by this large scale duplication, with very few SSD events to follow. The

CTG clade in turn displayed constant rates of both gene gain and loss through

frequent SSD events.

The differences in types of duplication events generating network growth in the

WGD and CTG species were also reflected in family-specific rates of evolutionary

turnover. While there was no particular family that experienced significantly

increased rates of duplication, or rather retention in this case, I found significantly

accelerated rates of duplication for the Zn clus and Zn clus:Fungal trans TFs (the

two largest families in Saccharomycotina TF repertoires) in the CTG species.

This suggested that ongoing lineage-specific amplification through SSD of certain

families was the predominant mechanism driving regulatory network growth in

these species.

Furthermore, WGD TFs appeared to display different properties from SSD

TFs with respect to their role and position in the regulatory network. In contrast

to SSD duplicates, I found WGD duplicates to be enriched for highly-connected

TFs. While this provided some evidence for the gene balance hypothesis, pre-

dicting retention of high-pleiotropy genes after the WGD, the balanced distri-

bution of WGD TFs among regulatory hubs and the hierarchical layers of the

network gave further support to the high-pleiotropy theory. The gene balance

hypothesis is straightforwardly applied to PPI networks but leaves more room
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for interpretation in regulatory networks. Disturbance in relative quantities of

different TFs could lead to decreased accuracy of transcriptional initiation, over-

or under-expression of target genes, competitive binding through an excess of free

TF molecules or simply a dosage-dependent effect that would make duplication

of a single TF without duplication of one or more of its target genes energeti-

cally unfavourable in absence of selection for increased dosage of the target gene.

Other aspects that potentially contribute to the impact of duplication of a TF

is whether it is expressed in a condition-specific manner and, if so, how many

conditions it is expressed in. It is known, for example, that TFs can be regula-

tory hubs in some conditions but not in others (e.g. Luscombe et al., 2004). This

would be an interesting target for further study.

Nevertheless, there was a clear trend for retention of highly connected TFs

after WGD. Enrichments were strongest for WGD TFs to have large indegrees

and were robustly detected in both regulatory network used for testing. This

suggested that WGD duplicates were themselves more highly regulated which may

have aided quicker degradation of functional redundancy between the duplicate

copies and thus increased selective pressure for retention of both copies. Indeed, a

recent study of posttranslational modification among duplicate genes has shown

that the number of phosphorylation sites in a protein is a strong determinant

of gene retention (Amoutzias et al., 2010), supporting this theory. Theoretically

this should equally apply to SSD-generated paralogous TFs, although here I failed

to detect similar trends in TFs that were amplified in the CTG clade. Again,

conclusions drawn from the comparison of CTG homologs are vague at best, due

to the inability to map more than 50% of homologs to S. cerevisiae TFs and the

high plasticity of regulatory networks in general.

Independent of whether or not WGD and SSD duplications differ in their

pleiotropic impact, it was evident that the WGD carried great adaptive potential

through duplication of an excess of well-connected transcriptional regulators that

provided ample raw material for diversification and fine-tuning of core regula-

tory pathways. Indeed, recent studies investigating the WGD subnetwork have

found that WGD TFs were rapidly integrated into the regulatory network, do not

show greater redundancy than ancient TFs and form a strongly interconnected

structure (Conant, 2010; Fusco et al., 2010). My functional annotation of WGD
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duplicates showed a strong signature for retention of stress response, metabolic

and cell cycle regulators, all of which are of great relevance to the differences in

life style found between post-WGD species and the remaining Saccharomycotina.

This was also reflected in analysis of evolutionary rates (Chapter 6.5) and will be

discussed further in Chapters 6.5.2 and 7.2 and 7.3.

Besides these implications for regulatory evolution in the Saccharomycotina,

the results obtained here provide important insights for the study of regulatory

evolution in other eukaryotic organisms. The observations made in the Saccha-

romycotina suggest that lineage-specific amplification of certain families of TFs

through SSD is the major evolutionary force driving the expansion of TF reper-

toires in most higher eukaryotes. These claims are not new; the importance of

lineage-specific amplification has been appreciated in general, e.g. by Lespinet

et al. (2002) and Iyer et al. (2008), as well as for gene regulatory networks and

their evolution in particular, e.g. by Aravind et al. (2009) and Nowick & Stubbs

(2010). A direct comparison between these different growth mechanisms shaping

TF repertoires and their functional consequences for the evolution of regulatory

networks from closely related organisms is however still lacking. In fact, the

S. cerevisiae network, which is the only eukaryotic regulatory network that has

been globally characterised to an appreciable extent, represents an evolutionary

oddity due to the impact of the recent WGD. In order to start understanding

questions such as how duplication of TFs contributes towards evolutionary nov-

elty, how quickly new TFs are incorporated into the regulatory network and at

what hierarchical level new TFs can arise, especially looking towards complex

higher eukaryotes where recent whole-genome duplication events are very rare

(e.g. Van de Peer et al., 2009), another well-characterised regulatory network

that has experienced more similar modes of network growth to those is needed.
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Chapter 5

Evolutionary Rate in TF

Repertoires

5.1 Introduction

Evolutionary analysis of turnover in transcription factor (TF) families revealed

large-scale changes in TF repertoires through both gain and loss of transcrip-

tional regulators (see Chapter 4). Besides changes in the numbers of TFs en-

coded in a genome, regulatory interactions can be altered through mutations in

the protein-coding sequence of TFs, potentially leading to differences in DNA-

binding affinity, protein-protein interaction (PPI) potential or post-translational

regulation of TFs. In oder to determine the impact of protein-coding evolution in

TF repertoires, I estimated evolutionary rates of orthologous regulators and re-

lated those to the regulatory network structure and degree dependence, especially

when accounting for the effects of the whole-genome duplication (WGD) which

contained many highly-connected TFs (see below). Furthermore I investigated

relative rates of DNA-binding domains (DBDs) and non-DBD regions and their

relative impact on associations seen between rate and network structure.

The rate of protein evolution in yeast has been shown to be dependent on a

number of variables. The single most strongest determinant of evolutionary rate is

absolute mRNA expression level and, related to that, codon bias (e.g. Drummond

et al., 2005; Xia et al., 2009; reviewed in Pál et al., 2006). Slowly evolving

proteins tend to be enriched for high abundance, essential genes, frequent gene

201



5.1 Introduction

duplication, a large number of interaction partners, low levels of intrinsic disorder

and a larger number of regulators (Xia et al., 2009). These associations are

not straightforward however through interdependence of those factors and the

small effect size of individual components (reviewed in Pál et al., 2006). In PPI

networks for example, the degree dependence of evolutionary rate first detected

by Fraser et al. (2002) was later disputed (e.g. Jordan et al., 2003) and shown to

be dependent on whether a protein is a stable or transient interaction hub among

other factors (Mintseris & Weng, 2005).

Similar studies of regulatory networks have failed to detect associations be-

tween the number of target genes a TF regulates (its outdegree) and evolutionary

rates in bacteria (Lozada-Chávez et al., 2006; Price et al., 2007) and yeast (Evan-

gelisti & Wagner, 2004; Jovelin & Phillips, 2009; Wang et al., 2010). Instead,

Wagner & Wright (2007) have found that redundancy, the number of alternative

routes connecting regulators above a TF and a TFs target genes, was positively

correlated with evolutionary rate. More recently, both Jovelin & Phillips (2009)

and Wang et al. (2010) detected positive associations between the number of

regulators TF is regulated by (its indegree) and evolutionary rates, in contrast

to what has been found genome-wide, where slow-evolving proteins had a larger

number of regulators (e.g. Evangelisti & Wagner, 2004; Xia et al., 2009). Hi-

erarchical organisation of regulatory networks has also been found to impact

evolutionary rate (Bhardwaj et al., 2010b), conservation of TFs between species

(Jothi et al., 2009) and phenotypic impact of regulator deletion (Bhardwaj et al.,

2010a) and as such appears to capture the evolutionary constraints of regulatory

networks better than degree-dependence. The top layer TFs were found to be

most conserved across species and showed the lowest evolutionary rates, whereas

regulators in other layers appeared to be evolutionarily more flexible.

In my analyses of gene duplications and losses in the Saccharomycotina, I

found that over a quarter of TFs in S. cerevisiae were duplicates that were re-

tained after a relatively recent WGD event and that those were enriched for

highly-connected regulators. It is known that following gene duplication, genes

often experience accelerated rates of evolution through relaxation of selective con-

straints due to the initial redundancy of the duplicates (e.g. Byrne & Wolfe, 2007;

Scannell & Wolfe, 2008). Conceivably, the effects of the WGD might contribute
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to the lack of a strong correlation of evolutionary rates with outdegree or the

positive correlation with indegree observed in the yeast regulatory network (see

above) due to the relaxed constraints of highly connected duplicates. To test

whether this was the case, I estimated evolutionary rates of TFs and dissected

the observed correlations based on their duplication status (WGD and non-WGD)

and hierarchical position in the regulatory network.

5.2 Estimating Evolutionary Rates

5.2.1 Relative Rate Scaling

Evolutionary rates for each orthogroup (OG) were estimated using a relative

scaling approach as illustrated in Figure 5.1. ML branch lengths are defined

as the inferred number of substitutions per site and as such represent a direct

estimate of the amount of evolutionary change of a given gene. Unless speciation

times are known, it is not possible to obtain an absolute estimate of evolutionary

rate but the comparison of amounts of evolution experienced by different genes

on the same set of branches allows us to derive a relative rate based on the fact

that both subtrees will cover the same amount of real time. By scaling the branch

lengths of the gene tree of each OG to those of a reference gene I was able to

obtain a relative estimate of the evolutionary rate between different OGs. Here,

the reference alignments were trimmed to the same set of species as those in the

respective OGs, assuming a shared underlying phylogeny, thereby being able to

estimate the best fit of the observed sequences to the common tree and derive a

relative rate of evolution between OG and reference. Compared to other, more

direct approaches for estimating evolutionary rates this diminished the need for

each OG to contain the same set of species by dwelling on a relative rather than

an absolute estimate of evolutionary rate for each OG which would require them

to contain the same set of branches and thus cover the same amount of real time.

This increased the number of comparable OGs. The relative rates estimated here

are thus defined as the number of substitutions per site of the OG in question

relative to the number of substitutions per site of a reference gene for the same

underlying set of species.
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Each OG was split into the number of one-to-one orthologous subgroups

(“splits”), induced by the inferred duplications (see Chapter 4.4.1). This re-

sulted in 633 splits, 371 of which contained more than two species. To max-

imise alignment quality, the amino acid sequences of each split were realigned

using the domain-guided version of PRANK described in the previous chapter

(Chapter 4.2) and backtranslated into codon alignments. Three reference genes,

TUB2, H2A and TBP were chosen from the dataset of Wall et al., 2003, who

estimated genome-wide evolutionary rates for Saccharomyces cerevisiae protein-

coding genes. All three were among the 10% of most slowly evolving genes and I

selected them as suitable reference genes based on the reasoning that those will

yield the maximum number of informative sites across the evolutionary range of

species considered in my dataset. Reference genes were aligned equivalently. For

each split alignment, the reference alignment was trimmed to the set of species

contained in the split and both alignments were concatenated.

PAML 4.0 (Yang, 2007) was used to estimate a partitioned model (see Chap-

ter 2.2.1 for an in-depth discussion) for each of the concatenated alignments,

providing the species tree as the reference tree. A general time-reversible model

(REV; Rodŕıguez et al., 1990) with four categories of gamma-distributed rates

was used as the base evolutionary model and separate nucleotide frequencies (π),

rate parameters (sij for i and j in A,T,G,C) and gamma distribution shape pa-

rameter (α) were calculated for each reference gene and spilt partition to allow

for between-gene heterogeneity. Branch lengths for the split partition were scaled

to those of the reference partition in a linear fashion, yielding a scaling factor c,

which served as the relative rate estimate (see “Mgene 4”, Chapter 2, Table 2.1).

PAML results were filtered for runs that failed to produce a reliable estimate of

c, removing all instances where the standard error of the estimate was infinite or

larger than the value of c itself.

5.2.2 Consistency of Estimated Relative Rates

To investigate whether c is a consistent estimator of the relative evolutionary

rate, I repeated calculations using three different reference genes and checked for

consistency. The three runs differed in the number of splits for which reliable
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Figure 5.1: Relative rate estimation of individual orthogroups. Orthogroups X

and Y are both scaled to a reference tree, obtaining a relative rate of evolution

between orthogroup X and orthogroup Y.

estimates were obtained; H2A scaling performed best with 356 estimates, fol-

lowed by TBP yielding 353 estimates and TUB2 with 349. The number of splits

for which good estimates were obtained using all three reference genes was 341.

Figure 5.2A shows the correlation between c estimated for each split using H2A

and TBP. Results comparing either of the scalings to TUB2 were equivalent and

are not shown here.

While the results correlated strongly (P < 0.001, R2 = 0.686), I found three

clear patterns of tight correlations, the main axis (Fig. 5.2A, red) and two ad-

ditional components (Fig. 5.2A, a and b). These patterns were reproduced in

any of the three two-way comparisons between different reference genes and al-

ways grouped together the same data points indicating that this might be due to

properties of the data itself. Indeed, when investigating the splits that grouped

into the different components I found that they were largely seperated by their

phylogenetic depth. To further elucidate the factor causing these observed clade-

dependent discrepancies in relative rates, I repeated the experiments as above but

this time fixing the branch lengths of the input tree (Fig. 5.2B). Reference tree
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Figure 5.2: A: Correlations of relative rate c using two different reference genes,

H2A and TBP. B: Equivalent experiment but with fixed branch lengths of the

input tree.

branch lengths were calculated for each of the reference genes using the base evo-

lutionary model REV+Γ. Here, I recovered a perfect correlation between results

from different reference genes (P < 0.001, R2 = 1.0) underlining the validity of

the scaling approach. Fixing the branch lengths however decreased the number

of runs that converged to a total of 305, with a further 49 and 102 splits failing

to yield a reliable estimate for H2A and TBP respectively.

It seemed possible that these differences between estimates of c were caused

by different tree shapes of the clade-specific subtrees dominating the scaling of

branch lengths when not constrained by other clades in the alignment. To de-

termine whether these effects were still dominant when considering each clade in

isolation, I trimmed all splits to either the sensu stricto species, the WGD clade,

the pre-WGD clade or the CTG clade and repeated the above experiments. Figure

5.3 shows the results for the respective clades. Here the patterns largely disap-

peared, also reflected in the improved correlations (sensu stricto: P < 0.001, R2 =

0.797; WGD: P < 0.001, R2 = 0.865; pre-WGD: P < 0.001, R2 = 0.960; CTG:

P < 0.001, R2 = 0.833; CTG (no outlier): P < 0.001, R2 = 0.960). While the

slope of the correlations was close to one in most clades, it was closer to 1.5 in the
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pre-WGD species indicating rate divergence between the two reference genes in

this clade which could partially explain the patterns observed when c is compared

across the entire tree.

I thus settled for using clade-wise relative rate estimates for my analyses, as

these were less dominated by clade-specific rate effects while providing reliable

estimates of c for most splits analysed. H2A was chosen as the final reference

gene, as it provided the largest number of reliable estimates.

