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ABSTRACT OF THE DISSERTATION 

 

Evolution of Transcriptional Regulatory Circuits in Yeasts 

 

by 

 

Paul Dwight Kuo 

Doctor of Philosophy in Bioengineering 

University of California, San Diego 2011 

 

Professor Trey Ideker, Chair 

 

A central challenge to post-genomic biology is to elucidate the cellular networks 

that underlie biological form and function. Such networks of transcriptional, post-

transcriptional and post-translation regulation form an essential part of the cellular 

repertoire. The recent explosion of high-throughput genome-wide technologies has 

allowed us to begin to elucidate the structure and function of such networks.  

Additionally, these technologies also allow direct comparisons of networks to be 

made across species – a subject that has received comparatively less attention. 

Simultaneous study of multiple species at appropriate evolutionary distances allows us to 

make more general statements about the robustness, evolvability, modularity and 

evolutionary redundancy of cellular networks than can otherwise be made when studying 
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a single species in isolation. In this thesis, I describe the generation and analysis of 

genome-wide mRNA expression and transcription factor localization data across four 

diverse species of yeast separated by hundreds of millions of years of evolution. 

 In Chapter 2, I describe the generation and analysis of genome-wide time-series 

expression profiles of the yeasts S. cerevisiae, C. glabrata, and K lactis following 

treatment with fluconazole. This analysis suggests evolutionarily diverged transcriptional 

strategies for coping with fluconazole-induced ergosterol depletion. Such work has 

relevance for both identifying and mitigating possible clinically relevant resistance 

mechanisms in human pathogens. 

In Chapter 3, I generate genome-wide transcription factor localization data for the 

budding yeasts S. cerevisiae, and C. glabrata discovering a system of tightly coupled 

compensatory trans and cis mutations in the AP-1 transcriptional network. These 

compensatory mutations allow for conserved transcriptional regulation despite continued 

genetic change. Such systems of tightly coupled compensatory mutations might serve to 

counter the widespread divergence observed in transcriptional networks, and may 

constitute a general evolutionary mechanism maintaining the regulation of transcriptional 

networks. 

In Chapter 4, I generate genome-wide transcription factor localization data for 

several cell-cycle transcription factors, but in the fission yeast S. pombe. Similarly to 

previous studies, I find relatively poor conservation of binding between orthologous 

transcription factors. However, further analysis of our data along with that of previous 

studies suggests that transcription factors while not being particularly well conserved at 

the level of the binding of target genes show stronger conservation in other ways such as 



 
 

xiv 
 

DNA binding motif, the functional enrichment of target genes, transcription factor 

expression and transcription factor activity. 
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Chapter 1. Introduction 

Transcriptional regulation, the control of the expression level of genes, is central 

to the ability of organisms to respond to both intra- and extra-cellular signals – and thus is 

central to maintaining life. Such control is largely rendered by proteins referred to as 

transcription factors (TFs). TFs in co-operative or antagonistic fashion can both activate 

and / or repress the transcription of genes from DNA to RNA by physically binding to 

neighboring genes (cis-regulation). This regulation can also extend to the expression of 

other TFs forming a transcriptional regulatory network / circuit. In fact, it has been 

suggested that the phenomenon of speciation, where the divergence of an ancestral 

species in to two separate lineages could be caused by evolutionary divergence of 

transcriptional regulation (Wray et al. 2003).  

The last two decades have witnessed a proliferation of high throughput methods 

for both assaying the genome-wide mRNA expression levels of genes and elucidating the 

physical and genetic interactions underlying their transcription. In particular, two 

technologies, DNA microarrays and high-throughput DNA sequencing have allowed us 

to simultaneously increase both the breadth and depth of scientific enquiry regarding 

transcriptional regulation (Nowrousian 2010). DNA microarrays are typically glass slides 

upon which short single-stranded DNA oligomers have been immobilized. These 

oligomers are designed so that they selectively hybridize to only specific fluorescently-

labeled DNA of interest allowing quantitation. Similarly, high-throughput sequencing 

also allows for the direct quantitation of DNA. However, rather than detection by 

hybridization to oligomers, sequencing approaches directly read the sequence of DNA 
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molecules typically using cyclic reversible termination, single-nucleotide addition, real-

time or sequencing by ligation methods (Metzker 2009). Nevertheless, either technology, 

microarrays or sequencing permits the quantitative probing of both gene expression and 

transcription factor localization on a genome-wide scale.  

While the application of such technologies has allowed us to begin to understand 

the complexity of transcription regulation in a variety of model organisms, comparatively 

less attention has been paid to the comparison of transcriptional regulatory circuits 

between divergent species. Such studies can shed light on both the mechanisms and 

driving forces behind the inherent specialization that occurs as the result of speciation. 

They can also shed light on transcriptional robustness, evolvability, modularity and 

redundancy – all critical aspects of cellular networks. Additionally, comparison between 

divergent species allows us to make more detailed and confident statements regarding the 

biology of each individual species. Presumably, such processes may even encompass the 

fundamental minimal requirements for maintaining life itself. 

The yeast Saccharomyces cerevisiae has been widely used in genetic and cell 

biology due to its simplicity, speed of growth and relative ease of DNA manipulation. 

More generally, the yeast family comprises an estimated 1.5 million species spanning at 

least a billion years of evolutionary divergence. For these reasons, yeasts make an ideal 

model system with which to probe species differences at the transcriptional level. 

However, selection of organisms at the appropriate evolutionary distance is one of the 

keys to effective evolutionary comparison. Therefore, in this dissertation I study the 

yeasts S. cerevisiae, C. glabrata, K. lactis and S. pombe. The two yeasts S. cerevisiae and 

C. glabrata are relatively phylogenetically close having both undergone an ancient 
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whole-genome duplication (Dujon et al. 2004). K. lactis last shared a common ancestor 

with S. cerevisiae and C. glabrata approximately 100 - 150 million years ago (Dujon et 

al. 2004), while S. pombe last shared a common ancestor with S. cerevisiae 

approximately 330 – 420 million years ago. Despite being closely related to S. cerevisiae 

and the Saccharomyces sensu stricto group, C. glabrata is a well established human 

pathogen (Sanguinetti et al. 2005; Paulitsch et al. 2006). K. lactis is primarily an 

industrial yeast used in protein production and secretion (van Ooyen et al. 2006). S. 

pombe is evolutionarily distinct from S. cerevisiae and most other yeasts in its extensive 

intron / exon splicing, RNAi machinery and proliferation by cellular fission rather than 

budding (Wood et al. 2002). 

Using these yeast species, this dissertation broadly addresses several topics 

regarding evolution of transcriptional regulatory circuits. In particular, I compare and 

contrast the mRNA expression and transcription factor localization of several species 

showing how evolution shapes both transcriptional regulatory circuits and their resultant 

phenotypic consequences. In Chapter 2, I show how the dynamic gene expression of 

three yeast species in response to an anti-fungal drug has evolutionarily diverged. 

Through subsequent experimentation I demonstrate the likely cause of this divergence at 

the transcriptional level and show it has a direct influence on each species’ ability to 

counteract the effects of the drug. In Chapter 3, I study the evolution of the yeast AP-1 

transcription factor family using genome-wide transcription factor location analysis. 

Previous work on the AP-1 family has demonstrated that family members tend to bind 

slightly different DNA binding sites. I demonstrate one mechanism by which family 

members selectively bind to one binding site vs. another and when in evolutionary time 
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this mechanism likely arose. Additionally, I demonstrate how evolutionary selection 

pressures have maintained the function of the AP-1 transcription factors and their targets 

across evolutionary time through the mechanism of compensatory mutations. Finally, in 

Chapter 4, I demonstrate that transcription factors while not being particularly well 

conserved at the level of the binding of target genes show stronger conservation in other 

ways such as DNA binding motif, the functional enrichment of target genes, transcription 

factor expression and transcription factor activity. 

It is my hope that this dissertation contributes a greater understanding of how 

evolution shapes both the form and function of transcriptional regulatory circuits and that 

these contributions spur further research for years to come. 
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Chapter 2. Evolutionary divergence in the fungal response to fluconazole 

revealed by soft clustering 

Abstract 

Fungal infections are an emerging health risk, especially those involving yeast 

that are resistant to antifungal agents. To understand the range of mechanisms by which 

yeasts can respond to anti-fungals, we compared gene expression patterns across three 

evolutionarily distant species - Saccharomyces cerevisiae, Candida glabrata and 

Kluyveromyces lactis - over time following fluconazole exposure.  

Conserved and diverged expression patterns were identified using a novel soft 

clustering algorithm that concurrently clusters data from all species while incorporating 

sequence orthology. The analysis suggests complementary strategies for coping with 

ergosterol depletion by azoles - Saccharomyces imports exogenous ergosterol, Candida 

exports fluconazole, while Kluyveromyces does neither leading to extreme sensitivity. In 

support of this hypothesis we find that only Saccharomyces becomes more azole resistant 

in ergosterol-supplemented media; that this depends on sterol importers Aus1 and Pdr11; 

and that transgenic expression of sterol importers in Kluyveromyces alleviates its drug 

sensitivity.  

This approach revealed significant divergence among regulatory programs 

associated with fluconazole sensitivity. In future, such approaches might be used to 

survey a wider range of species, drug concentrations and stimuli to reveal conserved and 

divergent molecular response pathways. 



7 
 

 
 

Introduction 

Mucosal and invasive mycoses are a major world health problem leading to 

morbidity (Sanguinetti et al. 2005; Paulitsch et al. 2006) and a mortality rate of up to 70% 

in immunocompromised hosts (Wilson et al. 2002). The most common treatment for 

fungal infections is the family of chemical compounds known as the azoles, which 

interfere with formation of the cell membrane by inhibiting synthesis of ergosterol 

(Maertens 2004). However, the use of azoles to treat a broad spectrum of fungal 

infections has led to widespread azole resistance (Lupetti et al. 2002; Sanglard 2002; 

Maertens 2004; Anderson 2005; Carrillo-Munoz et al. 2006; Cowen 2008), and resistance 

is also emerging against the limited number of secondary compounds that are currently 

available (Cowen and Steinbach 2008; Jansen et al. 2009). 

The fungal response to azoles has been most often studied in yeast (Bammert and 

Fostel 2000; Kontoyiannis 2000; Lupetti et al. 2002; Agarwal et al. 2003; Anderson 

2005; Cowen et al. 2006; Lepak et al. 2006; Vermitsky et al. 2006), primarily through 

analysis of standard laboratory strains of Candida (Lepak et al. 2006; Selmecki et al. 

2006; Vermitsky et al. 2006) or Saccharomyces (Bammert and Fostel 2000; Kontoyiannis 

2000; Agarwal et al. 2003) or their resistant clinical isolates (Pfaller and Diekema 2004; 

Sanguinetti et al. 2005; Cowen et al. 2006; Vermitsky et al. 2006). Other studies have 

focused on cultures for which drug resistance has been artificially evolved in-vitro 

(Anderson et al. 2003; Vermitsky and Edlind 2004; Cowen et al. 2006; Selmecki et al. 

2006). This work has revealed a number of resistance and response mechanisms that can 

be invoked to protect cells from drug, including mutations to drug efflux pumps or their 

regulators (Anderson et al. 2003; Vermitsky and Edlind 2004; Sanguinetti et al. 2005; 



8 
 

 
 

Vermitsky et al. 2006), mutations to ergosterol synthesis enzymes (Anderson et al. 2003), 

duplication of the fluconazole target Erg11 (Selmecki et al. 2006), and a possible role for 

Hsp90 (Cowen and Lindquist 2005; Cowen et al. 2006). 

Although these represent a wide array of mechanisms, it is likely that the full 

range of anti-fungal resistance pathways is even greater, for several reasons. The first 

relates to genetic diversity: the number of clinical isolates that have been studied to-date 

is relatively modest, and resistant strains produced by artificial evolution are only a few 

generations removed from the common laboratory strains used as starting material. The 

second reason relates to the environment: it is very difficult to mirror in the laboratory the 

range of conditions that must be experienced by yeast in the wild during the evolution of 

stress response pathways. Thus, an important goal moving forward is to better understand 

the entire pool of genotypic variation underlying fungal stress responses, particularly as 

they relate to antifungal agents. 

Towards this goal, we performed a comparative study of the transcriptional 

program activated by fluconazole in three evolutionarily distinct yeasts: Saccharomyces 

cerevisiae (Sc), Candida glabrata (Cg), and Kluyveromyces lactis (Kl). These species 

were selected to provide a survey of transcriptional networks at intermediate evolutionary 

distance, i.e., at sufficient distance to observe evolutionary change but sufficiently close 

to ensure significant conservation. Sc and Cg diverged approximately 100 million years 

ago, and both harbor evidence of an ancient whole genome duplication event (Wolfe and 

Shields 1997). Cg is an established human pathogen while Sc has been occasionally 

found to cause systemic infection in immunocompromised individuals (Sanguinetti et al. 

2005). Kl was selected as an outgroup since its evolutionary history is clearly distinct 
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from Sc (having diverged prior to whole-genome duplication (Ihmels et al. 2005b)) but its 

transcriptional network is substantially closer to Sc than, for instance, is the network of 

Candida albicans (Tuch et al. 2008). In addition, Sc, Cg, and Kl share functional and 

phenotypic characteristics (e.g. growth as haploids (Dujon et al. 2004), similar codon 

usage (Dujon et al. 2004)) that make them suitable for comparison.  

Earlier efforts to profile expression across different species have been limited to 

the examination of matched conditions across two organisms (Banerjee et al. 2008; 

Lelandais et al. 2008; Cai et al. 2010) or curated compendia of microarrays across many 

conditions (Ihmels et al. 2005a; Ihmels et al. 2005b; Tanay et al. 2005). Such studies 

have previously identified transcriptional mechanisms leading to large phenotypic 

divergence among yeasts, often related to the whole genome duplication event (Ihmels et 

al. 2005a; Ihmels et al. 2005b; Tanay et al. 2005). Accordingly, we reasoned that 

matched expression time courses of three yeasts might reveal evolutionary differences in 

the transcriptional stress response elicited by an anti-fungal drug. 

Results and Discussion 

Kl is Dramatically More Sensitive to Fluconazole Than Other Species. 

For each of the three species Sc, Cg, and Kl, we obtained standard laboratory 

strains for which genome sequences were available (Methods). We examined the 

phenotypic response of these species to a range of concentrations of fluconazole 

(Supplementary Figure 2.1), a triazole antifungal drug commonly used in the treatment 

and prevention of superficial and systemic fungal infections (Maertens 2004). We found 

that Kl was approximately 70 times more sensitive to fluconazole than Sc and Cg, with a 

50% inhibitory concentration of 0.06 µg/mL versus 4.0 µg/mL for both Sc and Cg 
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(Supplementary Figure 2.1). Cross species differences in sensitivity could be due to a 

variety of factors, including differences in membrane permeability or drug transport, 

divergence in sequence or regulation of the drug target Erg11, or in any of the pathways 

previously linked to azole resistance.  

Comparative Expression Profiling of Sc, Cg, and Kl. 

While it is possible that complementary strategies might be observed at different 

fluconazole dosages (Anderson et al. 2003), we exposed each species to fluconazole at its 

50% inhibitory concentration to facilitate direct comparison of the transcriptional 

response between species. We then monitored global mRNA expression levels at 1/3, 2/3, 

1, 2, and 4 population doubling times (Figure 2.1A). We also found that sampling based 

on the doubling time of each species, as opposed to absolute time measurements, led to 

greater coherence in the expression profiles across species (Supplementary Figure 2. 2). 

Selected mRNA measurements were validated using RT-qPCR against six genes 

(Supplementary Figure 2.3). We also found significant overlap of the Sc differentially 

expressed genes with several previous microarray studies and some overlap with gene 

deletions conferring fluconazole sensitivity (Supplementary Methods). 

To compare expression profiles across species, orthologous genes were defined 

using MultiParanoid (Alexeyenko et al. 2006). As might be expected based on known 

phylogenetic distances (Wolfe and Shields 1997), Cg shared more differentially-

expressed genes with Sc than with Kl (Figure 2.1B). We also found some overlap with 

previously published C. albicans microarray data, especially with the functions of the 

responsive genes such as ergosterol biosynthesis and oxido-reductase activity 

(Supplementary Methods). 
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Soft Clustering: A Novel Cross-Species Clustering Algorithm. 

