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Gene regulatory changes have long been theorized to be a source of evolutionary novelty. In 

more recent years, we have learned that noncoding changes can have a large effect on phenotype 

and disease and can be of evolutionary importance in a variety of model systems.  However, the 

study of regulatory regions is still hampered by challenges in identifying functional noncoding 

regions and testing their effects, and as such many basic questions remain unanswered about 

these regions.  Namely, what is the location of functional regulatory regions, how does evolution 

affect these regulatory regions, what is their effect if altered on downstream traits such as gene 

expression, and what are the best ways to test these effects?  In this dissertation, I use yeast as a 

model organism to assess the effects of noncoding variants and chromatin architecture on gene 

expression. I first address the question of how best to test for effects of genetic mutations on 

phenotypes by asking how well association mapping works in yeast and find that population 



	
   4	
  

structure complicates the use of yeast in association mapping without careful choice of which 

strains to use. Secondly, I assess the evolutionary pressures acting on noncoding regions in yeast, 

specifically the differences in pressures on potentially functional sites, motif binding sites, and 

the other noncoding sites, and find that there is strong purifying pressure acting at motif binding 

sites.  I then use data from yeast strains to associate noncoding variants with differences in gene 

expression.  Finally, I use methods to map chromatin accessibility to ask how differences in 

accessibility of open chromatin regions upstream of genes affect differences in gene expression 

between species.  I find that differences in chromatin accessibility are numerous, that these 

differences appear to be driven primarily by genetic changes in cis, and that the effects of 

chromatin accessibility on gene expression are modest.  In conclusion, my thesis work has 

mapped regulatory regions in yeast, revealed the functional effects of these regions and the 

variants that lie within them, and suggested alternative methods for associating genetic variation 

with phenotypes in yeast. 
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Chapter 1 

Introduction 

1.1 The history of the study of gene regulation  

Gene regulatory changes have long been proposed to be a source of evolutionary novelty 

(Britten and Davidson 1971, King and Wilson 1975).  Both of these highly-cited papers based 

their claims in part on the findings that many classes of protein coding genes that were first 

studied appeared to function very similarly across evolutionarily diverse taxa.  Indeed, the 

conservation of protein function across diverse taxa was one of the landmark findings of the first 

years of protein and DNA sequencing. In particular, King and Wilson compared the protein 

coding regions of genes between humans and chimpanzees and argued that the amount of DNA 

differences was not significant compared to the amount of observed phenotypic difference 

(1975).  Similarly, Britten and Davidson cite the fact that many enzymes are shared between 

prokaryotes and mammals (Britten and Davidson 1971).  Therefore, these papers conclude, since 

there are limited differences between protein coding genes, there must be differences in how the 

genes are regulated.  In the years since these landmark papers, we have learned a great deal about 

both gene regulation and protein coding gene evolution.  In fact, there are numerous examples of 

the importance of protein coding gene evolution to evolution (Golding and Dean 1998, Harms 

and Thornton 2010). One well-studied example is the opsin protein family, which through a 

process of duplication and divergence has produced opsin proteins in different species that 

influence which wavelengths of light those species can see.  For example, opsins that distinguish 

red and green colors in humans are functionally distinguished by 7 amino acid substitutions 

(Asenjo et al. 1994). Another example is a protein substitution in hemoglobin which has been 

under selection because it gives heterozygotes an advantage against malaria (Allison 1954). 
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Clearly, both protein coding and regulatory changes are important to evolutionary change 

(Hoekstra and Coyne 2007).  However, regulatory change continues to be less well understood 

and less well studied due to a number of challenges.  

1.2 Contemporary examples of the significance of noncoding variation 

 We have learned for a growing number of specific examples that regulatory changes, or 

genetic changes to noncoding regions, can have a significant effect on phenotypes and ultimately 

our understanding of evolution and human health and disease. The classical example of 

noncoding changes causing evolutionary change in humans is the example of lactase persistence.  

Variants upstream of the lactase gene allow the enzyme to be expressed into adulthood and have 

been under strong positive selection in humans in multiple populations (Enattah et al. 2002, 

Tishkoff et al. 2007). In human diseases, studies of a handful of diseases have identified 

noncoding variants which are associated with disease, such as promoter mutations in APOE 

which are associated with Alzheimer’s disease (Ward and Kellis 2012). In addition, the majority 

of GWAS hits are located in noncoding regions, suggesting that noncoding changes may be 

underlying these hits (Maurano et al. 2012) In most cases, however, the causal alleles are not 

known, and most GWAS hits have a very small effect on phenotypes.  

Looking between species at whether differences in gene regulation underlie species 

differences and diversity within species as proposed by Britten and King, examples of noncoding 

variants causing phenotypic differences between or within species have been accumulating in 

diverse lineages. For example, noncoding variants have been identified causing pigmentation 

differences in Drosophila, skeletal reduction in stickleback fish, skin wrinkling in domesticated 

dog, loss of neck feathers in chicken, and blond hair color in humans (Wittkopp et al. 2002, 

Shapiro et al. 2004, Olsson et al. 2011, Mou et al. 2011, Guenther et al. 2014). 



	
   13	
  

 Regulatory changes are also thought to be evolutionarily advantageous for several 

theoretical reasons.  Specifically, changes to a gene’s regulation may be less pleiotropic than 

changes to the coding region of a gene (Breuker et al. 2006). In addition, the theory of the 

evolution of development (evo-devo) holds that certain types of changes may be more likely to 

happen through regulatory change, specifically changes in body plan, or the addition or loss of 

body parts over time (Carroll 2008).  This theory is supported by many of the examples of 

noncoding variation identified so far and discussed in the last paragraph, such as the loss of 

specific bones in fish, gain of expression of a protein in the skin which causes skin wrinkling, 

and loss of expression of genes associated with neck feathers.  However, as multiple researchers 

have now pointed out, the concept of “regulatory change” is complicated by the fact that these 

changes in expression could also be due to protein coding changes to regulatory proteins such as 

transcription factors (Hoekstra and Coyne 2007).  

The role of these ‘trans’ regulators is also important to evolution. For example, one of the 

major developmental genes identified in Drosophila, fushi tarazu, one of the pair rules genes 

which specifies formation of alternating segments, has completely changed its function in a 

closely related species (Heffer and Pick 2013).  Another potential example of this is the finding 

that lower levels of hemoglobin in Tibetan populations who live at high altitude has been linked 

to the region of the transcription factor EPAS1 (Yi et al. 2010), although the most-differentiated 

SNP was in an intron, suggesting that it may be the regulation of this transcription factor which 

causes the phenotype. Overall, there is still much to learn about how regulatory changes and 

protein coding changes to regulatory proteins affects downstream phenotypes. 

1.3 Mechanisms influencing gene expression variation.  

Basic research into how gene expression is regulated have identified many ways in which 
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gene regulation can be influenced by genetic variation in noncoding regions.  In eukaryotic cells, 

all genomic DNA in the nucleus is packaged into chromatin, the architecture of which plays a 

prominent role in regulating gene expression. Mechanistically, noncoding variants can act in 

several ways to affect this architecture and modulate gene expression. They can alter the binding 

of sequence-specific binding proteins such as transcription factors, which can result in 

remodeling of the local chromatin architecture (Farnham 2009). Variants can also influence 

nucleosome positioning and chromatin structure, through intrinsic sequence preferences for 

nucleosome positioning and recruitment of chromatin remodeling complexes (Jiang and Pugh 

2009). Finally, variants at key positions can interfere with the basal transcriptional machinery 

(Lee et al. 2002).  

1.4 Genetic mapping of functional regulatory variation 

Genetics approaches have previously been used to identify variation associated with gene 

expression variation genome-wide. These expression QTL (eQTL) studies have led to many 

insights into the genetic architecture of gene expression differences. One question which these 

studies have attempted to address is whether gene expression differences are the result of genetic 

changes that are local to or distant from the gene whose expression is being tested, often referred 

to as cis and trans effects. One study design to map eQTLs uses the offspring of a cross between 

divergent individuals or species to map regions of the genome associated with expression 

differences for each gene (Jansen and Nap 2001, Ehrenreich et al. 2009). A second method 

which can identify whether differences in gene expression are due to changes in cis or in trans 

without mapping to a specific region for trans effects is to test for allele-specific differences in 

gene expression in a diploid cross between two strains and to measure expression in the parents 

(Wittkopp et al. 2004, Wittkop et al. 2008, Wilson et al. 2008). These expression QTL (eQTL) 
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studies have identified numerous linked regions contributing to gene expression differences 

between strains or species and have emphasized the importance of cis alleles in affecting gene 

expression (Skelly et al. 2009). For example, in a cross between divergent yeast strains, Brem et 

al. found that 32% of the genes (185 transcripts) showing linkage to a genomic location were in 

cis (2002). Recent studies of eQTLs in humans support an important role for cis-eQTL; Pickrell 

et al. found that the vast majority of associations detected in 69 human LCL cell lines were cis 

(2010). Trans eQTLs can also have a large effect (Fu et al. 2009, Fehrmann et al. 2011, Fairfax 

et al. 2012).  For example, the auxotrophic markers in yeast are linked to differences in 

expression of a large number of genes (Brem et al. 2002). Trans eQTLs appear to be less 

common, though they are also harder to detect. Researchers have also attempted to learn about 

what types of variation may be contributing to these eQTLs; in humans, they have found that the 

strongest hits were more likely to be indels (Lappalainen et al. 2013). For sites within coding 

regions, non-synonymous sites are overrepresented (Lappalainen et al. 2013). eQTL studies have 

succeeded in generally identifying regions of the genome linked to expression differences; 

however, it is still challenging to narrow down regions to causal variants. 

1.5 Computational methods to identify functional non-coding regions 

Numerous methods have been used to identify potentially functional non-coding regions 

on a finer scale. One approach has been to look for sequence motifs representing the preferred 

sites for known DNA binding proteins (Bailey and Elkan 1995, Hughes et al. 2000, Kel et al. 

2003, Xie et al. 2005, Stormo 2000, Vavouri and Elgar 2005). However, it is often unclear how 

many of the predicted sites are functional. Computational methods have also been used to 

identify potential binding sites for nucleosomes (Segal et al. 2006, Miele et al. 2008, Yuan and 

Liu 2008). Another approach has been to identify regions that are among the most highly 
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conserved in the genome (Siepel et al. 2005, Pollard et al. 2010). These methods do not identify 

noncoding regions specifically, but a substantial fraction of the identified regions are noncoding. 

While these represent genomic regions likely to be functionally important, experimental data 

suggests that a large fraction of binding sites for specific regulatory factors are not constrained 

between species, in part due to lineage-specific use of regulatory elements (ENCODE Project 

Consortium 2007, Borneman et al. 2007). Consequently, between species conservation-based 

methods likely miss many functional elements.  

1.6 Use of molecular intermediates to identify candidate regions 

Another approach used to identify potentially important binding sites is to use more 

direct experimental evidence. There has been great interest in mapping transcription factor 

binding using ChIP-seq, and to assess what effects changes to binding have on gene expression 

(Figure 1.1). Researchers have found that there is significant variation in binding even between 

closely related species (Bradley et al. 2010, Schmidt et al. 2010).  However, more recent work 

has shown that the functional effects of these differences in binding are much less than the 

observed differences in binding (Cusanovich et al. 2014, Kasowski et al. 2013). For example, 

knocking down 59 transcription factors in LCL cell lines, Cusanovich et al. were able to ask 

which genes changed their expression levels when a particular transcription factor was knocked 

down and how this corresponded to the binding sites of those transcription factors identified by 

ChIP-seq (2014). They found that between 46.4% and 99.1% of binding sites did not show 

differential expression after knocking out that transcription factor (Cusanovich et al. 2014).  This 

is in agreement with earlier studies that found 46% and 45% correlation between binding of 

NFKB and PolII with expression of downstream genes (Kasowski et al. 2010). For the yeast 

transcription factor Ste12, 28% of target genes had a correlation coefficient greater than 0.335 
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between the level of Ste12 binding and levels of gene expression across segregants (Zheng et al. 

2010). Overall, we are still learning more about how to identify a functional binding site. 

Figure 1.1 Methods to identify functional regulatory regions. Top, ChIP-seq is used to map the binding 
sites of DNA-binding proteins.  A single experiment can identify genome-wide binding sites; however, only 
one protein can be mapped at a time.  Middle, DNase I-seq is used to identify open chromatin regions.  To do 
so, nuclei are digested with DNase I, fragments of digested DNA are sequenced, and cut sites are mapped to 
the genome. Bottom, FAIRE-seq also identifies open chromatin regions.  Proteins are cross-linked to DNA and 
sheared, then unbound fragments of DNA are isolated by phenol-chloroform extraction and sequenced. 
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Another approach is to use one of several methods which have been used to map chromatin 

architecture and accessibility. The objective of these methods is to detect open chromatin regions 

which are likely to be active regulatory regions. One widely used method is the DNase I assay, 

which identifies regions which are more sensitive to cleavage by the enzyme DNase I (Galas and 

Schmitz 1978, Dorschner et al. 2004, Sabo et al. 2006, ENCODE Project Consortium 2007, 

Hesselberth et al. 2009). By mapping the sites of these cleavages, one can identify regions of 

open chromatin structure that are accessible to DNA binding proteins, which are called DNase I 

hypersensitive sites in the case of the DNase I assay. One advantage of these types of methods is 

that in contrast to ChIP-Chip and ChIP-Seq, which can only probe the locations of regulatory 

sequences for a specific transcription factor, mapping open chromatin can reveal information 

about interactions between DNA and any protein which binds DNA. In recent years, other 

methods with a similar aim have been developed, namely FAIRE-seq (Formaldehyde-Associated 

Isolation of Regulatory Elements) and ATAC-seq (Giresi et al. 2007, Buenrostro et al. 2013, 

Figure 1.1)  

QTL studies similar in approach to eQTL studies have also identified DNase I 

hypersensitivity QTLs and attempted to correlate functional differences in DNaseI 

hypersensitivity QTLs with eQTLs. Degner et al. found that 16% of DNase I hypersentivity 

QTLs are associated with eQTLs (2012). Looking between different primate species, researchers 

found that DNase I hypersensitivity site gains between species were enriched near genes whose 

expression had change, but that this was true for only 58 of 1182 genes with increased 

expression in humans compared to chimpanzees (Shibata et al. 2012). Overall, it seems that 

functional changes in binding are more predictive than looking at computationally predicted 
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binding site changes, and differences in chromatin accessibility can also affect downstream 

expression differences. 

1.7 Evolution of noncoding regions   

Sequencing of whole genomes of multiple species led to the observation that many motifs are 

rapidly gained and lost between species (Dermitzakis and Clark 2002, Moses et al. 2006, 

Borneman et al. 2007, Doniger and Fay 2007) despite expression levels being generally well 

conserved. This has led to interest in what types of evolutionary pressures are acting at 

noncoding regions. Some papers have addressed this by looking at noncoding regions generally 

(Andolfatto 2005).  Others have looked at selective pressures acting specifically at functionally 

validated or conserved binding sites (He et al. 2011, Raijman et al. 2008) or within eQTL-linked 

regions (Ronald and Akey 2007). Depending on the species used, researchers have found 

evidence for widespread positive selection or negative selection acting at noncoding regions. 