5.2.3 Evolutionary Rate Correlates

One of the hypotheses I set out to test was whether the previously reported lack

of correlation between the evolutionary rate of a TF and its role in the regula-

tory network (e.g. Wang et al., 2010) was due to the fact that analyses had not

accounted for the effects of the WGD (see above). Evolutionary rate of protein-

coding genes is known to be strongly influenced by their total expression level

(Drummond et al., 2005; Xia et al., 2009). The Codon Adaptation Index (CAI;

Sharp & Li, 1987) is a strong indicator of the expression level of a gene, based on

the observation that highly expressed genes experience strong selection for opti-

mal codon usage for efficiency and accuracy of translation. CAI for S. cerevisiae

TFs was calculated using the implementation described in Xia (2007). Other

factors potentially influencing evolutionary rates include the proportion of sites

in unordered regions. TFs are known to contain extended unordered regions

(e.g. Singh & Dash, 2007) which conceivably could have an impact on evolu-

tionary rates, seeing that intrinsically disordered regions will be less structurally

constrained and might therefore evolve faster. In order to see whether this was

affecting the evolutionary rates calculated here, I used IUPred (Dosztányi et al.,

2005) to calculate the number and proportion of sites in intrinsically disordered

regions for all S. cerevisiae TFs. As in the previous chapter, I used the regulatory

network obtained from YEASTRACT (Teixeira et al., 2006) as well as the one

compiled by Jothi et al. (2009) (referred to as YT and Jothi2009 respectively)

and their inferred hierarchical organisation to analyse evolutionary rates within

the context of the network.
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Figure 5.3: Clade-specific correlations of relative rate c using two different refer-

ence genes
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5.3 Evolutionary Rate is Unrelated to TF Out-

degree but Related to Indegree and Hierar-

chical Structure of the Network

To test hypotheses about the relationship between network architecture, TF con-

nectivity and evolutionary rate, I focussed on the sensu stricto species only seeing

that those are most closely related within the clade and should thus yield the most

reliable rate estimates, as well as representing the group that the S. cerevisiae

network architecture can be inferred on with reasonable levels of comfort (Sac-

charomyces castellii and Candida glabrata, although post-WGD, have divergent

TF repertoires, certainly in terms of content [Chapter 3.6.3] and likely in terms

of sequence [Chapter 4.4.1] and it is unclear how this affects network structure).

Overall, I obtained reliable rate estimates for 220 of the 243 splits that contained

representatives within the sensu stricto species on which the following analysis

was based.

I first investigated the relationship between CAI and the relative rate esti-

mates, the results of which are shown in Figure 5.4A. The majority of S. cerevisiae

TFs had very similar CAI values, falling between 0.20 and 0.25. CAI values range

from 0 to 1, with higher values indicating increased usage of the most common

codons. As such the range observed here is relatively narrow and comparatively

low. There were a few exceptions with high CAI values and these were indeed

among the more slowly evolving TFs. Surprisingly however, I found significant

positive correlation between CAI and relative rates, although this was very weak

(P = 0.001, R2 = 0.043).

Based on those results, it was clear that the CAI had no major influence on the

evolutionary rate estimates in the sensu stricto species and other more important

determinants of evolutionary rate exist. Similarly, I found a broad distribution of

the percentages of residues in disordered regions among the TFs (Fig. 5.4B) and,

perhaps surprisingly, no correlation of evolutionary rates with the percentage of

residues in unordered regions (P = 0.358, R2 = −7.1× 10−4). When considering

the absolute number of residues that are found in disordered regions (Fig. 5.4C)

it emerged that both extremely fast and extremely slow evolving TFs appear
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to be devoid of extensive disordered regions, while most other TFs do not show

obvious patterns of rate-dependence (P = 0.570, R2 = −0.003). This suggested

that neither CAI nor instrinsic disorder exhibit a strong linear relationship with

relative evolutionary rates of TFs and other functional constraints are likely to

be in place.

In line with previous reports (e.g. Wang et al., 2010), despite a slight neg-

ative trend, I found no significant correlation between a TF’s rate of evolution

and its outdegree in either the Jothi2009 or YT networks (Spearman’s rank cor-

relation; rs = −0.111;P = 0.185 and rs = −0.004;P = 0.953 respectively).

Indegree, however, did show a significant positive correlation with evolution-

ary rate (Spearman’s rank correlation; Jothi2009: rs = 0.241;P = 0.002; YT:

rs = 0.226;P = 0.001). This also mirrored results obtained in previous studies

(Jovelin & Phillips, 2009; Wang et al., 2010).

When I examined the rates of regulatory hubs with respect to non-hubs, I

found no significant difference (two-sided Wilcoxon test; W = 1435.5, P = 0.703)

although the variance of relative rates of non-hubs appears to be bigger than

that of hubs (Figure 5.5A). Finally, when considered within the hierarchical or-

ganisation of the network, I found that top-level TFs evolve significantly slower

than TFs in the core and bottom layers (Kruskal-Wallis test; P = 0.021). Similar

trends have been shown by Bhardwaj et al. (2010b) and Jothi et al. (2009), who

examined ranked evolutionary rates of S. cerevisiae transcriptional regulators and

the number of conserved orthologs in other fungi, respectively. Jothi et al. also

determined the relative expression levels of TFs in different layers of the network

and have shown that regulators in the top level are relatively more abundant.

To see whether this difference in relative rates could be explained by codon bias

as a proxy for expression level, I compared CAI values between the top and the

core and bottom levels and found no significant difference (two-sided Wilcoxon

test; W = 1062;P = 0.909), suggesting this to be a true evolutionary constraint

imposed by the hierarchical organisation.
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S. cerevisiae transcription factors.
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Figure 5.5: Relative rates of TFs that are (A) regulatory hubs and non-hubs and

of for (B TFs residing in different hierarchical layers of the network)

5.3.1 Hierarchical Levels Show Distinct Trends for Degree-

dependence of Evolutionary Rates

Hierarchical levels within the S. cerevisiae network show distinct functional and

evolutionary properties. The top level contains master regulators that are by

definition regulated by very few TFs and serve as integrators of intra- or extra-

cellular signals, initiating a transcriptional response that is fed into the down-

stream network (Bhardwaj et al., 2010b; Jothi et al., 2009). The core level is

highly collaborative, regulating a large number of biological processes, whereas

the bottom level is “stand-alone”, corresponding to TFs that largely regulate

specific sets of non-TF target genes. These differences are reflected in overall

evolutionary rates (Bhardwaj et al., 2010b; Jothi et al., 2009 and this study;

Fig. 5.5B), where top level TFs evolve significantly slower than core and bottom

level TFs. Conceivably, degree dependence of evolutionary rates is likely to be

different depending on whether a TF is at the initiating (top), processing (core)

or distributing (bottom) level of the system. In oder to examine whether this

was the case, I separated the yeast regulatory network into the three hierarchical

levels described by Jothi et al. (2009) and analysed degree-dependence within
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there levels.

Overall, indegree had been found to be positively correlated with evolutionary

rate (Jovelin & Phillips, 2009; Wang et al., 2010, see above). Whereas this held

for the bottom layer of the regulatory network (Spearman’s rank: rs = 0.274;P =

0.054), no significant association was found in the core layer of the network (Spear-

man’s rank: rs = 0.081;P = 0.545). Indeed, when excluding TFs residing in the

bottom layer, this positive association was no longer significant across the re-

mainder of the network (Spearman’s rank; Jothi2009: rs = 0.045;P = 0.291;

YT: rs = 0.132;P = 0.349) indicating that this signal was mainly provided by

bottom-layer TFs. Similarly, although not significant, I found a stronger negative

relationship between outdegree and evolutionary rates in the top layer (Spear-

man’s rank: rs = −0.283;P = 0.255), compared to the core and bottom layers

(rs = −0.080;P = 0.550 and rs = −0.028;P = 0.842, respectively). No difference

in trends of outdegree-dependence between the hierarchical layers was found in

the YT network, however (Table 5.1).

While the stronger trend for outdegree dependence in top-layer TFs was in-

tuitive because one would expect a master regulator in the top layer with large

number of downstream targets to evolve slower due to the (by definition) low levels

of redundancy, the positive relationship between the number of TFs a bottom-

level TF is regulated by and its evolutionary rate remained puzzling. It is known

that TFs frequently contain a large proportion of intrinsically disordered regions

and that this proportion is in positive correlation with the number of target genes

a TF regulates (Singh & Dash, 2007 and this study, results not shown). While

this conceivably affects evolutionary rate due to the relaxed structural constraint,

potentially masking degree-dependence of evolutionary rates, I found no corre-

lation between the proportion of sites in intrinsically disordered regions and the

relative evolutionary rates in my dataset (see above). Moreover, indegree and

the intrinsic disorder did not correlate at all (Jothi2009: rs = 0.016;P = 0.834,

YT: rs = 0.029;P = 0.644 ), excluding relaxed structural constraints as an ex-

planation for the positive association between indegree and evolutionary rate.

This suggested the presence of an alternative evolutionary pressure, other than

lack of structure or high expression level to be driving this positive relationship.

Based on overall evolutionary rates, it appears that bottom layer TFs evolve
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All Non-WGD WGD

Network

Indegree (Jothi2009) 0.241 (P =0.002) 0.194 (P =0.033) 0.315 (P =0.057)

Indegree (YT) 0.226 (P =0.001) 0.204 (P =0.008) 0.184 (P =0.226)

Outdegree (Jothi2009) -0.111 (P =0.185) -0.185 (P =0.062) -0.036 (P =0.823)

Outdegree (YT) -0.004 (P =0.953) -0.043 (P =0.664) 0.021 (P =0.897)

Top

Indegree (Jothi2009) — — —

Indegree (YT) 0.114 (P =0.661) 0.292 (P =0.334) —

Outdegree (Jothi2009) -0.283 (P =0.255) -0.312 (P = 0.277) —

Outdegree (YT) -0.094 (P =0.708) -0.200 (P =0.492) —

Core

Indegree (Jothi2009) 0.081 (P =0.545) -0.058 (P =0.739) 0.133 (P =0.545)

Indegree (YT) 0.121 (P =0.367) 0 (P =1.00) 0.101 (P =0.645)

Outdegree (Jothi2009) -0.080 (P =0.550) -0.175 (P =0.314) -0.174 (P =0.427)

Outdegree (YT) -0.125 (P= 0.360) -0.020 (P =0.911) -0.342 (P =0.128)

Bottom

Indegree (Jothi2009) 0.274 (P =0.054) 0.237 (P =0.146) 0.532 (P =0.092)

Indegree (YT) 0.261 (P =0.067) 0.280 (P =0.084) 0.173 (P =0.610)

Outdegree (Jothi2009) -0.028 (P =0.842) -0.079 (P =0.630) 0.318 (P =0.339)

Outdegree (YT) -0.074 (P =0.641) -0.081 (P =0.655) -0.017 (P =0.982)

Table 5.1: Correlations of relative evolutionary rates in indegree and outdegree in

the Jothi2009 and YT networks when seperated into hierarchical layers as defined

by (Jothi et al., 2009). Values given are Spearman’s rank correlation coefficient

rs as well as the respective P value for each of the correlations. Correlations for

top-layer WGD TFs could not be calculated due to small sample size.
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fastest in general (Fig. 5.5B) and that divergence of the regulatory network is

manifested strongest here. Whether this might be due to positive selection on a

specific biological process (remember top and core layer TFs regulate more biolog-

ical processes) or generally relaxed functional constraints at this level, however,

remains open.

5.3.2 Similarities and Differences between Rate Profiles

of Whole-genome Duplication Transcription Factors

and Other Regulators

I found WGD TFs to be enriched for regulators with many regulatory interac-

tions, distributed across the different layers of the regulatory hierarchy (Chapter

4.5.1). It is well-known that after gene duplication one or both paralogs often

experience accelerated rates of evolution, either through a relaxation in selective

constraint due to redundancy or positive selection driving neofunctionalisation

or subfunctionalisation of either copy (e.g. Scannell & Wolfe, 2008, see introduc-

tion to this chapter). This increase in evolutionary rates could have potentially

blurred the impact of the regulatory network structure on evolutionary rates in

light of the overrepresentation of highly connected regulators among the WGD

TFs. To determine whether this was the case, I repeated the analyses outlined

above but this time distinguishing between TFs that arose through WGD and the

remaining portion. Furthermore, I examined whether TFs residing in different hi-

erarchical layers of the network were subject to different evolutionary pressures,

across the WGD and non-WGD subsets only. The results of this analysis are

shown in Table 5.1 (“WGD” and “non-WGD” columns).

Overall, I found no significant difference in relative rates between WGD

and non-WGD TFs (mean 2.25 and 2.14 respectively). When considering the

Jothi2009 network, again indegree was found to be positively associated with

evolutionary rates in both non-WGD and WGD TFs (rs = 0.194;P = 0.033

and rs = 0.315;P = 0.057, respectively). Although just above the signifi-

cance threshold, this trend was markedly stronger in the WGD TFs, indicat-

ing that at least part of this might have been driven by post-duplication diver-

gence. Separation of the signal into individual hierarchical layers again high-
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lighted the differences in indegree-dependence in different layers. While I found

no significant association between indegree and evolutionary rate in the core layer

(WDG: rs = 0.133;P = 0.545 and non-WGD: rs = −0.058;P = 0.739), there

appeared to be stronger association in the bottom layer. These associations

were not statistically significant (WDG: rs = 0.532;P = 0.092 and non-WGD

rs = 0.237;P = 0.146) although it is noteworthy that the trend displayed by

WGD TFs is both stronger and closer to statistical significance. There remains

the possibility of a small sample size effect (the total numbers of WGD TFs in

each layer are relatively low (see Chapter 4, Table 4.5) so interpretation of this

was unclear, also in light of the YT network not supporting this trend.

Outdegree again was not found to be significantly associated with evolutionary

rates, although the negative trend in the non-WGD TFs was close to statistically

significant (rs = −0.185;P = 0.062) whereas it appeared that this constraint

has been relaxed in the WGD TFs (rs = −0.036;P = 0.823) in line with my

predictions about the influence of relaxed selective constraints following gene

duplication. Outgedree-dependence, although not significant, was consistently

weakly negative across all network layers in the non-WGD TFs. This trend was

reversed in the bottom-layer WGD TFs, showing a relatively strong, but non-

significant positive association (rs = 0.318, P = 0.339), but again this was not

supported by the YT network and was suffering from small sample size making

interpretation somewhat difficult.

Comparison of the overall evolutionary rates of hubs and in the different hi-

erarchical levels of the regulatory network in turn did reveal important differ-

ences between WGD and non-WGD TFs (Figure 5.6). Neither the WGD nor the

non-WGD regulatory hubs evolved significantly slower than non-hubs. I found

the average rate of WGD hubs, however, to be higher than that of WGD non-

hubs (Fig. 5.6B) whereas the opposite was true for non-WGD hubs (Fig. 5.6A).

Differences in evolutionary rates between hierarchical levels were even stronger

between non-WGD and WGD TFs (Fig. 5.6C and D). Here, WGD TFs reflected

the the trends observed when considering all TFs, where the top-layer regulators

evolve significantly slower than the core and bottom-layer TFs (Kruskal-Wallis

test; χ2 = 8.915; df = 2;P = 0.012) whereas I found no significant difference in

rate between the hierarchical layers among the non-WGD TFs (Kruskal-Wallis
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Figure 5.6: Relative rate estimates of WGD and non-WGD TFs in the context

of the regulatory network. A and B: Rates of hub and non-regulators TFs in

non-WGD and WGD TFs, respectively. C and D: Rate distribution across the

hierarchical layers of the network for non-WGD and WGD TFs, respectively.
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test; χ2 = 2.4856, df = 2, P = 0.289). This suggests two things; firstly, post-

duplication divergence of regulators occurred mainly in TFs located further down-

stream in the regulatory cascades whereas there was stronger pressure to conserve

the sequence and by extension, the function, of the top-layer TFs. Secondly, the

signal for stronger conservation of top-layer TFs compared to other layers ob-

served by me and others (Bhardwaj et al., 2010b; Jothi et al., 2009), might not

hold when not taking into account the WGD and more data from other, non-

WGD, species is needed to confirm whether this is indeed the case.

5.4 Different Evolutionary Rates of DNA-binding

and Accessory Domains

Examination of the multiple sequence alignments of individual orthogroups and

splits as well as numerous observations in individual TF families (e.g. GAL4,

Zachariae et al., 1993) indicated that DNA-binding domains (DBDs) tend to

evolve slower than the non-DBD parts of TFs. In oder to see whether this was a

general feature of TF evolution and whether there were any family-specific differ-

ences to this, I recalculated evolutionary rates using the method outlined above,

this time separating alignments of each split into DBD and non-DBD regions.