Due to factors such as measurement error and ambiguity of cluster boundaries, we 

found that the available clustering methods led to situations in which orthologous genes 

with similar expression patterns could be misplaced into different clusters 

(Supplementary Methods). Accordingly, we developed a “soft” clustering approach 

which integrates expression profiles with gene sequence orthology in a modified k-means 

model. This algorithm includes an adjustable weight which rewards ortholog co-

clustering (Figures 2A,B; see also Methods and Supplementary Methods). The term “soft 

clustering” has also previously been used in other clustering methods to define cases in 

which a gene can belong to more than one cluster rather than any constraint used to 

identify clusters [12-13]. Unlike standard clustering methods which focus solely on 

cluster coherence, the soft clustering method can simultaneously detect both similar and 

divergent behavior between orthologs. For instance, when orthologs are not co-clustered 

despite the addition of a reward, one can be assured that their dynamic profiles truly 

differ. The weight W and the number of clusters k were scanned over a range of values 

(Figure 2.2C). We selected W = 0.75 and k = 17 as choices that approximately optimized 

the enrichment for Gene Ontology (GO) terms (Supplementary Methods).  

We compared our soft clustering approach to additional standard clustering 

methods (Supplementary Figure 2.4A). In comparison to classical k-means (equivalent to 

W = 0), the fraction of co-clustered orthologs increased from approximately 35% to 70%, 

with a negligible increase in within-cluster variance (Figure 2.2D). For W > 0.75, we saw 

no improvement in the number of enriched GO terms, a marked increase in total cluster 

variance, and little improvement in the fraction of co-clustered orthologs (Supplementary 
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Methods). Since k-means is non-deterministic, to ensure robustness the results of 50 runs 

of the algorithm were used to populate a matrix recording the fraction of times each gene 

pair was co-clustered. This matrix was used as a similarity matrix for subsequent 

hierarchical clustering (Figure 2.2E, Supplementary Methods). The resulting 17 cross-

species gene expression clusters are shown in Figure 2.3A,B, and Supplementary Figure 

2.7.  

Conservation of cis Regulatory Motifs Across Clusters. 

We found that two cross-species clusters (13 and 14) were highly enriched for 

ergosterol biosynthetic genes (p ≤ 10-8) and were coherently up-regulated in all three 

species - likely in response to ergosterol depletion. Both clusters were also enriched for 

the upstream DNA-binding motif of the sterol biosynthesis regulators Ecm22 and Upc2 

(Davies and Rine 2006). Interestingly, Upc2 has also been implicated in increased 

fluconazole resistance in the fungal pathogen Candida albicans (Silver et al. 2004). Rox1 

motifs were enriched in Sc and Cg but not Kl. A likely explanation for this divergence is 

that Rox1 is a repressor of hypoxia-induced genes, and Kl both lacks a Rox1 ortholog and 

the capacity for anaerobic growth.  

Beyond the clusters representing ergosterol biosynthesis, we found two additional 

clusters (9 and 16) in which high conservation of expression patterns, sequence 

orthology, and cis-motif conservation were observed across species. Cluster 9 was 

regulated by the general stress-response transcription factors Msn2p and Msn4p (q < 10-5, 

Supplementary Methods) and showed GO enrichment for oxido-reductase activity (q < 

10-8) and carbohydrate metabolism (q < 10-7). Cluster 16 was enriched for ribosomal 

biogenesis and assembly (q < 10-13) with upstream PAC (Zhu et al. 2009) and RRPE 
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motifs previously implicated in regulating genes involved in the general stress response 

and ribosomal regulation (Supplementary Methods) (Tanay et al. 2005; Nguyen and 

D'Haeseleer 2006; Lelandais et al. 2008; Zhu et al. 2009).  

For other clusters, conserved motifs were absent suggesting divergence across 

species. This lack of motif conservation was particularly surprising for clusters 3, 4, 7, 

and 11, which contained large numbers of co-expressed orthologous genes. On the other 

hand, this finding is consistent with previous studies finding low motif conservation 

(Ihmels et al. 2005a; Ihmels et al. 2005b; Tanay et al. 2005; Lelandais et al. 2008). We 

also found no significant enrichment for binding sites of orthologous transcription factors 

(Tac1, Mrr1, Crz1) known to mediate fluconazole-resistance in the evolutionarily 

diverged pathogen Candida albicans (Morschhauser 2009). 

Despite application of the soft-clustering algorithm, some clusters nevertheless 

shared significant gene orthology (but not expression) with other clusters, such as clusters 

10 and 15 in Figure 2.3A. In these cases, we also found no conserved motifs between 

these clusters, indicating both promoter and expression divergence among orthologs in 

addition to species-specific motifs (Supplementary Methods). 

Co-Clustering Implicates Both Highly Conserved and Divergent Pathways. 

Next, we analyzed the soft clusters to identify pathways for which the fluconazole 

response is either highly conserved or strikingly divergent. For this purpose, 

differentially-expressed pathways were identified using the Gene Ontology Biological 

Process database (Consortium 2008) (Methods). For each pathway, we computed the 

number of orthologous gene groups for which 1) all three species were in the same 

cluster (full co-clustering), 2) two species were in the same cluster (partial co-clustering), 
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or 3) no two species were in the same cluster (no co-clustering). The pathways with the 

highest percentage of orthologs with full co-clustering are shown in Figure 2.4A. The 

pathways with the highest percentage of orthologs that do not co-cluster are shown in 

Figure 2.4B.  

By this analysis, the most conserved pathway was ergosterol biosynthesis, which 

is consistent with our study of conserved motifs (above). Fluconazole directly inhibits 

ergosterol synthesis by targeting of Erg11, and all species appear to respond strongly to 

this reduction in ergosterol by upregulating the enzymes required for its novel 

biosynthesis. ERG11 was up-regulated early in both Sc and Cg and later in Kl. Since 

ERG11 over-expression is one mechanism by which yeast can overcome fluconazole-

induced growth inhibition (Selmecki et al. 2006), delays in its induction could contribute 

to Kl’s greater fluconazole sensitivity. 

The first stages of ergosterol biosynthesis are carried out by a subset of enzymes 

of the isoprenoid pathway. While most ergosterol genes were coordinately up-regulated 

in all three species, the expression levels of isoprenoid biosynthesis genes were strikingly 

divergent (Figures 4B,D). In all eukaryotes, regulation of isoprenoid biosynthesis is 

known to be complex with multiple levels of feedback inhibition (Dimster-Denk et al. 

1999). Thus, the extensive divergence in isoprenoid biosynthesis expression suggests that 

the regulation of this pathway has also diverged between species.  

Extensive expression divergence was also observed in methionine biosynthesis 

and amino acid transport (Figure 2.4B). Curiously, many Cg methionine biosynthesis 

orthologs were strongly down-regulated early in the time-course (Figure 2.4E). This 

strong down-regulation was not mirrored in Sc and Kl which displayed divergent 
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expression responses which were not co-clustered. Interestingly, it has been previously 

suggested that differences in methionine biosynthesis may alter azole susceptibility in C. 

neoformans (Pascon et al. 2004) and C. albicans (Ha and White 1999).  

Major Divergence in mRNA Expression of Transporters. 

A final pathway for which we observed striking expression divergence was multi 

drug transport (Figure 2.4B, Supplementary Methods). The majority of genes in this 

pathway were covered by clusters 8, 11, 16 (Figure 2.5A,B). Multi drug transporters are 

divided into two classes: ATP-binding cassette (ABC) and major facilitator superfamily 

(MFS) transporters (Anderson 2005). We examined the expression patterns of these 

transporters and found at least two types of divergent behaviors. First, the fraction of 

differentially expressed Sc MFS transporters was low compared to Cg and Kl (Fisher 

exact test, one-tailed p = 0.025 and 0.020, respectively). Second, the timing of MFS gene 

expression differed, with Sc up-regulated late and Cg up-regulated early (Figure 2.5B). In 

SC, several ABC and MFS transporters have been shown to bind fluconazole as a 

substrate (Broco et al. 1999; Tenreiro et al. 2000; Anderson et al. 2003). Of these, we 

found that the PDR5/10/15 family of ABC transporters was up-regulated in Cg and Sc but 

not Kl. Another fluconazole transporter, SNQ2, was up-regulated in Cg only.  

We also found strong differences in the expression of other multi-drug 

transporters that have not been previously linked to fluconazole: 1) PDR12 was strongly 

down-regulated in Sc and Cg but up-regulated in Kl; 2) ATR1 and YOR378W were 

upregulated in Cg and Kl but not Sc; 3) HOL1 was upregulated in Sc and Kl but not Cg. 

Some transporters also showed differences in expression timing (YOR1, PDR12). 

Additionally, two ABC transporters AUS1 and PDR11 which uptake sterol under 
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anaerobic conditions (Wilcox et al. 2002) were upregulated in Sc but were not 

differentially expressed in Cg (Cg does not possess a PDR11 ortholog). This suggests that 

Sc but not Cg increases sterol transport during fluconazole exposure. Intriguingly, since 

the direct effect of fluconazole is to inhibit sterol synthesis, increased sterol transport 

could be a mechanism for increased fluconazole tolerance. In support of this hypothesis, 

we found that the normally-repressed cell wall mannoprotein DAN1 whose expression is 

required for sterol uptake (Alimardani et al. 2004) was upregulated in Sc but not Cg. 

Since Kl lacks sterol transporters, it cannot import sterol and only grows aerobically 

(Bussereau et al. 2006; Snoek and Steensma 2006) (Supplementary Methods). As a 

possible explanation for this divergent behavior, we found that the promoter regions of 

ScAUS1, ScPDR11, and ScDAN1 contain binding motifs for ergosterol biosynthesis and / 

or sterol transport regulators Ecm22p, Rox1p and Sut1p, all of which were absent 

upstream of CgAUS1 and CgDAN1.  

Therefore, the striking divergence in expression of fluconazole export and sterol 

import pathways suggests differing strategies in the azole response: Following 

fluconazole exposure, Sc appears to activate sterol influx through up-regulation of 

PDR11 and AUS1. In contrast, Cg may activate fluconazole efflux through strong up-

regulation of SNQ2 and a PDR5/10/15 ortholog (Figure 2.5A).  

Sterol Import Increases Fluconazole Tolerance in Sc, but not Cg or Kl. 

To investigate these hypotheses, we grew wild type Sc and Cg along with deletion 

mutants Sc.aus1Δ and Sc.pdr11Δ under fluconazole treatment in the presence or absence 

of exogenous ergosterol (4 µg/mL). As shown in Figure 2.5C, we found that addition of 



17 
 

 
 

ergosterol had no effect on growth of Cg but led to an increase in growth of Sc (p = 

0.018). This increase was attenuated in Sc.aus1Δ and Sc.pdr11Δ (p = 0.033), which lack 

sterol import genes, but not in an unrelated control knockout, Sc.bpt1∆. Thus, Sc but not 

Cg is aided by adding ergosterol to the environment, and this process is likely dependent 

on AUS1 and/or PDR11. 

Three additional lines of evidence support the hypothesis that Sc prefers sterol 

import while Cg prefers fluconazole export in response to fluconazole treatment. A 

retrospective analysis of deletion mutant fitness in Sc (Parsons et al. 2006) revealed that a 

greater proportion of gene deletions involved in the sterol pathway lead to fluconazole 

sensitivity than deletion of fluconazole transporters themselves (Fisher exact test, one-

tailed p = 0.043). This suggests a role for sterol transporters in the Sc fluconazole 

response. Second, fluconazole tolerance in Cg has been shown to be unaffected when 

constitutively expressing CgAUS1 in the presence of exogenous free cholesterol (though 

not in the presence of serum) (Nakayama et al. 2007). Third, deletion of the Cg orthologs 

of fluconazole transporters PDR5 (CgCDR1) (Sanglard et al. 1999) or SNQ2 (Torelli et 

al. 2008) both resulted in increased fluconazole sensitivity.  

Expression of Sterol Importers in Kl Increases Fluconazole Tolerance. 

Since Kl neither upregulates drug exporters nor encodes sterol importers, we 

considered that this lack of a transport response might be responsible for the higher drug 

sensitivity we observed for Kl in relation to the other species. Consistent with this 

hypothesis, we found that Kl growth was unaffected by addition of exogenous ergosterol 

(Figure 2.5C), similar to Cg but in sharp contrast to Sc. We also predicted that transgenic 
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expression of sterol importers ScAus1 or ScPdr11 in Kl might increase fluconazole 

tolerance in the presence of exogenous ergosterol. To test this prediction, we 

chromosomally integrated ScAUS1 and ScPDR11 into Kl non-disruptively at the KlLAC4 

locus under control of the strong constitutive Kl PLAC4-PBI promoter (Methods). 

Transformed Kl strains were grown under fluconazole treatment with and without 

exogenous ergosterol (4µg/mL). We observed that transgenic expression of sterol 

importer AUS1 in Kl significantly increased fluconazole tolerance (p = 0.012, Figure 

2.5C) in an ergosterol-dependent manner. Thus, it appears that differences in sterol 

import and drug export are responsible for a component of the anti-fungal response, and 

of the observed functional divergence across the three yeast species. 

Conclusions 

In this study, we have compared the dynamic transcriptional responses of three 

diverse yeast species to fluconazole treatment, revealing significant divergence in their 

regulatory programs. The data suggest several different mechanisms of azole tolerance, 

depending on the species (Figure 2.5D). The Sc response depends on sterol influx, 

through up-regulation of PDR11 and AUS1. In contrast, the Cg response relies on 

fluconazole efflux through strong up-regulation of SNQ2 and a PDR5/10/15 ortholog. 

Neither of these responses have evolved in Kl, leading to its severe drug sensitivity. 

These conclusions are supported by follow-up experiments demonstrating that growth in 

ergosterol increases the fluconazole tolerance of Sc, but not other species, in a PDR11 

and AUS1 dependent fashion. They are also supported by the finding that transgenic 

expression of AUS1 in Kl increases the fluconazole tolerance of this species. 
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To arrive at these conclusions, we employed a novel “soft clustering” approach 

which is of general use in the fields of comparative and systems biology. This approach is 

distinct from other methods for cross-species expression analysis (Alter et al. 2003; 

Ihmels et al. 2005a; Banerjee et al. 2008; Lelandais et al. 2008) in several important 

ways. Chief among these, it integrates sequence orthology with gene expression patterns 

to produce accurate orthologous clusters. This integration is accomplished by a 

symmetric process which does not require the designation of one species as a reference. 

In addition, soft clustering handles data from more than two species and can in principle 

analyze any number of species simultaneously. In future, such approaches might be used 

to survey a wider range of species, drug concentrations and stimuli to reveal conserved 

and divergent molecular response pathways. 
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Figure 2.1 Differentially expressed genes. 

 (A) Number of differentially expressed (up and down regulated) genes by species versus the 
number of cell doublings. (B) Venn diagram showing the overlap in the sets of differentially expressed 
genes selected in each species at a false discovery rate of q ≤ 0.1. The number of differentially-expressed 
genes in each region of the Venn diagram is not identical across species, since the number of genes that a 
species contributes to an orthologous group (i.e. number of paralogs) can vary. Ratios in parentheses 
indicate the number of differentially expressed orthologs by the total number of differentially expressed 
genes (not all genes possess orthologs).  
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Figure 2.2 Soft clustering method.  

(A) Standard clustering based on expression only: Two sets of orthologs are depicted (color 
represents orthology, shape represents species) where orthologs are split between clusters 1 and 2. For 
illustrative purposes, only two time points (t and t+1) are shown. (B) Soft clustering based on expression 
and orthology: Dashed circles denote regions where orthologs will be co-clustered. Since the purple square 
has no orthologs in cluster 1, it remains assigned to cluster 2. (C) Effect of number of clusters k and 
orthology weight W on GO term enrichment. (D) The number of enriched GO terms, variance, and fraction 
of co-clustered orthologs for k = 17 as a function of W in comparison to randomized paralogs / orthologs. 
Randomization was performed as described in the Supplementary Methods. (E) Since k-means is non-
deterministic, to ensure robustness we performed 50 runs of the algorithm recording the fraction of times 
each gene pair was co-clustered (including all genes from all species). This matrix was hierarchically 
clustered. 
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Figure 2.3 Cluster structure and dynamics.  