Patterns of variation at noncoding regions are less well characterized within species, although 

there has been more work on this in recent years. For example, in humans DNase I 

hypersensitive sites have been found to be vary less between individuals than other noncoding 

regions, suggesting constraint on these regions (Vernot et al. 2012). Researchers have also found 

differences in how noncoding variants accumulate over time.  Specifically, it has been shown 

that cis-eQTLs accumulate preferentially between species compared to trans-eQTLs (Wittkopp 

et al. 2008) This has been hypothesized to be because trans-eQTLs may have more pleiotropic 

effects which would be selected against over longer periods of time.   

1.8 Yeast as a model  

Yeast is an excellent system for studying noncoding variation because of its small genome size, 

the availability of diverse sequenced strains and species, its relative ease of experimental 
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manipulation, and its well-annotated noncoding regions. In addition, application of next 

generation sequencing technologies in yeast is particularly powerful because its small genome 

size allows sufficient sequence coverage to obtain increased resolution for protein binding 

mapping or accessibility mapping (Hesselberth et al. 2009).  In the past few years, there has also 

been great interest in using yeast as a model system for association mapping, for the reasons 

mentioned above.  Two large projects have produced genome-wide data for fairly large 

collections of strains; Liti et al. produced 37 fully sequenced strains at fairly low coverage 

(2006), and Schacherer et al. called SNPs for 63 strains (2009). However, many of the methods 

developed for association mapping have been developed for human populations, and it is not 

clear how well they will work for yeast. 

 

1.9 Research Goals 

I. Assess the feasibility of association mapping in yeast, both for association mapping genome-

wide and for mapping of cis associations. 

II. Using computational methods, identify functional noncoding regions, and assess the 

evolutionary forces acting upon these and their affect on gene expression differences between 

strains. 

III. Using experimental methods, map chromatin accessibility and assess the architecture of 

chromatin accessibility and its effects on gene expression differences between species. 
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Chapter 2 

On the prospects of whole-genome association mapping in  

Saccharomyces cerevisiae 

This chapter has been published: Connelly CF, Akey JM (2012) On the prospects of whole-

genome association mapping in Saccharomyces cerevisiae. Genetics 191:1345-53. 

 

2.1 Summary 

Advances in sequencing technology have enabled whole-genome sequences to be obtained from 

multiple individuals within species, particularly in model organisms with compact genomes. For 

example, 36 genome sequences of Saccharomyces cerevisiae are now publicly available, and 

SNP data is available for even larger collections of strains. One potential use of these resources 

is mapping the genetic basis of phenotypic variation through genome-wide association (GWA) 

studies, with the benefit that associated variants can be studied experimentally with greater ease 

than in outbred populations such as humans. Here, we evaluate the prospects of GWA studies in 

S. cerevisiae strains through extensive simulations and a GWA study of mitochondrial copy 

number. We demonstrate that the complex and heterogeneous patterns of population structure 

present in yeast populations can lead to a high type I error rate in GWA studies of quantitative 

traits, and that methods typically used to control for population stratification do not provide 

adequate control of the type I error rate. Moreover, we show that while GWA studies of 

quantitative traits in S. cerevisiae may be difficult depending on the particular set of strains 

studied, association studies to map cis-acting quantitative trait loci (QTL) and Mendelian 

phenotypes are more feasible. We also discuss sampling strategies that could enable GWA 

studies in yeast and illustrate the utility of this approach in Saccharomyces paradoxus. Thus, our 
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results provide important practical insights into the design and interpretation of GWA studies in 

yeast, and other model organisms that possess complex patterns of population structure.  

2.2 Introduction 

 Association studies have become a dominant paradigm in human genetics, with over 2000 

studies published to data (Hindorff et al. 2009). The application of genome-wide association 

(GWA) studies to model organisms is a potentially powerful approach to rapidly identify causal 

variants that mediate heritable phenotypic variation (Risch and Merikangas 1996; Edwards et al. 

2009; Atwell et al. 2010). However, a complication of GWA studies in many model organisms is 

the potential for type I errors produced by population structure, which lead to increased type I 

error rates (Lander and Schork 1994). Numerous methods have been developed to address this 

issue, which take structure into account when testing for associations (Pritchard et al. 2000; 

Patterson et al. 2006; Price et al. 2006; Kang et al. 2008). However, although these approaches 

work well in the cases of modest levels of population structure typical of human populations, it is 

unclear how effective they will be in different model systems. 

 Saccharomyces cerevisiae is a powerful model organism for genome-wide studies because 

of its small genome size, which has facilitated extensive sequencing of species and strains. For 

example, the Saccharomyces Genome Resequencing Project has performed whole- genome 

sequencing on 36 laboratory and wild strains of the model yeast Saccharomyces cerevisiae (Liti 

et al. 2009). Genetic diversity between these strains is high, and the average pair- wise distance 

between polymorphisms is 168 base pairs. Moreover, linkage disequilibrium (LD) is low; the 

half-life of LD is on average 3 kb. In theory, these characteristics should make S. cerevisiae 

strains a powerful resource for fine-scale mapping of associated loci. Indeed, association studies 

are beginning to be pursued using these and other strains (Mehmood et al. 2011; Muller et al. 
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2011). 

However, the genomic patterns of population structure in S. cerevisiae strains are 

complex. Among the SGRP strains, the patterns of structure are complex and vary considerably 

across the genome; more than half the strains are considered mosaics (Liti et al. 2009). Thus, the 

prospect of GWA studies in yeast remains ambiguous. To address this issue, we performed a 

comprehensive set of analyses including simulations and an empirical GWA study of mtDNA 

copy number. We find that GWA studies in S. cerevisiae strains may be challenging for complex 

traits, although potentially feasible for Mendelian traits and in the identification of cis-acting 

variation. In addition, we suggest alternative study designs to mitigate the confounding effects of 

population structure, which will be broadly applicable to model organisms.  

 

2.3 Results 

2.3.1 GWA studies of quantitative traits in yeast can have high type I error rates  

In order to evaluate the effects of population structure on GWA studies in yeast, we first 

performed extensive simulations conditional on the SGRP sequence data. In the simulations, we 

identified all SNPs where the minor allele was present in at least ten strains (MAF ranged from 

0.27 – 0.50), as association studies with rare variants would have very low power in this data set, 

and selected tagSNPs from these (n = 18,637). Next, we randomly selected a “causal” SNP and 

assigned phenotypes to each strain based on the allele that the strain carried at this causal site. 

We initially focused on simulating quantitative trait loci (QTL) with large effects, which explain 

approximately 17% of phenotypic variation (see Methods for details). We then performed a 

GWA study on the 18,637 tagSNPs using three different analyses: a simple t-test, a t-test on the 

residuals of phenotypes regressed on the first principal component (Price et al. 2006), and a more 
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sophisticated linear mixed-model implemented in EMMA (Kang et al. 2008), which was 

designed for association mapping in model organisms. EMMA has been shown to dramatically 

reduce the type I error rates due to population structure (Kang et al. 2008; Atwell et al. 2010). 

This process was repeated 1,000 times and we calculated the average type I error rate for both t- 

tests and the linear mixed-model of EMMA.  

As expected, t-tests lead to a substantial inflation of the type I error rate (Figure 2.1B). 

For example, at a nominal Type I error level of 0.05, the observed false positive rate was 0.20, 

which is four times higher than expected. Including the first principle component as a covariate 

was effective in reducing the type I error rate; however, the power was also dramatically 

reduced, rendering this method ineffective for this dataset (see Table 2.1). Surprisingly, EMMA, 

while performing considerably better than t-tests, also exhibited an elevated type I error rate, 

with nearly twice as many false positives relative to that expected at a nominal level of 0.05 

(Figure 2.1).  

 

Table 2.1. Summary of power and Type I error rates in the two yeast datasets. 
	
  

Dataset Expected Type I 
Error Rate Power Observed Type I              

Error Rate 

  
t-test 

t-test, 
PCA 

corrected 
EMMA t-test 

t-test, 
PCA 

corrected 
EMMA 

Liti et al.             
(n = 36) α = 0.05 0.804 0.277 0.729 0.197 0.019 0.098 

 α = 1x10-5 0.033 0.001 0.014 5.0x10-4 2.95x10-6 2.0x10-4 
Schacherer et al. 

(n=63) α = 0.05 0.961 0.495 0.930 0.161 0.043 0.084 

 α = 1x10-5 0.137 0.008 0.152 3.0x10-4 1.57x10-5 2.0x10-4 
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To explore the cause of the elevated type I error rates, we investigated whether there was 

variation in the type I error rate at individual SNPs across the 1,000 simulations. In other words, 

we were interested in identifying regions of the yeast genome that were particularly susceptible 

to generating type I errors. We found that the error rate at individual SNPs at an expected rate of 

0.05 varied from 0.038 to 0.168, with a mean of 0.096 (Figure 2.2, Table A.1). The error rate of 

Figure 2.1. GWA studies of quantitative traits in yeast result in elevated type I error rates.  
 
A) Representative qq plots of simulations using EMMA, which had at least one SNP that reached genome-
wide significance. The observed p-values are shown in black and the expected p-values are shown in gray. B) 
The mean observed type I error rate from 1000 simulations is plotted versus the expected type I error rate for 
association tests done using a simple t test (blue) and EMMA (red). The theoretical expectation in the absence 
of population structure is shown as a dashed line. Inset, detail of the observed vs. expected type I error rates at 
low expected error rates. 
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0.168 is much higher than would be expected by chance assuming type I errors are randomly 

distributed across the genome (p=2.80 x 10-12). We also found that SNPs with the highest type I 

error rate (defined as those in the top 1% of all SNPs tested) are highly correlated (average 

pairwise r2
 = 0.58; also see Figure 2.2) even though they are distributed across the yeast genome. 

Strikingly, the genealogy of SNPs with the highest type I error rates differs substantially from the 

average genome-wide genealogy (Figure 2.2). Specifically, many of the mosaic strains identified 

by Liti et al. (2009) cluster with the wine/European strains, for SNPs with the highest type I error 

rate (Figure 2.2). Thus, the distinct pattern of structure in these regions compared to the genome-

wide average likely makes it difficult to fully account for stratification in association test 

statistics.  
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In order to see how representative our data from the SGRP strains was of other yeast 

datasets, we analyzed a second dataset consisting of 63 S. cerevisiae strains (Schacherer et al. 

2009). We performed simulations using the same methods as above (see Methods). We again 

found an elevated type I error rate using EMMA, though it was modestly lower than in the 

Figure 2.2. Heterogeneity of observed type I error rates across the genome.  
 
A) Observed type I error rate at each SNP across the 1000 simulations. Dotted line shows the cutoff for high type 
I error rate SNPs (see part B). Correlation (r2) between SNP alleles with the highest type I error rate and all other 
SNPs is represented by the color (see legend). B) Neighbor-joining trees constructed from the genome-wide data 
(18,637 tagSNPs, left) and from the high type I error rate SNPs. Strains identified as mosaics by Liti et al.. 
(2009) are shown in pink. The number of bootstrap replicates supporting each clade out of 100 total are labeled. 
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original dataset of 36 strains (Table A.1). Similarly to the SGRP dataset, including one principle 

component as a covariate was effective in reducing type I error rates at the expense of power 

(Table A.1). Finally, we also analyzed the S. paradoxus strains sequenced by the SGRP. These 

35 strains differ from the S. cerevisiae strains in that the patterns of structure are more consistent; 

there are no mosaic strains. We hypothesize that this consistent pattern of structure is easier to 

correct for using EMMA, and indeed we found that the type I error rate was lower than that 

found in the SGRP strains (Figure 2.3), though still elevated above the expected rate.  

We were also interested in more directly comparing the SGRP and Schacherer et al. 

datasets in order to gain insights into the differences in type I error rates between the two. In 

order to compare the two datasets, we resampled 36 strains from the 63 strains from Schacherer 

et al. (2009). We observed a similar small reduction in the type I error rate in this resampled set 

of 36 strains compared to the 63 strains, suggesting that it is the particular set of strains in the 

Schacherer et al. dataset that is responsible for the reduced type I error rate, not the larger sample 

size (Figure 2.3). Additionally, the Schacherer et al. strains appear to have the least amount of 

structure or recognizable subpopulations, which may account for their reduced error rate (Figure 

2.3). For example, the average pairwise divergence at noncoding sites is 2.57 x 10-3
 and 4.82 x 

10-3, respectively in the Schacherer et al. and SGRP strains, respectively. Therefore, the patterns 

of structure found in these two datasets result in elevated type I error rates, and differences in the 

amount and patterns of structure may explain the differences in error rates. 
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2.3.2 Association studies of Mendelian traits and cis-acting QTL are feasible  

The results presented above demonstrate that GWA studies of quantitative traits in 

existing S. cerevisiae strains result in high type I error rates. Here, we evaluate whether other 

association strategies, such as the analysis of cis-acting QTL or focusing on Mendelian traits 

results in more interpretable results. To this end, we first repeated the simulations as described 

above for a Mendelian phenotype. In brief, for both the SGRP and Schacherer et al. datasets, a 

causal SNP was randomly selected and strains were assigned phenotypes based on the allele that 

they carried. A GWA study was then performed with EMMA using the 18,637 tagSNPs. As in 

Figure 2.3. Type I error rates from simulations using three yeast datasets.  
 
A. Neighbor-joining trees constructed from the tagSNPs from three datasets. Top, SGRP S. paradoxus strains. 
Middle, SGRP S. cerevisiae strains. Bottom, 36 S. cerevisiae strains sampled from Schacherer et al.. (2009). B. 
The mean observed type I error rate from 1000 simulations is plotted versus the expected type I error rate for 
association tests for the three datasets. Colors correspond to the genealogies on the left. 
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the previous simulations, the type I error rate was elevated; for the SGRP strains, at an expected 

rate of 0.05 the observed mean rate was 0.07, and similar patterns were observed for the 

Schacherer et al. strains. However, as shown in Figure 2.4, in both datasets, the causal SNP 

responsible for a Mendelian trait was on average easily distinguishable from the background 

distribution of p-values. Thus, GWA studies of Mendelian phenotypes are feasible even in yeast 

strains with complex patterns of population structure.  

 

Next, we investigated the feasibility of cis-based association mapping, which in contrast 

to a GWA study only performs an association test at a locus of interest. For example, such study 

designs are popular in mapping cis-regulatory QTL, where gene or protein expression levels 

have been measured for a large number of genes (Skelly et al. 2011). Here, tests of association 

Figure 2.4. Type I error rates for GWA studies of Mendelian traits.  
 