Thus for each split two scaling factors, a DBD and a non-DBD relative rate, were

calculated. Furthermore, I wanted to reconsider the association between evolu-

tionary rates of TFs in relation to their position in the network in light of the

differences between DBD and non-DBD regions. I had found slower rates among

TFs in the top layer and a positive association between indegree and evolution-

ary rate when considering the entire length of the protein. In order to determine

whether this equally applied to DBD and non-DBD regions and to start being

able to comment on where functional changes might be found, I considered DBD

and non-DBD regions separately. As before, I will mainly concentrate on the

sensu stricto species to ensure reliable interpretation of the network analyses al-

though, with respect to the rate dichotomy between DBDs and other regions of

the TFs, analysis of other clades gave equivalent results (discussed below).
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Separating DBD and non-DBD regions reduced the number of alignment po-

sitions and as such the amount of phylogenetic signal available for estimation of

the individual rate scaling factors. This was reflected in the number of splits that

I managed to obtain a reliable estimate for (for filtering procedures, see above)

which was reduced to a total of 182 splits compared to the 220 used in the rate

analysis across all domains discussed above. Nevertheless, this still encompassed

approximately 75% of splits with homologs in the sensu stricto species and as

such should be a representative sample. To ensure consistency of the conclu-

sions drawn from this subsample, I examined whether there were any biases with

respect to the relative evolutionary rate, connectivity and membership in hierar-

chical levels between the 182 splits that yielded reliable between-domain ratios

and the remaining 38 splits. I found no significant differences between relative

rates, outdegree in both networks, hierarchical level and indegree in the YT net-

work, although indegree distributions were significantly different in the Jothi2009

network (two-sided Wilcoxon rank-sum test; W = 3531.5;P = 9.15× 10−4). Ex-

amination of the indegree distributions of each group gave indications that there

was a larger proportion of cases with very large indegree among the splits that

did not yield reliable between-domain rate ratios. This could essentially affect the

positive association seen between indegree and evolutionary rate, as fast-evolving

proteins will have been more difficult to align and as such not have provided

sufficient phylogenetic signal for separate domain analyses and will be discussed

in consideration of observed associations.

5.4.1 DNA-binding Domains Generally Evolve Slower than

Non-DNA Binding Regions of Transcription Factors

Figure 5.7 shows the overall distribution of DBD (grey) and non-DBD (blue)

relative rates in the sensu stricto species (Fig. 5.7A) as well as the relative rates

between DBD and non-DBD regions on a per-split basis (Fig. 5.7B). I found DBD

regions to evolve significantly slower overall (two-sided Wilcoxon rank-sum test;

W = 11488;P < 0.001) confirming previous anecdotal observations. This was

largely also true when examining results on a split-by-split basis, where I found

DBD regions to evolve slower than non-DBD regions in approximately 72% of
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Figure 5.7: Relative rates in DNA-binding and non-DNA-binding regions of TFs

in the sensu stricto clade. A: Overall distribution of DBD and non-DBD rates.

B: Per-split ratio of DBD and non-DBD rates

splits (paired two-sided Wilcoxon rank-sum test; V = 3784;P < 0.001). This

dichotomy in rates between DBD and non-DBD regions was even stronger when

other clades encompassing larger phylogenetic distances were considered (Figure

5.8).

These results possibly reflect a relatively larger structural constraint imposed

on the DBD compared to the remainder of the protein. To see whether this was

dependent on the type of DBD, I also investigated whether I could see differences

in such constraints between different families by considering DBD/non-DBD ra-

tios for each family that had three or more estimates in each clade. While there

were indeed significant differences between magnitude and directionality in the

domain rate ratios between different families, I found little consistency with re-

spect to which families contributed to those differences most across the different

clades studied. The only noteworthy observation was the fact that the C2H2 and

GATA zinc fingers were mostly found at the extreme lower end of the rate ratios,

showing strong conservation of the DBD compared to non-DBD regions, suggest-

ing that structural constraints on these relatively compact motifs are strong. As

before I found no significant association between the percentage of positions in
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Figure 5.8: Relative rates in DNA-binding and non-DNA-binding regions of TFs

in the (A) WGD, (B) pre-WGD and (C) CTG clades.
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unordered regions in the S. cerevisiae TF and the domain rate ratio calculated

for the respective split, indicating the lack of strong influence of intrinsic disorder

on the dichotomous rate patterns. A more fine-grained analysis is necessary, how-

ever, to tease apart the contribution of other structurally constrained domains

outside the DBD.

Consideration of individual atypical cases where I found the DBD to evolve

much faster than the non-DBD revealed interesting insights with respect to pos-

sible functional changes. Figure 5.9 shows the alignment of the DBD of Met4 and

its homologs, the split showing the most extreme DBD/non-DBD rate ratio in the

sensu stricto species (see Fig. 5.7). Met4 contains a bZIP DBD, comprised of the

basic region that directs DNA-binding and a leucine zipper further downstream

that mediates interactions with other transcription factors. Met4, the main reg-

ulator of the sulfur metabolic network, lacks intrinsic DNA-binding ability but

instead relies on co-factors for tethering to its target promoters (Lee et al., 2010c).

Based on the sequence alignment it appeared that DNA-binding ability was lost

in the Saccharomycetacea because, in contrast to the homologs in the CTG clade,

none of the homologs in those species encode a canonical basic region (Fig. 5.9).

The requirement for specific co-factors, as well as the fact that Met4 is heavily

post-transcriptionally regulated (Lee et al., 2010c) might furthermore explain the

decreased rate of evolution in the non-DBD regions of this TF. As such, Met4

provides an interesting example of the evolution of combinatorial gene regulation

through the loss of DNA-binding ability and integration of information through

different co-factors. I have found several lines of evidence suggesting changes in

the regulation of sulfur metabolism, including rate shifts in the WGD duplicates

Met31 and Met32, as well as Cbf1, the three main co-factors of Met4 (see Chapter

6, Table 6.3) and a more detailed discussion of this example will be provided in

the final chapter of this thesis.

Besides the Met4 example, I examined the alignments of other splits show-

ing a DBD vs. non-DBD rate of greater than 1.5. In all six cases examined,

the increased DBD rate was due to a very short DBD region for which, despite

highly conserved alignments, high relative rates were estimated likely due to the

difficulty of accurate parameter estimation using such short stretches of DNA.

In most cases, this was also coupled with a strongly-conserved non-DBD region,
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Figure 5.9: Multiple sequence alignment of the DNA-binding domain of Met4.

Critical DNA-binding residues are marked using red dots.

hinting that relaxation in non-DBD regions rather than changes in evolutionary

constraint in DBD regions might be responsible for the larger difference in relative

constraint when larger evolutionary distances are considered (see Fig. 5.8).

5.4.2 Evolutionary Rates of Non-DNA-binding Regions

Drive Associations Between Connectivity, Network

Position and Rate

Evolutionary rates across all domains of TFs (see Section 5.2) confirmed two

previously observed trends (Jovelin & Phillips, 2009; Wang et al., 2010) with

respect to a TF’s position in the network and its evolutionary rate. Firstly, TFs

in the top layer of the regulatory network evolved slower than ones residing in the

core and bottom layers and secondly, there was a positive association between

a TF’s indegree and its evolutionary rate. I have previously shown that both

those observations are influenced by the duplication status of a TF (i.e. whether

it was recently duplicated) as well as its position within the hierarchical layers

of the network. Furthermore, I have found evidence that DBDs generally evolve

slower than non-DBDs and as such might be experiencing different evolutionary
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DBD Non-DBD

Indegree (Jothi2009) 0.040 (P = 0.646) 0.241 (P = 0.003)

Indegree (YT) -0.037 (P = 0.641) 0.226 (P = 0.002)

Outdegree (Jothi2009) -0.090 (P = 0.328) -0.169 (P = 0.053)

Outdegree (YT) 0.053 (P = 0.562) 0.032 (P = 0.715)

Table 5.2: Associations between TF connectivity and evolutionary rates of DBD

and non-DBD regions of transcription factors. Values represent the correlation

coefficient calculated using Spearman’s rank correlation and the corresponding

P-values

dynamics. To test whether there were any differences in how DBD and non-DBD

regions contributed to the observed associations I repeated the analyses above

with results as shown in Table 5.2.

This analysis revealed differences in the associations between evolutionary

rates and between DBD and non-DBD parts of the TFs. While DBD regions

showed no significant association with either indegree or outdegree, it appeared

that the positive association of indegree and evolutionary rate was driven by

the non-DBD regions of the TFs. Interestingly, in the Jothi2009 network, I also

found a significant, but weak, negative association between rate and outdegree in

non-DBD regions which probably reflects the tendency of regulatory hubs also to

be interaction hubs (Wang et al., 2010). Arguably, interaction hubs, especially

if they are permanent, are likely to experience stronger constraints to conserve

non-DBD regions as those are likely to mediate protein-protein interactions with

different partners. This trend is not supported by the YT network however and its

interpretation remains unclear. Similarly, the differences in rate between TFs in

different hierarchical layers of the network was not significant considering DBDs

only (Kruskal-Wallis test; df = 2; P = 0.779; Fig. 4.14A) but were significantly

different in non-DBD regions (Kruskal-Wallis test; df = 2; P = 0.005), again

driven by slower rates among TFs in the top level (Fig. 5.10B).

The non-DBD regions of TFs thus appear responsible for most of the associ-

ations that I had detected when analysing evolutionary rates within the context

of the regulatory network. This was not very surprising, since DBDs are of-

ten structurally more constrained and changes in binding specificity are likely
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Figure 5.10: Evolutionary rates in hierarchical levels of the S. cerevisiae regula-

tory network for (A) DNA-binding domains and (B) non-DNA-binding domains.

to have larger pleiotropic effects. The fast divergence outside the DBD however

also suggested ample raw material for adaptive changes through gain in inter-

action partners or post-translational regulatory sites such as phosphorylation or

ubiquitination sites. Nevertheless, even if the overall rate of evolution across the

DBD is low, single amino acid changes can alter DNA-binding specificity or even

abolish DNA-binding all together (e.g. Ma & Ptashne, 1987) and in order to gain

a quantification of changes contributing to differences in DNA-binding, detailed

analysis on a family-by-family basis for each of those TFs is needed. Despite

these limitations, the between-domain rate analysis highlighted interesting ex-

amples indicating changes in DNA-binding capability that are known to be of

functional importance and provided hypotheses for further study which will be

discussed in the last chapter of this thesis.

5.5 Conclusions

The nature of the evolutionary constraints acting on TFs have been the subject of

several recent studies (e.g. Jovelin & Phillips, 2009; Wagner & Wright, 2007; Wang

et al., 2010). Conceivably, the more target genes a TF regulates (its outdegree)
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and the more TFs it is regulated by (its indegree), the more important its role in

the dissemination (outdegree) or integration (indegree) of signals and the larger

a TFs pleiotropic constraint. In contrast to these assumptions however, none of

the studies mentioned above have detected significant negative evolutionary rate

constraints correlated with a TF’s outdegree, and even more surprisingly, found

positive associations between evolutionary rates and a TF’s indegree (Jovelin &

Phillips, 2009; Wang et al., 2010). Wagner & Wright (2007) found a positive

correlation between evolutionary rates and a TF’s “dispensability” in terms of

how many alternative pathways exist for the TF-gene pairs it connects. The

mean number of pathways connecting any TF-gene pair in S. cerevisiae is 2.01

(Wagner & Wright, 2007) suggesting that redundancy is prevalent. This can be

invoked as an argument for the lack of strong signal for outdegree-dependance

of evolutionary rates, seeing that TF outdegree hubs are often found in the core

layer of the regulatory network, which is highly interconnected and thus likely to

include many redundant pathways (Jothi et al., 2009). The positive relationship

between indegree and rates however remained somewhat enigmatic even in the

light of redundancy which would suggest that redundant intermediate regulators

have higher indegrees which is not directly intuitive (but see below). Both Jovelin

& Phillips (2009) and Wang et al. (2010) argued that positive selection might be

responsible for this.

By distinguishing between the three functionally and architecturally differ-

ent layers of the transcriptional regulatory network, I showed that the indegree-

dependence observed here and elsewhere (see above) was strongest in the bottom

layer of the network. This was true no matter which of the networks was con-

sidered. Indeed, the positive association between indegree and evolutionary rates

was no longer statistically significant when the bottom layer TFs were excluded.

Arguably the bottom layer of the regulatory network is also likely to contain a

large number of intermediate redundant nodes seeing that TFs often participate

in feed-forward loops and multiple input motifs that involve regulators from up-

stream layers (Bhardwaj et al., 2010b; Jothi et al., 2009). While again, this could

be invoked to explain the overall higher evolutionary rates in bottom level TFs

(Fig. 5.5B) it still did not account for the positive indegree-dependance.
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When considering WGD and non-WGD TFs separately, I found that the pos-

itive association between indegree and evolutionary rates was stronger in the

WGD TFs, indicating that post-duplication divergence and maybe positive se-

lection might indeed have played a role in partly driving this trend as previously

suggested. Again, my observation that hierarchical layers showed different levels

of indegree-dependence held, although none of the trends was statistically sig-

nificant in either the Jothi2009 or YT networks which is probably an effect of

the small sample size among the WGD TFs when separated into layers. Another

important difference between the relative rates of WGD and non-WGD TFs was

the fact that the observed difference in evolutionary rates and conservation in dif-

ferent hierarchical layers was no longer significant when WGD TFs were removed

from the dataset, suggesting that this signal was strongest just after duplication.

Overall, it appeared that the WGD had a considerable impact on the evo-

lutionary rate correlates observed here and elsewhere (Bhardwaj et al., 2010b;

Jothi et al., 2009; Jovelin & Phillips, 2009; Wang et al., 2010). Given the over-

representation of highly connected TFs among the WGD duplicates (see Chapter

4.5.1) and the fact that the WGD network was found to be tightly interlinked

with the non-WGD network (Fusco et al., 2010) it is conceivable that the overall

evolutionary impact of the WGD on evolutionary rates extended further than

the actual WGD duplicated TFs themselves, also affecting rates in TFs found

upstream and downstream of WGD duplicates. Gene duplicates are by definition

functionally redundant at first and redundancy has been shown to correlate posi-

tively with evolutionary rate (Wagner & Wright, 2007). Similarly, duplication of

upstream TFs would lead to an initial doubling of regulatory inputs while redun-

dancy would have been created upstream which in some cases could have lead to

relaxed functional constraints on the TF in question thus driving a positive as-

sociation of indegree and evolutionary rate. Another possible explanation would

be the notion that TFs with high indegree are more highly-regulated themselves

and thus perform specific roles. One would expect the selective constraint for

a specific TF to be weaker than for a general, ubiquitous TF. In order to fully

disentangle the determinants of evolutionary rates as well as the impact of the

WGD one would need to consider the extended neighbourhood of a TF and the

implied degree of redundancy. Other factors such as the amount of co-regulatory
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and protein-protein interactions (although also of somewhat enigmatic character

according to Wang et al., 2010) and the dynamic properties of the regulatory

network would also need to be considered. This analysis is not presented here

due to time constraints but will be the subject of further study.

Separate analysis of DBD and non-DBD regions of TFs showed that DBD

regions generally tended to evolve slower than non-DBD regions and that the

rate associations described above were generally due to signal in the non-DBD

regions. While without a structural model of each DBD and a resulting quan-

tification of the impact of each mutation towards DNA-binding specificity it is

difficult to assess the real relative amount of divergence in DBDs compared to

their non-DBD parts, it was clear that non-DBD regions have high evolutionary

plasticity and as such potential for the acquisition of new functions. Exami-

nation of TFs that showed opposite trends, e.g. very fast-evolving DBDs and

slow-evolving non-DBDs, highlighted an example of DBD loss in the TF Met4

in the Saccharomycetaceae lineage, providing evidence for the evolution of com-

binatorial regulation of sulfur metabolism in those species which I have explored

further in Chapter 7.4.
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Chapter 6

Functional Signatures of

Evolutionary Rates

6.1 Introduction

The evolutionary constraints acting on transcription factors (TFs) have largely

been enigmatic so far. The number of target genes a TF regulates (its outdegree)

and the number of TFs it is regulated by (its indegree) have proven to be a

poor predictor of evolutionary rate (e.g. Evangelisti & Wagner, 2004; Jovelin

& Phillips, 2009; Wang et al., 2010). Some studies found redundancy, i.e. the

number of alternative routes connecting its regulators and target genes (Wagner &

Wright, 2007) to be positively associated with evolutionary rate and both Jovelin

& Phillips (2009); Wang et al. (2010) have detected a positive correlation with

evolutionary rate and its indegree. In my analyses of evolutionary rates, I have

also detected this positive association with indegree and furthermore established

that this association is dependent on the position of the TF within the hierarchical

organisation of the regulatory network and its duplication status (see Chapter

5.3). Nevertheless, even when accounting for those, these correlates only explain

a small percentage of the variation in evolutionary rate. In order to determine

the impact of functional constraints on variation in evolutionary rates of TFs,

I examined slow and fast-evolving TFs and differences in relative rates between

orthologous TFs in each of the major clades studied here.
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6.2 Clade-specific Variation in Evolutionary

Rates

I used the relative evolutionary rate estimates calculated using the scaling ap-

proach discussed in Chapter 5.2.1 for clade-wise comparisons. Because the overall

magnitudes of relative rates estimated and the number of splits that resulted in

a reliable estimate for each clade were different (see Fig. 5.3), I ranked the dif-

ferent estimates of the scaling factor (c) within each clade from high to low and

normalised the rank for each split by the total number of splits in the respective

clades to obtain a comparable measure of the relative evolutionary rate of a TF

within the remainder of the repertoire.