(A) Each of the 17 clusters appears as a bubble containing up to three colored nodes whose sizes 
represent the number of genes contributed by each species. Edge thickness denotes the percent of gene 
orthology shared within or between clusters, measured using the size of the intersection divided by the size 
of the union of the sample sets. Only significant edges (p < 0.01) are shown. Several clusters show 
conserved orthology but not dynamics (e.g. cluster 10 Sc, Cg with cluster 15 Kl). Note that clusters were 
ordered to minimize orthology edge crossings. (B) Expression dynamics of the 17 soft clusters over time 
following fluconazole exposure. Separate plots for each species can be found in the Supplementary 
Methods. The width of each band corresponds to +/− one standard deviation about the mean. A selection of 
enriched GO terms are shown for different clusters; see Supplementary Figure 2.11 for full GO enrichment 
results. The number of genes for each species in each cluster is also shown.  
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Figure 2.4 Pathway expression conservation and divergence.  

(A) Top conserved and (B) diverged pathway responses as revealed by the soft clustering 
approach. Each pathway is represented by a pie with four slices— green, yellow, red, and black — 
denoting the percentage of orthologs in that pathway for which all three species co-clustered, two species 
co-clustered, no two species co-clustered, and no species’ orthologs were differentially expressed, 
respectively. Pathways were defined using Gene Ontology Biological Process annotations. (C) Schematic 
of ergosterol biosynthesis, the most conserved pathway response. Interestingly, this pathway includes 
isoprenoid biosynthesis, for which the response was one of the most divergent. (D) mRNA expression 
responses of ergosterol pathway genes are shown in order of occurrence in the pathway. Expression levels 
of genes 3 to 8 (boxed, and red) corresponding to isoprenoid biosynthesis are strikingly divergent. The 
fluconazole target Erg11 is boxed. (E) Hierarchically clustered mRNA expression responses of methionine 
biosynthesis genes show extensive divergence across species. Grey expression values denote a gene for 
which the species lacks an ortholog. 
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Figure 2.5 Divergence in transporter usage.  

Cross-species expression profiles of (A) ABC and (B) MFS transporters are shown. Grey 
expression values denote a gene for which the species lacks an ortholog. (C) Change in cell density with 
addition of exogenous ergosterol at the fluconazole 50% inhibitory concentration across different mutant 
backgrounds. Sc.bpt1Δ is a gene knockout unrelated to fluconazole response and is included as a control. 
(D) Model for differential usage of transporters among Sc, Cg, and Kl.  
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Supplementary Figure 2.1 Doubling times and drug susceptibility. 

 A) Doubling times during log phase growth for three biological replicates of the three species at 
different incubation temperatures. Overnight cultures were diluted to an OD600 of 0.1 and allowed to grow 
for two doubling log-phase doubling times. After this initial growth, OD600 measurements were taken at 30 
minute intervals for two more doublings. The log2-transformed data was fit with linear least -squares 
regression. Optimal growth occurred at 30◦C for all species. B) Growth curves for each species at different 
drug concentrations. Overnight cultures were diluted to OD600=0.001 and allowed to grow a time 
proportional to 11 log-phase doublings at various concentrations of fluconazole.  

 

Supplementary Figure 2.2 Analysis of the fraction of co-clustered orthologs using doubling time vs. 
absolute interpolated time.  

We find larger agreement between species when using doubling time. 
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Supplementary Figure 2.3 RT-qPCR verification was performed for six C. glabrata and six K. lactis 
genes (two upregulated, two down-regulated and two unchanging) confirming our microarray 
results.  

 

Supplementary Figure 2.4 GO Enrichment using standard clustering algorithms. 

A) Comparison of the number of enriched GO terms using standard clustering algorithms (k-
means and hierarchical clustering) and distance metrics (Euclidean distance and Pearson correlation). k-
means clustering was performed 50 times for each parameter choice and the median GO enrichment is 
reported. B) Median cluster size (y-axis) over 50 runs for each of the nth clusters (sorted by size) for various 
weights and values of k=10,15,20,25 clusters over 50 runs. Whiskers denote the cluster size upper and 
lower quartiles. 
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Supplementary Figure 2.5 Comparison of this study with previous microarray studies. 

A) Comparison of top differentially expressed Sc genes with the top gene deletions conferring 
fluconazole sensitivity / tolerance (Parsons et al. 2006). B) The differentially expressed genes in our study 
significantly overlapped with previously published fluconazole microarray studies (Agarwal et al. 2003; 
Barker et al. 2003).  

 

Supplementary Figure 2.6 Comparison of data in this study with that of Lepak et al. (Lepak et al. 
2006). 
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Supplementary Figure 2.7 Plots of cluster dynamics for individual species.  

Sc – red, Cg – green, Kl – blue. 
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Supplementary Figure 2.8 Phylogenetic profiling of PAC and RRPE motifs shows that these motifs 
become firmly established by the S. cerevisiae - A. gossypii lineage.  

S. cerevisiae gene names are used to denote the different yeast species orthologs. The presence / 
absence of motifs was determined using Patser. 

 

Supplementary Figure 2.9 Species specific motifs.  

A Kl motif found in two clusters bears striking similarity to the Mef-3 mouse binding site.  
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Supplementary Figure 2.10 Inparanoid search for orthologs of AUS1 and PDR11 in fungal genomes 
reveals that these sterol transporters likely emerged after the whole genome duplication event.  
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 Supplementary Figure 2.11Full GO enrichment results for Cg, Kl and Sc clusters. 
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Materials and Methods 

Strains and Growth Conditions.  

Standard laboratory strains with known genomic sequence (Sherman et al. 2009) 

were used: Sc BY4741, Cg CBS138 (ATCC 2001), and Kl NRRL Y-1140 (ATCC 8585). 

Cultures were grown in rich media (YPD) from OD600 of 0.05 to 0.2 at 30◦C and 225 

rpm. Cells were treated with fluconazole at species-specific sub-inhibitory concentrations 

(Supplementary Figure 2.1), and harvested at 0, 1/3, 2/3, 1, 2 or 4 doubling times as 

measured for untreated cells. 

Microarray Expression Profiling. 

RNA was isolated by hot phenol / chloroform extraction and enriched for mRNA 

via poly-A selection (Ambion 1916). mRNA from untreated cells was combined in equal 

amounts from all time points to form a species-specific reference sample. Six replicates 

per time point were dUTP labeled (3 biological replicates by 2 technical replicates) with 

Cy3 and Cy5 dyes (Invitrogen SKU11904-018) creating a dye-swapped reference design. 

Samples were hybridized to Agilent expression arrays using the protocol recommended 

by Agilent. Differential expression was called using the VERA error model (Kelley et al. 

2008) and FDR multiple-test correction (Storey and Tibshirani 2003). Additional 

description of both the microarray platform and analysis can be found in the 

Supplementary Methods. 

44BSoft Clustering Algorithm. 

We developed a constrained clustering method based on the k-means algorithm, but using 

a revised objective function (Supplementary Methods). Like regular k-means, the 
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objective function considers the similarity of each gene’s expression profile to the center 

of its assigned class. However, it also rewards class assignments in which orthologs are 

co-clustered. The reward (W) is a user-defined parameter that serves as a tradeoff 

between cluster expression coherence and percentage of co-clustered orthologs: Each 

gene, Xx ∈  is assigned to cluster h* such as to minimize the objective function: 

))),(((minarg* WCxDh h
h

−= ∑  

where )),(( WCxD h −∑  refers to all possible partitions of genes in the same orthology 

group, D() refers to a user defined distance function, and Ch denotes the center of cluster 

h. As discussed in the main text and in the Supplementary Methods, the appropriate value 

of the reward, W, can be determined using complementary information. Here, it was 

tuned to maximize the GO enrichment of the clusters.  

The new objective function also leads to changes in the search algorithm for 

determining the optimal cluster assignments: For each group of orthologs across the three 

species, we search for the partitions that result in the minimum total distance between all 

pairs of group members. Since there are 2m possible subgroups, where m is the size of the 

orthology group (here, most orthology groups are of size m=3), and each subgroup is 

checked for all possible k clusters, the search complexity for each group is O(2m * k). 

Since m is small, the running time of the algorithm is typically very fast. Detailed 

methods, including algorithm pseudo code, are presented in the Supplementary Methods. 

45BIdentifying Highly Conserved and Divergent Pathways. 

We first ranked GO processes categories (Consortium 2008) based on their 

significance of overlap with differentially expressed orthologous groups (Alexeyenko et 
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al. 2006). An orthologous group was considered differentially expressed if at least one 

member was differentially expressed. We used the top 20 ranked GO processes for 

identifying conserved and divergent pathways. Conserved pathways were defined as 

those with the highest “full co-clustering” fraction of genes known to be involved in the 

process and divergent pathways were defined as those with the highest “no co-clustering” 

fractions. 

Insertion of ScAUS1 / ScPDR11 into Kl. 

To facilitate insertion of ScAUS1 and ScPDR11 into Kl, ORFs were placed under 

control of the strong PLAC4-PBI promoter by cloning into plasmid pKLAC2 (NEB N3742S) 

which possesses ~2kb homology to the Kl.LAC4 locus. ORFs were amplified with a SacI 

restriction site (3’ end) which was used to ligate a kanamycin marker from pCR-Blunt 

(Invitrogen K-2800-20). XhoI (5’ end) and SbfI (3’ end) restriction sites were added by 

PCR for ligation into pKLAC2. Modified plasmids were transformed into E. coli and 

screened on Luria-Bertani media containing ampicillin and kanamycin. Plasmids were 

mini-prepped (GE Healthcare #US79220-50RXNS) and verified by PCR and SacII 

digestion. All restriction enzymes were obtained from New England Biolabs. 

SacII-linearized plasmids were transformed into Kl NRRL Y-1140 by 

electroporation thereby inserting ScAUS1 and ScPDR11 non-disruptively at the Kl.LAC4 

locus. Colonies were selected on YCB + 5mM acetamide (NEB N3742S) and verified by 

PCR. mRNA expression of ScAUS1 and ScPDR11 was validated by RT-qPCR.  
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Supplementary Methods: 

Selecting Yeast Species: 

While previous comparative expression studies have focused on evolutionarily 

distant species such as Candida albicans, and Schizosaccharomyces pombe, we wished to 

compare multiple yeast species at a comparatively closer evolutionary distance. 

Therefore, we chose to study Cg since it is closely related to Sc yet remains 

phenotypically distinct residing well outside the Saccharomyces sensu stricto group. In 

choosing an appropriate species as an outgroup, we noted that another study (Ihmels et al. 

2005b) had shown that the whole genome duplication event ushered in large 

transcriptional and phenotypic changes among yeasts. Since both Sc and Cg had 

undergone this whole genome duplication, we chose Kl as an outgroup since the last 

common ancestor of these three yeasts dates to just before this event. In contrast, the last 

common ancestor of Sc, Cg and Ca is much more ancient (Wapinski et al. 2007). 

In addition, C. albicans differs dramatically from Sc and Cg in at least two ways. 

Unlike other yeasts, C. albicans commonly undergoes phenotypic switching in which up 

to seven different cell types can be exhibited. While most of these phenotypes have not 

been extensively studied, large differences in transcriptional regulation between two of 

these morphologies have been shown (white and opaque switching). Therefore, it is 

unclear which phenotype is most appropriate for comparison with other yeasts.  

C. albicans also exists as a diploid organism in contrast to Cg which exists 

uniquely as a haploid. While Sc and Kl can be isolated as either haploids or diploids, the 

vast majority of studies on both organisms have been performed on haploids. To further 

complicate matters, C. albicans possesses widespread and extensive heterozygosity 
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among clinical isolates and even in comparison to other genomes. Thus comparison of 

haploid genomes such as Sc, Cg and Kl with that of the diploid Candida albicans genome 

would introduce unnecessary complications to our study.  

Growth Conditions: 

Optimal growth temperature for all three species in YPD media was determined to 

be 30◦C (Supplementary Figure 2.1A). Cultures were inoculated from a single colony and 

grown overnight. Cultures were then diluted to an OD600 of 0.1 and grown for two 

doublings. OD600 measurements were taken at 20 minute intervals for two more 

doublings. This data was then log2-transformed and fit with linear least square regression 

to determine doubling time. Three biological replicates were performed for each species. 

Doubling times were Sc BY4741 - 1.58 hrs, Sc YJM789 - 1.65 hrs, Cg - 1.1 hrs and Kl - 

2.1 hrs.  

Testing Fluconazole Susceptibility 

Overnight cultures were diluted to OD600 of 0.001 in YPD media with varying 

amounts of fluconazole and allowed to grow a time proportional to 11 log -phase 

doublings times. We determined 50% inhibitory concentrations of fluconazole to be: Sc 

BY4741 - 4µg/mL, Sc YJM789 – 0.25µg/mL, Cg - 4µg/mL, Kl – 0.0625µg/mL. 

Fluconazole susceptibility in ergosterol-supplemented media was performed as 

previously described with synthetic complete (SC) media rather than YPD. Ergosterol 

was added to the media at 4µg/mL from a stock solution (8.75mg/mL ergosterol, Fluka # 

45480 in 42% Tween-80 and 58% ethanol). Synthetic complete media lacking ergosterol 

with an equivalent amount of Tween-80 and ethanol was used as a control.  
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Microarray Design and Analysis: 

For S. cerevisiae, samples were hybridized to the Agilent Yeast Microarray v2 

(Catalog # G4140B). C. glabrata and K. lactis samples were hybridized to species-

specific microarrays designed in-house. Oligonucelotide probe sets (60 mer) were 

designed to avoid: (1) tendency to self-dimerize (Mfold); (2) low-complexity sequences 

(RepeatMasker); (3) cross-hybridization to other genomic regions (WUBLAST2); (4) 

known repetitive sequence elements (RepeatMasker); (5) placement near the 5’ end of the 

gene (the 3’ end is preferred for maximum specificity); and (6) high and low melting 

temperatures very different from other oligos on the array (Mfold). Custom microarrays 

were manufactured using Agilent technology. 

Custom microarray designs were validated by measuring the mRNA expression of 

several genes for both C. glabrata and K. lactis using RT-qPCR (Supplementary Figure 

2.2). Six genes were chosen per species (two up-, two down-regulated and two non-

changing and compared against a housekeeping gene - CgACT1 or KlACT1) for 

validation.  

Arrays were scanned using a GenePix 4000A microarray scanner and quantified 

with GenePix 6.0 software package. Data from each array was subsequently subjected to 

background subtraction and LOESS normalization with spatial correction. The intensity 

values of within-array technical replicates (identical probes on the same array) were 

averaged. Missing values in the data set were imputed using the KNNImpute algorithm 

(Troyanskaya et al. 2001). Quantile normalization was applied separately to the data for 

each species.  

We compared the Sc differentially expressed genes with single gene deletions 
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conferring fluconazole tolerance or sensitivity (Parsons et al. 2006). Supplementary 

Figure 2.5 shows the number of common genes between the two studies at various 

thresholds (when taking the top genes). Similarly to previous studies comparing MMS 

deletion fitness profiling and gene expression (Begley et al. 2002; Birrell et al. 2002), we 

found that the transcriptional response to fluconazole treatment did not correspond to 

gene deletions which protect against fluconazole. However, among the top gene deletions 

which conferred sensitivity to fluconazole included several genes of the ergosterol 

biosynthetic pathway (ERG11, ERG8 and ERG13). 

We also compared the Sc differentially expressed genes with those considered 

differentially expressed in previous studies (Agarwal et al. 2003; Barker et al. 2003). 

Since only total numbers of differentially expressed genes and not p-values of differential 

expression were previously reported, we non-parametrically compared our list of 

differentially expressed genes with literature by considering only the same number of 

genes between studies (e.g. only the top 116 and 62 top differentially expressed genes, 

respectively). Despite such studies being performed on different strain isolates, at 

different drug concentrations, at different treatment times, and sometimes with slightly 

different azole drugs, we found significant overlap between our data and previously 

published data (Supplementary Figure 2.5).  

Next we compared our data with a previous study on C. albicans (Lepak et al. 

2006). As before, we compared our list of differentially expressed genes by considering 

the same number of genes between studies (507 genes). While many of the same GO 

categories were enriched between studies (e.g. ergosterol biosynthesis, and oxido-

reductase activity), we found only weak enrichment for the overlap in differentially 
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expressed genes between Sc and Ca and no significant enrichment with Cg or Kl 

(Supplementary Figure 2.6). 