Panels A and B show qqplots averaged over simulations for the SGRP and Schacherer et al.. datasets, 
respectively. The average for 1,000 simulations of a Mendelian trait is shown in red, and the theoretical 
expectation is shown in black.	
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are restricted to polymorphisms located in or adjacent to the gene whose transcript or protein 

abundance is being analyzed. To assess cis-based association mapping in the SGRP and 

Schacherer et al. datasets, we randomly selected a causal SNP nearby to each gene, assigned a 

quantitative phenotype as described above, and then used EMMA to perform an association test 

on 1,000 randomly selected unlinked polymorphisms. The goal of this analysis is to determine 

whether population structure also results in a higher type I error rate in cis-based association 

tests. We found that the type I error rate was again elevated above nominal levels. Specifically, 

at the expected rate of 0.05, we found that the observed rate for cis-association tests was 0.099 

for the SGRP strains and 0.082 for the Schacherer et al. strains, similar to those for genome-wide 

tests for each dataset (see Methods). However, even though the type I error rate is similar to that 

observed for a GWA study, cis-based associations are more interpretable because of the limited 

number of hypothesis tests performed. For example, a cis-based association study of a single 

gene expression trait would require ~1-5 hypothesis tests (depending on local levels of LD and 

density of polymorphisms) versus ~19,000 hypothesis tests in a GWA study. In addition, the 

relative ease in functionally validating putative regulatory polymorphisms in yeast makes cis- 

associations an attractive approach. Thus, while some caution is warranted in interpreting cis- 

based association studies in yeast strains, they are a reasonable approach for identifying putative 

regulatory QTL.  

2.3.3 Association mapping of mtDNA copy number  

 To complement the simulations, we next carried out a GWA study on mtDNA copy 

number in 36 S. cerevisiae strains. To measure copy number, we isolated total DNA containing 

both nuclear and mitochondrial DNA from each strain. To control for changes in mtDNA copy 

number throughout growth, we isolated DNA from the same growth stage for all strains and 
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obtained two biological replicates for each strain. We used qPCR to quantify the amount of 

mtDNA per cell in the strains by comparing the amounts of nuclear and mtDNA (see Methods). 

 Using this assay, we found that relative copy number per strain varied from 1 in BY4716 to 

3.28 in BC187 (Figure 2.5). These differences in copy number appear to approximately correlate 

with the genealogy of the strains (Figure 2.5). Using a linear mixed model that explicitly takes 

into account biological and technical sources of variation, we found that there was a significant 

level of variation across all the strains (p = 0.003). The effect of strain in this model accounted 

for 28.5% of total phenotypic variation. Interestingly, the strain with the lowest copy number, 

BY4716, which is a haploid derivative of S288C, is a long-used laboratory strain and the source 

of the S. cerevisiae reference sequence. The low copy number could be the result of relaxed 

selection for respiratory abilities during its many generations in the lab environment. 
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Figure 2.5. mtDNA copy number across 36 S. cerevisiae strains.  
 
Measurements are normalized to BY4716, which is set to 1. For each strain, two biological replicates are plotted. 
The bottom panel depicts the genealogical relationship among strains using a Neighbor-joining tree.	
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 We next performed a GWA study for mtDNA copy on 27,101 tagSNPs (see Methods) 

using a simple t-test. After correcting for multiple testing, we found seventy-three SNPs 

significant at p < 0.05 (Figure 2.6A, Table A.2). We next repeated the GWA analysis with 

EMMA and after correcting for multiple testing, we identified one significant (p < 1.19 x 10-5) 

SNP, a synonymous variant in HPR1 on chromosome IV (Figure 2.6A, Table A.2). Strains with 

the C allele at this SNP had a mean copy number 0.5-fold higher than strains with the T allele 

(Figure 2.6B). 

 

HPR1 mediates mitotic recombination (Merker and Klein 2002) and recombination is 

thought to play a role in maintaining mtDNA and in proper segregation of mtDNA into newly- 

forming buds (Zelenaya-Troitskaya et al. 1998; Lecrenier et al. 2000; Ling and Shibata 2002; 

Lockshon et al. 1995). Thus, it is biologically plausible that HPR1 is a novel regulator of 

Figure 2.6. GWA study of mtDNA copy number.  
 
A) The top panel shows the -log10 p-values obtained using a t-test and the bottom panel using the program EMMA. 
For each, the dotted line corresponds to p < 0.05, as determined by permutations. Chromosome numbers on the x-
axis mark the first SNP marker on that chromosome. Those SNPs which passed the threshold for genome-wide 
significance are shown in magenta. The most highly-associated SNP identified by EMMA is labeled with an arrow 
in both panels. B) Distribution of copy numbers by allele at the most highly associated marker, which is a 
synonymous variant in the gene HPR1. Copy numbers are normalized to BY4716, as in Figure 3. The mean copy 
number is marked as a horizontal line for each allele.	
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mtDNA copy number. However, the background distribution of p-values is high (Figure 2.6A), 

and our simulation results demonstrate the type I error rate is high. Moreover, the functional 

significance of the synonymous HPR1 variant is unclear, and it is not in significant LD with 

adjacent polymorphisms (data not shown). Thus, these results highlight the difficulty in 

interpreting GWA results of quantitative traits in these strains.  

2.3.4 Strategies for enabling GWA studies in yeast  

Finally, we investigated sampling strategies that may facilitate GWA studies in yeast. 

Specifically, one possible approach to ameliorate the confounding effects of population 

stratification is to intelligently choose strains that have either low levels of structure or a 

consistent pattern of structure across the genome. To assess the type I error rate in such a 

genealogy, we used a subset of the SGRP S. paradoxus strains. As seen in Figure 2.6, the S. 

paradoxus strains contain a clade of 24 European strains with low levels of structure (Figure 

2.7). We note that while the average pairwise divergence in the S. paradoxus European strains 

(θπ = 0.0010) is somewhat lower than in the global S. cerevisiae population (θπ= 0.0056), there is 

still a substantial amount of divergence (Liti et al. 2009). We used these strains to evaluate type I 

error rates in GWA studies as described above. We found that the type I error rate was only 

slightly elevated above nominal levels (Figure 2.7). To determine if the lower type I error rate 

was simply a function of limited power, we randomly sampled 24 S. paradoxus strains from the 

four divergent clades and repeated the GWA simulations. As shown in Figure 2.7, the type I 

error rate is significantly higher in the 24 randomly selected S. paradoxus strains, demonstrating 

that restricting association tests to a more homogenous subpopulation can decrease type I errors.  
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2.4 Discussion 

Our findings have biological and methodological implications for further study. The full 

genome sequencing and SNP genotype data available in 86 strains is a powerful resource to test 

hypotheses about the population history, domestication, and evolution of S. cerevisiae. There is 

also considerable interest in using these strains to map QTL (Liti et al. 2009). However, our 

results suggest that GWA studies of quantitative traits may be challenging in the strains studied 

to date. Specifically, the complicated and heterogeneous patterns of structure across the yeast 

genome in the strains analyzed here result in high type I error rates, a problem that will only be 

exacerbated in analyses of high-dimensional molecular phenotypes, such as gene expression 

Figure 2.7. Type I error rates from simulations using S. paradoxus.  
 
Left, a genealogy of the 34 S. paradoxus strains. Strains in green form the European cluster, used in the 
simulations as an example of strains with a consistent genome-wide genealogy. Right, the mean observed type I 
error rate from 100 simulations is plotted versus the expected type I error rate for association tests done using 24 
S. paradoxus strains (green) and a random subset of 24 S. paradoxus strains (black). Association tests were done 
using EMMA. The ideal expectation is shown as a dashed line.	
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levels. Several approaches could alleviate this problem, such as sequencing a greater number of 

strains and choosing a subset which that mitigates the problems of structure while maintaining a 

high level of variation. We have shown that strains with a simpler population structure show 

much lower levels of false positives. Alternatively, a deeper understanding of the empirical 

patterns of population structure across the S. cerevisiae genome in globally diverse strains will 

facilitate the development of new statistical models that can be uniquely tailored to ameliorating 

type I errors. Moreover, a strategy similar to the mouse collaborative cross (Threadgill et al. 

2002) could be undertaken which would produce a large number of segregants that harbor 

substantial amounts of genetic diversity, but are free from the confounding effects of population 

structure.  

Our results also provide important practical information on the design and interpretation 

of GWA studies in other model organisms, For example, EMMA has been used to perform 

GWA studies in dogs (Bokyo et al. 2010), Arabidopsis (Atwell et al. 2010), and Caenorhabditis 

elegans (Rockman and Kruglyak 2009). We suggest that GWA studies in model organisms with 

potentially strong and complicated patterns of structure carefully consider study design and 

sampling strategy, and empirically assess the effects of population structure on Type I error rates 

using the simple simulation framework described in our study. Fortunately, the decreasing costs 

of sequencing will allow individuals to be intelligently chosen to minimize the confounding 

effects of population structure and enable interpretable association studies in model organisms.  

 

2.5 Materials and Methods 

Sequence and SNP data 

We obtained the publicly available genome sequences of the SGRP S. cerevisiae (n=36) and S. 
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paradoxus (n=36) strains (from ftp://ftp.sanger.ac.uk/pub/dmc/yeast/latest/; Liti et al. 2009). We 

also obtained SNP genotypes from a second set of 63 S. cerevisiae strains (Schacherer et al. 

2009). We note that because the SNP data for the Schacherer et al. dataset was obtained using 

tiling micro-arrays with a resolution of 4 bp, it is not possible to combine the two datasets. 

Additionally, 13 S. cerevisiae strains are shared between the Liti et al. dataset and the Schacherer 

et al. dataset. 

Simulations 

For each dataset, we identified SNPs with a minor allele frequency (MAF) of ≥ 25%. We 

focused on common variants as the power to detect an association with more rare variation is 

limited given the relatively small number of strains. We then eliminated nearby SNPs in high LD 

using the program PLINK using a minimum r2 of 0.8 (Purcell et al. 2007). Using this reduced set 

of SNPs, we randomly selected a “causal” SNP. We then generated quantitative phenotype data 

based on the allele of each strain, using a fixed effect equal to the standard deviation. For the 

lowest frequency variants (25%), this corresponds to a percent variance explained of 17%, using 

the formula: p(1-p)k2/(p(1-p)k2
 + 1 – 1/n) =~ 1/(1 + 1/(p(1-p)k2) where k is the fixed effect of 1.0 

times the standard deviation, p is the frequency of the polymorphism with the fixed effect, and n 

is the number of individuals (in this case 36) (Yu et al. 2006). We examined several different 

sizes of fixed effects, and found that smaller effects were difficult to detect at all. Therefore, we 

chose to use a relatively strong fixed effect in order to maximize our ability to detect a 

significant association. We generated 1,000 simulated quantitative phenotype sets and tested for 

genome-wide association between the simulated phenotypes and all tagSNPs using 3 methods: a 

t-test, a t-test performed on the residuals of phenotypes after regressing out the first principle 

component derived from the SNP data (Price et al. 2006), and EMMA (Kang et al. 2008; 
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simulation programs and results are available on our website 

http://akeylab.gs.washington.edu/downloads.shtml). For EMMA, we used the entire set of 

tagSNPs to generate the K matrix. For Mendelian simulations, we used the same methods as 

above, but set the fixed effect equal to ten times the standard deviation, which corresponds to a 

percent variance explained of 95%. For the cis-based association simulations, for each gene we 

randomly picked a tagSNP within 1 kb up or downstream of each gene to be a “causal” variant. 

We then simulated a fixed effect using the alleles at this causal site, as for the quantitative trait 

simulations above. To assess the type I error rate at each gene, we then picked 1,000 random 

SNPs to test for association, and tested for association using EMMA, as above.  

Yeast strains and culture 

Two strains, BY4716 and RM11-1a, were obtained from Leonid Kruglyak. The remaining thirty- 

four yeast strains were received from the Saccharomyces Genome Resequencing Project (Liti et 

al. 2009). These strains were confirmed as haploid through mating tests or made haploid, by 

integrating a KanMX cassette at the HO locus, sporulating the transformants, and isolating 

haploid spores. The remaining strains (DBVPG6044, YIIc17_E5, NCYC110, and Y9) are 

presumed to be diploids. Strains were grown in YEPD media to an OD of 0.8 – 1.0. Genomic 

DNA was isolated using the smash-n-grab method (Rose et al. 1990).  

Measuring mtDNA copy number 

PCR primers and probes were designed to two genes (COX3 and ATP6) in the mitochondrial 

DNA and one gene in nuclear DNA (GID8). Primers for qPCR were designed by sequencing a 

large region of each gene in all strains and designing primers and TaqMan probes to regions 

where there were no polymorphisms between strains. We used three reporter dyes for the three 

probes: VIC for the GID8 probe, FAM for the COX3 probe, and TET for the ATP6 probe. We 
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ran a standard curve for each probe to confirm that the efficiency of the probes was high. We 

found that the efficiency was approximately 1.0 for all three probes across a wide range of 

concentrations. We then ran two technical replicates for each biological replicate in 20ul 

reactions using ABI Master mix including ROX dye. qPCR reactions were run on an ABI3300 

using ABI’s standard 3300 protocol. We normalized the copy number in the mtDNA using the 

nuclear GID8 probe, and calculated the relative mtDNA copy number in each strain by 

normalizing to the strain with the lowest copy number (BY4716). The mean copy number in the 

diploid strains was 1.55 versus the mean in all strains of 1.86 overall; however, this difference 

was not significant (t-test, p=0.14). We therefore included the diploid strains in our association 

test.  

Association study of mtDNA copy number 

To test for significant differences between strains, we fit a linear model to the qPCR data, where 

normalized copy was modeled as a function of biological replicate, technical replicate, 

mitochondrial probe, and strain. We tested for the significance of each variable using ANOVA 

and found that there was a significant (p < 0.05) effect for the biological replicate, probe, and 

strain effects, explaining 4.44%, 58.8%, and 28.5% of variance, respectively. We used the 

average of all technical and biological replicates for each strain to test for association. We then 

identified tagSNPs using the program HaploBlockFinder using a minimum LD (r2) of 0.8 (Zhang 

and Lin 2003). We then tested for association between the mean mtDNA copy number and the 

27,101 tagSNPs as above, using both a simple t-test and EMMA. We corrected for multiple 

testing by permuting the phenotype data 1,000 times, recording the lowest p-value from each 

genome-wide test, and used this distribution to determine genome-wide significance.  

Neighbor-joining trees 
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Neighbor-joining trees were generated using the Neighbor program in PHYLIP (Felsenstein 

1989). To assess confidence, we performed 100 bootstraps and built consensus trees using the 

program Consense in PHYLIP. 

Resampling simulations in S. paradoxus We first randomly sampled 24 random strains out of 

36, identified all SNPs with a MAF ≥ 25%, identified tagSNPs as above, and performed 1,000 

simulations as above, using a fixed effect of 1.0 times the standard deviation. We next used the 

24 strains in the European cluster as identified by Liti et al. (2009), identified SNPs with the 

same MAF cutoff (n=8822), and performed 1,000 simulations as described above.  
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Chapter 3 

Population genomics and transcriptional consequences of regulatory motif 

variation in globally diverse Saccharomyces cerevisiae strains 

This chapter has been published: Connelly CF, Skelly DA, Dunham MJ, Akey JM (2013) 

Population genomics and transcriptional consequences of regulatory motif variation in globally 

diverse Saccharomyces cerevisiae strains. Mol Biol Evol 30(7):1605-13. 