Relative rates between different clades were found to vary considerably. Fig-

ure 6.1 shows a clade-by-clade comparison between the rank of each split. As

expected, I found most conservation between ranks in the sensu stricto and WGD

species as a whole (top left plot), although even here I observed large amounts

of variation between ranks for the same split. While other comparisons showed

that there certainly was a biological component to this rate variation (the points

falling on the diagonal are decreasing when considering more diverse clades), it

was not clear how much variation one would expect due to small changes in rate

variation across different genomic regions, alignment artefacts or other stochastic

factors. I thus decided to consider only the extremes of the relative rate distribu-

tions (Figure 6.2). The fastest evolving 20% and slowest evolving 20% of splits

in each clade were analysed in isolation, as well as in comparison to other clades.

Splits were characterised as conserved if they fell into the top or bottom 20% of

ranks in both clades (Fig. 6.2; blue) or divergent if they fell into the top 20% in

one clade and the bottom 20% in another clade (Fig. 6.2; red). Figure 6.2 is an

illustration of this classification based on a pairwise example. If more than two

clades were compared, complete conservation of TF ranking in all of the clades

considered was required for classification as conserved. Similarly, at least one

ranking in the top 20% and one ranking in the bottom 20% of TFs was required

for classification as divergent.

Besides manual inspection of results, I performed functional enrichment anal-

yses on the downstream targets of TFs that fell into either slow or fast evolving
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Figure 6.1: Clade-wise comparisons between the ranks of the relative rates for

each split.
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Figure 6.2: Categorisation of splits into rate categories. Rankings go from 0

(fastest evolving) to 1(slowest evolving). The top and bottom 20% of each distri-

bution were classified as slow- or fast-evolving respectively. In comparisons across

clades, splits were classified as conserved fast or conserved slow if they fell into

the bottom or top 20% in all clades (blue) and as divergent if they fell into the

top or bottom 20% in one clade but the opposite was true in others (red). When

more than two clades are compared, TFs falling into the bottom or top 20% in

all clades considered were classified as conserved fast or conserved slow.
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6.3 Conservation of Evolutionary Rates Across Clades

categories to test for overrepresentation of particular functional classes of genes.

GO term enrichment analysis was performed using Ontologizer 2.0 (Bauer et al.,

2008). P values were calculated using the Westfall-Young-Single-Step procedure

and adjusted for multiple testing using the False Discovery Rate controlled at 5%

(Benjamini & Hochberg, 1995).The GO annotations for all S. cerevisiae genes

were obtained from the Saccharomyces Genome Database (SGD, 2010) and used

as a background set. Study sets were created by combining all target genes

of a given clade and category (slow/fast) using either the Jothi2009 or the YT

data. Furthermore, I investigated overrepresentation of target genes in biochem-

ical pathways using the SubpathwayMiner R package (Li et al., 2009) which is

based on information from the KEGG pathway databases (Kanehisa & Goto,

2000). As before, due to the uncertainty of how conserved the set of target genes

is in other clades and due to the lack of reliable information about the regulatory

network in the CTG species, I did not consider this clade in the enrichment analy-

ses. Enrichments for the pre-WGD species were calculated based on S. cerevisiae

target genes for the orthologous TFs, although these results have to be interpreted

with caution.

6.3 Conservation of Evolutionary Rates Across

Clades

Overall, I found little conservation of elevated evolutionary rates across all four

clades. Only four orthogroups that had members in all four clades showed con-

sistently fast rates of evolution. Those included RME1, a repressor of the main

meiotic regulator IME1 (reviewed in Vershon & Pierce, 2000). Indeed, meiosis

is known to have changed drastically between the CTG species and the Saccha-

romyces clade. The CTG species lack a copy of IME1 and other important genes

required for meiotic recombination and chromosomal segregation (Butler et al.,

2009), suggesting that the elevated evolutionary rate of RME1 could be driven

by recent changes in the regulation of meiosis. Other consistently fast evolving

TFs included MGA1, thought to be involved in the regulation of hyphal growth

and the stress-response TFs YAP3 and XBP1.
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Conservation of very low evolutionary rates in contrast was more wide-spread

with 10 splits showing consistently low rates in all clades. Four of those con-

tained DNA-binding components of chromatin modification complexes. Further-

more, the slow-evolving splits included the general TF NCB2, the multiprotein

binding factor MBF1, the general repressor TUP1 as well as HMO1 and HAP1.

Intererestingly, HMO1 has been shown to have diverged drastically in regulatory

function, from a generalist TF in C. albicans where it was found to bind close to

genes involved in mono- and polysaccharide metabolism, ergosterol metabolism

and cell cycle regulation (Lavoie et al., 2010). In S. cerevisiae HMO1 mainly

regulates ribosomal protein genes and binds to approximately a quarter of the

number of targets as does its C. albicans ortholog and has thus become more

specialist (Lavoie et al., 2010). The same authors had detected a similar transi-

tion from a specialist to a generalist regulator for the TF RAP1, also involved in

regulation of ribosomal proteins in S. cerevisiae, although here I observed a big

shift in evolutionary rates, in line with the change in the numbers of promoters

occupied (see next subsection). The rate conservation of HMO1 across clades

was thus surprising at first but might reflect the mechanisms of divergence and

although HMO1 binds fewer target genes in S. cerevisiae, it is part of a multi-

TF co-regulatory complex and as such probably experiences strong evolutionary

constraints.

In general, the conserved slow evolving TFs appeared to often be part of

larger complexes or interacting with many different regulators and as such prob-

ably are subject to stronger evolutionary constraints. The overall lack of strong

conservation of relative evolutionary rates between TFs across clades however also

suggests that such constraints are either rare or can change within relatively short

amounts of evolutionary time. Analysis of between-clade rankings of orthologs

confirmed that these relative rate shifts occur frequently and I found good evi-

dence for those being related to changes in functional constraints. These results

will be discussed in detail in section 6.5 below.
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6.4 Functional Signatures Among Slow and Fast

Evolving Transcription Factors

In order to determine the adaptive significance of accelerated or decelerated rates

of evolution, I examined the functional annotation of the downstream target genes

regulated by the 20% fastest and 20% slowest evolving TFs in each clade. I per-

formed a GO term enrichment analysis using the procedure outlined above as

well as screening for enrichment of target genes among yeast biochemical path-

ways. Results from the GO term and pathway analyses are shown in Tables

6.1 (post-WGD) and 6.2 (pre-WGD) and 6.3 (post-WGD) and 6.4 (pre-WGD),

respectively. Note that, especially in the pre-WGD species, these analyses are

speculative at best and our understanding of the extent to which regulatory in-

teractions are conserved between species is still very limited. The validity of

the results obtained using target gene enrichments in the pre-WGD species are

questionable and should be regarded as such.

GO term enrichment analysis of the target genes of fast and slow evolving TFs

across the different clades revealed several interesting points. Generally, results

obtained using the Jothi2009 and YT characterised target genes yielded similar

results, although significant terms sometimes differed in granularity or process

but where otherwise related, e.g. “oxygen and reactive oxygen species metabolic

process” and “oxidoreductase activity” found enriched among the TGs of fast-

evolving TFs in the Jothi2009 and YT TGs in the sensu stricto clade respectively.

GO terms enriched in targets of fast and slow evolving TFs were similar between

the sensu stricto and WGD clades (Table 6.1), as expected, with fast-evolving

TFs involved in processes related to maintenance of an efficient anaerobic lifestyle,

e.g. “oxygen and reactive oxygen species metabolic process”, “oxidoreductase ac-

tivity”, “alcohol metabolic process” and “oxidation reduction”, a distinguishing

feature of the post-WGD species (Merico et al., 2007, see Chapter 1.5.2). I fur-

thermore detected significant enrichment for the terms “drug transport”, “plasma

membrane” and “fungal-type cell wall” which could be a signature for accelerated

evolution in the regulation of the response to drugs and cell wall stress in those

clades and was also reflected frequent rate shifts of TFs involved in these pro-

cesses (see below) and the high representation of TFs involved in drug resistance
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pre-WGD

Fast

Jothi2009

transcription factor activity (Pm = 1.0)

cellular aromatic compound metabolic process (Pm = 0.99)

meiosis I (Pm = 0.96)

plasma membrane enriched fraction (Pm = 0.76)

mitotic recombination (Pm = 0.73)

glutamine family amino acid metabolic process (Pm = 0.56)

YT

response to temperature stimulus (Pm = 0.98)

cysteine biosynthetic process (Pm = 0.63)

purine base metabolic process (Pm = 0.51)

Slow

Jothi2009 NADP metabolic process (Pm = 0.96)

YT

respiratory chain (Pm = 0.95)

NADP metabolic process (Pm = 0.6)

proton-transporting ATP synthase complex (Pm = 0.5)

Table 6.2: GO-term enrichment analysis for the fastest and slowest evolving splits

in the pre-WGD clade. P values are given as marginal posterior probabilities of

a term being enriched in this given clade.

and stress response that were retained after the WGD (Chapter 4.6). Interesting

differences between the fast-evolving TFs in the sensu stricto and WGD clades

were the enrichments for “transcription factor activity” and “sequence specific

DNA-binding” among the WGD target genes only, which suggested accelerated

rates of regulatory hubs just after the WGD. This in turn was another piece of

evidence in support of large-scale changes in gene regulation after the WGD. Also

uniquely enriched in WGD targets was the term “sexual reproduction” pointing

towards changes in regulation of mating just after the WGD.

Target genes of slow-evolving TFs in the post-WGD clades were mainly en-

riched for genes involved in amino acid metabolism, telomere maintenance and

ribosomal components, all essentially house keeping genes. Note that in addi-

tion to that, I found enrichment for terms that were also enriched among targets

of the fast-evolving TFs, e.g. “plasma membrane”, “fungal-type cell wall” and

“cytosolic ribosome”. Seeing that these terms are quite general, this suggested

that while some components of the regulatory systems regulating those genes are

evolving very slowly, other regulators are evolving very fast, probably reflecting

functional divergence between different sets of conditions that these genes are
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regulated under.

GO term enrichment in the pre-WGD species (Table 6.2), in contrast, looked

very different. While here slowly evolving TFs were enriched for target genes par-

ticipating in oxidative metabolism, e.g.“respiratory chain” or “NADP metabolic

process”, the target genes of fast evolving TFs showed enrichment for genes in-

volved in amino acid metabolism, meiosis and mitosis which could almost be

interpreted as a reversal with respect to the post-WGD clades where I found TFs

regulating housekeeping genes to evolve slowly and TFs involved in the regulation

of oxidative metabolism to evolve fast. Interestingly, I also found a strong enrich-

ment for “transcription factor activity” among the target genes of fast-evolving

TFs indicating changes in the regulatory networks of those species. As mentioned

before, the pre-WGD species are divergent from S. cerevisiae and it is unclear

how conserved we expect the downstream targets of orthologous TFs to be across

such long evolutionary distances, making interpretation of results more difficult.

It is possible that this seeming reversal of classes of target genes under slow- and

fast-evolving TFs is the result of extensive regulatory rewiring although this is

probably unlikely. Alternatively, these differences could reflect variations in se-

lective pressure on certain traits in those clades seeing that the life-style of pre-

and post-WGD species is believed to be fairly different. Moreover, as shown by

term enrichment among both slow and fast-evolving TFs among the post-WGD

species, it appeared that increased selective pressure on the regulation of certain

traits can potentially result in enrichment for target genes under the control of

both slow-and fast-evolving TFs, suggesting that the regulatory system might

gain new functions on one hand but experience very strong selective pressure to

retain other parts of its functionality.

Pathway analysis (Tables 6.3 and 6.4) overall gave very similar results: target

genes of fast-evolving TFs in the sensu stricto species were enriched for partici-

pation in metabolic pathways and biosynthesis of secondary metabolites (Table

6.3). Again, I found strong enrichment for genes involved in carbohydrate and

oxidative metabolism among the target genes of TFs in the sensu stricto species

and the WGD clade (∗ in Table 6.3), reflecting some of the known changes in life-

style in these species. As before, enrichments were found in target genes of both

slow- and fast-evolving TFs, indicating fast divergence in subsets of the regulatory
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pre-WGD

Fast

Jothi2009

Thiamine metabolism (P = 0.017)

Biosynthesis of secondary metabolites (P = 0.017)

Galactose metabolism (P = 0.019)

Sulfur metabolism (P = 0.019)

Selenoamino acid metabolism (P = 0.025)

Fructose and mannose metabolism (P = 0.048)

YT
Fructose and mannose metabolism (P = 0.005)

Galactose metabolism (P =0.005)

Slow
Jothi2009 —

YT —

Table 6.4: Biochemical pathway enrichment analysis for the fastest and slowest

evolving splits in the pre-WGD clade. P values are corrected for multiple testing

using FDR.

network controlling a set of functions while other parts of the regulatory network

regulating the same functions were under strong selective constraint. Other en-

richments among target genes of fast-evolving TFs in the WGD clade included

sulfur metabolism for which I have found multiple lines of evidence indicating

changes in the regulatory mechanisms controlling this, e.g. loss of DNA-binding

ability in the master regulator MET4 (Fig. 5.9), retention of MET4 co-factors af-

ter the WGD and large difference in relative evolutionary rates of sulfur metabolic

regulators in different clades (see below). The evolution of this system will be

discussed in more detail in Chapter 7.4.

As before, enrichments among target genes of fast-evolving TFs in the pre-

WGD clade (Table 6.4) were different to the post-WGD clade although here the

differences were not as extensive. Again I found evidence for fast divergence

in the regulation of amino acid metabolism. In addition to that however, I also

detected enrichments for target genes involved in the utilisation of alternative car-

bon sources; galactose metabolism in particular. Galactose metabolism is known

to have been rewired between S. cerevisiae and C. albicans (reviewed in Brown

et al., 2009; Askew et al., 2009). Carbohydrate metabolism in Kluyveromyces lac-

tis, a pre-WGD species, shares mechanisms of regulatory control of sugar utilisa-

tion with both S. cerevisiae and C. albicans (e.g. Zachariae et al., 1993; reviewed
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in Brown et al., 2009), adding to the notion that divergence of carbohydrate

metabolism has started before the divergence of the Saccharomycetaceae. Here, I

found no significant enrichments for pathways among the targets of slow evolving

TFs.