Constrained Clustering Algorithm: 

A major challenge in clustering gene expressions data is that cluster membership 

is often influenced by small changes which can be attributed to noise (especially when 

many clusters are used which is often the case when thousands of genes are analyzed 

together (Ernst et al. 2005; Lu et al. 2009)). When clustering genes from multiple species, 

this noise can lead to orthologs with similar expression profiles being assigned to 

different clusters. To overcome this, we developed a soft constraint (Basu 2004; Davies 

and Rine 2006; Wagstaff 2007) clustering framework based on k-means clustering which 

incorporates other data sources influencing the resultant clusters. For clustering data from 

multiple species we use orthology relationships as a constraint.  

The term “soft clustering” has also previously been used in other clustering 

methods to define cases in which a gene can belong to more than one cluster rather than 

any constraint used to identify clusters (Gasch and Eisen 2002; Futschik and Carlisle 

2005). For our method, “soft clustering” refers to the prior we use as a weight to 

encourage co-clustering of orthologous genes. In these cases, “soft” refers to the 

assignment of genes to clusters.  

Other methods which focus on the analysis of expression levels across species are 

limited to simultaneous analysis of two species or require assumptions regarding the 

distribution of expression data (Banerjee et al. 2008; Lelandais et al. 2008; Cai et al. 

2010).  
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Algorithm Pseudocode and Implementation: 

SoftClust(data set X, # of clusters k, distance metric D, orthology relations RelOrth, 
orthology weight Worth) 

1. Let C1…Ck be the k initial cluster centers. 

2. Each gene Xx ∈  is assigned to cluster h*  (i.e., to set )1(
*

+t
hX ) for: 
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 refers to all possible partitions of genes in the same 

orthology group into clusters based on the distance metric, D, by calling the 
recursive function: PartitionSet(G). 

3. For each cluster h, update its center by averaging all gene profiles assigned to it in 

step 2. 

4. Iterate between (2) and (3) until convergence. 

5. Return {C1…Ck}. 

PartitionSet(orthology set G) 
1. If |G| is 1, calculate distance of the gene to all clusters. Store the distance value 

and the best assignment. 

2. Otherwise, for each possible partitioning (Pi) of G to j sub groups, j>1 

i. For each sub group gj in Pi 

a. If optimal partitioning of gj was already calculated, use the stored partitioning and 

distance value. 

b. Otherwise PartitionSet (gj). 

ii. Distance value of Pi = sum of optimal distance values for all sub groups gj. 

iii. If the Distance value of Pi is minimal, keep distance value and 

partitioning.  

3. Calculate the reward for clustering G together.  Find the cluster that minimizes the 

rewarded assignment of G when all genes are clustered together. 
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4. Store the minimal distance value (step 2 & 3) for corresponding partitioning of G  

This algorithm was implemented in the Java programming language and will be 

made available upon request. 

Selecting Parameters for the Constrained Clustering Method:  

Similar to the standard k-means clustering we need to specify the number of 

clusters (k). In addition we need to choose an appropriate reward weight (Worth). We 

tested various number of clusters and reward weights using the total number of enriched 

GO terms (Bonferonni-corrected p ≤ 0.05) as an external objective measure for selecting 

the values of these parameters. Figure 2.2C shows the median number of enriched GO 

terms for 50 runs at different k and Worth. A clear enrichment of GO terms is seen for 

reward weights between 0.75 and 1.5. We chose the conservative parameters of k = 17 

and Worth = 0.75. While Worth = 1.0 obtains a higher number of enriched GO terms than 

our choice of Worth = 0.75, the associated variance from W = 0.75 to 1.0 increases by 

approximately 1.2% whereas the increase in variance from W = 0 to 0.75 is twenty fold 

smaller (0.06%). As we already observe large increases in ortholog co-clustering with a 

miniscule increase in cluster variance from W = 0 to 0.75, we believe that the more 

conservative choice of W = 0.75 is appropriate. 

In order to examine the effect of the reward on cluster size, we plotted cluster 

sizes for a range of values. For each value, 50 runs were tested. Results for clustering 

experiments with k=10,15,20,25 are summarized in Supplementary Figure 2.4B. These 

results demonstrate that cluster size does not significantly change with various reward 

values. 
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Constrained Clustering Leads to only a Small Increase in Inter-Class Variance: 

Our clustering method imposes a delicate balance between achieving noise 

reduction, more biologically meaningful clusters, and forcing divergent expression 

profiles to co-cluster. We assessed this balance by measuring the increase of the within-

cluster-variance between rewarded and standard k-means runs. Increasing the reward 

weight results in increased cluster variance which are affected by orthology relationships. 

We computed the cumulative cluster variance for various reward weights. As can be seen 

(Figure 2.2D), the variance only marginally changes when using the reward selected for 

this set (Worth = 0.75). A marked increase in the variance is seen for larger reward 

weights. This indicates that at the selected reward level expression profiles still plays a 

major role in cluster assignments. The reward (which is based on orthology relationships) 

is used only to move genes to clusters that provide a good fit in terms of expression 

profiles (even if not optimal). Thus, the reward achieves its intended goal: Identifying co-

clustered orthologs while not dramatically affecting the resulting cluster profiles.  

Randomizing Orthology Assignments Significantly Decreases Co-clustered 
Orthologs: 

The underling assumption when using the orthology information to aid the 

clustering of gene expression, is that we expect orthologs to have similar expression 

profiles. To test this assumption we randomized the orthology mappings by assigning 

genes in one species to random genes in another while keeping the same number of 

orthology relationships. Next we applied our soft constraints clustering method using the 

randomized mapping. As can be seen (Figure 2D, top graph) in the randomized mapping, 

the number of enriched GO terms is markedly reduced and the variance of the 
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randomized mapping is larger for our selected reward value of Worth = 0.75. The increase 

in variance is a direct result of the decrease in expression similarity between genes 

considered orthologs. This indicates that the true orthology relationships are indeed 

between similarly expressed genes. Moreover, the fraction of co-clustered orthologs is 

about 50% lower for the randomized mapping when using Worth = 0.75 since this reward 

is not large enough to encourage distinct expression profiles to cluster together (Figure 

2.2D, bottom graph). Combined, these results support our assumptions regarding the 

similarity in expression of orthologous genes. 

Lastly, as the k-means algorithm is initialized with random selection of the 

centroids, different clusters are produced for each run. We ran the clustering algorithm 

with the selected parameters for 50 times, noted the fraction that each two genes were 

clustered together out of the 50 runs, gathered the co-clustered genes in a matrix, and 

applied hierarchical clustering to the co-clustering matrix. A clear clustering structure is 

revealed (Figure 2.2E).  

Randomizing the Orthology Mapping: 

Two randomizations were employed; ortholog randomization and paralog 

randomization. For ortholog randomization, each gene was randomly substituted with a 

different gene from the same species, thus keeping orthology relationships intact. For 

paralog randomization, one of the paralogs was selected to be part of the orthology set. 

The remaining paralogs were randomized while keeping the true orthology relationships 

intact. It should be noted that only 443 orthology groups contained paralogs out of 4275 

ortholog sets (10.3%).  
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Co-clustering Matrix: 

The fraction of times each pair of genes were clustered together in 50 runs of the 

algorithm was noted for all possible gene pairs, thus creating a similarity matrix for all 

genes. Hierarchical clustering was applied on the similarity matrix using average-linkage 

clustering. The result is shown in Figure 2.2E. 

Analysis of Doubling Time Points vs. Absolute Time Points: 

We assessed the impact of using the number of doubling times in lieu of absolute 

times when choosing points for the time course. Since Cg had the shortest doubling time, 

we linearly interpolated the time courses of Sc and Kl to match that of Cg. We re-ran our 

clustering algorithm with the same parameters (k = 17, W = 0.75) and compared the 

number of co-clustered orthologs between species (Supplementary Figure 2.3). We found 

that using doubling time greatly increased the number of co-clustered orthologs as 

compared to using absolute (interpolated) time points. 

Motif Analysis: 

Four DNA-motif finding methods were used on each cluster: AlignACE (Hughes 

et al. 2000), MEME (Bailey et al. 2006), Weeder (Pavesi et al. 2001), and Consensus 

(Hertz and Stormo 1999). Default parameters were used for each method. The resulting 

position weight matrices (PWMs) from each method were used to scan species-specific 

promoter regions (using Patser (Hertz and Stormo 1999)) for enrichment via the 

hypergeometric test. A promoter region was considered bound for MotifScore ≥ 0.7. 

MotifScore is calculated as the fraction of the maximum possible information content for 

the motif. All species intergenic regions were used as background for calculation of 
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information content. Enriched PWMs were compared to known S. cerevisiae PWMs 

(Matys et al. 2003; MacIsaac et al. 2006) using the STAMP software package (Mahony et 

al. 2005).  

As an alternative to de novo DNA motif finding, we also used pre-defined PWMs 

(Matys et al. 2003; MacIsaac et al. 2006) to directly scan promoter regions using Patser 

(Hertz and Stormo 1999). Promoters were considered bound as previously described. 

This approach permits the calculation of an enrichment score for each PWM using the 

hypergeometric enrichment test followed by multiple test correction (Storey and 

Tibshirani 2003).  

Expression Conservation of the General Stress Response: 

To examine the evolution of the transcriptional regulatory mechanisms of the 

conserved stress-response genes, we used the technique of phylogenetic profiling. 19 

fungal genomes were selected from the Fungal Orthgroups Repository (Wapinski et al. 

2007). Nine orthologous differentially expressed genes that possess both RRPE and PAC 

motifs in S. cerevisiae, C. glabrata, and K. lactis were used as a reference for the entire 

orthogroup. The PAC and RRPE PWMs were searched against the orthogroup fungal 

sequences using Patser (Hertz and Stormo 1999), and sequences in which the motif was 

found with MotifScore > 0.7 were determined as containing the motif (Supplementary 

Figure 2.8). Previous work showed the PAC motif emerged during the S. cerevisiae - C. 

albicans divergence (Tanay et al. 2005). In contrast, our analysis suggests that the PAC 

motif first emerged by Y. lipolytica lineage and became well established in the fungal 

phylogeny by A. gossypii.   
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Species-specific Motifs: 

Scanning the promoter regions of Cg and Kl genes predisposes us to elucidating 

regulation by transcriptional regulators with close orthology to their Sc counterparts. In 

order to identify putative transcription factor binding sites (TFBS) unique to C. glabrata 

and K. lactis (either novel TFs or TFs with highly diverged DNA binding domains) we 

performed de novo motif search on each of the clusters previously described. In addition, 

we verified that each discovered motif was species-unique by calculating its 

hypergeometric enrichment in both co-clustered genes and orthologs. We discovered two 

Kl TFBS in clusters 15 and 8 (Supplementary Figure 2.9, p = 6.51 × 10-4 and p = 5.80 × 

10-19) showing high similarity (E ≈ 0) and a lack of enrichment in Sc and Cg clusters (p ≥ 

0.109). Kl genes in clusters 15 and 8 possessing this putative motif lack Sc and Cg 

orthologs. These promoters are also enriched for the ScHac1p TFBS (Sc: p = 1.0, Cg: p = 

0.158, Kl: p = 7.71 × 10-7). A search of known TFBSs from TRANSFAC (Matys et al. 

2003) shows the Kl motif has high similarity to the MEF-3 TFBS in mouse 

(Supplementary Figure 2.9).  

Transport: 

GCN20, NEW1 and RLI1 are all strongly down-regulated in Kl while CgNEW1 

shows up-regulation and Sc orthologs show no changes in mRNA expression. These three 

genes are involved in nucleoside-triphosphatase activity (p = 7.03 × 10-6) in Sc. Scanning 

the orthologous promoters of these genes with known DNA binding motifs indicates that 

the difference in Kl regulation of these genes is linked to the Xbp1 DNA binding motif. 

We find all three promoters of the Kl orthologs possess Xbp1p TFBSs, while none exist 
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in Sc or Cg orthologous promoters. In addition, Sc, Cg and Kl XBP1 orthologs are all 

strongly down-regulated.  

Analysis of Sterol Import Machinery in Fungal Genomes: 

Since sterol synthesis requires oxygen (Davies and Rine 2006; Snoek and 

Steensma 2006; Merico et al. 2007), the emergence of sterol importers following the 

yeast whole genome duplication event was likely a key event in enabling Sc and Cg to 

grow anaerobically (Bolotin-Fukuhara 2006).  

To examine sterol transport genes between species we used the Inparanoid 

algorithm (Alexeyenko et al. 2006) to search for potential orthologs of AUS1 and PDR11 

in several pre- and post-whole genome duplication yeasts (Wapinski et al. 2007; Butler et 

al. 2009). We did not find orthologs of known sterol transporters in pre-whole genome 

duplication yeasts. These results likely indicate that AUS1 and PDR11 emerged after the 

whole genome duplication event (Supplementary Figure 2.10).  

Data deposition  

The data reported in this paper have been deposited in the Gene Expression 

Omnibus (GEO) database, www.ncbi.nlm.nih.gov/geo (accession no.GSE15710).  
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Chapter 3. Co-evolution within a transcriptional network 

by compensatory trans and cis mutations 

Abstract  

Transcriptional networks have been shown to evolve very rapidly, prompting 

questions as to how such changes arise and are tolerated. Recent comparisons of 

transcriptional networks across species have implicated variations in the cis-acting DNA 

sequences near genes as the main cause of divergence. What is less clear is how these 

changes interact with trans-acting changes occurring elsewhere in the genetic circuit. 

Here, we report the discovery of a system of compensatory trans and cis mutations in the 

yeast AP-1 transcriptional network that allows for conserved transcriptional regulation 

despite continued genetic change. We pinpoint a single species, the fungal pathogen 

Candida glabrata, in which a trans mutation has occurred very recently in a single AP-1 

family member distinguishing it from its Saccharomyces ortholog. Comparison of 

chromatin immunoprecipitation profiles between Candida and Saccharomyces shows 

that, despite their different DNA binding domains, the AP-1 orthologs regulate a 

conserved block of genes. This conservation is enabled by concomitant changes in the 

cis-regulatory motifs upstream of each gene. Thus, both trans and cis mutations have 

perturbed the yeast AP-1 regulatory system in such a way as to compensate for one 

another. This demonstrates an example of “co-evolution” between a DNA-binding 

transcription factor and its cis-regulatory site, reminiscent of the co-evolution of protein 

binding partners.  
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Introduction  

Transcriptional networks are central to understanding both evolution and 

phenotypic diversity among organisms. Of the many ways in which transcriptional 

networks can evolve, much attention has been given to changes in the so-called cis-

regulatory regions of gene promoters (Wray 2007; Wagner and Lynch 2008). Such 

changes include gain, loss, or modification of DNA sequence motifs (Cliften et al. 2003; 

Kellis et al. 2003; Gasch et al. 2004; Stark et al. 2007) as well as alterations in motif 

spacing relative to the start of transcription or to other motifs (Ihmels et al. 2005; Tanay 

et al. 2005). In addition to changes in cis, transcriptional networks can also evolve 

through alterations to transcription factor (TF) proteins and other trans-acting factors 

(Wagner and Lynch 2008). Although there have been fewer reports of evolutionary 

changes in trans, potential mechanisms include mutations to protein structure impacting 

transcriptional activation or DNA-binding domains (Wagner and Lynch 2008), 

modulation of TF expression (Sankaran et al. 2009) or post-translational modifications 

(Holt et al. 2009), or gain and loss of protein-protein interactions among TFs (Tuch et al. 

2008; Lavoie et al. 2010).  

Recently, a number of genome-scale studies have performed systematic 

comparisons of TF binding patterns (Borneman et al. 2007; Tuch et al. 2008; Bradley et 

al. 2010; Lavoie et al. 2010; Schmidt et al. 2010) or mRNA expression profiles across 

species (Ihmels et al. 2005; Tanay et al. 2005; Hogues et al. 2008; Field et al. 2009; 

Wapinski et al. 2010). Almost universally, these studies have identified transcriptional 

programs that are dramatically rewired over short evolutionary time scales. As with 

earlier work, many of the observed differences in binding and expression have been 
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linked to changes in cis-regulatory regions. For example, Borneman et al. found that the 

TF Tec1 binds only 20% of the same target genes in comparisons between 

Saccharomyces cerevisiae and the closely-related Saccharomyces bayanus and 

Saccharomyces mikatae (Borneman et al. 2007), and that this difference is due to gain 

and loss of canonical Tec1 cis-regulatory motifs. While some recent studies have 

associated genetic variants in TFs with gene expression changes observed in inter-species 

hybrids (Wilson et al. 2008; Wittkopp et al. 2008; Tirosh et al. 2009; Bullard et al. 2010; 

Emerson et al. 2010), in outbred crosses (Brem and Kruglyak 2005; Landry et al. 2005; 

Gerke et al. 2009; Sung et al. 2009; Zheng et al. 2010) or in human populations 

(Kasowski et al. 2010), the picture that emerges is that cis-regulatory regions are 

incredibly plastic over evolutionary time while TFs (trans) evolve at a comparatively 

slower rate (Wray 2007). 