 

3.1 Summary 

Noncoding genetic variation is known to significantly influence gene expression levels in a 

growing number of specific cases; however, the patterns of genome-wide noncoding variation 

present within populations, the evolutionary forces acting on noncoding variants, and the relative 

effects of regulatory polymorphisms on transcript abundance are not well characterized. Here, 

we address these questions by analyzing patterns of regulatory variation in motifs for 177 DNA 

binding proteins in 37 strains of S. cerevisiae. Between S. cerevisiae strains, we found 

considerable polymorphism in regulatory motifs across strains (mean=0.005) as well as diversity 

in regulatory motifs (mean 0.91 motifs differences per regulatory region). Population genetics 

analyses reveal that motifs are under purifying selection, and there is considerable heterogeneity 

in the magnitude of selection across different motifs. Finally, we obtained RNA-Seq data in 22 

strains and identified 49 polymorphic DNA sequence motifs in 30 distinct genes that are 

significantly associated with transcriptional differences between strains. In 22 of these genes, 

there was a single polymorphic motif associated with expression in the upstream region. Our 

results provide comprehensive insights into the evolutionary trajectory of regulatory variation in 

yeast and the characteristics of a compendium of regulatory alleles. 
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3.2 Introduction 

 Noncoding genetic variation makes a significant contribution to phenotypic diversity and 

disease susceptibility by modulating gene expression (Rockman and Kruglyak 2006, Skelly et al. 

2009). Examples of noncoding variants causing phenotypic differences within and between 

species are rapidly accumulating in diverse lineages (Wray 2007). For example, noncoding 

variants have been identified that cause pigmentation differences in Drosophila (Wittkopp et al. 

2002), skeletal reduction in stickleback fish (Shapiro et al. 2004), skin wrinkling in the 

domesticated dog (Akey et al. 2010, Olsson et al. 2011), and loss of neck feathers in chicken 

(Mou et al. 2011). Although the precise molecular mechanisms that causal noncoding variants 

act through remain poorly defined, many regulatory variants likely alter the binding of sequence- 

specific DNA binding proteins. These proteins affect gene expression by interacting with the 

transcriptional machinery, cooperatively binding to other activating or repressing proteins, or 

modulating chromatin structure (Lee and Young 2000, Farnham 2009). 

 Yeast is an excellent system in which to study noncoding variation because of the 

availability of whole-genome sequences from diverse strains and species. For example, whole- 

genome sequences are available for 37 S. cerevisiae strains, which are functionally and 

geographically diverse (Liti et al. 2009). In addition, sequence motifs for the majority of known 

DNA binding factors in yeast have been characterized (Bryne et al. 2008). Motif usage across 

species has been studied extensively in yeast. Previous work on the evolution of noncoding 

regions has shown that motifs rapidly turn over between species, including yeast (Dermitzakis 

and Clark 2002, Moses et al. 2006, Borneman et al. 2007, Doniger and Fay 2007). In some 

cases, genes whose coexpression has been conserved across species may have acquired different 
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regulators in different species, as in the case of ribosomal protein modules in yeast (Wapinski et 

al. 2010). Despite their frequent turnover, often the presence of specific motifs is conserved. For 

example, Doniger and Fay found that 55% of genome-wide binding sites fit a model of 

conservation when looking across four yeast species (2007). Motifs that are conserved within 

and between species are correlated with several characteristics, such as being upstream of 

essential genes, closer to transcription initiation sites, and within open chromatin regions 

(Francesconi et al. 2011). 

More generally, previous analyses of noncoding regions in diverse species have found strong 

signatures of both positive and negative selection (Mustonen and Lassig 2005, Chen et al. 2010, 

He et al. 2011). These studies have had several limitations, however; for example, they have 

focused on small collections of known binding sites (Mustonen and Lassig 2005), motifs 

involved in key developmental modules (He et al. 2011), or motifs ascertained based on their 

conservation (Chen et al. 2010). 

 Gene expression variation has also been studied extensively in yeast. These studies have 

revealed that specific classes of genes are more likely to diverge between species (Thompson and 

Regev 2009), and such loci share architectural features such as containing a TATA box in their 

promoter and harboring more binding sites for regulatory proteins (Tirosh et al. 2006). In 

addition, expression QTL (eQTL) studies have identified a significant role for cis-acting 

variation in gene expression differences between strains or species (Brem et al. 2002, Ronald and 

Akey 2007, Ehrenreich et al. 2009, Tirosh et al. 2009, Emerson et al. 2010). Differences in 

predicted motifs have been associated with expression differences for some of the genes with cis- 

linkages in a cross between two strains (Chen et al. 2010). In addition, Zheng et al. identified 

several hundred genes showing significant gene expression variation associated with differences 
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in protein binding for the factor STE12 (Zheng et al. 2010). Thus, variation in DNA- binding 

motifs can be an important causal source of gene expression variation. 

In this study, we describe a comprehensive genome-wide analysis of polymorphisms 

located in 177 DNA sequence motifs across 37 S. cerevisiae strains (Liti et al. 2009). We expand 

the number of motifs studied from previous studies, and identify motifs genome-wide in an 

unbiased manner without regard to conservation. We perform extensive population genomics 

analyses that reveal DNA sequence motifs are subject to purifying selection, and quantify the 

strength of selection for each motif. Furthermore, we used RNA-Seq data that was previously 

collected for 22 of these strains and performed association analyses between polymorphisms in 

motifs and differences in gene expression. We identified six polymorphic motifs associated with 

widespread and consistent changes in gene expression, 49 polymorphic motifs associated with 

transcriptional variation at individual genes, and a compendium of high confidence regulatory 

alleles. 

 

3.3. Results 

3.3.1 Regulatory motif variation across S. cerevisiae strains 

We first examined patterns of motif differences across 37 globally and functionally diverse S. 

cerevisiae strains whose genomes have been sequenced (Liti et al. 2009, see Figure S1), by 

independently calling motifs in all strains (see Methods). We found substantial divergence in 

motif content across strains. The average pairwise number of motif differences per intergenic 

region is 0.91 motifs (range 0-27, see Figure 3.1A), and as expected pairwise motif differences 

recapitulate the known phylogeny (data not shown). Across all strains, a median of eight motifs 

were called in each intergenic region, and a median of four motifs per intergenic region were 



	
   46	
  

variable in at least one of the 37 strains (range 0-137). One example of a highly divergent region 

is the region upstream of AAH1, an adenine deaminase, which is regulated by nutrient levels 

(Figure 3.1B). Another highly variable region is upstream of FLO1, which is involved in 

flocculation, a phenotype known to have diverged between laboratory and wild strains (Liu et al. 

1996). Interestingly, a cluster containing both lab and wild strains shows a divergent motif 

pattern in this region (Figure 3.1C). A list of additional genes with highly polymorphic motif 

patterns is provided in Table B.1. 
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Figure 3.1.  Examples of highly divergent regulatory regions across S. cerevisiae strains. 

A. Histogram of the mean pairwise percentage of variables motifs across 37 S. cerevisiae strains for each of the 
5,468 intergenic regions. B. Predicted motif calls for 37 S. cerevisiae strains are plotted for the intergenic region 
upstream of the gene AAH1.  Each row is a strain, and colored boxes represent motif calls.  Different colors 
represent distinct motifs.  A phylogeny for the strains is shown to the left, as constructed from the motif calls for 
that region.  C. Predicted motif calls for a section of the intergenic region upstream of the gene FLO1.  The 
region shown represents 1000 bp upstream of the gene, out of 7218 total upstream bases.  A divergent clade is 
highlighted in grey, and within this clade strains wild strains are marked with a red dot in the phylogeny, while 
laboratory strains are marked with a blue dot. 
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3.3.2 Evolutionary forces shaping patterns of polymorphism and divergence of regulatory 

sequences 

To quantify the strength of selection acting on intergenic regions more systematically, we used 

the McDonald Kreitman framework to assess deviations from neutral expectations across 

intergenic regions (McDonald and Kreitman 1991). For measures of divergence, we used S. 

paradoxus as an outgroup. We initially characterized the evolutionary forces acting at four 

classes of sites: nonsynonymous, noncoding sites within predicted motifs, noncoding sites 

outside predicted motifs, and experimentally determined motifs (MacIsaac et al. 2006; see 

Methods). Specifically, we counted polymorphic and diverged sites across all intergenic and 

genic regions that could be aligned between S. cerevisiae and S. paradoxus (approximately 4,700 

regions). As putatively neutral sites, we used synonymous sites. We found that purifying 

selection acts on all four classes of sites (p<2.2 x 10-16). We next estimated the –log(Neutrality 

Index), denoted as -log(NI) (Rand and Kann 1996), in order to compare the magnitude of 

purifying selection across site types. A value for –log(NI) of zero is consistent with neutrality, 

negative values suggest negative selection, and positive values indicate positive selection. As 

expected, the -log(NI) was lowest for experimentally determined motifs, which appear to be 

under strong purifying selection. We also found that –log(NI) was lower at noncoding sites 

inside predicted motifs compared to noncoding sites outside of motifs and nonsynonymous sites, 

suggesting that a higher proportion of sites falling within predicted motifs are under purifying 

selection than in the other classes of sites (Figure 3.2A). The observation that -log(NI) at 

noncoding sites outside predicted motifs was similar to that at nonsynonymous sites is 

unexpected because noncoding sites outside motifs are generally thought to be subject to less 

functional constraint. However, this result may be due in part to the high threshold we used to 
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call motifs; lowering the threshold resulted in the -log(NI) at noncoding sites outside motifs 

becoming closer to neutral expectations (Figure B.2). 

Figure 3.2. Evolutionary forces acting at intergenic regions.  

A. –log(Neutrality Index) scores for two classes of sites (noncoding sites falling within predicted motifs and 
noncoding sites falling outside predicted motifs) are plotted. –log(NI) scores were obtained by summing 
information across all sites of a particular class and using synonymous sites within genes as putatively neutral 
sites. Confidence intervals were obtained by bootstrapping (see Methods).  For noncoding sites, three different 
cutoffs were used for calling motifs.  The most stringent cutoff results are colored black, a less stringent cutoff 
is colored blue, and the most stringent cutoff is colored red (see Methods).  95% CI for nonsynonymous sites 
are shown as in grey.  B.  –log(NI) scores for each of 133 motifs, sorted from lowest –log(NI) to highest –
log(NI).  –log(NI)  scores were obtained by summing information across all sites genome-wide falling within a 
particular motif, and comparing to all synonymous sites.  Motifs with low numbers of polymorphic and 
divergent sites were excluded due to low power to detect differences with such low counts (less than 15 total 
sites).  Confidence intervals were obtained by bootstrapping (see Methods). 
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 To identify heterogeneity of selective constraint across DNA binding motifs, we calculated 

a motif specific estimate of the -log(NI). As shown in Figure 3.2B, selective constraint varies 

widely across motifs, with some motifs under very strong purifying selection. Out of 133 motifs 

with sufficient data (see Methods), we identified 112 whose –log(NI) was significantly less than 

zero (Table B.2). As expected from the above analysis, a sizable number of motifs (63) had a –

log(NI) significantly lower than that at nonsynonymous sites. 

Moreover, we examined constraint acting at the level of individual intergenic regions. To 

this end, we compared polymorphism and divergence at sites that fell within predicted motifs in 

each region to synonymous sites in the genes flanking each region. We found that many 

intergenic regions had negative –log(NI), as expected from the motif-specific results described 

above, although the power of this analysis is lower given the reduced number of polymorphisms 

and divergent sites within each region. Using the MK test, we identified 152 regions that have 

significant evidence for purifying selection at FDR=0.10. 11 of these regions were significant 

after a more stringent Bonferroni correction for multiple testing (Table B.3). We did not find any 

regions significant for positive selection at FDR=0.10 or after a Bonferroni correction; however, 

four regions had a suggestive p-value (p≤0.05, uncorrected). Three of these regions flanked 

genes of unknown function; the remaining region flanks ADH4, an alcohol dehydrogenase gene, 

which has been linked to increased ethanol production (Mizuno et al. 2006). Interestingly, many 

S. cerevisiae strains were domesticated for use in fermentation, and thus positive selection for 

changes in the regulation of ADH4 may have occurred between S. cerevisiae and S. paradoxus 

which made S. cerevisiae favorable for use in domestication. 
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3.3.3 Patterns of motif polymorphism are significantly correlated with transcriptional 

variation among strains 

To assess the relationship between motif and gene expression variation, we obtained 

RNA-Seq data that had been collected on a subset of the 22 strains of S. cerevisiae analyzed 

above (Skelly et al. 2012). We performed extensive normalization of the data to account for 

batch effects and unknown sources of variation (see Methods). By analyzing the complete 

distribution of p-values using the positive false discovery rate approach of Storey and Tibshirani 

(Storey and Tibshirani 2003), we estimate that 79.0% of genes are differentially expressed across 

the 22 strains. Of these, 5,472 genes are significantly differentially expressed at a FDR = 0.10. 

 We investigated the relationship between motif polymorphism and transcriptional variation 

using two complimentary approaches. First, we tested for associations between the presence or 

absence of motifs and expression levels at downstream genes. Specifically, we performed 

association tests correcting for population structure for 13,089 motifs located upstream of 3,505 

distinct genes (Connelly and Akey 2012). We note that with a small sample size of 22 strains, we 

have limited power to detect variants, except those with large effect sizes (Table B.4). We found 

49 polymorphic motifs located upstream of 30 distinct genes that were correlated with significant 

changes in gene expression (FDR = 0.10). Of the 49 associated polymorphic motifs, 21 resulted 

in increased expression with the presence of the motif (i.e. acted as an activator) and 28 resulted 

in decreased expression with the presence of the motif. Interestingly, 22 of these genes contained 

only a single polymorphic motif associated with expression variation in the upstream region 

(Table 3.1). In addition, one gene did not contain any additional promoter variants located 

outside of motifs that are in strong linkage disequilibrium (r2
 > 0.8) with the polymorphic motif 

(Figure 3.3). Moreover, we found evidence for one case of a bi-directional promoter, where 
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polymorphism in the REB1 motif was associated with changes in expression of both flanking 

genes. Thus, the statistical and bioinformatics data strongly suggest that these 22 polymorphic 

motifs are enriched for causal regulatory polymorphisms. 