Overall, the analysis of functional enrichments among target genes of slow-

and fast-evolving TFs provided interesting insights with respect to the evolution-

ary significance of relatively accelerated or decelerated rates of evolution among

TFs and the link between TF divergence and known phenotypic changes. In the

post-WGD species I found TFs evolving at the highest relative rates to be regu-

lating genes involved in carbohydrate metabolism which is known to have been

rewired extensively within the Saccharomycotina (e.g. Askew et al., 2009; Brown

et al., 2009). I found another strong signature for divergence in the control of

oxidative respiration, the importance of the effective regulation of which has been

implicated in the evolution of an efficient fermentative life-style such as displayed

by the post-WGD species (Merico et al., 2007). It thus appears that the elevated

evolutionary rates among those TFs might indeed be of functional and evolution-

ary importance. The lack of strong conservation of relative evolutionary rates

between orthologous TFs in different clades, especially in fast-evolving TFs (see

above), along with the differences in enrichments of target genes between clades,

suggests that these accelerations are short lived. Only just over one third of the

top 20% of fast-evolving TFs are shared between the 20% of TFs with the highest

rates in the sensu stricto and WGD clades. I

Another interesting observation was the fact that on several occasions I found

enrichment for certain processes or pathways among the target genes of both

slow- and fast-evolving TFs in a given clade. This suggested that while parts of

the regulatory network controlling a set of genes was evolving fast, other parts

were under strong selective constraint. This might be due to effects of the whole-

genome duplication, where it was found that paralogous copies of the same gene

often experienced asymmetric rates of evolution, especially shortly after the WGD

(Scannell & Wolfe, 2008). This is in line with my observations, where I found

these “bi-partite” enrichments to some extent in the sensu stricto species but

more strongly in the WGD species and not among the pre-WGD species, sug-

gesting that this was a signal of post-duplication divergence, again underlining
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the adaptive potential for gene duplication of TFs for the evolution of regula-

tory networks. Analysis of rate shifts confirmed this and will be discussed in the

following section.

6.5 Between-clade and Between-paralog Rate Shifts

Reflect Known Functional Divergence and

Indicate Wide-Spread Evolutionary Diver-

gence in Signalling Pathways

Broad functional analysis of downstream targets of extremely fast and slow evolv-

ing TFs suggested that changes in relative evolutionary rates between TFs may

be indicative of changes in the gene regulatory programs they participate in and

that those might be of adaptive significance (see above). In order to examine

this more closely and determine whether I could find evidence for changes in

selective pressure and by extension functional divergence between clades as well

as paralogous TFs within clades, I grouped all ranked estimates of relative rates

by their orthogroup (remember, relative rates were calculated for splits contain-

ing one-to-one orthologs and an orthogroup could result in several splits if gene

duplication events were inferred within) and calculated the maximum difference

in ranks between all possible pairs of splits and clades. I then selected OGs for

which the maximum difference in ranks was larger than 0.6, according to the

approach I had adopted for the identification of conserved or divergent rates of

splits between clades (see Fig. 6.1). Table 6.5 shows all OGs for which I could

detect such extreme rate shifts. Each OG was annotated with a “type” of rate

shift, indicating whether it was found to be due to post-duplication divergence

(“Dup”), between-clade divergence of one-to-one orthologs (“Clade”) or both and

the clade that showed the most divergent pattern compared to the rest of the tree.

Overall, I found 35 OGs that experienced rate shifts and more than half of

those contained WGD-duplicated TFs. In total, 10 shifts were found to be purely

due to post-duplication divergence, six showed shifts between duplicated paralogs

but also between clades and the remaining 19 rate shifts were due to changes in
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OG Min. Rank Max. Rank Type Clades S. cerevisiae ID

129 0.9774 0.0452 Dup CTG (+/-) NDT80

21 0.9186 0.0091 Dup + Clade WGD (+) YAP1 / CAD1

139 0.9683 0.0591 Dup sensu stricto (+) MCM1 / ARG80

387 0.9276 0.0227 Dup WGD (+) SKN7/HMS2

150 0.9136 0.0409 Dup sensu stricto (+) MIG2/MIG3

24 0.9545 0.0947 Clade sensu stricto + WGD (-) HAC1

88 0.9955 0.1591 Dup sensu stricto (+) NHP06A /NHP06B

124 0.8462 0.0407 Dup + Clade CTG (+/-) DOT6/TOD6

12 0.9045 0.1086 Clade CTG (+) RAP1

102 0.9050 0.1124 Clade Pre-WGD (+) YOX1 / YHP1

148 0.9000 0.1086 Clade sensu stricto (-) NRG1 / NRG2

70 0.9638 0.1810 Clade WGD (+) CBF1

64 0.8273 0.0543 Dup + Clade sensu stricto + pre-WGD (+/-) GZF3 / DAL80

30 0.9864 0.2308 Dup CTG (+) HAP3 / HAP31

33 0.8818 0.1403 Clade sensu stricto (-) HAA1 / CUP2

266 0.7602 0.0318 Dup + Clade sensu stricto + pre-WGD (+) Unknown / RDS1

34 0.8455 0.1176 Clade CTG (+) MAC1

151 0.8100 0.0888 Clade Pre-WGD (+) MIG1

282 0.7227 0.0045 Clade sensu stricto (-) UME6

170 0.8136 0.1041 Dup WGD (+/-) NSF1 / RGM1

329 0.7964 0.0950 Dup + Clade WGD + CTG (+) HAL9 / TBS1

173 0.9095 0.2127 Clade CTG (+) MET31 / MET32

381 0.8773 0.1834 Clade Pre-WGD (+) MSN1

146 0.7515 0.0679 Clade CTG (+) RTS1

26 0.8639 0.1864 Clade WGD (+) BUR6

143 0.8778 0.2071 Clade Pre-WGD (+) TEC1

140 0.7692 0.0995 Clade WGD (+) STE12

138 0.7421 0.0773 Dup sensu stricto (+/-) RLM1 / SMP1

15 0.6968 0.0533 Dup + Clade WGD (-) CIN5 / YAP6

201 0.7828 0.1448 Clade CTG (-) RIM101

256 0.9502 0.3122 Dup CTG (+) Lysine biosynthesis TFs

344 0.7273 0.0909 Dup sensu stricto (+/-) PDR1 / PDR3

149 0.6818 0.0498 Clade sensu stricto (-) MSN2 / MSN4

347 0.8166 0.1855 Clade sensu stricto + WGD (+) CAT8

396 0.7376 0.1364 Clade CTG (-) TOS4

Table 6.5: List of orthogroups that have experienced a between-clade or between-

paralog rate shift of greater than 0.6 in normalised ranks. Rows are coloured

according to the dominant functional classes: blue, Stress response; orange: nu-

trient signalling; purple: Nutrient signalling and stress response. Signs in clade

assignments indicate the relative directionality of rate changes (+, increase; -,

decrease). Note that this does not imply absolute directionality compared to an

ancestral state. (+/-) indicates highly asymmetric rates after gene duplication.
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relative rates of one-to-one orthologs between different clades. Examination of the

identity of individual TFs or TF pairs resulted in a wealth of striking associations

between rate shifts and previously known rewirings, reinforcing the notion that

such shifts were indeed indicative of changes in functional constraints. In addition

to that I found ample evidence reinforcing the trends seen for the retention of the

stress- and nutrient-response signalling regulators following the WGD (Chapter

4.6). In the following I will discuss a few of the better characterised examples

as well as the broader evolutionary implications of my results. A more detailed

account of individual examples will be given in the final chapter of this thesis.

6.5.1 Evolutionary Rate Signature of Rewiring of Ribo-

somal Protein Regulators

The availability of ribosomal proteins (RPs) is one of the strongest determinants

of growth rate (reviewed in Lempiäinen & Shore, 2009), making the coordinated

regulation of ribosomal protein expression and genes involved in energy home-

ostasis an important influence on growth rate in response to certain conditions.

In S. cerevisiae their transcription is controlled in response to a number of intra-

and extracellular signals (e.g. Gasch et al., 2000) and this is known to be regu-

lated by a complex of TFs acting in concert and in response to different stress

and nutrient signals (e.g. Kasahara et al., 2007; Rudra et al., 2005). The TFs

Rap1, Hmo1 and Fhl1 are generally associated with yeast RP promoters and in

activating conditions recruit another TF, Ifh1, leading to high level expression

of RPs(Martin et al., 2004). In stressful conditions or under nutrient limitation,

Ifh1 is released from the complex and replaced with the co-repressor Crf1, shut-

ting down production of RPs (Martin et al., 2004). Although the RP regulon is

highly conserved across species, RP regulation in C. alibicans has been shown to

be controlled by a different set of TFs and has been completely rewired between

C. albicans and S. cerevisiae (Hogues et al., 2008). Motif analyses furthermore

suggested that RP regulation by the TFs Tbf1 and Cbf1, as found in C. albicans,

represents the ancestral state and that rewiring occurred in the lineage leading

to the Saccharomycetacea (Hogues et al., 2008).
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This rewiring has recently been characterised further, showing that occupancy

of promoter regions by Rap1, Hmo1, Tbf1 and Cbf1 has changed drastically be-

tween S. cerevisiae and C. albicans (Lavoie et al., 2010). The most prominent

difference in promoter occupancy was found for Rap1, the main regulator of RP

genes in S. cerevisiae which increased 10-fold compared to the number of bound

regions in C. albicans. Furthermore Rap1, which was found to mainly bind in

telomeric regions in C. albicans, has gained control over additional regulons in

S. cerevisiae where it is known also to regulate the expression of glycolytic en-

zymes, silent mating type loci and telomeric genes, thereby integrating the control

of expression of RPs with glucose metabolism, mating and telomere maintenance.

Similarly Tbf1, the main regulator of RP genes in C. albicans was exclusively

found at RP promoters in this species, whereas it was bound to a variety of

genes in S. cerevisiae. Both these TFs have thus migrated from a specialist to a

generalist role. Cbf1 was the only generalist RP TF that was detected to have

considerable amounts of overlap between promoters bound in both species, show-

ing a conserved role in the response to sulfur starvation and sulfur amino acid

biogenesis and regulation of respiratory genes, although its association with RP

genes was exclusively found in C. albicans.

In the rate analyses presented above I detected evidence for changes in func-

tional constraints on several RP regulators, including extreme shifts in evolution-

ary rate between clades in two of the main RP regulators, Rap1 and Cbf1, as well

as the paralog pair Dot6 and Tod6, two further TFs known to be involved in the

regulation of ribosome biogenesis in response to resource limitation (Lippman &

Broach, 2009). These rate shifts reflected the characterised functional changes in

the TFs Rap1 and Cbf1. Rap1 was among the 20% of the fastest evolving TFs

in the CTG clade but experienced a gain in evolutionary constraint to become

one of the 10% of the most slowly evolving TFs in the Saccharomycetacea. This

was in line with the acquisition of control over the RP and glycolytic enzyme

regulons in this clade as well as the increased binding coverage in S. cerevisiae

detected by Lavoie et al. (2010). Cbf1, I found to evolve fast in the Saccharomyc-

etacea but be highly constrained in the CTG clade. Again, this rate constraint

coincided with a role in the regulation of RPs and a greater number of genomic

targets in the CTG clade, suggesting the presence of strong negative selection on
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RP regulators. Cbf1 also plays a role in sulfur metabolism, another pathway for

which I have found multiple lines of evidence throughout this study, suggesting

its evolutionary divergence (see Section 7.4 for an in-depth discussion). The evo-

lutionary relevance of the rate shift between Dot6 and Tod6 in the CTG clade

is currently unclear and will not be discussed here, although it certainly is an

interesting target for further study.

This demonstrates that rate shifts of orthologous TFs in different clades can

indeed reflect changes in functional constraints and the relative importance of

TFs in the regulatory network within the respective clades and as such provide

strong hypotheses for further study. In fact, such rate shifts may be be an “un-

derestimate” of the real extent of rewiring as shown by the RP regulator Hmo1,

the TF with the second largest change in number of occupied promoters between

S. cerevisiae and C. albicans (Lavoie et al., 2010). As discussed above I found

Hmo1 to be among the 10 TFs that were evolving consistently slowly across all

clades. Interestingly here, although it has migrated from a generalist role in

C. albicans to a specialist role in S. cerevisiae where it also underwent a four-fold

reduction in genome occupancy (Lavoie et al., 2010), I found no loss in selective

constraint. This is probably due to the great importance of RP regulation.

6.5.2 The Evolution of Stress and Nutrient Signalling in

the Post-WGD Species

Further examination of TFs that I had found to have undergone large shifts in

relative evolutionary rates revealed several additional interesting examples that

pointed towards evolutionary changes in a number of pathways. Among these is a

rate acceleration of Arg80 in the sensu stricto clade, a paralog of the generalist TF

Mcm1 that regulates arginine metabolic genes, as well as a Mcm1 co-factor Yox1,

involved in cell cycle regulation, that was accelerated in the pre-WGD species.

The Mcm1-cofactor regulons have been shown to have undergone rewiring within

the ascomycetous yeasts (Tuch et al., 2008a). Specifically Arg80, the paralog

of Mcm1 appeared to have taken over Mcm1’s role in the regulation of arginine

metabolic genes leading to a loss of Mcm1 binding in the promoters of those

genes, a subfunctionalisation which could explain the relaxed selective constraint
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on Arg80 compared to its close homologs. Furthermore, I found relative rate

changes in several regulators involved in meiosis and filamentous growth in the

post-WGD species (Ume6, Tec1, Ste12). Rate changes in the CTG clade included

a number of TFs that are potentially important for pathogenicity in these species

such as the (also heavily-duplicated) homolog of Hal9 which works in osmotic

stress response in S. cerevisiae (Ruiz & Ariño, 2007), one of the main regulators

of drug resistance in C. albicans, Ndt80 (discussed in Chapter 3.6.4) or Rim101,

which is involved in pH response (Davis et al., 2000; Kullas et al., 2007).

By far the most striking presence in my table of rate shifts, again, were

TFs involved in stress response (Table 6.3; blue), nutrient signalling (orange),

or both (purple). This reinforced results obtained from the analysis of WGD par-

alogs which first suggested extensive changes in signalling networks (discussed

in Chapter 4.6). Upon exposure to a variety of stresses, S. cerevisiae mounts

a largely non-specific expression response, termed the Environmental Stress Re-

sponse (ESR) where hundreds of genes are induced or repressed (Gasch et al.,

2000). ESR-induced genes are enriched for genes arming the cell against nutrient

scarcity by preparing for metabolism of alternative energy sources (e.g. carbohy-

drate metabolism, fatty acid metabolism, autophagy, membrane transport) and

providing protection against extracellular (cell wall modification) and intracellu-

lar stresses both directly related (detoxification of reactive oxygen species, cellular

redox reactions) and unrelated (protein folding and degradation, DNA damage

repair) to aerobic metabolism. Repressed genes in turn include classes of genes

required for fast growth such as ribosomal proteins, amino acid metabolism and

nucleotide biosynthesis. More recent studies have shown that there is a strong

correlation between groups of genes with expression correlated with growth rate

and the ESR, where induced ESR genes are repressed under high growth rates

and vice versa, providing a strong link between growth rate, energy metabolism

and stress response (Brauer et al., 2008).

The ability to efficiently ferment glucose and survive under strict anaerobic

growth, such as observed in S. cerevisiae, has been postulated to require exactly

such coordination between intra- and extracellular nutritional and stress signals

to overcome the metabolical hurdles associated with anaerobic lifestyle. This re-

quires for example the adjustment the redox balance in the absence of the electron
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transfer chain and the provision of molecular oxygen for a number of biosynthetic

pathways (reviewed in (Merico et al., 2007)). S. cerevisiae and the other post-

WGD species are unique in their ability to preferentially ferment glucose at high

rates under aerobic conditions as well as strict anaerobic growth. Although some

pre-WGD species were also found to be capable of strict anaerobic growth, they

varied in their ability to do so and ethanol yield was generally lower (Merico

et al., 2007). Comparative analysis of ESR between different fungi showed that

while both S. cerevisiae and the basal ascomycete Shizosaccharomyces pombe

show great similarities in the ESR-induced and repressed genes, the regulatory

network controlling this has been rewired (Gasch, 2007). Moreover, C. albicans

shows no appreciable ESR under the same conditions although conserved cis-

regulatory elements indicate that the ESR might be conserved to some extent

but not activated in the same conditions (Gasch, 2007; Gasch et al., 2004).