Given the dramatic changes that appear to be occurring in transcriptional 

networks, a key question is how such systems retain essential functions over evolutionary 

time (Wray 2007). One solution is that changes in cis can occur by replacement of one 

TF cofactor with another, thereby maintaining regulatory control (Tsong et al. 2006). 

Alternatively, rather than replacing specific cofactors, the DNA-binding domains of the 

TFs that bind these cis-regulatory sequences can be altered in lock-step with changes in 

cis, similarly to the evolution of protein binding partners (Pazos and Valencia 2008). 

However, such a mechanism of evolution has yet to be observed. Here, we present a 

direct example of “co-evolution” where a specific change to a DNA-binding transcription 

factor and its cis-regulatory site have occurred in compensatory fashion. 
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As a model of transcriptional network evolution, we examined the yeast AP-1 

(yAP-1) family which, with a total of eight members, is one of the largest paralogous TF 

families in Saccharomyces cerevisiae (Fernandes et al. 1997; Rodrigues-Pousada et al. 

2010). Like other paralogous families, AP-1 factors were born through the process of 

gene duplication, which gives rise to multiple copies that are free from selective pressure 

and may functionally diverge from their duplicates by sub- or neo-functionalization 

(Hittinger and Carroll 2007). AP-1 also provides a classic example of the basic leucine 

zipper (bZIP) motif which is widely conserved across eukaryotes (Tan et al. 2008; 

Rodrigues-Pousada et al. 2010). In humans, AP-1 TFs have been heavily studied due to 

their crucial role in cell proliferation, death and differentiation (Shaulian and Karin 

2002). In yeast, yAP-1 mediated transcriptional networks carry out overlapping but 

distinct biological responses to stress (Tan et al. 2008; Rodrigues-Pousada et al. 2010). In 

contrast to the widespread divergence in TF binding that has been demonstrated 

previously (Borneman et al. 2007; Tuch et al. 2008; Lavoie et al. 2010), we show that 

coupled trans and cis mutations enable conservation of a subset of genes targeted by 

yAP-1. These results provide an example of compensatory co-evolution of a trans and cis 

regulatory system. 

Results 

A trans Mutation is Associated with AP-1 DNA Binding Motif Specificity 

To identify trans mutations that could be associated with AP-1 binding 

preference, we performed an amino-acid sequence alignment of the DNA-binding 

domains of all eight AP-1-like TFs in Saccharomyces cerevisiae (Sc). This alignment and 
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its associated phylogenetic tree (Figure 3.1A) were searched to identify the key 

polymorphic amino acids whose patterns of conservation and divergence best explain the 

phylogeny (Evolutionary Trace Analysis, Methods). Such residues have been shown to 

frequently play important evolutionary roles (Innis et al. 2000). Using this approach, we 

identified residue 12 of the DNA binding domain basic region as the most important 

evolutionarily divergent position across the yAP-1 family (i.e., the one that was most 

highly correlated with the phylogeny, Figure 3.1A).  

Residue 12 was also predictive of AP-1 family DNA binding motif preference 

(Figure 3.1A) (MacIsaac et al. 2006; Tan et al. 2008). AP-1 family members bind DNA 

as homo- or hetero-dimers, where each constituent monomer recognizes the consensus 

sequence TTAC (Suckow et al. 1999; Fujii et al. 2000). These “half-sites” are positioned 

in either adjacent or overlapping fashion (Figure 3.1A) which we refer to as yAP-1 

Response Element Adjacent (YRE-A) or yAP-1 Response Element Overlapping (YRE-

O), respectively. Previous analyses of genome-wide chromatin immunoprecipitation 

(chIP-chip) data in Sc (Harbison et al. 2004; Tan et al. 2008) have determined that five 

AP-1 family members (Yap1, Yap2, Yap5, Yap7, Yap8) recognize YRE-O, whereas two 

family members (Yap4 and Yap6) recognize YRE-A. We examined the binding of the 

remaining Sc AP-1 member Yap3 by chIP-chip and determined it preferred YRE-A sites 

in both complete media and stress conditions (Supplementary Figure 3.1). This 

preference for YRE-O or YRE-A binding sites in Sc AP-1s correlates precisely with the 

presence of arginine or lysine at residue 12 (Figure 3.1A).  

Interestingly, residue 12 is part of an α-helical surface that forms multiple 

contacts to DNA (basic region residues 7-15, Figure 3.1B) (Fujii et al. 2000). Previously, 
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this residue was predicted as a likely determinant of DNA half-site spacing preference in 

Gcn4, another bZIP family TF (Kim and Struhl 1995). Although in vitro testing of Gcn4 

mutants was not able to confirm this prediction (Kim and Struhl 1995), it has become 

apparent that such variations in half-site recognition are best distinguished in vivo 

(Suckow and Hollenberg 1998; Berger et al. 2008; Maerkl and Quake 2009). 

Residue 12 Point Mutations Cause Rewiring of AP-1 Transcriptional 
Interactions 

To further examine the regulatory role of residue 12, we mutated this residue in 

Yap1, a representative YRE-O binding factor, and Yap4 (also known as Cin5), a 

representative YRE-A binding factor. This process involved generating mutants 

Yap1.R79K and Yap4.K252R, changing arginine to lysine in Yap1 and lysine to arginine 

in Yap4 (Methods). Next, Yap1.R79K and Yap4.K252R binding was assayed in vivo 

using chIP-chip (Methods). Comparison of the top fifty promoters bound by Yap1.R79K 

or Yap4.K252R with the top fifty promoters bound by wild-type Yap1 or Yap4 (as 

determined in Tan et al. 2008) showed that mutation of residue 12 did indeed alter AP-1 

DNA binding motif preference. Mutation of Yap1 significantly altered its preference for 

YRE-O and YRE-A sites (Figure 3.1C, Fisher’s Exact Test p=2x10-4). Additionally, we 

found that mutation of Yap4 did not explicitly switch its preference from YRE-A to 

YRE-O, although this mutation did significantly alter the magnitude of the imbalance 

between YRE-O and YRE-A sites (Figure 3.1D, Fisher’s Exact Test p = 0.037). These 

results were not dependent on the number of promoters examined (Supplementary Figure 

3.2). 

Next, to assess the functional implications of changes in yAP-1 binding, we 
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generated genome-wide mRNA expression profiles for each mutant in comparison to the 

unmutated parental strain (Methods). Both mutations, Yap1.R79K and Yap4.K252R, 

altered the expression of genes whose promoters were highly enriched for AP-1 binding 

sites (YRE-O and YRE-A, Figure 3.1E,F and Supplementary Figure 3.3). These genes 

were also enriched for Yap1.R79K and Yap4.K252R binding (p < 10-5), respectively. 

An apparent paradox: Candida AP-1 diverges at residue 12 but its targets are 
conserved 

Based on our observation that residue 12 affects binding of AP-1 paralogs in 

Saccharomyces cerevisiae, we next asked if changes in this residue could lead to 

divergent binding of AP-1 orthologs across species. We searched the yeast phylogeny 

(Wapinski et al. 2007) for AP-1 orthologs that were anomalous in their use of Arg12 or 

Lys12, suggesting lineage specific mutation (Supplementary Figure 3.4). Among TFs 

orthologous to Sc YAP1, we found that the Candida glabrata (Cg) ortholog CgAP1 

diverges from other yeasts (Figure 3.2A) due to the presence of lysine at residue 12, in 

contrast to other yeasts in its clade which possess an arginine. This CgAp1 amino acid 

substitution was confirmed by sequencing of genomic DNA from two independent Cg 

isolates, 2001HTU and NCCLS84 (Figure 3.2B).  

We used chIP-chip to determine whether this Lys12 substitution had a functional 

effect on CgAp1 binding (Methods). To facilitate this assay, we tagged CgAp1 with the 

TAP epitope and designed a custom microarray tiling the Cg genome (Methods). As a 

control on both the TAP construct and the array design, we used chIP-qPCR to 

successfully validate a panel of five randomly chosen Cg gene promoters that were 

determined to be bound by CgAp1 in the chIP-chip experiment (Supplementary Figure 
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3.5).  

We found that CgAp1 bound the promoters of a total of 114 genes, 90 of which 

had known orthologs in Sc (Methods). Comparison of these data with chIP profiles for 

each of the AP-1 factors in Sc grown under the same treatment conditions (as determined 

in Tan et al. 2008) showed significant overlap between the targets of CgAp1 and ScYap1 

(17 genes, p < 10-17). Overlap with other Sc AP-1 factors was less substantial (Figure 

3.3A). This pattern of overlap was reinforced by sequence analysis, in which 

phylogenetic clustering of AP-1 DNA binding domains places CgAp1 definitively with 

ScYap1 and not with other Sc AP-1 sequences (Figure 3.2C, Methods).  

We were therefore faced with the following conundrum: On the one hand, the 

CgAp1 sequence diverges from Yap1 orthologs at residue 12, suggesting a shift in DNA 

binding. On the other hand, the CgAp1 binding profile is quite specifically conserved 

with that of Yap1, calling into question the importance of residue 12 for sequence 

recognition.  

CgAp1 Prefers YRE-A Rather Than YRE-O Sites 

To investigate this apparent contradiction, we next turned to the gene promoters 

targeted by CgAp1 in the chIP assay. Promoters targeted by CgAp1 showed a clear 

preference for YRE-A sites over YRE-O sites (49 vs. 4 promoters, respectively). This 

preference significantly differs from ScYap1 which prefers YRE-O over YRE-A 

(Fisher’s Exact Test p=3.5x10-8, Figure 3.3B, 21 vs. 12 promoters, respectively). This 

preference could not be attributed to threshold effects on binding site calls, as direct 

comparison of motif scores confirmed a preference for YRE-A over YRE-O sites (Mann–

Whitney U test, p = 0.0072). This preference was also observed via de novo motif search 
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in these promoters (Figure 3.3C) and even among the Cg orthologs of all ScYap1 targets 

(q = 0.05). 

We further analyzed this cis-regulatory preference by examining the orthologs of 

genes targeted by both CgAp1 and ScYap1 across 20 sequenced yeast genomes 

(Wapinski et al. 2007). C. glabrata stood out clearly as the only species with enrichment 

for YRE-A sites (Figure 3.3D). In contrast, the YRE-O site was enriched in all 

neighboring species in the yeast phylogeny, including Saccharomyces cerevisiae and 

other sensu-stricto species (S. paradoxus, S. mikatae, and S. bayanus) as well as the more 

diverged S. castellii, K. waltii, K. lactis, A. gosspyii and C. tropicalis. These results 

indicate that upstream DNA binding motifs of CgAp1 targets have evolved from YRE-O 

to YRE-A (Figure 3.3E). Such a switch may have also been accompanied by concordant 

changes in secondary cis-regulatory DNA motifs (Supplement: Yap cis-Regulatory 

Motifs are Coincident with those of Rtg3 and Aft1, Supplementary Figure 3.6) and 

possible functional divergence (Supplement: Divergence and Conservation of Yap1 

Function). The most plausible explanation is that these motifs have co-evolved with a 

Lys12 mutation in CgAp1, with the result that this transcriptional system has retained 

regulatory control of the same set of target genes over evolutionary time.  

Discussion 

But which mutation came first: the cis or trans? It is possible to envision two 

equally plausible scenarios (Figure 3.3E): 1) An initial mutation in the Yap1 TF provided 

selective pressure for subsequent cis-regulatory changes in Yap1 targeted genes; 2) A 

change from YRE-O to YRE-A binding site in a key Yap1 target(s) provided selective 
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pressure for a mutation in the Yap1 TF. In either scenario, mutations in trans and cis may 

have been facilitated by other AP-1 family members. In fact, the large size and 

interconnectivity of the AP-1 family may serve as a buffer for accumulation of cis and 

trans mutations allowing for highly plastic evolution of the AP-1 regulatory network. In 

support of this hypothesis, several yAP-1s have been shown to bind each other along with 

some common target genes and might compensate for some loss in regulation by paralogs 

(Tan et al. 2008). 

Examination of the protein sequences of all AP-1 family members across 20 

available yeast genomes spanning ~300 million years of ascomycete evolution (Wapinski 

et al. 2007) suggests that mutations in residue 12 have occurred frequently during AP-1 

family evolution (Supplementary Figure 3.4). Interestingly, we found that all yeasts 

possess at least one AP-1 TF with Arg12 (Figure 3.4). In contrast, several yeasts lack AP-

1 TFs with Lys12. Moreover, these species are the most evolutionarily diverged from Sc. 

These results suggest that the common yeast AP-1 ancestor encoded arginine and that the 

emergence of TFs using lysine is a more recent evolutionary innovation (Supplement: 

AP-1 Family Ancestry).  

Within the Candida clade, several species (C. tropicalis, C. albicans, C. 

parapsilosis and L. elongosporus) have AP-1 families based exclusively on Arg12, while 

others (C. lusitaniae, D. hansenii, and C. guilliermondii, Figure 3.4) represent both Arg12 

and Lys12 across the AP-1 family. This suggests two equally plausible scenarios for the 

emergence of Lys12 in yAP-1 TFs: 1) Lysine emerged following the divergence of Y. 

lipolytica from other hemi-ascomycetes followed by a lineage specific loss within the 

Candida clade. 2) Lysine emerged following the split of the Candida clade from the rest 



65 
 

 
 

of the hemi-ascomycetes and emerged again within the Candida clade. In either scenario, 

a switch from arginine (coded by AGA or AGG) to lysine (coded by AAA or AAG) 

could be accomplished by a simple single base pair mutation, providing a plausible 

mechanism by which such changes could have occurred. 

Open questions still remain regarding how arginine and lysine substitutions alter 

AP-1 DNA binding motif preference. One hypothesis is that differences in their 

electrostatic charges alter the space required to accommodate other positively charged 

residues of the bZIP DNA-binding domain without electrostatic repulsion (Kim and 

Struhl 1995). This hypothesis suggests that the most positively charged residues such as 

arginine should be associated with YRE-A rather than YRE-O sites (Kim and Struhl 

1995). However, in our findings lysine (pI = 9.59) rather than arginine (pI = 11.15) was 

associated with YRE-A sites.  

An alternative explanation involves a role for AP-1-induced DNA flexibility. 

Complexes of yAP-1 protein with the YRE-O DNA sequence have been associated with 

an increase in incorporated water molecules (Dragan et al. 2004a) leading to a decrease in 

DNA flexibility (Kim and Struhl 1995) compared to yAP-1 / YRE-A complexes. A 

previous report has suggested that changes in DNA flexibility play a key role in 

determining half-site spacing preference and are responsible for differences between in 

vivo and in vitro measurements (Suckow and Hollenberg 1998). Since residue 12 is in 

close proximity to DNA (Figure 3.1B) within the protein-DNA complex, residue changes 

may affect the ability of DNA to incorporate water during binding thus affecting both 

yAP-1 DNA motif flexibility and binding (Dragan et al. 2004b). Interestingly, the higher 

positive charge of arginine induces a stronger dipole than that of lysine providing a 



66 
 

 
 

possible mechanism for the increase in the number of incorporated water molecules 

present at YRE-O sites and associated changes in DNA flexibility and binding 

preference.  

In summary, we have shown that conservation of the AP-1 regulatory program in 

yeast occurs through coordinated evolution of both the sequence of the TF (trans) and in 

its DNA binding motifs (cis). This finding echoes that of previous studies of protein-

protein interaction, which have demonstrated cases in which compensatory mutations are 

required to maintain protein interaction over evolutionary time (Pazos and Valencia 

2008). In the context of transcriptional networks, co-evolution gives rise to “regulatory 

homeostasis” in which both mutations in a TF and its DNA binding motif occur in 

compensatory fashion to maintain transcriptional regulation. This series of compensatory 

mutations which maintains both the transcriptional circuit and regulatory logic parallels 

that of previous work demonstrating evolution of alternative transcriptional circuits 

producing identical logic (Tsong et al. 2006). Such systems of tightly coupled 

compensatory mutations might serve to counter the widespread divergence observed in 

transcriptional networks, and may constitute a general evolutionary mechanism 

maintaining the regulation of transcriptional networks. 
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Figure 3.1 A single residue determines yAP-1.  