Table 3.1.  High confidence regulatory polymorphisms 
 

Motif Downstream 
Gene 

Log(Difference 
in Expression) 

Distance 
Upstream of 

Gene 
q Value 

HCM1 YJL155C -0.26 300 0.04 
HCM1 YEL044W -0.27 955 0.04 
MOT3 YKL059C 0.29 509 0.04 
PHO2 YJR108W 0.57 144 0.04 
PHO2 YGL169W -0.32 381 0.04 
REB1 YNL239W 0.47 239 0.04 
SPT2 YEL001C 0.24 675 0.04 
YAP5 YOR108W -0.59 436 0.04 
CRZ1 YAL049C 0.39 146 0.06 
HAL9 YPL255W -0.32 494 0.06 
HAP2 YNR049C 0.27 28 0.06 
HAP2 YOR071C -0.44 2828 0.06 
PHO2 YPR119W -0.12 331 0.06 
RAP1 YPL108W 0.48 407 0.06 
REB1 YNL240C 0.59 352 0.06 
STE12 YKL108W -0.28 91 0.06 
FHL1 YJL094C -0.77 148 0.07 
HAP2 YBR222C 0.39 245 0.07 
HAP2 YGL117W -0.71 1245 0.07 
MOT3 YLR152C -0.67 242 0.07 
ABF2 YPL167C -0.24 116 0.09 
YAP3 YLR007W -0.16 366 0.09 
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 In addition, we tested the hypotheses that levels of sequence conservation varied between 

polymorphic motifs that were or were not associated with differences in gene expression. Using 

phastCons scores from the 12-species yeast alignment (Siepel et al. 2005), we compared the 

mean conservation score at 1,039 polymorphic motifs nominally associated with expression 

differences among strains (p≤0.05) to a null distribution constructed by drawing the same 

number of randomly chosen motifs not associated with gene expression differences. We found 

conservation was significantly higher at motifs associated with expression differences (p=0.024). 

Figure 3.3.  Effects of variants at specific motifs on gene expression.   

For each motif, a boxplot of the difference in expression Z scores between strains containing the motif and 
strains not containing the motif at all genes with a variable motif are plotted.  Motifs are sorted by mean 
difference in expression.  Motifs significant in our test for genome-wide differences in expression for showing 
lower expression when the motif is present are colored in blue, and motifs significant for showing greater 
expression when the motif is present are colored in magenta. 
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Secondly, we tested whether motifs were acting consistently as activators or repressors 

across a majority of genes upstream of which they were polymorphic. Specifically, for the ith 

motif, we identified all genes whose upstream intergenic region contained a variable motif i. We 

discarded genes where the variable motif was only observed in a single strain. Next, we 

converted gene expression values for this set of genes to a Z score and tested for differences 

between the distribution of expression values when motif i was present or absent (see Methods). 

At a FDR = 0.10, we found that polymorphisms in 9 out of the 148 motifs were significantly 

associated with consistent transcriptional differences (5 motifs were significantly associated with 

increased expression and 4 motifs were significantly associated with decreased expression; Table 

3.2 and Figure 3.4). 

Table 3.2.  Motifs associated with consistent expression differences. 
 

Motif 
Number Genes 

Containing 
Upstream Motif  

Number 
Polymorphic 

Motifs 

Average 
Effect Size 

(sd)a 

GAL4 5 2 0.86 
SUT2 17 3 1.08 
LEU3 48 7 0.47 
RGT1 75 14 -0.43 
UGA3 87 19 -0.40 
MET4 88 28 -0.32 
SWI4 104 17 0.58 
RDR1 106 25 0.25 
TOS8 265 70 -0.28 

 
a Measured as the average difference in expression Z-scores between motif presence and absence 
averaged across genes.	
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3.3.4 Features associated with transcriptional divergence 

Finally, we investigated what characteristics were associated with high expression 

divergence. As a measure of expression divergence between strains, we calculated the average 

pairwise difference in expression between strains. We first tested whether the absolute value of 

Figure 3.4.  Examples of motifs effecting gene expression. 

A. NAR1 expression in strains containing the two labeled sequences at the motif REB1 in the upstream 
intergenic region.  Substitutions to the consensus motif sequence for REB1 are marked in blue.  A sequence 
logo for REB1 representing the PSSM is shown in the upper left corner.  B.  YER186C expression in strains 
containing the two labeled sequences at the motif AFT2 in the upstream intergenic regions.  Substitutions to the 
consensus motif sequence are marked in blue.  A sequence logo for AFT2 representing the PSSM is shown to 
the upper left of the plot.  
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the –log(NI) for motifs in each region was associated with expression divergence. We used the 

absolute value so that any region under either positive or negative selection would have a value 

greater than zero and regions under no selection would be closer to zero. We found a negative 

correlation (ρ = -0.07, p=2.43 x 10-6, Spearman rank-sum test), demonstrating that regions under 

stronger selection showed less expression divergence. We also tested whether nucleotide 

diversity (π) within motifs was associated with expression divergence. We found a positive 

correlation (ρ = 0.10, p=6.84 x 10-14, Spearman rank-sum test), illustrating that higher nucleotide 

diversity was associated with higher expression divergence between strains. This correlation was 

still significant after controlling for the presence or absence of TATA box and for the 

nucleosome occupancy upstream of each gene (see Methods). 

 

3.4 Discussion 

Interpreting noncoding variation is challenging yet vital for identifying causal regulatory 

variation, delimiting the contribution of expression variation to phenotypic diversity and 

evolutionary diversification, and elucidating the molecular mechanisms through which 

noncoding variation acts.  By focusing on interpretable noncoding variation, namely variants 

within known motifs for DNA binding proteins, we were able to perform detailed evolutionary 

and statistical analyses on the evolutionary pressures acting at these motifs and the functional 

consequences of putative regulatory variation.  

We first addressed the evolutionary pressures affecting motif diversity and divergence, 

and found that motifs are generally subject to purifying selection. These results are broadly 

consistent with previous analyses demonstrating purifying selection acting on yeast promoter and 

3’ UTR regions (Mustonen and Lassig 2005, Ronald and Akey 2007, Chen et al. 2010). 
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Similarly, studies in humans have found decreased nucleotide diversity in open chromatin 

regions (Thurman et al. 2012, Vernot et al. 2012) and have correlated transcription factor 

occupied sites with higher conservation across multiple species (Neph et al. 2012). Similarly, we 

found that experimentally validated sites were subject to stronger purifying selection.  

Interestingly, we found that the level of purifying selection acting on all predicted motifs was 

still quite strong.  We also found that the selection on experimentally determined sites and on 

predicted sites was stronger than that on nonsynonymous variants. One possible explanation for 

this is that a smaller proportion of nonsynonymous sites will actually affect gene function 

compared to the proportion needed to disrupt a motif. It is also possible that by testing only 

motifs which can be aligned between the two species, we may be biased towards detecting 

conserved motifs. In comparison to other species, it is interesting that similar studies in 

Drosophila have found widespread evidence of adaptive evolution in noncoding regions 

(Andolfatto 2005) whereas we found little evidence for adaptive evolution. We speculate that 

these differences in the tempo and mode of noncoding evolution between species may be due, at 

least in part, to differences in effective population size.  We also found that while a majority of 

motifs are under purifying selection, a subset are evolving neutrally.  This may suggest that the 

position weight matrices for these motifs are ineffective at identifying functional binding sites or 

that, alternatively, these motifs are in general less constrained. 

To investigate the effects of motif changes on transcriptional variation, we characterized 

gene expression differences among 22 strains. We identified six motifs (MET4, RGT1, SUT2, 

SWI4, TOS8, and UGA3) acting consistently as activators or repressors across a majority of 

genes they regulated.  These transcription factors are involved in diverse processes, but it appears 

that they are broadly active as activators or repressors in phosphate-limiting conditions. We also 
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identified 30 genes where one or more motifs were associated with gene expression variation.  

Approximately one third of these genes contained multiple motifs associated with expression 

variance at that gene, making it difficult to identify the causal variant, though it is also possible 

that there may be multiple motif changes contributing to gene expression differences at these 

loci, as observed previously (Prud’homme et al. 2006, Tao et al. 2006). In addition, we were able 

to identify 22 genes with only one motif associated with expression differences.  Although for all 

but one of these there were other SNPs in strong LD with the associated motif in the intergenic 

region, SNPs that fall within motifs are a strong strong candidate for being a causal SNP because 

of their potential functional role.   

We found that conservation scores across species were significantly higher at motifs 

associated with expression differences than at motifs not associated with expression differences, 

suggesting that cross-species conservation is useful for fine-scale mapping causal regulatory 

variation. In addition, measures of constraint within species that combine information across 

multiple motifs in a region were useful for predicting more general patterns of expression 

divergence.  Specifically, we found that regions with less constrained motifs as measured by the 

-log(NI) and nucleotide divergence were more likely to have higher expression divergence, 

although the magnitude of the correlation was modest. 

There are several limitations to our study design.  Because we are using computationally 

predicted motifs, not all are actually used in vivo; however, by using stringent cutoffs for calling 

motifs (see Methods) we attempted to collate a high confidence set of predicted motifs on which 

to perform our analyses. The evolutionary analyses also suggest that we are identifying active 

sites that are under constraint.  In addition, our study only tests the effects of motif variation on 

gene expression in one experimental condition.  Finally, since our sample size was small, we are 
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underpowered to detect associations attributable to rare variants or variants with small effect 

sizes (Table S4). 

In summary, our approach demonstrates the utility of using motif predictions in 

conjunction with functional genomics data for identifying functional noncoding sequence 

variation and DNA binding proteins that have significant effects on gene expression.  In the 

future, it will be important to integrate additional types of data, such as in vivo DNA binding 

protein information and ChIP-Seq data, to facilitate the interpretation of noncoding variation, the 

identification of causal noncoding variants, and the correlation of transcriptional variation to 

phenotypic diversity. Such integrative genomics analyses are likely to play a key role in 

ultimately developing predictive models to distinguish functionally important noncoding 

variation from functionally and phenotypically benign variants.  

 

3.5 Materials and Methods 

Sequence data and alignments 

We obtained sequence data and whole genome alignments for 37 S. cerevisiae strains and the S. 

paradoxus reference sequence (CBS432-0809) from the Saccharomyces Genome Resequencing 

Project (Liti et al. 2009). The alignment between S. cerevisiae and S. paradoxus was done by 

repeating masking the reference S. cerevisiae genome and CBS432.  The programs LASTZ 

(Harris 2007) and TBA (Blanchette 2004) were used to construct the alignment. Substitution 

scoring parameters for LASTZ alignments were inferred using two S. cerevisiae strains (the 

reference strain and RM11_1A). For all further analyses, we excluded intergenic regions that 

aligned to more than one contiguous block in S. cerevisiae. 

Motif Analysis 
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We searched all intergenic regions for the 37 strains and S. paradoxus for each of the 177 known 

DNA binding motifs on both strands using Position-specific site matrices obtained from 

JASPAR and converted to PWMs (Bryne et al. 2008).  Note that these matrices come from 

experimental studies and are not ascertained based on conservation across species.  In all further 

analyses, we did not include sites with missing data in 1 or more of the strains, or sites that were 

called due to indels to mitigate alignment errors. Motifs were called if they had 90% of the 

observed maximum weight matrix score. 

For the experimentally determined sites, we used binding sites identified by ChIP-chip 

(MacIsaac et al. 2006) that were significant at p<0.001 and not subject to conservation criteria.  

This list consists of 9708 motif sites. 

MK Test measurements 

We calculated the neutrality index (NI) as:  (Rand and Kann 1996).  Here, D is the 

count of polymorphic sites between S. cerevisiae and S. paradoxus, and P is the count of 

polymorphic sites (frequency greater than 5 percent) between the S. cerevisiae strains, n = 

neutral sites (synonymous sites), and s = putative selected sites. When calculating the neutrality 

index for each intergenic region, we used the synonymous sites from immediately flanking 

genes.  For bootstrapping, we resampled 1000 times from the data for each intergenic region.   

RNA mapping and normalization 

Raw RNA reads were obtained from Skelly et al. (2012). We mapped RNA-Seq reads to the 

S288c reference genome (UCSC sacCer2) using the program BFAST version 0.6.4e (Homer et 

al. 2009) with options –K 100 and –M 500 to bfast match. We aligned colorspace reads using a 

main index with mask 111111111111111111 (hash width 14) and secondary indexes with masks 

1111101110111010100101011011111, 1011110101101001011000011010001111111, and 

€ 
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10111001101001100100111101010001011111 (all using hash width 14). We output the results 

in SAM format and converted to BAM format using samtools (Li et al. 2009). We computed 

read depth across genes using bedtools version 2.15.0 (Quinlan and Hall 2010). 

We normalized counts for each gene by the number of total read counts for that strain. We then 

carried out a median normalization step to normalize across flow cells (Pickrell et al. 2010).  

After this step, we removed any genes that had no counts across any strain.  Finally, we fit a 

linear model of the form log(normalized_counts) ~ batch  + flow cell + strain + significant 

surrogate variables.  We used the R package sva to calculate surrogate variables, which revealed 

four significant surrogate variables (Leek and Storey 2007).  Further tests used the residuals from 

this model.  

Assessing differential expression across strains 

We used a random effects model to test for a strain effect using the R package lme4, using the 

Maximum Likelihood method and calculating p-values using the Chi-square distribution (R 

Development Core Team 2011).  We assigned q-values by permuting the strain assignments 

1000 times and repeating the analysis, calculating the empirical p-value from this distribution, 

then using the R package qvalue to assign q values (Storey and Tibshirani 2003). 

Testing for motif effects on expression across all genes 

For each gene, we converted the normalized expression values to Z scores.  For each motif, we 

then identified genes that had a variable motif upstream.  We tested for differential expression by 

combining expression Z scores from all strains with the motif present, and compared them to Z 

scores from strains with the motif absent, combining these Z scores across the genes identified 

above.  We tested for differential expression using a t-test, and determined q values by permuting 

the labels of present/absent for each gene 1000 times. 
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Testing for motif effects on expression at one gene 

For each gene with a variable motif, we tested the hypothesis that there was a difference in 

expression between strains with the motif present and strains with the motif absent, using the 

program EMMA to control for population structure (Kang et al. 2008).  P-values were again 

assigned by permuting the motif presence/absence labels 1000 times, and calculating q values as 

above. 

Simulations 

The simulations were done as previously described (Connelly et al. 2010).  Briefly, we chose 

1000 random SNPs which fell within genes or 1000 bp up- or downstream of genes and which 

had a minor allele frequency of at least 3 out of 22 as causal SNPs and simulated data based on 

the genotype at each SNP. We generated simulated data of three effect sizes, 25 percent of 

variance in phenotype explained by the genotype, 50 percent of variance explained by the 

genotype, and 75 percent of the variance explained by the genotype. This was equal to a fixed 

effect of k=1.64, 2.85, and 4.885 times the standard deviation, respectively, solving for k using 

the formula percent variance explained = p(1 - p)k2/(p(1 - p)k2 + 1 - 1/n) =~ 1/(1 + 1/(p(1 -p)k2) 

where k is the fixed effect of x times the standard deviation, p is the frequency of the 

polymorphism with the fixed effect, and n is the number of individuals (Yu et al. 2006). To 

assess power, we tested for association between the simulated data and the genotype at the causal 

variant for each of the 1000 simulations using EMMA (Kang et al. 2008). To assess the type I 

error rate, we chose 1000 random SNPs and asked how often they showed association with any 

of the 1000 simulated datasets. 