It is thus clear that the ESR and potentially stress- and nutrient-signalling in

general have undergone major changes within the Ascomycota. This was strongly

reflected in my evolutionary rate analysis, where I found almost half of the TFs

that had undergone shifts to be among the most important players of a variety of

stress- and nutrient-signalling pathways (Table 6.5). Rate shifts were often ob-

served between WGD duplicates (e.g. Yap1 / Cad1, Mig2 / Mig3, Haa1 / Cup2

or Nrg1 / Nrg2) and together with the enrichment of signalling TFs found among

the WGD duplicates this suggested extensive changes to stress- and nutrient-

signalling after the WGD. Given the strong dependence of anaerobic metabolism

on tight regulation of metabolic activity in response to changing conditions, this

raised the possibility that the WGD might have provided the potential for the

fine-tuning of those signalling mechanisms that lead to increased efficiency of

anaerobic metabolism. Different signals could be integrated by the divergence

of one of the paralogs in their regulation (transcriptional or post-transcriptional)

whilst maintaining the same set of target genes or by transmitting the same signal

to a different set of target genes through divergence in the DNA-binding speci-

ficity. The drastic differences in evolutionary rates between WGD paralogs in

the WGD and sensu stricto clades, although certainly not unexpected (e.g. Scan-

nell & Wolfe, 2008) provided further evidence that this might indeed be the

case. Furthermore, rate changes between clades of one-to-one orthologous TFs
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involved in a variety of stress-and nutrient signalling (e.g. Rim101, Mig1, Mac1,

Cat8, Msn1 and Hac1) supported the idea that signalling network components

between clades experience different selective pressures and might look globally

very different. Closer examination of a number of examples found here suggested

further mechanistic evidence on how combinatorial regulation and signal integra-

tion in stress- and-nutrient signalling pathways has evolved following the WGD

and will be discussed in the following chapter.

6.6 Conclusions

Consideration of rate variation between orthologous TFs in different clades sug-

gested extensive differences between the relative selective constraints on a TF

when compared to the rest of the repertoire in the respective clade. Very few

TFs were found to be evolving consistenly slowly, and even fewer consistently

fast, in different clades. When examining the functional associations among the

target genes that were regulated by slow and fast-evolving TFs in the post-WGD

and pre-WGD clades, I found little overlap between the associations of the down-

stream targets of fast-evolving TFs in both those clades, but instead associations

highlighted functional classes of genes that reflected known adaptations, at least

in the post-WGD clade, such as involvement in oxidative metabolism, where reg-

ulation has been suggested to be important for the maintenance of the anaerobic

lifestyle exhibited by post-WGD yeasts (Merico et al., 2007). This argued for a

functional component to these rate variations, suggesting an adaptive relevance

of differences in selective constraints on regulatory pathways, given that the TF

in question has retained its function. Furthermore, I found more functional en-

richments among the fast-evolving WGD TFs compared to both the sensu stricto

and pre-WGD TFs, suggesting that the WGD might have been followed by a

period of relatively broad adaptive evolution across many parts of the regulatory

network. Alternatively, this could have been a signal resulting from the Saccha-

romyces castellii and Candida glabrata regulatory networks, which I previously

showed to have retained and lost very different sets of TF (Chapter 3.6.3) and

therefore are also likely to experience different selective constraints.
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By examining the orthologs that had undergone extreme shifts in evolution-

ary rates between clades and after duplication I detected several examples that

were previously known to have undergone large-scale rewiring, acquired entirely

different sets of target genes and changed in their hierarchical position within

the network (e.g. Rap1, Lavoie et al., 2010). This was clearly reflected in the

magnitude and directionality of the rate shift, not only underlining the potential

of this analysis to detect relevant functional changes in the regulatory networks

studied, but also providing evidence for the presence of a functional signal in the

evolutionary rates per se that I had failed to detect in the global rate analyses.

It is unclear, whether in the case of Rap1 this change in rate was influenced by

the gain of regulatory interactions or the fact that Rap1 was recruited to the

ribosomal protein regulon, the regulation of which is of critical importance to the

cell. This is further complicated by the fact that Hmo1, which also experienced

a large turnover in the number of regulatory interactions did not experience such

a rate shift. In the absence of experimental data, as here, these questions could

potentially be addressed using motif analyses to try to quantify the extent of pro-

moter binding of TFs in different clades and how this relates to their estimated

relative rates. This will however not be discussed further here.

Similar to the large number of signalling TFs among the WGD duplicates,

I found an impressive number of important regulators involved in stress- and

nutrient-signalling that had undergone large shifts in relative evolutionary rates.

These were not only confined to WGD-duplicated TFs but also included nu-

merous one-to-one orthologs showing rate variation between clades, underlining

previous hypotheses about the evolutionary impact of the WGD on stress- and

nutrient-signalling pathways (Chapter 4.6) as well as their evolutionary plasticity

in general. It is known that the regulation of stress response is among the most

variable processes from the cell to the population level (reviewed in Thompson

& Regev, 2009) so this was not an unexpected observation. The extent of it,

however, was unexpected. The combined list of WGD duplicates and TFs that I

found to have undergone rate shifts populates the top levels of transcriptional re-

sponse of almost all signalling pathways in S. cerevisiae. This represents a great

potential for fine-tuning and integration of novel signals and target genes into

existing pathways (WGD duplicates) and is an indication that this has indeed
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happened, reshaping parts of the regulatory network compared to other clades

(rate shifts). A more detailed discussion of a selected number of examples show-

ing potential mechanisms for the evolution of combinatorial regulation and signal

integration through both mechanisms will be presented in the following chapter.
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Chapter 7

Conclusions and Outlook

7.1 Phylogenomics Approaches for The Resolu-

tion of Species Trees

Phylogenomics approaches have become commonplace in the post-genomic era

and their general use for resolving species phylogenies can only be expected to in-

crease in light of the ever-growing availability of fully sequences genomes. These

developments have been accompanied by the availability of phylogenomic anal-

ysis pipelines (e.g. Wu & Eisen, 2008) as well as new evolutionary models, aim-

ing to incorporate increasing amounts of within-gene heterogeneity across sites

and lineages (e.g. mixture models; Blanquart & Lartillot, 2008; Le et al., 2008).

Here, I have investigated the impact of between-gene heterogeneity, which con-

ceivably will play an increasingly important role in phylogenomic datasets, with

the possibility of the incorporation of thousands of genes (e.g. Marcet-Houben &

Gabaldón, 2009) and has been shown to impact conclusions drawn in an analysis

of the branching order at the root of the mammalian phylogeny (Nishihara et al.,

2007). While I found model choice to be an important determinant of the Max-

imum Likelihood (ML) tree recovered for the 18 species of ascomycetous yeasts

in my study, partitioning by genes did not change the ML tree when appropriate

evolutionary models were used. This indicated that in the case of the species stud-

ied here, within-gene heterogeneity, especially different evolutionary processes

acting on different codon positions, resulted in stronger non-phylogenetic signal
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than between-gene heterogeneity, possibly reflecting the small size of the yeast

genomes. Besides providing a well-supported and trustworthy phylogeny of the

18 ascomycetous yeasts, the phylogenomics study highlighted several other in-

teresting questions that will need to be addressed in the future when analysing

genome-scale datasets.

Partitioning of the data by genes did in most cases result in significant in-

creases in likelihood indicating that, despite not having an impact on the ML

tree in my case, is important to consider in general due to the clear improvement

in model fit. Whether or not partitioning by genes is the most appropriate way to

partition however is unresolved and indeed recent studies have shown that “over-

partitioning” can equally lead to the reconstruction of non-optimal trees (e.g. Li

et al., 2008; Ward et al., 2010). The number of possible partitions increases

rapidly with the size of the dataset, making it computationally prohibitive to

compute likelihoods on all possible partitions of a genome-scale dataset (Li et al.,

2008). Most often genes have been grouped into partitions according to their evo-

lutionary rate (e.g. Bevan et al., 2007; Nishihara et al., 2007) but other aspects

such as local transition/transversion rates or nucleotide composition might also

provide sources of between-gene heterogeneity that can result in model violation.

In my dataset both the shape parameter of the Γ distribution used to model

differences in rates across sites as well as the transition/transversion rate param-

eter showed large amounts of variability between genes (see Figure 2.5) and their

relationship is more likely than not to be complex. It will thus be interesting to

examine the influence of individual evolutionary process parameters on partition-

ing scheme and model fit and whether such conclusions hold across a wide range

of phylogenomic problems or are specific to particular groups of species or ranges

of divergence.

As important as using an appropriate model of evolution is the determina-

tion of which model most appropriately describes the dataset at hand. For ML

analysis, this is classically determined using hierarchical Likelihood Ratio Tests

(hLRTs) if models are nested or the AIC or BIC criterions which can also be

used to test non-nested models (reviewed in Burnham & Anderson, 2004). Fur-

thermore, there exist empirical approaches such as the Goldman-Cox (Goldman,

1993) and posterior predictive simulation (Bollback, 2002) tests, although in most
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cases those are too computationally expensive to use. It is known that for ex-

ample the BIC is relatively conservative and favours less parameter-rich models

than the AIC (Burnham & Anderson, 2004; Weaklim, 1999) and that model test-

ing approaches generally favour more complex models than empirical approaches

(Ripplinger & Sullivan, 2010). This was also apparent in my amino acid anal-

yses, where both LRT and AIC supported the use of partitioned models, but

those were rejected by the BIC (see Chapter 2, Table 2.3). Although here this

did not affect the ML topology, there are other cases where AIC and BIC dis-

agreed on, for example, the number of partitions used which in turn affected the

topology of the ML tree (Li et al., 2008). As such model testing in phylogenomics

datasets deserves a more thorough discussion, especially when partitioned models

are used. For example here I chose to calculate the penalty terms for AIC and

BIC on a per-partition basis based on the reasoning that additional parameters

are introduced on a per-partition basis and are only relevant for the gain of infor-

mation from individual partitions. This is not common practice for model testing

in partitioned datasets however and it would be very interesting to empirically

assess the effects of this on model choice and the inferred ML trees.

Finally, any tree inferred from phylogenetic analysis is a scientific hypothesis,

providing the subject for further study. While I am confident that I have obtained

a trustworthy species tree, there remain some controversies such as the branching

order at the base of the clade that underwent a whole-genome duplication event

(WGD) or the exact placement of Pichia stipitis for which bootstrap support was

lower than for other nodes. These problems are likely to represent cases where

ML phylogenetic analysis such as the ones performed here, even given a well-

fitting model, does not provide sufficient resolution due to short divergence times

between speciation events and the increased importance of population genetic

processes such as independent lineage sorting in these cases (Degnan & Rosenberg,

2009). More recently, methods have been developed that consider individual gene

evolutionary histories in the context of the coalescent to estimate the most likely

speciation patterns. Those, especially the ones that do not rely on a priory gene

tree inferences that are themselves likely to be subject of stochastic variation

and model selection artefacts (see Chapter 2, Sections 2.3.1 and 2.3.2) such as

the one proposed by Heled & Drummond (2010), will allow for the refinement
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of the hypothesis I have presented here using alternative approaches. It will be

interesting to investigate support for the branching order at the base of the WGD

clade as well as the placement of P. stipitis using those methods.

7.2 Transcription Factor Repertoires in the Sac-

charomycotina

The role of transcription factors (TFs) in the evolution of regulatory pathways had

until now remained largely unexplored, especially on a systematic level. Although

some efforts have been made in characterising genome-wide repertoires of TFs

(e.g. Charoensawan et al., 2010b; Pérez-Rueda et al., 2004; Riechmann et al.,

2000; Shelest, 2008), those have mainly focussed an fairly broad ranges of species

and the identification of types of DNA-binding domains (DBDs) found in these

repertoires. More recently, studies examining evolutionary rate constraints of

TFs have emerged (e.g. Jovelin & Phillips, 2009; Wang et al., 2010), but here the

comparisons were based on very closely related species, lacking a broader context

of TF repertoire evolution on an intermediate evolutionary range. None of the

studies cited has attempted examination of the biological relevance of the trends

they observed.

Here, I presented a comprehensive study of TF repertoires in 15 species of

yeasts belonging to the Saccharomycotina. I have developed a pipeline to assem-

ble TF repertoires from fungal proteomes and achieved high coverage using this

approach. Compared to other, “off the shelf” datasets (e.g. available from the

DBD database; Wilson et al., 2008a), I achieved an increased coverage by as much

as 30% (Chapter 3.2.2.1), highlighting the value of my de novo approach, despite

the amount of manual curation that was required to obtain a high-confidence

dataset.

I have characterised the families of TFs present in the genomes studied and

their lineage- and species-specific patterns of presence and absence based on the

type of DNA-binding domain (DBD) they encode. Furthermore, I have inferred
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patterns of duplications and losses resulting in turnover of transcriptional regu-

lators and analysed their evolutionary rates within and between different clades

as well as in relation to their position in the regulatory network.

Overall, I have found that the composition of TF repertoires across the evolu-

tionary range examined is highly asymmetric and globally similar with the same

few DBD families contributing the majority of transcriptional regulators which

reflects the results of existing studies (Chapter 3, Figs. 3.5 and 3.6). Genome-wide

analysis of TF family copy number profiles allowed me to identify a number of

lineage- and species-specific cases of gains and losses of both DBDs and domain

architectures pointing towards biologically relevant pathways. Those included

the multifunctional regulator ABF1 which was gained in the Saccharomycetaceae

(Chapter 3.6.1) and the carbohydrate metabolism regulator SGT1 which was lost

in the sensu stricto species (Chapter 3.6.2). The example of ABF1 in particu-

lar, is one of the most highly-connected TFs in S. cerevisiae (Lee et al., 2002),

gave first indications of how fast newly gained regulatory proteins can become

important, ubiquitous members of the regulatory network.

While the distributions of DBDs and domain architectures suggested no ob-

vious expansion of any particular family after the WGD event, TF gain in the

larger repertoires of the Candida species (the CTG clade; see Chapter 1, Fig. 1.9)

appeared to be largely accommodated within the two largest families of TFs

(Chapter 3, Fig. 3.6). This was confirmed by a detailed analysis of duplications

and losses, showing that mechanisms of TF gain were different between the post-

WGD species in the CTG clade (Chapter 4, Fig. 4.11). While regulatory network

growth in the post-WGD species was mainly due to retention of WGD duplicates

and non-family specific, TF gain in the Candida species was dominated by ongo-

ing lineage-specific amplification of the Zn(II)2Cys6 and fungal-specific zinc finger

DBDs, the two largest TF families. The species diverging after the split with the

CTG clade but before the WGD appeared to be dominated by losses, although

the analysis of such patterns is complicated by the quality of genome annotation

and gene tree reconstruction artefacts (Chapter 4.3) and has not been explored

further here.

Based on these mechanistic differences and the functional dichotomy between

the duplicates retained after whole-genome duplication (WGD) and small-scale
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duplication (SSD) observed for other classes of proteins, I examined the properties

of WGD-retained TFs in the context of the regulatory network. When compared

to their non-WGD counterparts, I found WGD TFs to have a significantly larger

outdegree in one of the two networks tested and be significantly enriched for

large indegree in both networks. Comparison of the proportions of WGD TFs

among regulatory hubs and different hierarchical layers of the network was not

significantly different from random expectation. This suggested the retention of

a “cross-section” of the regulatory network that was somewhat biased for highly-

connected TFs. This was in support of the dosage balance theory, predicting

the retention of high-pleiotropy TFs following the WGD that would be expected

to have deleterious, dosage-dependent effects in SSDs (see above; Chapter 4.5).

It was not possible to empirically evaluate to what extent SSD duplicates share

the same properties due to the small number of recent SSD TFs in the Saccha-

romycetacea and the unavailability of a fully-characterised regulatory network to

compare recent SSDs in the CTG clade to. All six TFs that have arisen though

recent SSD show small indegree and outdegree and do not contain regulatory

hubs, leaving this an area of further investigation (see “Future Work” below).

Nevertheless, WGD TFs were clearly enriched for highly-connected TFs un-

derlining the importance of the WGD for regulatory evolution in these species.