DNA binding motif specificity. A) Alignment and phylogeny of AP-1 DNA binding domain basic 
regions (residues 6 to 20 are shown). Residue 12 (red star) is predictive of preference for overlapping 
(YRE-O) or adjacent (YRE-A) DNA binding motifs (left). Note that Yap8 possesses an Asp at residue 12 
and binds a two-base pair overlapping YRE-O (Harbison et al. 2004). Positions affecting Gcn4 half-site 
spacing preference (Kim and Struhl 1995) are shown (grey stars). B) Recognition of the yAP-1 half-site 
(Fujii et al. 2000). Residue 12 (red star) is in close proximity to residues conferring AP-1 sequence 
specificity. C,D) ScYap1.R79K and ScYap4.K252R mutants have altered half-site spacing preference as 
evidenced by chIP-chip (Methods). p-values refer to differences in binding to genes with either YRE-O or 
YRE-A sites as assessed by Fisher’s Exact Test. E,F) ScYap1.R79K and ScYap4.K252R mutations cause 
mRNA expression changes among genes with YRE-O and YRE-A sites among the top 50 most 
differentially expressed genes. p-values denote the significance of YRE-A and YRE-O motifs among gene 
promoters compared with the genomic background. 
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Figure 3.2 Evolution of the yAP-1 TFs.  

A) CgAp1 possesses a lysine at residue 12 (CgAp1.46) while most other species possess an 
arginine. B) Sequencing of CgAP1 in two unrelated isolates shows complete identity to the Cg reference 
genome. C) Phylogenetic clustering of all Sc and Cg AP-1 DNA binding domains reveals that CgAp1 and 
ScYap1 co-cluster. Internal branch point numbers refer to the Bayesian posterior probability, a measure of 
confidence (Drummond and Rambaut 2007).  
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Figure 3.3 The CgAp1 transcriptional network has been rewired.  

A) Overlap of CgAp1 and Sc AP-1 targets. B) CgAp1 prefers YRE-A binding sites compared to 
ScYap1 (Fisher’s Exact Test). C) The CgAp1 DNA-binding motif (green) clusters with YRE-A rather than 
YRE-O motifs. D) The YRE-O site is enriched (star) among common ScYap1 and CgAp1 targets in other 
yeasts (hypergeometric test, q < 0.05), but not Cg (q ~ 1.0). The YRE-A site is enriched among Cg genes 
(star) but not other yeasts. E) Compensatory mutations in both trans and cis maintain AP-1 binding. 
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Figure 3.4 All yeasts in the species phylogeny (Wapinski et al. 2007) possess an AP-1 with an 
arginine.  

The Candida clade (green) and the whole genome duplication event (orange star) are noted. 
 

 

Supplementary Figure 3.1. ScYap3 prefers YRE-A binding sites in both complete media and under 
MMS treatment. 
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Supplementary Figure 3.2 Number of YRE-A and YRE-O binding sites among the top N bound 
genes in Yap1, Yap4, Yap1.R79K and Yap4.K252R. 

 

Supplementary Figure 3.3 YRE-A and YRE-O binding sites are statistically over-represented among 
the top N differentially expressed genes in Yap1.R79K and Yap4.K252R mutants compared to wild-
type. 
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Supplementary Figure 3.4 Conserved DNA binding domain basic regions of yAP-1 TFs.  

The residue identified by evolutionary trace analysis is highlighted (red – arginine, blue – lysine). 
yAP-1s which possess neither arginine nor lysine are noted by a black star. Two yAP-1 TFs which diverge 
from closely related fungi are boxed. Of the 20 species examined, nine (S. cerevisiae, S. paradoxus, L. 
elongosporus, A. nidulans, C. lusitaniae, D. hansenii, C. parapsilosis, C. albicans, N. crassa) also possess 
yAP-1 TFs which use neither lysine nor arginine, although several possess DNA binding domains that are 
dramatically diverged. 
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Supplementary Figure 3.5 ChIP-qPCR validation of five CgAp1 targets called bound by chIP-chip 
experiments.  

CgAp1 target enrichment was compared against CgACT1 as a control. Error bars indicate one 
standard deviation about the mean. 

 

Supplementary Figure 3.6 ScRtg3 and ScAft1 motifs co-occur with YRE-O and YRE-A motifs.  

A) De novo motifs similar to ScRtg3 and ScAft1 were identified among CgAp1 targets. E-values 
denote the significance of similarity with motifs from literature (Mahony et al. 2005). B) Fraction of TF 
targets with both a Yap motif and an Aft1or Rtg3 motif. Statistical significance (Fisher Exact Test, p < 
0.01) is noted by a star. C) Rtg3 motifs co-occur with the YRE-O motif (e.g. promoter of SRX1). Aft1 and 
Rtg3 motifs co-occur with the YRE-A motif (e.g. promoter of FSH1). D) ScYAP1 and ScRTG3 genetically 
interact in aggravating fashion (star). Numbers (right) denote the growth rate relative to wild-type. E) 
CgAP1 and CgRTG3 genetically interact in alleviating fashion. F) ScYAP4 and ScAFT1 genetically interact 
in alleviating fashion. 
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Methods 

Yeast Strains 

All immunoprecipitations were performed on strains where the appropriate gene 

has been endogenously fused to the TAP epitope (Rigaut et al. 1999). Sc TAP-tagged 

strains were obtained from Open Biosystems (YSC1177). In Cg, the 2001HTU strain was 

used for TAP-tagging (see below) and deletions. Cg 2001HTU and NCCLS84 were 

obtained from ATCC.  

ScYap1.R79K and ScYap4.K252R Mutants 

Endogenously epitope-tagged ScYap1::TAP and ScYap4::TAP strains (Open 

Biosystems YSC1177) were used to introduce the appropriate mutation (ScYap1.R79K, 

ScYap4.K252R) via the delitto perfetto method (Storici et al. 2001). In brief, ScYAP1 and 

ScYAP4 were disrupted with the URA3 selectable marker from pRS306 (Brachmann et al. 

1998) using ~100 bp homology. Complementary 200bp oligos with a mutation 

(ScYap1.R79K or ScYap4.K252R) were then transformed by electroporation (Thompson 

et al. 1998) to remove URA3 by 5-FOA (US Biological #F5050) selection and verified by 

sequencing. This process creates strains possessing endogenous yAP-1 proteins having 

both the desired mutation and epitope. 

CgAp1 TAP-Tagged Strain 

The TAP tag was amplified with ~100bp homology (CgAP1) from pFA6a-TAP-

HIS3MX6 (Longtine et al. 1998), transformed by electroporation (Thompson et al. 1998) 

and selected on complete -his media (Amberg et al. 2005). C-terminal integration was 

verified by PCR and DNA sequencing with protein expression verified by immunoblot 
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(Amberg et al. 2005) with the Peroxidase Anti-Peroxidase anti-body (Sigma P1291). 

Growth Conditions, mRNA Expression and chIP 

Three (CgAp1) or two (ScYap1.R79K, ScYap4.K252R, ScYap3) biological 

replicates were grown from OD600 0.2 to 0.8 at 30◦C in complete media (Amberg et al. 

2005) and treated with 0.03% MMS (Sigma, CAS 66-27-3) for 1hr. For mRNA 

expression analysis, total RNA was isolated by hot phenol / chloroform extraction and 

labeled with Cy3 or Cy5 dyes (Invitrogen SKU11904-018) (Kuo et al. 2010). Samples 

were hybridized to Agilent expression arrays (G4140B) and washed as recommended by 

Agilent (Agilent Technologies, Santa Clara, CA USA).  

For ChIP, all TAP-tagged strains were treated as previously described (Tan et al. 

2008). In brief, cells were fixed with 1% formaldehyde for 20 minutes, inactivated with 

glycine and washed with TBS. Cells were lysed for 2 hours (Vibrax-VXR 2000) with 

glass beads and sonicated for 4 cycles of 20 seconds (+100 seconds rest) at power setting 

2 (Misonex Sonicator 3000) on ice. Lysate was incubated with Dynabeads M-280 

conjugated with anti-TAP antibody (Open Biosystems CAB1001) overnight. Cross-link 

reversal was performed overnight at 65◦C with antibody-enriched and unenriched DNA, 

and amplified (Sigma-Aldrich WGA2X) and labeled (Invitrogen 18095011) with Cy5 / 

Cy3 dyes. Sc and Cg samples were hybridized to commercial (G4493A) or custom (see 

below) Agilent tiling arrays and washed as recommended by Agilent (Agilent 

Technologies, Santa Clara, CA USA). 

Cg Tiling Microarray Design and Validation 

We designed a custom microarray tiling the Cg genome at ~250bp resolution with 
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~44k 60-mer probes designed to avoid self-dimerization and variability in melting 

temperatures (Mfold) (Zuker 2003), low-complexity and repetitive sequences 

(RepeatMasker) (Smit et al. 1996-2010), and cross-hybridization (WUBLAST2) 

(Altschul and Gish 1996). Default settings were used for each program. Microarrays were 

manufactured using Agilent technology (Agilent Technologies, Santa Clara, CA USA). 

chIP results were validated by qPCR of five targets compared against CgACT1 

(Supplementary Figure 3.5). 

Microarray Data Processing 

Intensities were background subtracted and normalized by LOESS (Smyth 2005). 

Expression microarrays were analyzed using the LIMMA package (Smyth 2005) with 

default parameters. chIP tiling array errors were estimated by the Rosetta error model 

(Weng et al. 2006) with resulting p-values of binding for each promoter calculated by 

combining p-values of adjacent probes as previously described (Tan et al. 2008). 

Phylogenetic Trees, Orthologs and Evolutionary Trace Analysis 

The yAP-1 DNA binding domain phylogenetic tree was created using BEAST 

(Drummond and Rambaut 2007) using default settings. Sequences, species trees and 

orthologs were obtained from the Fungal Orthogroups Repository (Wapinski et al. 2007). 

Multiple-sequence alignment was preformed using MUSCLE (Edgar 2004) with default 

parameters. Evolutionary trace analysis was performed using TraceSuite II (Innis et al. 

2000) with default settings. 

Motif Finding 

De novo motifs were identified by SOMBRERO (Mahony et al. 2005) using 
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default parameters and compared to literature (MacIsaac et al. 2006; Tan et al. 2008) 

using the default settings for STAMP (Mahony et al. 2005). Promoters were scanned with 

the default settings for Patser (Hertz and Stormo 1999) for motif enrichment by the 

hypergeometric test with multiple test correction (Storey and Tibshirani 2003). A motif 

was considered “present” in a promoter for (fraction of maximal information content) ≥ 

0.7.  

Supplementary Results: 

Yap cis-Regulatory Motifs are Coincident with those of Rtg3 and Aft1  

Previous studies have shown that pervasive cis-regulatory changes between 

species can be accompanied by additional changes in secondary cis-regulatory DNA 

motifs (Ihmels et al. 2005; Tanay et al. 2005). Therefore, we searched Sc (Harbison et al. 

2004; Tan et al. 2008) and Cg AP-1 targets (Methods) for additional DNA binding motifs 

that co-occur with YRE-O and YRE-A motifs. We found that ScRtg3 motifs were 

overrepresented (Methods) in promoters with either YRE-O or YRE-A sites. We also 

found that ScAft1 motifs were overrepresented among the promoters of ScYap4 and 

CgAp1, which recognize YRE-A, but not AP-1s that recognize YRE-O (Supplementary 

Figure 3.6A,B). 

To assay potential interactions between RTG3 and YAP1 or AFT1 and YAP4, we 

analyzed single (yap1Δ, yap4Δ, aft1Δ, rtg3Δ) and double gene deletion strains 

(yap1Δaft1Δ, yap1Δrtg3Δ, yap4Δaft1Δ, and yap4Δrtg3Δ) in both Sc and Cg (Methods) 

and compared their growth. We observed strong genetic interactions between YAP1 and 

RTG3 in both Sc and Cg (Figure 3.6C,D). We also observed an alleviating genetic 

interaction between YAP4 and AFT1 in Sc (Figure 3.6E). Several attempts to generate 
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Cg.aft1Δ mutants were unsuccessful (Methods) suggesting that CgAFT1 is essential. 

Nonetheless, our genetic screens suggest a functional association between both RTG3 and 

the YRE-O binding site and AFT1 and the YRE-A binding site.  

Divergence and Conservation of Yap1 Function 

CgAp1 and ScYap1 have also likely gained or lost functions since diverging from 

a common ancestor. Orthologs bound by CgAp1 but not ScYap1 were enriched 

(hypergeometric enrichment test, q < 0.05) for carbohydrate metabolic process 

(GO:0005975). Correspondingly, the DNA binding motifs of several TFs (Methods) 

controlling carbon source utilization (ScRgt1, ScRsf2, and ScGcr2) were highly enriched 

in Cg (q < 10-7) compared to Sc (q > 0.03). In contrast, orthologs bound by ScYap1 but 

not CgAp1 were enriched for sporulation (GO:0073934) (q < 0.05).  

Among orthologs bound by both ScYap1 and CgAp1, several (AHP1, GRE2, 

TRX2, TSA1, YNL134C) share extensive protein-protein interactions (Stark et al. 2006) in 

Sc and were enriched for TATA boxes (hypergeometric enrichment test, p < 10-5) which 

are associated with genes under strong selective pressure (Tirosh et al. 2006). Chemo-

genomic deletion profiles of several genes in Sc (BUD20, CYT2, GRE2, GPX2, SRX1, 

TSA1, TRX2, and YKL086W) were also both MMS sensitive (Higgins et al. 2002; 

Hillenmeyer et al. 2008) and correlated across conditions (Mann–Whitney U test, p = 

0.0046). These facts suggests that while the targets of CgAp1 remain conserved with that 

of ScYap1, the DNA binding motifs and protein-DNA interactions governing this 

regulation have been extensively rewired. 

Despite divergent DNA binding motif preference, we also observed that the 

function of Sc and Cg Yap1 is likely conserved between the two species. We found that 
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CgAp1 bound genes were enriched (hypergeometric enrichment test, q < 0.05) for gene 

ontology (GO) terms “response to chemical stimulus” (GO:0042221) and “oxido-

reductase activity” (GO:0016491) similarly to ScYap1 under identical conditions (Tan et 

al. 2008). Additionally, both ScYAP1 and CgAP1 have been shown to play a conserved 

role in the response to oxidative stress (Chen et al. 2007; Cuellar-Cruz et al. 2008; 

Lelandais et al. 2008).  

AP-1 Family Ancestry 

Examination of the protein sequences of all AP-1 family members across 20 

available yeast genomes spanning ~300 million years of ascomycete evolution (Wapinski 

et al. 2007) suggests that mutations in residue 12 have occurred frequently during AP-1 

family evolution (Supplementary Figure 3.4). Interestingly, we found that all yeasts 

possess at least one AP-1 TF with Arg12 (Figure 3.4). In contrast, several yeasts lack AP-

1 TFs with Lys12. Moreover, these species are the most evolutionarily diverged from Sc. 

These results suggest that the common yeast AP-1 ancestor encoded arginine and that the 

emergence of TFs using lysine is a more recent evolutionary innovation.  

Within the Candida clade, several species (C. tropicalis, C. albicans, C. 

parapsilosis and L. elongosporus) have AP-1 families based exclusively on Arg12, while 

others (C. lusitaniae, D. hansenii, and C. guilliermondii, Figure 3.4) represent both Arg12 

and Lys12 across the AP-1 family. This suggests two equally plausible scenarios for the 

emergence of Lys12 in yAP-1 TFs: 1) Lysine emerged following the divergence of Y. 

lipolytica from other hemi-ascomycetes followed by a lineage specific loss within the 

Candida clade. 2) Lysine emerged following the split of the Candida clade from the rest 

of the hemi-ascomycetes and emerged again within the Candida clade. In either scenario, 
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a switch from arginine (coded by AGA or AGG) to lysine (coded by AAA or AAG) 

could be accomplished by a simple single base pair mutation, providing a plausible 

mechanism by which such changes could have occurred. 

Supplementary  Methods: 

Generation of Cg Single and Double Gene Deletion Mutants 

CgRTG3(CAGL0M09405g) was replaced by kanMX6 from pFA6a-kanMX6 

(Longtine et al. 1998) by primers with ~180bp homology by electroporation (Thompson 

et al. 1998), selected on YPD+G418  and PCR verified (Schuldiner et al. 2006). CgAP1 

was analogously replaced with HIS3 from pRS303 (Brachmann et al. 1998) in Cg.rtg3Δ 

and 2001HTU backgrounds. Repeated attempts at deleting CgAFT1(CAGL0H03487g) 

with ~180 bp and ~1.6kb homology (Wach 1996) were unsuccessful suggesting CgAFT1 

may be essential or is located such that homologous integration is especially rare. 