Motif conservation 
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We obtained phastCons scores from the UCSC genome browser for each position in the S288c 

genome (Siepel et al. 2005).  We used the p-values from the gene-specific test above to identify 

motifs nominally associated with expression differences among strains (p ≤ 0.05, n=1039).  To 

assess significance of polymorphic motif conservation scores, we generated a null distribution by 

calculating mean conservation from 1000 randomly selected motifs that are not associated with 

expression differences (p > 0.05). 

Nucleotide diversity within motifs and expression divergence 

We obtained calls for the presence or absence of a TATA box upstream of each gene (Tirosh et 

al. 2006).  For a measurement of nucleosome occupancy, we used the genome-wide nucleosome 

occupancy data (Lee et al. 2007), and calculated nucleosome occupancy 100 bp upstream of 

transcription start sites (Zhang et al. 2005), a similar approach to that taken by Tirosh and Barkai 

(2008). We used a linear model to test for the effect of nucleosome occupancy, TATA box 

presence, and nucleotide diversity within motifs on expression divergence. 
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Chapter 4 

Evolution and genetic architecture of chromatin accessibility and function  

in yeast 

This chapter has been published: Connelly CF, Wakefield J, Akey JM (2014) Evolution and 

genetic architecture of chromatin accessibility and function in yeast. PLoS Genet 10:e1004427. 

 

4.1 Summary 

Chromatin accessibility is an important functional genomics phenotype that influences 

transcription factor binding and gene expression. Genome-scale technologies allow chromatin 

accessibility to be mapped with high-resolution, facilitating detailed analyses into the genetic 

architecture and evolution of chromatin structure within and between species. We performed 

Formaldehyde-Assisted Isolation of Regulatory Elements sequencing (FAIRE-Seq) to map 

chromatin accessibility in two parental haploid yeast species, Saccharomyces cerevisiae and 

Saccharomyces paradoxus and their diploid hybrid. We show that although broad-scale 

characteristics of the chromatin landscape are well conserved between these species, accessibility 

is significantly different for 947 regions upstream of genes that are enriched for GO terms such 

as intracellular transport and protein localization exhibit. We also develop new statistical 

methods to investigate the genetic architecture of variation in chromatin accessibility between 

species, and find that cis effects are more common and of greater magnitude than trans effects.  

Interestingly, we find that cis and trans effects at individual genes are often negatively 

correlated, suggesting widespread compensatory evolution to stabilize levels of chromatin 

accessibility. Finally, we demonstrate that the relationship between chromatin accessibility and 
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gene expression levels is complex, and a significant proportion of differences in chromatin 

accessibility might be functionally benign. 

 

4.2 Introduction 

Changes in gene regulation have long been hypothesized to be an important mechanism 

of evolutionary diversification (Britten and Davidson 1971, King and Wilson 1975, Wray 2007) 

and to contribute to phenotypic variation (Shapiro et al. 2004, Akey et al. 2010, Mou et al. 2011, 

Skelly et al. 2009). An increasing catalog of adaptive regulatory changes has been identified, 

such as lactase persistence (Enattah et al. 2002, Tishkoff et al. 2007) and the effect of the Duffy 

blood group chemokine receptor on malaria resistance in humans (Tournamille et al. 1995, 

Hamblin et al. 2000) and beak morphology in Darwin’s finches (Abzhanov et al. 2004). 

Furthermore, it has also been suggested that a substantial fraction of SNPs associated with 

human diseases through genome-wide association studies may act through regulatory changes 

with genes (Visel et al. 2009, Maurano et al. 2012).  

On a genome-wide scale, molecular studies have uncovered pervasive transcriptional 

variation within and between species (Primig et al. 2000, Sandberg et al. 2000, Brem et al. 2002, 

Khaitovich et al. 2005, Pickrell et al. 2010, Tsankov et al. 2010). A substantial amount of gene 

expression variation is heritable, and thousands of regulatory QTL have been mapped in 

numerous organisms (Brem et al. 2002, Wittkopp et al. 2004, Tirosh et al. 2009, Emerson et al. 

2010, Skelly et al. 2011). In general, regulatory variation can act in cis or trans. Cis-acting 

regulatory QTL influence transcript levels in an allele-specific manner, typically from variation 

located within or near the gene being studied. In contrast, trans-acting regulatory QTL does not 

result in allelic differences in expression and arises from variation that is usually located at a 



	
   66	
  

position distinct from the gene being studied (Skelly et al. 2009). Although both cis and trans 

regulatory variation make important contributions to heritable variation of transcript abundance, 

cis-acting variants are thought to be more numerous, have larger effect sizes, and accumulate at a 

faster rate between species (Wittkopp et al. 2004, Wittkopp et al. 2008).   

Despite the progress in mapping cis and trans-acting regulatory QTL, the mechanisms 

they act through are less well understood. Chromatin structure is a fundamentally important 

determinant of gene regulation, and changes in the position and number of nucleosomes can 

affect transcript abundance (Han and Grunstein 1988, Gross et al. 1993, Birney et al. 2010, 

Gossett et al. 2012). New technologies have enabled genome-wide maps of chromatin 

architecture to be constructed across different cell types (Thurman et al. 2012, Stergachis et al. 

2013), individuals (McDaniell et al. 2010, Kasowski et al. 2013, Lee et al. 2013), and species 

(Tsankov et al. 2010, Shibata et al. 2012). Although these studies have revealed extensive 

variation in chromatin structure, many outstanding issues remain, including how much of 

variation in chromatin accessibility is heritable, the relative contributions of cis and trans-acting 

regulatory variation to differences in chromatin architecture (McDaniell et al. 2010), and how 

often variation in chromatin structure results in gene expression variation (Tirosh et al. 2009, 

Degner et al. 2012).  

Here, we describe a genome-wide analysis of chromatin accessibility between two 

closely related Saccharomyces sensu stricto yeast species, Saccharomyces cerevisiae and 

Saccharomyces paradoxus, and their hybrid. S. cerevisiae is the yeast model species and has 

been extensively studied. S. paradoxus is the most closely related species to S. cerevisiae, with 

an estimated divergence time of 5 million years ago (Kellis et al. 2003).  Chromatin structure in 

S. cerevisiae has been studied previously (Hogan et al. 2006, Hesselberth et al. 2009) and across 
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a single genome, open chromatin regions are weakly associated with increased expression 

(Simon et al. 2013). In addition, nucleosome locations have been compared across multiple yeast 

species, including S. cerevisiae and S. paradoxus, and cis changes, such as anti-nucleosomal 

sequences and binding sites for general regulatory factors, were found to contribute to 

differences in nucleosome location (Tsankov et al. 2010). Within species, the genetic 

architecture of chromatin accessibility has been studied using QTL mapping (Lee et al. 2013); 

however, this has not been addressed between species.  

In this study, we assessed chromatin accessibility using FAIRE-Seq and found 

considerable divergence in chromatin structure between S. cerevisiae and S. paradoxus. 

Moreover, we developed a novel statistical approach to identify cis and trans-acting effects on 

chromatin accessibility in hybrids and found cis effects on chromatin structure are more common 

than trans effects, are of greater magnitude, and that the direction of cis and trans effects are 

often in opposite directions suggesting compensatory evolution. Finally, we show that the 

relationship between chromatin structure and transcript levels in S. cerevisiae and S. paradoxus 

is complex, and a significant proportion of differences in chromatin accessibility might be 

functionally benign. 

4.3 Results 

4.3.1 Differences in chromatin accessibility within and between species 

We first assessed differences in chromatin structure between haploid strains of S. 

cerevisiae and S. paradoxus.  We generated FAIRE-Seq (Formaldehyde-Assisted Isolation of 

Regulatory Elements) data (Simon et al. 2013) for two biological replicates for two strains of S. 

cerevisiae (DBVPG1373, a wine strain, and UWOPS05_217_3, a wild isolate) and one strain of 

the sister species S. paradoxus, CBS432 (see Methods).  FAIRE isolates DNA that is not bound 



	
   68	
  

to proteins, resulting in increased signal in regions with increased chromatin accessibility.  We 

sequenced FAIRE DNA samples to approximately 10x coverage using short read sequencing 

(see Methods).  As expected, sequencing reads were enriched in intergenic regions (mean of 2.4x 

enrichment compared to coding regions).   

We first asked which specific areas of the genome have undergone changes in chromatin 

accessibility between species.  We focused on the nucleosome-free region (NFR) found upstream 

of the transcription start site of many yeast genes because this region is known to harbor 

important regulatory information; this was also where the dominant FAIRE signal was found in 

our data (Rando and Chang 2009), (see Figure C.1).  We computationally identified the 

nucleosome-free region from the FAIRE data (see Methods) by identifying the peak in FAIRE 

signal found upstream of each gene and extended the region in either direction until a 

background level of signal was observed.  We then merged NFR calls across the two species (see 

Methods). We also carried out extensive filtering to eliminate peaks whose differences might be 

caused by duplications between species or mapping issues (see Methods).  In total, we identified 

3498 NFRs that passed our filtering and had an average size of 253 bp. 

We first compared one strain of S. paradoxus, CBS432, and one strain of S. cerevisiae, 

UWOPS05_217_3. Overall, the locations of NFRs called were well-conserved across species, 

and on average the location of 42% of NFRs overlapped between the two species. As a 

complementary analysis, we compared levels of chromatin accessibility in the set of all 3,498 

NFRs, and found them to be strongly correlated (R2=0.68 between species, p < 2.2 x 10-16) 

suggesting that broad-scale patterns of accessibility are conserved over time.  

Next, we tested each of the 3,498 NFRs for differences in chromatin accessibility 

between the two parental haploid species, S. cerevisiae and S. paradoxus, and used the R 
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package DESeq to test for significant differences.  We found 947 NFRs showed significant 

differences in FAIRE signal (FDR=0.05, Figure 4.1, see Methods).  Furthermore, by analyzing 

the distribution of p-values (Storey and Tibshirani 2003), we estimate that π0 (the proportion of 

NFRs with no differences in chromatin accessibility) is 0.53, suggesting that 47 percent of NFRs 

are differentially accessible between species.  These 947 NFRs were upstream of 1149 distinct 

genes and on average resulted in a 2.17-fold difference in FAIRE signal between the two species.  

483 of the NFRs showed higher accessibility in UWOPS05_217_3, while 464 NFRs showed 

higher accessibility in CBS432.  We carried out a test for GO enrichment at the genes 

downstream of differentially accessible peaks and found that several GO biological process 

terms were enriched compared to the genome as a whole (corrected p < 0.05), specifically 

intracellular transport, protein localization, protein transport, and establishment of protein 

localization (Medina et al. 2010).  
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To assess the robustness of these results, we also generated FAIRE-Seq data for a second 

strain of S. cerevisiae (DBVPG1373, a wine strain). Divergence at synonymous sites between 

Figure 4.1. Patterns of chromatin accessibility within and between S. cerevisiae and S. paradoxus.  
 
A. Scatterplots of relative chromatin accessibility between S. cerevisiae strains DBVPG1373 and 
UWOPS05_217_3 (top), S. cerevisiae strain UWOPS05_217_3 and S. paradoxus strain CBS432 (middle), 
and S. cerevisiae strain DBVPG1373 and S. paradoxus strain CBS432 (bottom). Note, comparisons within 
and between species are shown as blue and light green, respectively. B. Heatmap representation of chromatin 
accessibility at all NFRs in S. cerevisiae strain UWOPS05_217_3 versus S. paradoxus strain CBS432.  Each 
row is a NFR, and columns are the two biological replicates of S. cerevisiae strain UWOPS05_217_3 and S. 
paradoxus strain CBS432. Rows are sorted by average difference in signal at NFRs between S. cerevisiae 
and S. paradoxus.  The far right column indicates if the difference in chromatin accessibility between species 
is significant (yellow rectangles). 
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these species is estimated to be 0.29 (Kellis et al. 2003). Levels of chromatin accessibility in 

NFRs was highly similar between the two S. cerevisiae strains (Figure 4.1; R2 = 0.84; p < 2.2 x 

10-16), and was of similar magnitude between species (Figure 4.1; mean R2 =0.63 ; p < 2.2 x 10-

16). Similarly, of the 947 NFRs that showed differential accessibility between UWOPS05_217_3 

and CBS432, 515 were also significantly different between DBVPG1373 and CBS432. Thus, 

patterns of chromatin accessibility are highly reproducible between genetically diverse strains of 

S. cerevisiae and S. paradoxus.   

4.3.2 Genetic architecture of chromatin differences 

To better understand the genetic architecture of the widespread differences in chromatin 

accessibility observed between S. cerevisiae and S. paradoxus, we developed novel statistical 

tests for the presence of cis and trans effects (see Methods; Figure 4.2). Simulations showed that 

these tests had high power and maintained correct false positive rates over a range of parameters 

(see Methods; Table C.1). Briefly, we tested for allele-specific chromatin accessibility within the 

hybrid to identify cis effects and tested for differences between the ratio of chromatin 

accessibility in the two parental species and the ratio of chromatin accessibility observed in the 

hybrid to identify trans effects (Figure 4.2). Over 99% of all NFRs identified in the parental 

strains contained one or more variants (median = 32) and could therefore be assessed for cis and 

trans effects.  We identified 2256 NFRs showing a significant cis effect (posterior probability > 

0.95, see Figure 4.3A) and 1020 NFRs showing a significant trans effect (posterior probability > 

0.95, see Figure 4.3B).  Interestingly, 782 NFRs showed both significant cis and significant trans 

effects.  Cis effects were both more numerous as well as of greater magnitude on average (1.8-

fold difference in chromatin accessibility compared to 1.6-fold difference in chromatin 

accessibility (Mann Whitney test, p < 2.2 x 10-16, Figure 4.3C).  Strikingly, we found that cis and 
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trans effects were negatively correlated (r = -0.32, p <1 x 10-16), which suggests a widespread 

role for compensatory evolution to stabilize chromatin structure (Figure 4.3D). 

 

Figure 4.2. Schematic of approach to detect cis and trans effects on chromatin accessibility. 
 
Top, an example of a NFR showing only a trans effect on chromatin accessibility.  A trans effect is detected as 
a case where there is a difference in chromatin accessibility between the two parental haploid species, but there 
is no difference in chromatin accessibility between the two alleles in the hybrid.  As shown above, this could 
be explained by a case where a nucleosome remodeler (shown as a hexagon) acts to evict nucleosomes and 
increase accessibility in S. cerevisiae, but a mutation in S. paradoxus has rendered it inactive and it is unable to 
evict the nucleosomes.  In the diploid hybrid, the chromatin remodeler from S. cerevisiae is able to evict 
nucleosomes from both the S. cerevisiae and S. paradoxus chromosomes.  Bottom, an example of a NFR 
showing only a cis effect on chromatin accessibility.  A cis effect is detected as a difference between the 
accessibility detected between the two alleles in the diploid, and the lack of a trans effect is shown by the same 
difference being detected between the parental species.  In this case, there has been a mutation at the NFR on 
the S. cerevisiae allele, leading to a difference in the number of nucleosomes binding in the region. 
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4.3.3 Disrupted motifs are associated with cis effects 

To test the hypothesis that cis-acting chromatin QTL result from variation in regulatory 

motifs, we identified motifs independently in the two species and computationally inferred 

whether sequence differences abrogated motif usage. Specifically, we define disrupted motifs as 

Figure 4.3. Cis and trans effects on chromatin accessibility.   
 