This was also reflected in the functional signature of WGD TFs, over half of which

are involved in stress- and nutrient-signalling and cell cycle regulation (Appendix,

Table A.2). Coordination of all three of these processes is of critical importance

to the metabolic patterns arising from the preferentially anaerobic life-style that

distinguishes the post-WGD species from their relatives that did not undergo a

WGD event Brauer et al. (2008); Gasch (2007); Merico et al. (2007). This over-

representation of stress- and nutrient-responsive TFs was also reflected in my

comparative analyses of evolutionary rates between orthologs in different clades,

where I found extreme changes in evolutionary constraint between numerous TFs

at the core of virtually all stress- and nutrient signalling pathways between the

clades studied. Closer examination of individual examples (see below) suggested

that the WGD event may have been catalytic for the integration of new sig-

nals and transmission of the same signal to different sets of target genes on a
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very large scale, especially with respect to the metabolic caveats accompanying

a “high-throughput” fermentative life style.

The difficulty to define the pleiotropic constraints of a TF was obvious not only

from analysis of gene duplicates within the regulatory networks but also when

considering evolutionary rate constraints. As others before (Jovelin & Phillips,

2009; Wang et al., 2010), I have failed to find constraints on evolutionary rates

depending on a TFs outdegree, arguably the most intuitive measure of pleiotropy.

This was true even after accounting for the effects of recent gene duplication which

could have potentially blurred such signal through relaxed selective constraints

experienced by initially redundant functions (e.g. Byrne & Wolfe, 2007; Scannell

& Wolfe, 2008). I also detected the previously found positive association between

evolutionary rate and indegree and have furthermore shown that this association

is confined to the bottom layer of the regulatory hierarchy. This most likely is

the result of relaxed selective constraint in non-DBD parts of TFs and is partially

driven by the WGD. The fact that this positive association is specific to bottom

layer TFs might reflect functional diversification of specific biological processes,

seeing that bottom layer TFs are often stand-alone and process-specific (Jothi

et al., 2009). Indeed, the functional signal in both the duplication and rate

analyses was arguably the strongest among the correlates tested.

Returning to the original cis vs. trans debate (see above and Chapter 1.3) the

results I have presented here as well as those published by others (e.g. Borneman

et al., 2007; Conant, 2010; Fusco et al., 2010; Jovelin & Phillips, 2009; Lavoie

et al., 2010; Tuch et al., 2008a; Wang et al., 2010) strongly argue against the

“evolutionary rigid” view of a TF advocated by the early evo-devo proponents.

The lack of an appropriate way to describe the evolutionary constraints acting

on TFs questions one of the strongest points of the arguments proposed, namely

the high pleiotropic impact of changes in the coding sequences of TFs. Clearly,

TFs are evolving fast and especially the non-DBD regions accumulate changes at

a rate where sequences often become unalignable within a few hundred million

years of evolution.

Overall this study has provided an in-depth, systematic view of evolutionary

dynamics of TF repertoires at intermediate evolutionary distances. Careful data

collection (Chapter 3.2) and choice of methods used for analysis (Chapter 4.3)
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was crucial to ensure the high quality of the dataset itself and the inferences

derived from it due to the promiscuous nature of domains commonly found in

TFs and often limited phylogenetic signal. The dataset and analyses presented

here have resulted in a larger number of hypotheses that can be addressed using

experimental techniques and the insights to be gained are unlikely to be exhausted

by what has been possible to achieve within the scope of this thesis.

7.2.1 Case Studies

One of the most distinguishing and best-studied metabolic features of the brewer’s

yeast Saccharomyces cerevisiae and its close relatives is it’s ability to preferen-

tially ferment glucose even under aerobic conditions. Although the overall yield

of ATP per mole of glucose is lower in fermentation than through respiratory

pathways, the rate of ATP production is higher, enabling the cells to grow faster

(Rolland et al., 2002). Furthermore, the ethanol produced during this reaction is

exported from the cell and thought to confer a competitive advantage due to its

toxicity to many other microorganisms. Yeast populations grow exponentially in

glucose-rich conditions and, once all glucose in the medium is consumed, switch to

aerobic metabolism of the ethanol produced during fermentation (Rolland et al.,

2002). This is called the diauxic shift.

Apart from the long-term metabolic cost, anaerobic fermentation comes with

other limitations such as the dependence on the presence of molecular oxygen of

some biosynthetic pathways, including sterol and fatty acid biosynthesis, heme,

NAD or uracil (reviewed in Merico et al., 2007). Also, the ability to adjust the re-

dox balance and to avoid accumulation of genotoxic reactive oxygen species (ROS)

is important for a successful oxygen-free lifestyle (Rigoulet et al., 2004). Conse-

quently, control of the cellular metabolism and response to nutrient availability

requires tight control and the integration of intra- and extracellular nutritional

and stress cues.

A recent comparative study of the energy metabolism and ability to grow

under aerobic and anaerobic conditions and different nutritional requirements

within the Saccharomycotina revealed extensive differences in metabolic efficiency

under strict anaerobic conditions when minimal resources were provided among
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this clade (Merico et al., 2007). Most species were found to be able to grow on

rich media when respiratory metabolism was impaired, suggesting that the ability

to ferment is ancient and wide-spread. There was however a clear distinction in

metabolic capability that appeared coincident with a whole genome duplication

(WGD) event that is thought to have occurred about 100 million years ago. Post-

WGD species were generally found to exhibit a preferred fermentative lifestyle,

be able to grow in the absence of oxygen and generate respiratory-deficient petite

mutants, lacking mitochondrial DNA (Merico et al., 2007; see Chapter 1, Fig. 1.9).

Pre-WGD species in turn varied in their ability to do any or either of those,

suggesting a clear link between successful fermentative lifestyle and the WGD.

Indeed, others had previously implicated the WGD in the evolution of effi-

cient fermentative metabolism. Hexose transporters and other glycolytic enzymes

were found to be among the small percentage of genes that were retained after

WGD, resulting in a potential overall increase of glycolytic flux (Conant & Wolfe,

2007). Other classes of genes that are known to have been preferentially retained

include transcription factors (TFs), suggesting an important role for post-WGD

regulatory adaptation (Conant & Wolfe, 2008). In my study of the evolutionary

dynamics governing TF repertoires in the Saccharomycotina I found TFs retained

after WGD to be highly enriched for well-connected regulatory. Moreover, be-

sides general implications for the adaptive potential of this event for regulatory

evolution, I found components of signalling pathways, including some of the key

regulators of stress-response, MSN2/MSN4, SKN7, YAP1 and NRG1 to be highly

represented among WGD paralogous TFs (Chapter 4.6). This was also reflected

in an analysis of evolutionary rates which revealed frequent clade-specific accel-

erations as well as increase in negative selective pressure among TFs involved in

nutrient- and stress-signalling, indicative of functional divergence and resulting

changes in evolutionary pressure between clades (Chapter 6.5.2).

These observations suggested extensive change in nutrient- and stress-responsive

signalling after the WGD. While often, information about the precise role of each

of the WGD paralogous TFs with respect to each other is missing, I have investi-

gated a number of the better studied examples and found striking evidence for the

importance of the WGD in facilitating cross-talk between stress- and nutrient-
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response signalling pathways which in turn is likely to have had a large impact on

the ability to grow anaerobically. Two of those examples will be outlined below.

Furthermore, I found multiple lines of evidence suggesting changes in regula-

tion of sulfur metabolism (Chapters 4.6, 5.4.1 and 6.5) and based on my observa-

tions will present a model for the evolution of combinatorial regulation of sulfur

metabolism such as is seen in S. cerevisiae (Lee et al., 2010c).

7.2.1.1 Two-way Control of Carbohydrate Metabolism Under Differ-

ent Stress and Carbon Source Conditions

S. cerevisiae regulates carbohydrate metabolism and growth phases through a

number of different pathways in response to carbon source availability and an

array of other environmental cues (reviewed in Smets et al., 2010). In the pres-

ence of glucose, genes required for the utilisation of alternative carbon sources,

the Krebs cycle and oxidative phosphorylation and gluconeogenesis are repressed

(Rolland et al., 2002). This is mediated through the serine/threonine protein

kinase Snf1 which is inactivated in the presence of glucose. Upon glucose de-

pletion, Snf1 is activated and phosphorylates Mig1, the main repressor of this

pathway, which is subsequently exported from the nucleus, relieving repression of

its glucose-repressed target genes (Figure 7.1).

Besides the repression of genes redundant in glucose metabolism, S. cerevisiae

also positively regulates transcription of genes required for glucose metabolism

which is under control of Snf3/Rgt2 sensor (Rolland et al., 2002). In glucose-

rich conditions, Snf3/Rgt2 is activated, leading to the degradation of Mth1 and

Std1 which are required for the expression of Rgt1, the main repressor of glucose

induced genes (Fig. 7.1; Li & Johnston, 1997). Mig2, a homolog of Mig1, is re-

pressed by Rgt1 in low-glucose conditions and upon Snf3/Rgt2-dependent glucose

induction becomes active and acts as an additional repressor of glucose-repressed

genes. Mig1 and Mig2 have been shown to be fully- or partially redundant for

the repression of different subsets of genes, with Mig1 being the main regulator

(Westholm et al., 2008). Furthermore, the authors found functional differences

between the genes that were repressed fully or partially redundant as well as

Mig1-dependent. The latter class includes genes for uptake of alternative carbon
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sources, while partially redundant genes were enriched for genes involved in their

metabolism. Interestingly, the fully redundant class contained numerous phos-

phate metabolism genes suggesting a link between phosphate and carbohydrate

metabolism.

Mig3 in turn, the WGD paralog, and as such “closer sibling” of Mig2, was not

found to be involved in the regulation of glucose-repressed genes. Instead the only

gene that was detected to be significantly upregulated in a mig3 null mutant was

SIR2, a histone deacetylase involved in maintaining genome integrity (Westholm

et al., 2008). Unlike its WGD paralog and in common with Mig1 however, Mig3

is directly regulated by the Snf1 kinase which in addition to glucose-dependent

signalling has been implicated in the response to genotoxic stress (Dubacq et al.,

2004).

It thus appears, that here the WGD has facilitated the evolution of a com-

binatorial circuit by a) the migration of a TF from one control system, glucose

repression, to another control system, glucose induction and b) the control of

different target genes under the same signal. In the earlier scenario, this poten-

tially allowed for a fine-tuning of the timing of expression for different sets of

genes as supported by the fact that Mig1 and Mig2 are only partially redundant

and genes in different “redundancy classes” have different functions (Westholm

et al., 2008). It is possible for example that the glucose repression pathway acts

faster than the glucose induction pathway (it contains fewer reaction steps Smets

et al., 2010) and it is conceivable that the first set of genes to be repressed in the

presence of glucose should be transporters of other carbon sources to avoid accu-

mulation of unused compounds. Similarly, metabolising enzymes will be needed

for longer to use up the remaining, already imported molecules. This is true

equally for the reverse scenario, where upon carbon source shift from glucose to

alternative sources, the first proteins required are transporters. A further aspect

of this is the fact that Snf1 signalling is not only responsive to glucose but also to

genotoxic stress (Dubacq et al., 2004), thereby separating the glucose repression

regulon into genes that are more or less important for stress response depending

on whether they are regulated by Mig1 only, partially or fully redundant.

In the case of Mig3, less is known about its exact function. While it has not

been implicated in the regulation of glucose repressed genes (Westholm et al.,
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Figure 7.1: Regulation of glucose metabolism in S. cerevisiae. Figure adapted

from Westholm et al., 2008.
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2008), it remained under control of Snf1 signalling (Dubacq et al., 2004) and as

such probably serves in integrating information about the nutritional status and

genotoxic stress level to influence yet other metabolic processes. Sir2, its only

known target gene, is known the have roles in silencing of the HMR and HML

loci (silent mating type casesstes; Rine & Herskowitz, 1987) as well as telomeric

and rRNA silencing (reviewed in Rusche et al., 2003). Again, this provides inter-

esting hypotheses about possible functional implications, for example a possible

influence of nutrient availability or genotoxic stress on mating-type switching

Further evidence for changes in functional divergence among Mig1, Mig2 and

Mig3 is based on an analysis of evolutionary rates. I found all three TFs to show

great clade-specific rate variation. While the ancestor of Mig2 and Mig3 is among

the 10% of most rapidly evolving TFs in the pre-WGD species, I found Mig2

among the 10% of slowest evolving TFs in the sensu stricto species indicating a

gain of strong functional constraint. This is in contrast to Mig3 which I found

to be still among the most rapidly evolving TFs. Similarly, Mig1 is among the

most slowly evolving TFs in the CTG clade, whilst having experienced great

acceleration in evolutionary rates in both the post-WGD but especially the pre-

WGD species. Indeed, glucose repression by Mig1 in Candida albicans is thought

to be under control of Rgt1 but not Snf1, analogous to to Mig2 in S. cerevisiae

(reviewed in Sabina & Brown, 2009). C. albicans also contains a Mig2 homolog

which I found to evolve neither greatly accelerated nor under extensive selective

constraint in the CTG clade and it’s functional role is still unknown (Sabina &

Brown, 2009). CaMig1 and CaMig2 are highly conserved in their DNA-binding

domain suggesting greater redundancy between the two TFs in the CTG species.

7.2.1.2 Evidence for Evolution of a Post-WGD Feedback Mechanism

to Sense Glycolytic State

Copper and other metal compounds are of critical importance to an organisms vi-

ability by providing cofactors for many fundamental metabolic processes (Ruther-

ford & Bird, 2004). Copper ions are found in different redox states in the cell

and are important catalytic cofactors for a variety of redox chemical processes,

including the detoxification of free radicals and respiratory metabolism (Peña
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et al., 1999; Rutherford & Bird, 2004). An excess of copper in the cell however,

has severe cytotoxic effects through the generation of ROS, inducing severe cell

damage, or the displacement from other cofactors from key cellular signalling

proteins (Peña et al., 1999). This coupled essentiality and toxicity hence requires

tight regulation of copper levels within the cell.

S. cerevisiae uses two main pathways to control copper homeostasis (Figure

7.2). Copper-uptake is mediated by the TF Mac1, which activates high affinity

copper transporters and other genes in response to copper deficiency. Mac1 binds

do copper-responsive elements as a homodimer and is directly regulated by Cu(I)

ions which bind to a polycysteine cluster at it’s N-terminal end. This precludes

both homodimerisation and DNA binding, thus rendering Mac1 inactive when

sufficient concentrations of copper are present in the cell (reviewed in Rutherford

& Bird, 2004).

Cup2 (also known as Ace1) is active in high concentrations of copper and

regulates proteins involved in copper sequestration and protection from toxicity.

Similarly to Mac1, It is directly regulated by copper concentration through bind-

ing of copper ions in a N-terminal domain “polycopper cluster”. In contrast to

Mac1 however, Cup2 requires bound copper ions for its DNA-binding and thus

regulatory activity (reviewed in Rutherford & Bird, 2004). Interestingly, the

WGD paralog of Cup2, Haa1, although well-conserved in both DNA-binding do-

main and transactivation domain is not regulated by copper levels (Keller et al.,

2001). Instead it was recently found to be active in response to weak acid stress

(Rutherford & Bird, 2004) which is in line with the observation by Keller et al.

who detected upregulation of genes involved in cell wall maintenance.

Again, the WGD paralogs have greatly diverged in function and are now un-

der control of different signalling mechanisms. Whether or not Haa1 and Cup2

regulate shared target genes remains to be determined, although the strong con-

servation within the DNA-binding domain first detected by (Keller et al., 2001)

but also apparent in my Saccharomycotina-wide multiple sequence alignments

argues for similarity between their binding specificities. The response of Haa1

to weak acid stress is specific to the less lipophylic acids including acetic acid

and succinic acid and is indeed strongest for acetic acid (Fernandes et al., 2005).
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Figure 7.2: Regulation of copper homestasis in S. cerevisiae
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Interestingly, however, while Haa1 was induced in weak acid stress, the transcrip-

tional response induced only conferred limited protection against weak acid stress

suggesting an alternative functional role.