Generation of Sc Single and Double Gene Deletion Mutants 

ScAFT1 and ScRTG3 were deleted by the natMX6 cassette from pFA6a-natMX6 

(Longtine et al. 1998) using ~40bp homology in the BY4741 strain background and 

mated with Sc.yap1Δ::kanMX6 and Sc.yap4Δ::kanMX6 (Open Biosystems). Strains were 

sporulated and selected on YPD+NAT+G418  and verified by PCR (Schuldiner et al. 

2006).  
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Chapter 4. Extensive evolutionary divergence in the yeast cell cycle 

transcriptional regulatory network 

Abstract 

Transcriptional networks have been shown to evolve very rapidly. Recent 

comparisons of individual orthologous transcription factor binding between species 

diverged by as little as 50 million years has demonstrated surprisingly little conservation 

of binding to orthologous target genes. However, transcription factors rarely function in 

isolation often forming hetero-dimers with other transcription factors, functioning as 

subunits of combinatorial transcription factor complexes or participating in larger 

cascades or circuits of transcriptional regulation. Here, rather than solely assaying the 

conservation between individual transcription factors, we elucidate the genome-wide 

binding in S. pombe of a set of 13 transcription factors functioning in a single biological 

process for comparison with S. cerevisiae, a species diverged by over 400 million years.  

Similarly to previous studies, we also find relatively poor conservation of binding 

between orthologous transcription factors. However, further analysis of our data along 

with that of previous studies suggests that transcription factors while not being 

particularly well conserved at the level of the binding of target genes show stronger 

conservation in other ways such as DNA binding motif, the functional enrichment of 

target genes, transcription factor expression and transcription factor activity. 

Additionally, we find that comparison of the targets of orthologous transcription 

factors between species can identify several transcription factors which are responsible 

for changes in cycling behavior between species. We find that gain and loss of binding by 
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the MBF complex between S. cerevisiae and S. pombe can explain ~22% of the 

difference in cycling genes between species. 
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Introduction  

Previous work (Borneman et al. 2007; Tuch et al. 2008; Lavoie et al. 2010) has 

shown that the binding between transcription factors (TFs) and their target genes is not 

highly conserved between species. For example, Borneman et al. found that the TF Tec1 

which controls pseudohyphal growth binds only 20% of the same target genes in 

comparisons between Saccharomyces cerevisiae and the closely-related Saccharomyces 

bayanus and Saccharomyces mikatae (Borneman et al. 2007), and that this difference is 

due to gain and loss of canonical Tec1 cis-regulatory motifs. This is in contrast to high 

levels of conservation of both genes, and protein complexes between species. From this 

data it would appear that transcriptional regulation is highly plastic permitting constantly 

changing regulatory relationships between transcription factors and their targets over 

evolutionary time. However, each of these studies has primarily examined only a handful 

of transcription factors and their sequence orthologs. While such approaches can 

elucidate the degree (or lack) of conservation in binding between direct sequence 

orthologs, because of their focus on a small number of TFs, they can make only weak 

statements regarding regulatory conservation within an entire biological process.  

In the example of Borneman et al., one possible explanation for the observed lack 

of conservation is that other TFs complement Tec1’s regulatory role either directly or 

through combinatorial regulation which cannot be observed by studying Tec1 in 

isolation. The possibility also exists that an entirely different factor has usurped Tec1’s 

role. In fact, an analogous study demonstrates such an occurrence where the role of Tbf1 

in C. albicans has been almost entirely usurped by Rap1 in S. cerevisiae (Lavoie et al. 

2010). However, most previous study designs which largely concentrate on isolated TFs 
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between species lack the ability to detect such examples of regulatory TF swapping.  

Here, rather than elucidating the binding of a handful of TFs, we propose to 

elucidate and compare the binding of a large set of TFs spanning the transcriptional 

control of an entire biological process. Specifically, we choose to investigate cell-cycle 

regulation in S. pombe using chromatin immunoprecipitation and high-throughput 

sequencing. Using these results, we can compare orthologous TF binding with previously 

published chromatin immunoprecipitation profiles for all cell-cycle regulators in the 

brewer’s yeast S. cerevisiae. 

Passage through the four-phase eukaryotic cell-cycle is tightly controlled. The 

two primary phases, M-phase (mitosis and cell division) and S-phase (genome 

duplication) are separated by two gap phases referred to as G1 and G2. Many genes are 

periodically expressed during the cell cycle co-incident with the phase in which they 

function (Cho et al. 1998; Spellman et al. 1998; Rustici et al. 2004; Oliva et al. 2005; 

Peng et al. 2005). In addition to whole-genome mRNA expression profiles, global 

protein-DNA interactions have been elucidated in S. cerevisiae (Simon et al. 2001; Lee et 

al. 2002; Harbison et al. 2004), but not S. pombe. 

Major cell-cycle TFs (MBF, Fkh2, and Ace2) appear to be conserved in budding 

and fission yeast and to a varying degree in metazoans (Bahler 2005). These TF 

complexes also laregely appear to function at their corresponding cell-cycle phases across 

the two species. Despite conservation of many cell-cycle related protein complexes, their 

regulation has likely diverged considerably (Jensen et al. 2006). In fact, periodic 

expression of most genes is not conserved between the two species (Lu et al. 2006; 

Marguerat et al. 2006). Exceptions to this fall mainly in the category of central cell-cycle 
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related processes such as mitosis, cytokinesis and DNA replication and are likely 

universally regulated during the eukaryotic cell cycle. 

Based on conservation with known cell-cycle regulators in S. cerevisiae and S. 

pombe, we generated a list of 13 TFs for inclusion in our study which includes the 

component TFs of major cell-cycle TF complexes such as the MBF, Ace2, PBF and 

Forkhead complexes. Additionally, we also investigate Taz1, a S. pombe cell-cycle TF 

which possesses no ortholog in S. cerevisiae and several TFs which have known or 

suspected cell-cycle roles in S. pombe but not in S. cerevisiae. 

  

Results 

Binding profiles of 13 S. pombe cell-cycle transcriptional regulators 

We systematically examined the genome-wide binding landscapes of 13 cell-

cycle related S. pombe transcription factors using chromatin immunoprecipitation 

followed by high-throughput sequencing (ChIP-seq). TFs were chosen based on 

conservation with known S. cerevisiae cell-cycle regulators (Simon et al. 2001) or 

previously published S. pombe literature (see Supplement). For each TF, we profiled two 

independent biological replicates which we found to be highly correlated, consistent with 

previous studies (Supplementary Figure 4.1). Data was processed as previously described 

(Niu et al. 2010) (see Methods and Supplement for additional details and analyses). 

We found that cell-cycle TFs bound from ~100 to over 1000 genes in the S. 

pombe genome (Figure 4.1A). This degree of variability in the number of target genes 

could not be attributed to technical variation. In fact, we found that the minimum 

saturation enrichment ratio (Kharchenko et al. 2008) (a measure of sequencing saturation) 
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was close to 1.0 and that there was no correlation between the number of bound genes 

and reads (R2 = 0.07) nor with the degree of correlation between biological replicates (R2 

= 0.31).  

As a validation of our data, we examined the binding of MBF complex members 

Cdc10, Res1, Res2 and Yox1 to a well known target gene - cdc22 (Figure 4.1B), a 

ribonucleoside reductase subunit (RNR1 in S. cerevisiae). We found strong enrichment 

for TF binding in immunoprecipitated samples compared to the control at two sites in the 

upstream promoter of cdc22 spaced ~350bp apart (Figure 4.1B). Each site possesses the 

previously described MCB sequence (CGCGTC) bound by MBF complex members 

(Oliva et al. 2005) suggesting conservation of both the MBF DNA binding motif and 

MBF-regulation of cdc22. 

Next, for each TF we plotted the distance of each of its bound regions to the 

closest annotated open reading frame (see Methods). We observed that for all TFs, 

substantial binding occurred immediately upstream of the transcription start site (TSS) 

suggesting that these TFs actively bind gene promoters (Figure 4.1C). Notably, Ace2, 

Hsr1 and Hsf1 also showed substantial binding downstream of the TSS. This was 

attributed to significant binding of non-coding RNA (ncRNA) regions within the genome 

(P < 0.01, see Methods). Interestingly, two recent studies have suggested a critical role 

for ncRNAs in cell cycle progression (Tsutsumi et al. 2007; Hung et al. 2011). 

We also clustered binding profiles of the 13 S. pombe cell-cycle TFs (Figure 

4.1D). We found that MBF complex members Res1, Res2, Cdc10 and Yox1 co-clustered. 

However, we also unexpectedly found that two sets of TFs co-clustered, Ace2 with Hsr1 

and Whi5 with Hsf1 (see below). 
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S. pombe cell-cycle TFs bind highly overlapping target genes 

Previous studies in vertebrates have observed that many TFs can independently 

bind a large subset of overlapping genes (Gerstein et al. 2010; Niu et al. 2010; Li et al.), 

often referred to as highly occupied target (HOT) genes. This phenomenon was believed 

to be restricted to higher vertebrates (MacArthur et al. 2009). However, we found striking 

evidence for the existence of HOT genes in S. pombe. In fact, over 200 genes are bound 

by at least half the TFs in this study (Figure 4.2A). Interestingly, comparison with S. 

cerevisiae indicates that S. pombe possesses significantly more HOT genes than S. 

cerevisiae when comparing either orthologs of S. pombe TFs or even random sets of S. 

cerevisiae TFs (P = < 10-90, Figure 4.2A, see Methods). Additionally, we found virtually 

no orthologous HOT genes were in common among S. pombe and S. cerevisiae at a 

variety of thresholds. Note that binding to HOT genes could not be explained by weak 

binding of multiple TFs as binding scores were highly correlated with HOT gene degree.  

We further examined a gene’s HOT degree by integration with previously 

published RNA expression (Wilhelm et al. 2008; Pancaldi et al. 2009), nucleosome 

occupancy (Lantermann et al. 2010) and gene essentiality (Kim et al. 2010) studies. We 

found that a gene’s HOT degree is highly correlated with absolute gene expression levels 

and gene expression heterogeneity across conditions, highly anti-correlated with 

nucleosome occupancy and weakly correlated with gene essentiality (Figures 4.2B-E). 

Corresponding data in S. cerevisiae (Winzeler et al. 1999; Lee et al. 2007; Horvath and 

Dong 2008; Nagalakshmi et al. 2008) shows that a gene’s HOT degree was also 

correlated with gene expression heterogeneity (Figure 4.2D) and anti-correlated with 
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nucleosome occupancy (Figure 4.2B). However, we found no relationship with gene 

expression level and a strong anti-correlation with gene essentiality (Figures 4.2C,E). 

These differences suggest that HOT genes may be functionally distinct in S. pombe 

compared to S. cerevisiae. Finally, we observed that the set of genes bound by more than 

half of the TFs in our study were enriched (P < 10-6) for both high-confidence S. pombe 

cell-cycling genes and for several gene ontology (GO) categories (q < 0.05) relating to 

both the cell-cycle and metabolism including “cell wall”, “generation of precursor 

metabolites”, “cellular amino-acid and derivative metabolic process”, and “carbohydrate 

metabolic process” (GO IDs: 0005619, 0009060, 0009097, 0034217, respectively). In 

comparison, while S. cerevisiae HOT genes were enriched for cycling genes (P < 10-2), 

we did not find significant enrichment for any GO categories. Similarly to previous 

studies (Niu et al. 2010), we found only weak enrichment among HOT genes for both the 

DNA binding motifs described in this study and from previous studies.  

 

Integration of binding profiles with mRNA expression data 

Next, we integrated our ChIP-seq data with previously published S. pombe cell-

cycle gene expression time-series profiles in three ways. First, we compared the genes 

targeted by our set of 13 TFs to a stringent set of 500 S. pombe cell-cycling genes 

(Marguerat et al. 2006). We found that 303 of the 500 S. pombe cycling genes were 

bound by at least one of the TFs in our study (P < 10-11). Additionally, each individual TF 

was also significantly enriched for binding to cycling genes (P < 0.01, Benjamini-

Hochberg corrected).  

Second, we examined the gene expression of cell cycle TFs in both species (see 
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Methods). While many S. cerevisiae cell cycle TFs displayed cycling behavior, only a 

handful of S. pombe cell cycle TFs showed cycling behavior. In particular, only Ace2 and 

Fkh2 showed substantial conserved cycling behavior in both species albeit with diverged 

phases (Supplementary Figure 4.3A).  

Lastly, by integrating our binding data with cell-cycle synchronized gene 

expression time-series profiles (Rustici et al. 2004), we estimated the transcription factor 

activity (TFA) for each TF (see Methods) – a measure of the regulatory influence of a TF 

on its target genes (Supplementary Figure 4.3B). In contrast to the lack of conservation 

we found in the expression of cell-cycle TFs, we found that the TFAs of virtually all TFs 

were found to be cycling at a statistically significant level. In particular, we found 

concordant TFA profiles for known MBF complex members Res2, Res1, Cdc10 and 

Yox1 which periodically activate transcription during the G1 / S transition. We also 

found that Fkh2 TFA increased late during G1 and decreased dramatically during the G2 

/ M transition consistent with previous reports (Buck et al. 2004; Papadopoulou et al. 

2008). 

Interestingly, we also noted that Tbf1 was periodically active in early G2 and that 

its targets were highly enriched for the GO terms “ribosome”, “ribosome biogenesis” and 

“translation” (P < 10-4). This is in agreement with a previous study which observed that 

Tbf1 is active in ribosome biogenesis and is typically active during early G2 possibly 

explaining cell cycle oscillations in protein synthesis (Lavoie et al. 2010). However, both 

Fkh2 and Res2 were also highly enriched for GO terms relating to the ribosome and 

translation and have activity profiles which share correlation with Tbf1. This suggests 

that Fkh2 and Res2 may have some role in ribosome biogenesis. 
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Widespread divergence in the targets of S. pombe cell-cycle TFs 

Next, we compared cell-cycle TF binding between orthologous S. pombe and S. 

cerevisiae TFs (see Methods). Naively, if we expect orthologous TFs to bind orthologous 

target genes, then we would observe concordance between sequence (Figure 4.3A) and 

binding similarity. However, while some orthologous S. pombe (Res1, Res2, Cdc10, 

Fkh2, Mbx1, and Map1) and S. cerevisiae TFs (Swi4, Mbp1, Swi6, Fkh2, Mcm1) bound 

a significant number of common target genes, most S. pombe TFs failed to significantly 

bind conserved targets with their S. cerevisiae orthologs (Figure 4.3B). For example, one 

such TF, Ace2, showed virtually no overlap with its S. cerevisiae orthologs. Additionally, 

overlap in target genes could not be associated with factors such as DNA binding domain 

divergence or sequencing depth.  

By clustering TF binding preference in both species (Methods), we observed co-

clustering of two pairs of TFs, Ace2 with Hsr1, and Whi5 with Hsf1 which were not 

observed in S. cerevisiae (Figure 4.2D and 4.3B). We also found that MBF components 

in S. pombe (Cdc10, Res1, Res2) and S. cerevisiae (Swi6, Swi4, Mbp1) tightly co-

clustered. However, in S. pombe we found that Yox1 bound targets with the MBF 

complex rather than with Arg80 / Mcm1 paralogs in S. cerevisiae, consistent with recent 

reports of Yox1 negatively regulating the MBF complex in S. pombe.   

We also found that Tbf1 bound targets similarly to S. cerevisiae Fhl1. Since Fhl1 

is involved in ribosomal biogenesis and is a partner of Rap1, these findings support the 

hypothesis that Tbf1 is part of an ancestral circuit controlling ribosomal biogenesis that 

was replaced by Rap1 in the S. cerevisiae lineage (Lavoie et al. 2010).  
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Next, we performed gene ontology (GO) enrichment analysis of TF targets in 

both species. Surprisingly, we found that GO term enrichment between orthologous TFs 

was also highly divergent (Figure 4.3C). Terms normally related to the stress response 

including those involved in translation, ribosome, protein folding and oxidoreductase 

activity were highly enriched across most S. pombe compared to S. cerevisiae TFs. 