A. For each NFR, the relative chromatin accessibility in the haploid is plotted versus the relative chromatin 
accessibility in the diploid. NFRs with a significant cis effect are shown in pink.  B. Reproduction of the plot 
from (A), but NFRs with a significant trans effect are shown in green. C. Violin plot showing the effect size 
distribution of cis and trans effects. D. Scatter plot of relative cis and trans effect sizes. Positive effects indicate 
higher accessibility in S. cerevisiae and negative effects indicate higher accessibility in S. paradoxus.   
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those that were called in only one of the two species (see Methods). Disrupted motifs were 

strongly enriched in NFRs with significant cis-acting chromatin QTL (p = 2.4 x 10-7). We also 

found that overall nucleotide divergence was higher at NFRs with significant cis effects 

compared to regions without significant cis effects (Mann Whitney test, p = 3.48 x 10-6). Note, 

this observation parallels previous findings that polymorphism is higher for genes that show 

significant allele-specific expression in S. cerevisiae hybrids (Ronald et al. 2005).  

We next asked if any of the 106 motifs were overrepresented for being disrupted in the 

set of significant cis-acting chromatin QTL. We found two overrepresented motifs, GCN4 and 

GZF3 (FDR = 0.10; Figure 4.4A). GCN4 is an activator of amino acid biosynthetic genes, which 

itself is a tightly regulated pathway (Hinnebusch and Nataraian 2002). GZF3 is a negative 

regulator of nitrogen catabolic gene expression (Stanbrough et al. 1995). While it is not 

immediately clear why disruption of these two genes is associated with changes in chromatin 

structure, it is interesting that both play an important role in metabolism, which is a highly 

regulated process.  
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Figure 4.4. Motifs contributing to cis and trans effects.   
 
A. The odds ratio of observing a disrupted motif compared to a non-disrupted motif in NFRs with a 
significant cis effect. Odds ratios are shown for all motifs, as well as the two individual motifs (GCN4 and 
GZF3) that were found to be significant by permutations (FDR = 0.10). B. Pattern of accessibility for four 
motifs found within trans effect NFRs that vary between S. cerevisiae and S. paradoxus. 
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4.3.4 Differential footprints for certain DNA binding factors found at trans effects loci 

To identify factors contributing to trans effects, we searched for cases where there was no 

disruption to the motif but the occupancy of the site changed between species. Such patterns 

could result from mutations that either alter the binding specificity of a trans-acting regulatory 

protein or change its regulation. We used the FAIRE data surrounding each motif to determine 

occupancy, analogous to a DNase I footprint (Hesselberth et al. 2009).  We then tested whether 

there was a significant difference in the pattern of occupancy between species by fitting splines 

to the mean occupancy across conserved sites in trans regions and testing whether the splines 

were significantly different in a 100bp window surrounding the motif using bootstrapping (see 

Methods). We identified four motifs whose pattern of occupancy had significantly (p < 0.05) 

changed between species (Figure 4.4B).  SPT2, a transcription factor that interacts with histones 

and the SWI/SNF complex, showed a clear footprint in S. paradoxus, but nearly the opposite 

pattern in S. cerevisiae, implying decreased occupancy in S. cerevisiae at these trans regions.  

Similarly, TEA1, a Ty enhancer activator, and RGT1, a glucose-responsive transcription factor, 

showed increased occupancy in S. paradoxus. Conversely, CBF1, a centromere binding factor 

also involved in stress response, showed higher FAIRE signals in S. paradoxus than S. 

cerevisiae, implying increased occupancy in S. cerevisiae. 

4.3.5 Effects on gene expression 

To examine the relationship between differences in chromatin accessibility and 

transcriptional divergence between S. cerevisiae and S. paradoxus, we performed RNA-Seq on 

the haploid parents and interspecific hybrid and tested for the cis and trans effects on gene 

expression values.  Out of the 4,899 genes that could be aligned between species, 4,181 exhibited 

significant cis effects and 3,117 showed significant trans effects.  Overall, cis and trans effects 
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on gene expression levels were smaller than those on chromatin accessibility, (Spearman rank-

sum test, p <2.2 x 10-16 for both cis and trans effects, Figure 4.5A). 

 

We next tested whether genes with a significant cis or trans effect in chromatin were 

more likely to have a significant cis or trans effect in transcript abundance. Specifically, we 

divided genes into categories of those downstream of an NFR with a cis effect on chromatin 

versus those downstream of an NFR without a cis effect on chromatin. We then compared the 

Figure 5. Gene expression and chromatin accessibility.   
 
A. Boxplot of log2(effect size) of both cis and trans effects for FAIRE (dark grey) and RNA (light grey).  B. 
Barplot of the percentage of genes with significant cis effects in RNA that are downstream of NFRs with and 
without cis effects (left).  Barplot of the percentage of genes with significant trans effects in RNA that are 
downstream of NFRs with and without trans effects (right).  C. Scatterplot of the log2(absolute value of the 
difference in chromatin accessibility between the two species) vs log2(absolute value of the difference in 
expression between the two species. The red dot indicates data from the MET10 gene, whose FAIRE-Seq and 
RNA data are shown in panel D. For clarity, the FAIRE-Seq data is only shown in a 100bp window on either 
side of the NFR. FAIRE signal is shown in black, and RNA signal is shown in grey.   
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percentage of genes showing cis effects on RNA in these two categories. Surprisingly, we did 

not find evidence that cis or trans effects in NFRs were more likely to be upstream of cis or trans 

effects on RNA, as would be expected if there was a simple correspondence between cis and 

trans effects in NFRs and RNA (see Figure 4.5B, Table C.2).  This was true even when using 

varying cutoffs for the cis and trans effects, including ones that took into account the magnitude 

of effect sizes (Table C.2).   

 The relationship of cis and trans effects observed in gene expression and chromatin 

structure may be complicated by differences in statistical power. For example, 85% of all genes 

show significant cis effects on RNA. Thus, even if cis effects in NFRs are not more likely to be 

found upstream of cis effects on RNA, they could still contribute to gene expression variation 

between S. cerevisiae and S. paradoxus. To this end, we assessed whether expression differences 

between species could be modeled as a function of the cis and trans effects found upstream of 

each gene. Specifically, we fit the simple linear model: expression difference = Intercept + cis 

effect + trans effect + cis * trans effect + error, using the lm function in R.  We found that both 

cis effects and trans effects on chromatin were significantly related to expression differences 

between species (p = 0.002, p = 4.18 x 10-5 respectively) though they explained a very small 

proportion of the total variance in expression between species (0.8% combined). The interaction 

term of cis and trans effects was not significant (p > 0.05). Interestingly, the motif for GZF3, 

which is significantly overrepresented in cis NFRs, was overrepresented in cis NFRs upstream of 

genes with cis effects on RNA. 

Finally, we found no significant correlation between the magnitude of differences in chromatin 

accessibility and differences in gene expression between the parental species (Spearman rank-

sum test, p = 0.11, Figure 4.5C). However, for a subset of NFRs, differences in chromatin 
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accessibility and gene expression do appear to be highly correlated. To identify these regions, we 

compared the log2(S. paradoxus/S. cerevisiae) for NFRs and gene expression at downstream 

genes and identified those whose absolute value of the difference between the two ratios was less 

than 0.25. We identified 701 such regions; one example is shown in Figure 4.5D. 

 

4.4 Discussion 

The ability to assay chromatin accessibility at high-resolution and on a genome-wide 

scale has enabled comprehensive insights into the structure and function of chromatin in many 

cell types, developmental stages, and organisms. Here, we were particularly interested in the 

evolutionary dynamics of changes in chromatin accessibility between two closely related yeast 

species.  Broad-scale patterns of chromatin accessibility have been well conserved between S. 

cerevisiae and S. paradoxus (Figure 4.1), but superimposed on this background of conservation, 

we estimate that nearly 50% of NFRs exhibit differential accessibility.  

To better understand the relative contributions of cis and trans effects on differences in 

chromatin accessibility observed between S. cerevisiae and S. paradoxus, we developed novel 

statistical methods to analyze FAIRE-Seq data from diploid hybrids.  Similar to previous 

findings on RNA levels (Brem et al. 2002, Wittkopp et al. 2004, Wittkopp et al. 2008, Tirosh et 

al. 2009), differences in chromatin accessibility are caused by changes both in cis and in trans. 

In our data, cis effects were of greater magnitude and were more abundant. Recently, Lee et al. 

performed a study similar to ours and assessed cis and trans effects on chromatin structure in a 

cross between two strains of S. cerevisiae (Lee et al. 2013). In contrast to our observations, they 

found that trans QTL were more pervasive than cis QTL (92.1% of associations versus 7.9% of 

associations) (Lee et al. 2013). We hypothesize that these disparate observations are primarily 
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the consequence of differences in the evolutionary trajectory of chromatin accessibility QTL in 

within versus between species data. In particular, trans-acting chromatin QTL are likely to be 

subject to more intense purifying selection due to their potential pleiotropic effects, and tend to 

be eliminated over longer time periods (Ronald and Akey 2007). This hypothesis is consistent 

with findings for expression QTL studies, which showed that trans-eQTL were more common 

within species and cis-eQTL were more common between species (Tirosh et al. 2009, Emerson 

et al. 2010). Consistent with this hypothesis, we found that cis and trans effects were 

significantly negatively correlated, indicating that chromatin accessibility in each species is 

subject to stabilizing selection and perturbations of chromatin structure are, on average, 

deleterious.  

We estimated cis and trans effects for both chromatin accessibility and gene expression 

levels. Unexpectedly, the presence of cis or trans effects on chromatin accessibility in NFRs was 

not significantly associated with cis or trans effects on RNA. In other words, gene expression 

levels with significant cis or trans effects were not more likely to have an NFR with significant 

cis or trans effects on chromatin accessibility. Thus, it appears that many of the changes in 

chromatin accessibility in NFRs between S. cerevisiae and S. paradoxus do not necessarily have 

transcriptional consequences. One factor that may contribute to this observation is that 

compensatory changes downstream of chromatin accessibility, such as mutations that influence 

mRNA stability, may evolve to maintain levels of gene expression. In addition, many changes in 

chromatin accessibility may simply be functionally benign.	
  	
  

Furthermore, an important caveat is that our data was obtained from a single 

environmental condition, and it is plausible that stronger correlations between chromatin and 

gene expression QTL may exist when analyzing data from either a different environment or 
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across multiple environments. Nonetheless, the lack of a clear relationship between chromatin 

and gene expression QTL in our data is interesting in light of recent observations from the 

ENCODE Project that have found a large proportion of the human genome has reproducible 

biochemical activity (Bernstein et al. 2012). Our results suggest caution in assuming all, or 

perhaps even most, of such sequences are functionally important. 

 

4.5 Materials and Methods 

Strain growth, FAIRE, and RNA-Seq 

65 ml of each of 2 biological replicates of the S. paradoxus strain CBS432 and the two S. 

cerevisiae strains DBVPG1373 and UWOPS05_217_3 were grown to mid-log phase.  15 ml 

were used for RNA-seq and 50 ml were used for FAIRE.  FAIRE was performed as described in 

Simon et al. 2012, with some modification.  The cells were fixed with 1% formaldehyde for 35 

minutes with mixing.  Cells were sonicated using the Fisher Scientific Sonic Dismembrator 

Model 100 for three cycles of 15 one-second bursts with 1 second rest in between, keeping the 

cells on ice for at least 30 seconds between cycles. The remainder of the protocol was followed 

as in Simon et al. (2013).  RNA isolation was done using the hot phenol protocol (Rose et al. 

1990), and RNA was treated with Turbo DNAse before library construction. 

 

Library construction and sequencing 

Libraries were constructed for the FAIRE samples using the Illumina TruSeq DNA kit, starting 

with approximately 200 ng FAIRE DNA, following their standard kit protocol but omitting the 

fragmentation step.  RNA libraries were prepared using the Illumina TruSeq RNA kit, following 

their standard protocol.  Libraries were pooled into two lanes, one for the FAIRE samples and 
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one for the RNA samples, and were sequenced on the HiSeq 2000. Raw sequence data and 

processed files are available at the GEO database with accession number GSE55717. 

Read mapping 

Reads were mapped to genomes assembled in Skelly et al. 2013 for the S. cerevisiae haploid 

samples using bwa and samtools (Li and Durbin 2009, Li et al. 2009). For the S. paradoxus 

strain CBS432, we used the last updated reference version from the SGRP (Liti et al. 2009). For 

the diploid samples, we mapped to a combined FASTA containing both genomes.  We tested 

whether mapping to each genome separately for the diploid samples resulted in increased 

mapping; it did not.  For the diploid samples, we generated simulated reads and mapped to the 

combined FASTA. For all further analyses, we restricted analysis to NFRs for which greater than 

90 percent of simulated reads mapped back to the correct region. We also sequenced a genomic 

DNA sample.  We also filtered out NFRs where the absolute value of the log2(ratio of reads 

between the two species) for the genomic DNA was greater than 0.3. 

 

Identifying NFRs  

We identified NFRs as follows: specifically, starting at the beginning of the coding region of the 

gene, we looked for the peak of chromatin accessibility within 300bp upstream of the start 

codon.  We then defined the edges of the NFR as the base-pair after which at least 3 bases had 

had a chromatin accessibility count of less than 10.  We did this separately for each biological 

replicate and each species. For each gene separately, we then merged NFRs if they were within 

200bp. 

 

Filtering NFRs and genes 
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In order to convert between the two species coordinates, we created a multiple alignment 

between the two species using LASTZ and TBA (Harris 2004, Blanchette 2004). We inferred 

scoring parameters using the two species of interest.  Using this multiple alignment, we then 

converted the NFRs called in CBS432 to S. cerevisiae coordinates, and found the union of all 

NFRs called across the samples.  We used this union of NFRs for further tests.  We also filtered 

the NFRs based on a reciprocal alignment filter, where we required that NFRs align to only one 

region in the other species, based on the multiple alignment.  This allowed us to filter out regions 

with duplications or deletions between the two species.   

 

Identifying differentially accessible NFRs 

Using samtools, we summed the count of reads mapping in each species across each NFR or 

gene in both biological replicates. Note that we did this in the native coordinates for each 

species, filtering out sites which were called as indels in the multiple alignment. We then used 

the R package DESeq (Anders and Huber 2010) to assess differential FAIRE signal between 

species. This method takes into account biological replicates, and models the count distribution 

using a negative binomial distribution.  We used the R package qvalue to estimate q-values 

(Storey and Tibshirani 2003).  We used a significance threshold of FDR = 0.05 unless otherwise 

noted.   