If Cup2 and Haa1 indeed regulate shared target genes this WGD-generated

duplication might present a mechanism for the evolution of cross-talk between

two stress responses, high copper levels and weak acid stress, conferring cross-

protection against both stresses. Moreover, the high affinity of Haa1-mediated

stress response for acetic acid opens other interesting perspectives. Both acetic

acid and succinate are byproducts of both glyceropyruvic and alcoholic fermenta-

tion that accumulate mostly at the beginning of fermentation, most likely due to

overflow of intermediate products of an incomplete TCA cycle (reviewed in Vilela-

Moura et al., 2010). As such the response of Haa1 could function in signalling

entry into fermentative metabolism. Depending on the nature of the hypothet-

ical set of shared target genes between Haa1 and Cup2, this could represent a

signal amplification seeing that copper ions are no longer needed for the purpose

of respiratory metabolism which might also serve as a sensor for entry into fer-

mentation. So Haa1 and Cup2 could either transmit this signal to a set of target

genes unrelated to weak acid response and copper homeostasis but is important

for fermentative metabolism, or Haa1 could aid induction of copper sequestering

proteins to avoid copper accumulation and creating of ROS, or indeed both, upon

entry into a fermentative cycle.

As in the previous example, I found extensive clade-specific differences in

evolutionary rates for both Haa1 and Cup2 as well as Mac1 indicating changes in

functional constraint. Both Haa1 and Cup2, and their pre-duplication homolog

were found to evolve fast in the pre-WGD and CTG clades as well as immediately

after the whole-genome duplication while experiencing a large decrease in rate in

the sensu stricto species arguing for a gain in functionality. Similarly, Mac1 was

found to be evolving very fast in the CTG clade only.
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7.2.1.3 Evolution of Combinatorial Regulation of Sulfur Metabolism

in S. cerevisiae

The sulfur metabolic network is a multibranched regulatory network, controlling

sulfur assimilation in the absence of organic sources of sulfur, the synthesis of

sulfur-containing amino acids, glutathione (an important antioxidant) and other

metabolic compounds important for the biosynthesis of polyamines, vitamins and

modified nucleotides (reviewed in Lee et al., 2010c). As such, various aspects of

sulfur metabolism contribute to a number of different cellular metabolic processes.

Sulfur metabolism in S. cerevisiae is controlled by a heteromeric complex at the

heart of which is Met4, the master regulator of sulfur metabolism in S. cerevisiae

(Lee et al., 2010c). Met4 lacks intrinsic DNA-binding ability but instead relies on

a number of cofactors for recruitment to target promoters (Blaiseau & Thomas,

1998). The cofactors, Cbf1, Met28, Met31 and Met32 in turn lack the intrinsic

ability to activate transcription of the sulfur metabolic network but require Met4’s

transactivating ability for induction of target genes (Blaiseau & Thomas, 1998;

Blaiseau et al., 1997; Kuras et al., 1996).

Met4 associates with Cbf1, either of Met31 and Met32, or both Cbf1 and

Met31/32, to specifically induce different sets of downstream target genes in a

condition-specific manner (Fig. 7.3; Lee et al., 2010c). Depending on the promoter

structure (e.g. Cbf1 only, Cbf1-Met31/32 or Met31/32 only) and the strength

of the Met31/32 binding site, different functional categories of sulfur metabolic

genes are expressed and the timing and activation strength differs according to

promoter architecture and hence the affinity and constitution of the associated

Met4-containing complex. Met28 acts as a stabilising factor in both complexes.

While Cbf1 is constitutively bound to promoters, the activity of Met4, Met28,

Met31 and Met32 is regulated at various levels, transcriptionally and posttran-

scriptionally thus allowing for combinatorial control of different subsets of sulfur

metabolism under a variety of signals (Lee et al., 2010c). Formation, concentra-

tion and association with DNA target sites of each of these different complexes

will not only depend on the presence or absence of each of the factors involved,

but likely also on the concentration of their conformational states rendering them

more or less likely to interact with each other, DNA and the transcriptional
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Figure 7.3: The evolution of combinatorial regulatory mechanisms of sulfur

metabolism through loss of a DBD in Met4 and gain of new interaction part-

ners.

machinery (see Buchler & Louis, 2008 and Chapter 1.2 for further discussion).

Combinatorial control is thereby able to dynamically tune regulatory output in

response to small environmental changes.

My evolutionary analysis of TF repertoires has provided several lines of evi-

dence suggesting changes in regulatory mechanisms controlling sulfur metabolism

within the Saccharomycotina. The most important of those changes is possibly

the loss of DNA-binding ability of Met4 in the Saccharomycetaceae (see Chap-

ter 5, Fig. 5.9). While both Met4 homologs in the CTG clade have a canonical

basic region, required for DNA binding in bZIP TFs, only the leucine zipper

dimerisation region has been maintained in the Saccharomycetaceae, thus render-
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ing Met4-induced regulation entirely dependent on its cofactors. The association

of Met4, Cbf1 and Met28 with promoter regions of sulfur metabolic genes is

conserved within the Saccharomycotina (Lavoie et al., 2010), arguing for the an-

cestral presence of a combinatorial mechanism that has become “hard-wired”

through the loss of DNA-binding ability of Met4. It is unknown whether the

single-copy homolog of Met31 and Met32, which I found to be WGD duplicates,

has a conserved role in sulfur metabolism in the CTG and pre-WGD species or

represent a novel combinatorial interactions that have arisen within the Saccha-

romycetaceae. Nevertheless, there is good evidence that this duplication provides

another example where WGD retention resulted in the potential fine-tuning of

an existing regulatory circuit. Although the distribution of Met31 and Met32 at

promoter regions does not appear to be very different on a large scale, Met32

is bound in higher quantities than Met31, despite similar levels of protein abun-

dance, suggesting the possibility of functional differences between the two (Lee

et al., 2010c).

Furthermore, I detected changes in the relative rates of Cbf1 and Met31 and

Met32, compared to their orthologs in the CTG clade. I found Cbf1, which is

also involved in the regulation of ribosomal proteins in C. albicans (Lavoie et al.,

2010; Tuch et al., 2008a; see Chapter 6.5.1), to be among the 10% of most slowly

evolving TFs in the CTG clade. This was in contrast to the post-WGD species

where Cbf1 was among the 20% of fastest evolving TFs. Similarly, relative rates

of Met31 and Met32 in the post-WGD clade were extremely slow while there

appeared to be less constraint on the single ortholog in the CTG clade. Arguably,

the relaxation of selective constraint on Cbf1 in the post-WGD species will have

been greatly influenced by the loss of control over the ribosomal protein regulon.

Nevertheless, it is also possible that the “handover” of a subset of sulfur metabolic

genes to Met31/32 might have contributed to this relaxation. This handover could

also explain the shift towards strong evolutionary rate constraints on Met31 and

Met32 in the post-WGD species. Interesting here is that both copies appear to

be heavily constrained, further arguing for their non-redundant functions.
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7.2.1.4 Conclusions

The examples provided here show how a mixture of the three different scenarios

introduced in Chapter 1.4.2 can contribute to regulatory novelty. I found evidence

for changes in the regulatory mechanisms that these TFs are involved in, based

accelerated and decelerated rates of sequences evolution. In all three cases, gene

duplication was likely to have played an important part by allowing for fine-tuning

of existing combinatiorial mechanisms (Section 7.4) or sub-or neofunctionalisation

through integration of the same signal to different target genes (Section 7.2) or,

putatively, different signals to affect the expression of shared target genes (Section

7.3). Most importantly, the examples presented here are three out of a very long

list of duplicated TFs (Appendix A.2 and A.3) and ones that have experienced

extreme rate changes between different clades (Chapter 6, Table 6.5). Systematic

evaluation of the remaining examples should not only provide many more case

studies such as the ones above but also feed into a bigger picture of the evolution

of signalling pathways in the Saccharomyces species and the connections between

them.

7.2.2 Future Work

In search for a more accurate description of the evolutionary constraints expe-

rienced by TFs, the most obvious extension to the work presented here is the

refinement of network-based hypotheses. Regulatory networks are not static but

change in a condition-specific manner (e.g. Luscombe et al., 2004). TFs that are

hubs in one condition are not necessarily as highly-connected in other conditions

and arguably pleiotropic constraints will be dependent on i) how many conditions

a TF is expressed in and ii) how many target genes it regulates in each of those

conditions. Furthermore, although a TF might have a large number of regulatory

interactions, a large proportion of those could be “redundant”, i.e. achievable via

other pathways, and as such not be of great importance. Conversely, a regulator

with a relatively small number of interactions might have very large pleiotropic

constraints if it is the only TF regulating these target genes. The importance of

an individual regulatory interaction could be scored by it’s redundancy factor,
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i.e. the number of alternative regulatory pathways connecting a TF’s regulators

and the target gene in question and as such a redundancy-corrected outdegree

could be obtained for comparisons. Again, those could be calculated on either a

static representation of the network or in a dynamic fashion.

Although here I found no statistically significant differences between the dis-

tributions of WGD TFs among regulatory hubs or different hierarchical layers of

the network, they were significantly enriched for regulators with large numbers

of regulatory interactions and the trends were suggestive of enrichments among

hubs in the core layer of the regulatory network. In order to explore differences

between TFs duplicated during WGD and SSD, systematic profiling of recently

duplicated TFs in the CTG clade could provide interesting insights into the prop-

erties of SSDs. Determination of their target genes through ChIP analyses would

not only help to determine their functional importance but also give insights

into their relative positioning in the regulatory network. Arguably, connectivity

information about a few TFs is less useful for these purposes without a fully

characterised regulatory network but should provide a start to formulate further

hypotheses. In any case, it would be of great use to have a second fully charac-

terised eukaryotic regulatory network to be able to understand network evolution

and test hypotheses regarding different mechanisms. Finally, losses in the regu-

latory network are certainly no less interesting to study than duplications and a

careful reexamination of my dataset combined with data mining approaches to

delineate a set of “high-confidence” losses should also provide interesting insights

into their impact on regulatory evolution.

Besides these larger evolutionary properties of regulatory network evolution,

my study has highlighted a number of interesting targets to study in more detail in

inter-species comparisons. Those include stress- and nutrient-response signalling

and cell cycle regulation and could be addressed in a manner similar to the

comparative studies examining the evolution of ribosomal protein regulation and

the Mcm1-cofactor regulons as done by Lavoie et al. (2010) and Tuch et al.

(2008a), respectively. This will not only help to better understand how regulatory

evolution has influenced adaptation to the metabolic difficulties brought about

by a fermentative life-style in the Saccharomyces species but should also provide

insights into how the pathogenic species in the CTG clade face the challenge
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of the human host and maybe deliver new targets for treatment and control of

fungal infections.
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Appendix

A.1 DBD pipeline

A.2 Speciation-Duplication Inference

A.2.1 Comparison of SDI methods

A.2.2 CAFE output

Figures A.3 to A.5 show the raw output of CAFE for gene families that were

found to evolve significantly different from the estimated birth and death model

(see Chapter 4.4.2.3). λ values and branch lengths for each branch were removed

for the purpose of visualisation (those are equal between the different trees). Each

node in the species tree is annotated with the inferred number of copies and the

P-values for observing a transition in copy number from the inferred copy number

to the ones inferred at each of the child nodes.

A.2.3 TF duplications
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Figure A.3: CAFE output for C2H2:C2H2 TFs.
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Figure A.4: CAFE output for Zn clus:Fungal trans TFs.
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Figure A.5: CAFE output for Zn clusTFs.

280



A.2 Speciation-Duplication Inference

Whole-Genome Duplication TFs

SGD ID Name Annotation

YML081W — unknown
YBR182C SMP1 osmotic stress
YDR213W UPC2 sterol biosynthesis
YNL068C FKH2 cell cycle
YOR363C PIP2 oleate-responsive; peroxisome proliferation
YDR501W PLM2 DNA damage response
YDR146C SWI5 cell cycle
YLR131C ACE2 cell cycle
YHR056C RSC30 osmotic stress; ribosomal proteins
YDL048C STP4 unknown
YPL177C CUP9 iron homeostasis
YBR049C REB1 RNA pol I TF
YPL038W MET31 sulfur metabolism
YKL062W MSN4 general stress response
YHR006W STP2 amino acid metabolism
YML027W YOX1 cell cycle
YLR266C PDR8 drug resistance
YGL071W AFT1 iron homeostasis
YOR162C YRR1 drug resistance
YDR303C RSC3 osmotic stress; ribosomal proteins
YIL036W CST6 oleate-responsive; utilisation of non-optimal carbon sources
YDR451C YHP1 cell cycle
YDR096W GIS1 nutrient limitation
YLR228C ECM22 sterol biosynthesis
YOR028C CIN5 drug resistance; salt tolerance; oxidative stress
YAL051W OAF1 oleate-responsive; peroxisome proliferation
YPR008W HAA1 weak acid stress
YLR375W STP3 unknown
YBR066C NRG2 glucose repression; filamentous growth suppressor
YDR026C — unknown
YJR127C RSF2 glycerol-based growth; respiration
YKR034W DAL80 nitrogen degradation
YDR463W STP1 amino acid metabolism
YGL013C PDR1 drug resistance
YMR072W ABF2 mitochondrial DNA-binding protein
YPL230W USV1 salt stress; non-fermentable carbon sources
YPL202C AFT2 iron homeostasis
YGL166W CUP2 copper homeostasis
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SGD ID Name Annotation

YER045C ACA1 utilisation of non-optimal carbon sources
YGL096W TOS8 meiosis; cell damage
YDR253C MET32 sulfur metabolism
YOL089C HAL9 salt stress
YDR259C YAP6 carbohydrate metabolism; salt stress
YDR423C CAD1 iron homeostasis; drug resistance
YER169W RPH1 DNA damage response
YBR150C TBS1 unknown
YIR018W YAP5 unknown
YJL110C GZF3 nitrogen degradation
YIL131C FKH1 cell cycle
YDR043C NRG1 glucose repression; filamentous growth suppressor; pH response
YJR147W HMS2 suppresses pseudohyphal growth
YER028C MIG3 response to toxic agents
YMR016C SOK2 PKA signalling
YLR183C TOS4 unknown
YKL043W PHD1 filamentation; cell cycle
YOL028C YAP7 unknown
YKL032C IXR1 respiratory chain
YPL089C RLM1 cell integrity
YMR037C MSN2 general stress response
YML007W YAP1 oxidative stress
YHR206W SKN7 oxidative stress
YMR182C RGM1 unknown
YBL005W PDR3 drug resistance

Table A.2: WGD duplicate TFs. Rows coloured in
orange are stress-response regulators, blue nutrient-
response regulators, green cell cycle regulators and purple
drug resistance regulators.

CTG-amplified TFs

OG ID # Duplications Annotation

222 10 lysine biosynthesis (?)
388 4 telomere accosiated
256 4 lysine biosynthesis (?)
317 4 drug resistance (?)
340 4 unknown function
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OG ID # Duplications Annotation

318 3 unknown
329 3 Drug resistance
339 3 oxidative metabolism
370 3 Copper resistance
60 2 unknown
191 2 unknown
202 2 unknown
217 2 unknown
319 2 carbohydrate metabolism
326 2 unknown
330 2 homolog of CAT8
353 2 unknown
369 2 homolog of TEA1
22 1 methionine biosynthesis
30 1 iron acquisition
66 1 unknown
106 1 unknown
177 1 unknown
125 1 Purine biosynthesis
129 1 Drug resistance
154 1 Core stress response, proteasome
207 1 Calcium-responsive signalling
260 1 unknown
261 1 unknown
282 1 hyphal gene expression
290 1 unknown
325 1 unknown
336 1 Drug resistance
344 1 stress response
351 1 possible AA biosynthesis (homology)
368 1 unknown
372 1 unknown
374 1 GAL4, glycolysis
379 1 Morphogenesis, hyphal gene expression
382 1 Hyphal gene expression
388 1 Telomere accosiated
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OG ID # Duplications Annotation

Table A.3: List of orthogroups that were amplified in the
CTG clade and the number of inferred duplications per
orthogroup.
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J., Barbe, V., Ségurens, B., Artiguenave, F., Anthouard, V.,

Vacherie, B., Val, M.E., Fulton, R.S., Minx, P., Wilson, R., Dur-

rens, P., Jean, G., Marck, C., Martin, T., Nikolski, M., Rolland,

T., Seret, M.L., Casarégola, S., Despons, L., Fairhead, C., Fis-

cher, G., Lafontaine, I., Leh, V., Lemaire, M., de Montigny, J.,
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