Conversely, we found that categories related to DNA binding and chromosomes were 

enriched among S. cerevisiae TFs. This may suggest a higher degree of intra-S. cerevisiae 

cell-cycle TF regulation (also discussed below). 

Striking conservation of TF DNA binding motifs 

Despite widespread divergence in the target genes of orthologous TFs between 

species, de novo DNA binding motif search and subsequent comparison with known 

motifs (see Methods) shows that each S.  pombe TF binds a DNA sequence conserved 

with S. cerevisiae. Surprisingly, while TFs with significantly conserved target genes 

(Res1, Res2, Cdc10, Fkh2) bound almost identical DNA binding motifs to their S. 

cerevisiae counterparts, TFs with little or no conservation in bound target genes (Ace2, 

Hsr1, Hsf1, Map1 and Tbf1) also bound DNA binding motifs strikingly similar to their S. 

cerevisiae orthologs (Figure 4.3D). Such differences in binding to target genes could not 

be attributed to differences in TF coding regions or DNA binding domains. For Taz1, 

which has no S. cerevisae ortholog, we found that the Taz1 DNA binding motif is quite 

similar to S. pombe telomere-like sequence (TTACCG)x. This provides additional 

evidence that Taz1 may have a role in telomere maintenance (Miller et al. 2006). For 

Whi5 (discussed below), S. cerevisiae ortholog binding had not been previously studied.  

We also observed that although DNA binding motifs have been described for 
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Mbx1 and Yox1 orthologs in S. cerevisiae (Mcm1 / Arg80 and Yox1, respectively), the 

corresponding DNA binding motifs we identified in S. pombe did not match these 

(Methods). While Mbx1 has been previously implicated in binding the S. pombe specific 

PCB binding site (GCAACG/A) (Bahler 2005), we found that Mbx1 bound sequences 

strikingly similar to the Ace2 and its paralog Swi5’s binding site (Figure 4.3D) rather 

than the PCB site. Interestingly, we found that both the expression and transcription 

factor activities of Mbx1 and Ace2 are strongly anti-correlated (Pearson’s correlation = -

0.54 and -0.99, respectively) suggesting an antagonistic relationship. In fact, we found no 

evidence for Mbx1 binding to the PCB binding site in our data nor did we find 

enrichment for the PCB binding site in S. pombe cycling genes, similarly to other studies 

(Rustici et al. 2004; Oliva et al. 2005; Peng et al. 2005). Additionally, it has also been 

suggested that Mbx1 regulates Ace2 by binding its promoter (Buck et al. 2004; Rustici et 

al. 2004). However, we found no evidence of Mbx1 binding to the Ace2 promoter 

although we found that a S. pombe paralog of Mbx1, Map1, did bind the Ace2 promoter.  

We also observed that Whi5 binds a DNA motif strikingly similar to that of S. 

pombe MBF. While Whi5 is a direct regulator of SBF but not MBF in S. cerevisiae (de 

Bruin et al. 2004), S. pombe possesses no separate SBF complex although orthologs of 

the SBF complex are members of the MBF complex (Res1 and Cdc10) in S. pombe. 

Thus, it has been suggested that Whi5 might regulate S. pombe MBF although no such 

evidence has been previously published. Our data suggests that Whi5 may bind 

promoters through interaction with S. pombe MBF. In support of this hypothesis, we 

found a strong positive genetic interaction between Whi5 and MBF complex member 

Res1 (unpublished data).  
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A conservation reference map for S. pombe / S. cerevisiae cell cycle TFs 

Next, we combined six levels of evidence regarding TF-TF relationships between 

pairs of S. pombe and S. cerevisiae TFs.  Two TFs were considered to be interacting if 

they had similar profiles (P < 5x10-3) at the level of sequence, binding, function, DNA-

binding motif, TF expression and / or TF activity.  In this way, we constructed a 

reference map where each map entry specifies the number of lines of evidence which 

support an interaction between two TFs (Figure 4.3E). 

We see strong evidence for interactions between MBF components within S. 

pombe (Res1, Res2, Cdc10, Yox1) and with MBF and SBF complex members in S. 

cerevisiae (Mbp1, Swi4, Swi6). In contrast, we see that Yox1’s role in S. pombe MBF is 

clearly not conserved in S. cerevisiae (Figure 4.3E).  

Interestingly, we note that SpAce2 and SpHsr1 share multiple lines of evidence 

with each other and with ScAce2, ScSwi5 and ScMsn2/4 (Figure 4.3E). While the cell-

cycle transition factors ScAce2, ScSwi5 and SpAce2 are considered orthologous, these 

TFs also share some sequence similarity with the stress response TFs ScMsn2/4 and their 

S. pombe ortholog SpHsr1. While these two sets of orthologs are generally thought to 

have distinct functions, our results suggest that their similarity may in fact extend beyond 

weak sequence similarity to functional overlap of binding and DNA-binding motifs. 

Do changes in TF binding explain changes in the cycling of genes between 
species? 

Previous studies have noted a relatively poor overlap in cycling genes between S. 

cerevisiae and S. pombe (Lu et al. 2006; Marguerat et al. 2006). Such studies have 

identified statistically enriched DNA binding motifs among various clusters of cycling 
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genes and attempted to relate them to putative orthologous TFs. However, these studies 

do not directly identify which orthologous TFs are responsible for changes in gene 

cycling behavior since they lacked comparable binding data in both species. Using our 

binding data, we can ask if changes in the cycling behavior of orthologs can be explained 

by changes in TF binding using Fisher’s Exact test (Figure 4.4A). Such an analysis can 

implicate TFs whose changing binding patterns result in loss of cycling behavior for 

target genes between S. pombe and S. cerevisiae.  

By this analysis, we found that three TFs which form components of either the 

MBF (ScMbp1 and SpRes1/2) or SBF (ScSwi4) and Forkhead (ScFkh2 and SpFkh2) 

complexes were statistically significant (Figure 4.4B). Figure 4.4C shows the mRNA 

expression levels across time for orthologs bound by either ScMbp1 or SpRes2. For each 

gene, we can observe that binding of the specific TF in that species is associated with 

cycling behavior. Additionally, we show the same genes in each species according to 

their degree of periodicity / cycling color-coded by the species in which they are bound 

(Figure 4.4D). We can observe that when the S. pombe cycling rank is low, there is a 

preponderance of binding by the S. pombe TF SpRes2, and conversely when the S. 

cerevisiae cycling rank is low, there is a preponderance of binding by the S. cerevisiae 

TF ScMbp1. These results suggest that evolutionary changes in MBF binding can 

account for ~22% (57 / 256 genes) of the divergence in the cycling behavior of target 

genes observed between species. 

 

TF-TF regulation has dramatically diverged between species 

Previous studies have shown that interactions between TFs where one TF 
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regulates the transcription of another are critical for correct cell-cycle progression in S. 

cerevisiae (Simon et al. 2001). To examine both the extent of such regulation in S. pombe 

and any conservation with S. cerevisiae, we examined all TF-TF interactions among the 

set of 13 S. pombe cell-cycle TFs and their S. cerevisiae orthologs while controlling for 

the total number of interactions (Figure 45A). We found that among TF-target 

interactions, only three interactions between cell-cycle regulators were conserved 

between species (Figure 4.5A) – a startlingly low amount of conservation.  

We also found that S. cerevisiae cell-cycle TFs significantly bound other cell-

cycle TFs compared to other genes (Figure 4.5B). We observed no such enrichment for S. 

pombe cell-cycle TFs. Interestingly, this was reversed when examining interactions 

between cell-cycle TFs and all other TFs in the genome (Figure 4.5C). We found strong 

enrichment for S. pombe cell-cycle TFs targeting non-cell-cycle TFs and weak 

significance for corresponding S. cerevisiae TFs. These results suggest two possible 

interpretations: 1) S. pombe cell-cycle TFs are dramatically less interconnected than their 

S. cerevisiae counterparts; 2) Orthologs of S. cerevisiae cell-cycle TFs in S. pombe do not 

function as cell-cycle TFs.  

 

Discussion 

Similarly to past studies, we observe substantial divergence in the binding of 

orthologous TFs to their target genes. However, by integrating various levels of similarity 

between TFs both within and between species we find a surprising amount of 

conservation between orthologous TFs. This suggests that despite a lack of conservation 

in target binding, many TFs retain some form of functional conservation across 
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evolutionary time whether in the form of similar DNA binding motifs, functional 

enrichment of target genes, gene expression, or regulatory activity. 

However, as also demonstrated by the lack of conservation in TF-TF regulation 

between S. pombe and S. cerevisiae, the networks of transcriptional regulation that give 

rise to the co-ordinated processes necessary to bring about cell-cycle progression are 

extremely plastic. We found virtually no overlap between these two species in terms of 

the transcriptional regulation of other TFs. In addition to lacking conservation with S. 

cerevisiae, the S. pombe TF-TF interaction network is surprisingly sparse. This gives 

additional support to the hypothesis that the S. pombe cell-cycle transcriptional 

machinery may be dramatically simplified and less interconnected compared to that of S. 

cerevisiae (Bahler 2005).  

We also observed several other interesting features of the S. pombe cell-cycle 

network. We found striking evidence for the existence of HOT genes in S. pombe despite 

the fact that this phenomena was believed to be restricted to higher vertebrates 

(MacArthur et al. 2009). While HOT genes exist in nucleosome free regions, one might 

assume that that such binding may be spurious or a byproduct of open chromatin 

accessibility. However, the high gene expression heterogeneity we observed among HOT 

genes argues against this. It may be that these collections of TFs may either work in 

combinatorial fashion at these promoters or may be causing chromatin to be remodeled at 

these loci. 
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Figure 4.1 Binding of 13 S. pombe cell-cycle regulators. A) Number of target genes bound by each TF. 
B) MBF complex constituents bind upstream of CDC22. C) Each TF binds to promoter regions 
upstream of the TSS. D) Clustering of TF binding profiles. 

 
Figure 4.2 Binding to highly occupied targets (HOTs). A) S. pombe possesses a higher degree of HOT 
genes than S. cerevisiae. A gene’s HOT degree correlates with B) Nucleosome absence, C) mRNA 
expression, D) mRNA expression heterogeneity across multiple conditions and E) gene essentiality. 
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Figure 4.3 Functional conservation of TFs. A) Sequence conservation. Similarity of B) Binding, C) 
Similarity of gene ontology function, C) Similarity of DNA-binding motifs, E) Combined 
conservation reference map. 
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Figure 4.4 Explaining divergence in cycling genes. A) Statistical framework. B) P-values of 
significance. C) mRNA expression of orthologous genes bound / not bound by SpRes2 / ScMbp1. D) 
Ranks of bound / not bound orthologous cycling genes. 

 
Figure 4.5 Divergence in TF-TF regulation. A) TF-TF network for S. pombe, S. cerevisiae and the 
conserved network. B) Changes in the significance of TF-TF interaction between S. pombe and S. 
cerevisiae. 
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Supplementary Figure 4.1 Correlation of ChIP-seq biological replicates. 
 

 
Supplementary Figure 4.2 Comparison of qPCR enrichment of different epitope tag / antibody 
combinations. 
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Supplementary Figure 4.3 A) Transcription factor expression B) Transcription factor activity. 

 

Methods 

Generation of epitope-tagged strains 

Sp strains were created using Sp p415 and the TAP epitope tag (Rigaut et al. 

1999). The TAP tag was amplified with ~180bp homology from pFA6a-TAP-KanMX4 

was introduced by electroporation (Suga and Hatakeyama 2003) and integrated at the C-

terminus. Note that Taz1 and Whi5 C-terminus TAP tag strains showed substantially 

impaired growth phenotypes. Therefore, using pBS1761-KanMX4-LoxP, we placed TAP 

epitope tags at the N-terminus which showed no growth defects. Colonies were screened 

on G418 containing media and verified by PCR and immunoblot.  

Growth conditions & chromatin immunoprecipitation 

Cells were grown from overnight cultures at OD600 0.1 to 0.4 (~107 cells/mL) in 

rich media (YES) at 30◦C. Cells were processed as previously described (Tan et al. 2008; 

Kuo et al. 2010). Enrichment of selected chIP samples was verified by qPCR comparison 
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of known TF-specific targets against a control (tdh1). We also tested the performance of 

the TAP epitope / antibody vs. the c-Myc epitope by chIP-qPCR that various epitope / 

antibody combinations performed similarly (Fig. S2)  

Sequencing library preparation and sequencing 

Standard Illumina protocols with slight modifications were used to create 

sequencing libraries. DNA end repair following sonication was performed using the End-

It DNA End-Repair Kit (EPICENTRE® Biotechnologies #ER0720). Additionally, 

libraries were created using four unique barcodes allowing sample multiplexing during 

sequencing (Lefrancois et al. 2009). Samples were gel-purified before and after PCR 

amplification using the E-Gel system (Invitrogen #G6612ST). DNA was quantified by 

qPCR and Bioanalyzer (Agilent). Sequencing was performed on an Illumina 

GenomeAnalyzer II. 

Analysis of high-throughput sequencing data 

Sequence alignment was performed using Bowtie (Langmead et al. 2009). IP-

enriched vs. control DNA were processed to call bound regions using MACS (Zhang et 

al. 2008). Replicates were combined using the MODENCODE criteria (Niu et al. 2010). 

All P-values were FDR multiple-test corrected (Storey and Tibshirani 2003) and GO 

annotations were obtained from publically available sources (Aslett and Wood 2006). 

Motif finding 

De novo motifs were identified by SOMBRERO (Mahony et al. 2005) using the 

top 50 most highly bound regions for each TF and compared to literature (Matys et al. 

2003; MacIsaac et al. 2006; Zhu et al. 2009) using STAMP (Mahony et al. 2005).  
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Transcription factor activity estimation 

Transcription factor activities were estimated using the PLS genomics package by 

partial least square regression (Boulesteix and Strimmer 2005) using previously 

published cell-synchronized gene expression time courses (Spellman et al. 1998; Rustici 

et al. 2004). Missing data points were imputed using the knnimpute algorithm 

(Troyanskaya et al. 2001).  

Expression profiles for S. cerevisiae and S. pombe were fit to cubic splines, time 

shifted and compressed such that expression of Cdc22 (S. pombe) and RNR1 (S. 

cerevisiae) were coincident (R2 = 0.87). Both genes are known to be tightly cell-cycle 

regulated and both peak during the G1/S transition (Rustici et al. 2004). 
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Chapter 5. Conclusion 

With the advent of high-throughput genome-wide technologies, we are now able 

create maps of large-scale cellular networks as demonstrated in this dissertation. My 

work additionally points to novel ways in which these maps can be compared between 

species and used to generate novel hypotheses regarding network evolution.  

 In Chapter 2, I demonstrated both regulatory and expression differences in three 

yeasts associate with resultant phenotypic differences in azole sensitivity. This suggests 

alternative mechanisms of azole resistance across yeast species which we verified with 

subsequent experimentation. In future, similar approaches can be used to survey a wider 

range of pathogenic yeast to discover additional molecular pathways involved in drug 

resistance. Such pathways may serve as starting points for the development of novel 

antifungal therapeutics.  

In Chapter 3, I observed that extensive transcriptional regulatory network 

rewiring can occur between related species by compensatory cis and trans mutations. In 

the context of transcriptional networks, co-evolution gives rise to “regulatory 

homeostasis” in which both mutations in a TF and its DNA binding motif occur in 

compensatory fashion to maintain transcriptional regulation. Such systems of tightly 

coupled compensatory mutations might serve to counter the widespread divergence 

observed in transcriptional networks, and may constitute a general mechanism 

maintaining the regulation of transcriptional networks across evolution. 

In Chapter 4, rather than solely assaying the conservation between individual 

transcription factors, I elucidated the genome-wide binding in S. pombe of a set of 13 
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transcription factors functioning in a single biological process for comparison with S. 

cerevisiae, a species diverged by over 400 million years. Similarly to previous studies, I 

also find relatively poor conservation of binding between orthologous transcription 

factors. However, further analysis of the data along with that of previous studies suggests 

that transcription factors while not being particularly well conserved at the level of the 

binding of target genes show stronger conservation in other ways such as DNA binding 

motif, the functional enrichment of target genes, transcription factor expression and 

transcription factor activity. 

With the emergence high-throughput techniques for mapping cellular networks, 

our understanding of both the structure and function of cellular networks and how they 

evolve is improving. However, with a few exceptions such work is still in its infancy. My 

work shows how high-throughput experimental and computational methods can be used 

to elucidate specific aspects of both the evolution and regulation of cellular networks. 
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