 

Statistical model to detect trans effects 

If differences in chromatin accessibility between S. cerevisiae and S. paradoxus are due to trans-

acting factors, the relative chromatin accessibility in the haploid parents will be different than the 

relative chromatin accessibility in the diploid hybrid (Fig. 4.2). We leveraged the FAIRE-Seq 
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data to detect differences in the relative levels of chromatin accessibility between F1 hybrids and 

the parental species. Specifically, let Nc and Np be the total number of reads across the genome 

mapping to polymorphic sites in the S. cerevisiae and S. paradoxus haploid parents, respectively. 

For a particular locus j, Yc and Yp denote the observed number of reads mapping to S. cerevisiae 

and S. paradoxus, respectively. Then assume: Yc|rc ~ Binomial (Nc, rc) and Yp|rp ~ Binomial(Np, 

rp), where rc and rp denote the probabilities of observing a read mapping to S. cerevisiae or S. 

paradoxus for a particular locus, respectively. Since Nc and Np are large, and rc and rp are small, 

we can approximate these binomials by Poissons to give: Yc|rc ∼ Poisson(Nc rc ) and Yp|rp∼ 

Poisson(Np rp). 

We define θP = rc/rp to be the ratio of these probabilities in the parents and R = Nc/Np to be the 

ratio of the total numbers of reads in each parent. Then, Yc|Yc+Yp, sc ∼ Binomial(Yc+Yp, sc), where 

sc =Ncrc/ (Ncrc +Nprp) = RθP /(RθP +1) is the probability of observing a read map to S. cerevisiae, 

without adjusting for differences in the total number of reads mapping to each species. We can 

thus write log(Sc/1-Sc) = log R + log θP, such that θP is the odds of observing a read map to S. 

cerevisiae compared to S. paradoxus for a particular locus in the haploid parents, adjusted for 

differences in the total number of reads mapping to each species. 

For the diploid hybrid, let Zc and Zp denote the number of reads mapping to S. cerevisiae and S. 

paradoxus SNPs within locus j, respectively. Thus, Zc|Zc+ Zp, pc ∼ Binomial(Zc+Zp, pc), where pc 

is the probability of observing a read map to the S. cerevisiae allele for a particular locus. The 

odds of observing a read map to S. cerevisiae in the hybrid for a particular gene is 

 θH = pc /(1−pc). In the following, let Ycj, Ypj, Zcj, and Zpj represent the data as defined above, but 

with j = [1,2] indexing biological replicate.  

Thus, the locus specific models are: 
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Ycj|Ycj +Ypj, scj ∼ Binomial(Ycj + Ypj, scj),  

Zcj|Zcj +Zpj, pcj ∼ Binomial(Zcj + Zpj, pcj) 

logit scj = log Rj +log θP + δj  

logit pcj = log θP + ∆ + εj 

where Rj = Ncj / Npj, δj ∼ N(0, σ2) and εj ∼ N(0, σ2) represent random effects that allow for excess-

binomial variation. Here, ∆ is the parameter of interest and provides an estimate of the difference 

between log(θP) and log(θH), as described above. The above framework is an example of a 

generalized linear mixed model (GLMM) and we used a Bayesian approach to inference with 

relatively flat hyperpriors. One computationally intensive method for summarizing the posterior 

would be Markov chain Monte Carlo (MCMC) but the integrated nested Laplace approximation 

(INLA) as described in Paul et al. 2010 provides an efficient alternative for GLMMs (Fong et al. 

2010). We used the R implementation of INLA to estimate ∆. We examined a 95% posterior 

interval estimate for ∆ and recorded whether this interval contained 0 or not.  If the interval does 

not contain 0 it indicates that chromatin accessibility differs. 

 

Statistical model to detect cis effects 

To detect cis effects, we developed a model to test for differential accessibility between alleles 

within the diploid hybrid. Let Zcj, and Zpj represent the data as defined above. We can therefore 

write: 

Zcj|Zcj + Zpj, pcj ∼ Binomial(Zcj +Zpj, pcj) 

logit pcj = log θH + εj 

with εj ∼ N(0,σ2) representing random effects that allow for excess-binomial variation. In this 

model, θH is the parameter of interest and provides an estimate of the odds of a read mapping to 
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the S. cerevisiae allele compared to the S. paradoxus allele in the diploid hybrid for a particular 

gene. We again used the R program INLA to estimate the posterior for log(θH) and in particular 

examine whether the 95% posterior interval estimate contains 0.   

 

Simulations  

We carried out extensive simulations to evaluate the operating characteristics of our model.  

Specifically, for the trans model, we set the total number of reads mapping to polymorphic sites 

for species 1 (Nc1) equal to 5 x 106, and drew the total number of reads mapping to polymorphic 

sites for the other species and replicate from a normal distribution with mean Nc1 and standard 

deviation Nc1.  We then drew the value for rc, the probability of a read mapping to S. cerevisiae 

for a particular locus from an exponential distribution with rate 10,000.  For Nc1 = 5 x 106, this 

results in a mean of 500 reads mapping to a locus, with most having less than 500 reads, 

consistent with the observed data.  We drew the value for rp, the probability of a read mapping to 

S. paradoxus for a particular locus, from a normal distribution with mean rc and standard 

deviation rc and took the absolute value to ensure rp was greater than zero. Using these values, 

we derived Yc and Yp, the number of reads mapping to S. cerevisiae and S. paradoxus, 

respectively, for a particular locus, for two biological replicates as specified by the model.  For 

Zc and Zp, the number of reads mapping to the S. cerevisiae and S. paradoxus alleles in the 

hybrid summed across polymorphic sites in a particular locus, we either derived these using the 

same rc and rp values as above, to simulate a locus which showed no trans effect, or we set the 

value of log2(θP) – log2(θH) equal to 0.1, 0.5, or 0.8, to simulate a locus with a trans effect. Note, 

this spans the range of detected trans effects. For 100 replicates, we simulated a collection of 

6000 loci, 5000 of which did not show a trans effect and 1000 or which did show a trans effect. 
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For each of the 100 replicates, we then used the method described above to test whether the 95% 

posterior interval estimate for ∆ for each locus contained zero.   

To evaluate the cis test, we again started with the same values for the total number of reads. To 

simulate a locus with no cis effect, we set the value of log2(Zc/Zp) equal to zero, and to simulate a 

locus with a cis effect, we set the value of log2(Zc/Zp) equal to 0.1, 0.5, or 0.8.  Again, for 100 

simulations, we simulated a collection of 6000 loci, 5000 showing no cis effect and 1000 

showing a cis effect. For each simulated set of loci, we then used the statistical method above to 

test whether the 95% posterior interval estimate for log(θH) for each locus contained zero to test 

for a significant cis effect. 

We found that the false discovery rate for both cis and trans based on a test based on a 95% 

interval was 0.05.  Moreover, we found that the trans test has reduced power compared to the cis 

test, as expected because there were more parameters that could vary across biological replicates.  

However, with an effect size=0.5 for both the cis and trans tests, there was significant power to 

detect the cis or trans effects (Table C.1). 

 

Motif analysis 

We called motifs separately in both species, using MEME, using their standard p value cutoff of 

p < 10-4 (Bailey et al. 2009).  This results in the same cutoffs used for both species. Motifs that 

were not called in both species were considered polymorphic.  We filtered out motifs where the 

polymorphism was due to indels in order to mitigate alignment errors.  The motif calls used for 

this analysis are available as supplementary data on our website 

(http://akeylab.gs.washington.edu/downloads.shtml). 
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We compared the proportion of disrupted motifs (those that were called in only one species) in 

cis NFRs to non-cis NFRs using the Fisher exact test.  We determined significance by 

permutations; we permuted the assignment of cis or not cis NFRs 1000 times and obtained p 

values from the permutations.  We then used the positive False Discovery Rate approach to 

determine significance (Storey and Tibshirani 2003). 

 

Occupancy at trans NFRs 

We obtained the RPKM in a 200bp window surrounding motifs that were conserved across 

species in trans NFR regions for each of the two species. We filtered out motifs that did not have 

at least five instances of conserved motifs. We fit a cubic smoothing spline to the mean coverage 

using the R function spline. We then bootstrapped the data 1000 times by resampling from the 

motifs for each species. At five bp intervals across the region, we then tested whether the 

coverage was significantly different between the species, using the confidence intervals obtained 

from the bootstrapping. We then manually inspected the significant motifs (p < 0.05) to identify 

those which appeared to affect the FAIRE signal at or the near the motif. 
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Chapter 5 

Summary and future directions 

5.1 Summary 

In this dissertation, I have used yeast as a model organism to assess the effects of 

noncoding variants and chromatin architecture on gene expression. First, I asked how well 

association mapping works in yeast and found that complicated population structure makes it 

difficult to use yeast in association mapping without careful choice of which strains to use. 

 Secondly, I assessed the evolutionary pressures acting on noncoding regions in yeast, 

specifically the differences in pressures on potentially functional sites, motif binding sites, and 

other noncoding sites, and found that there was strong purifying pressure acting at motif binding 

sites.  I then used data from yeast strains to associate noncoding variants with differences in gene 

expression.   

 Finally, I used methods to map chromatin accessibility to ask how differences in the 

accessibility of chromatin affect differences in gene expression between species.  I found that 

differences in chromatin accessibility were numerous, that these differences are driven primarily 

by genetic changes in cis, and that the effects of chromatin accessibility on gene expression 

appear to be modest. 

5.2 Alternative approaches for association mapping 

In Chapter 2 of this dissertation, I found that the combinations of strains sequenced so far in 

yeast can lead to increased false positive rates when used in association tests. There has been a 

great deal of work recently to develop methods to control for complicated population structure in 

association mapping (Yang et al. 2014). However, in Chapter 2, we found that even using these 

methods did not fully reduce the rate of false positives. We suggested alternative approaches to 
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reduce the problem of population structure in yeast, including choosing intelligently which of the 

sequenced strains to use.  Indeed, one advantage of working in a model organism is the ability to 

intelligently choose the starting population for association mapping. It has become clear that 

using global collections of strains leads to complicated patterns of population structure (Liti et al. 

2006, Schacherer et al. 2009). From a population genetics perspective, strains from different 

parts of the world with complicated population structure patterns are not an idealized 

‘population’. In addition to choosing intelligently from the already sequenced strains, another 

approach to this could be to collect new groups of strains that would be more likely to fit the 

population genetics definitions of an idealized population, such as multiple strains from the same 

geographic location. This would presumably lead to less complicated population structure, 

although it would also lead to a less diverse group of strains.  

5.3 Studying regulatory changes in different environments 

In Chapters 3 and 4 of this dissertation, I looked at the effects of noncoding variation on gene 

expression in two environments, namely phosphate limitation and rapid growth. One limitation 

of much of the work done so far in yeast on gene regulation is that it has focused on a single 

environmental condition, namely, rapid growth.  There are numerous reasons why this might not 

be the ideal condition under which to study gene regulation.  One reason is that expression is not 

unchanging during the log phase of growth, and now that we are using more sensitive 

measurements we may want to find a way to get more consistent environmental responses 

(Hayes et al. 2002). Secondly, growth on a nutrition source with every amino acid required is 

unlikely to be representative of the conditions a wild or fermentation yeast would experience. 

Finally, studying a single condition will inevitably give an incomplete picture of regulatory 

networks and which variants are functional. For instance, a study of gene expression evolution in 
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three different environments found that cis effects were well correlated across conditions, while 

trans effects were more likely to be condition-specific (Tirosh et al. 2009).  This means that we 

may be missing information about the role of trans effects by studying only a single 

environment. Finally, it’s possible that more can be learned from integrating information about 

regulatory responses across multiple conditions. 

5.4 Integrating more levels of information 

Another approach that may yield more insights into gene regulation and its downstream affects is 

to integrate multiple levels of genome-wide datasets.  For example, there are now many steps in 

of the process of gene expression which can be measured using genome-wide high-throughput 

methods (Figure 5.1)  

                 
Figure 5.1 Molecular intermediates and rates which can be measured genome-wide. 
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Much has been learned in the past few years about how some of the later steps of this 

process are carried out. In particular, there has been work looking at the genetic basis of protein 

differences.  Studies have attempted to address whether and how differences in gene expression 

are related to differences in protein levels.  Overall, it appears that some of the variation in 

mRNA levels appears to be buffered in protein levels (Foss 2011, Ghazalpour 2011, Low et al. 

2013). In yeast, researchers found that loci linked to variation in gene expression were also likely 

to be linked to variation in protein levels, and that previous studies which had tried to compare 

the two had been unable to find as high of a correspondence due to differences in power between 

the studies (Skelly et al. 2013, Albert et al. 2014).  However, overall about 50% of eQTL were 

manifest as pQTL, emphasizing the importance of post-transcriptional processes to protein levels 

(Albert et al. 2014). In general, studies of protein levels are still relatively low-throughput 

compared to gene expression and other functional genomics phenotypes. For example, in the 

mice study they were able to assay 486 proteins, Albert et al. (2014) studied 174 abundantly 

expressed genes, with possibly the largest study to date assaying 2100 proteins (Picotti et al. 

2013). There is still much to learn about how gene expression levels are related to protein 

expression and ultimately to phenotype. 

Another approach taken in integrative studies is to attempt to identify regulatory modules 

or to construct regulatory networks.  There has been a great deal of interest in using gene 

expression to predict phenotypes, particularly for clinical applications (Beer et al. 2002, Van de 

Vijver et al. 2002, Curtis et al. 2012). In model organisms, researchers have begun conducting 

large scale experiments where transcript abundance, genotype, and an array of phenotype data 

are collected at once in order, such as in Drosophila, Arabidopsis, and yeast (Ayroles et al. 2009, 

Fu et al. 2009, Skelly et al. 2013). Expression data can also be used to construct networks.  
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These networks can then be used to learn more about functional relationships among genes 

(Emilsson 2008, Chen et al. 2008, Zhu et al. 2008). Ultimately, genetic networks will be useful 

in that they can inform relationships among genes, and if we can understand the flow of 

information through a pathway, we may be better able to understand the effects of perturbations 

within a pathway. 

5.5 Experimental testing of regulatory alleles 

Identifying specific regulatory alleles after identifying linkage or association to a 

particular region remains challenging (Ehrenreich et al. 2009, Tirosh et al. 2009, Thompson and 

Regev 2010, Yvert et al. 2003). To illustrate this, some groups have gone on to map the specific 

differences causing expression differences at particular genes (Tao et al. 2006, Prud’homme et 

al. 2006). Tao et al. (2006) identified and experimentally validated five distinct cis-acting 

variants affecting gene expression at the KRT1 gene in human cell lines. To fine-scale map 

causal SNPs, they predicted protein binding sites to identify candidate variants, tested for protein 

binding at those sites, and used reporter assays to confirm the functional effects of specific 

alleles. They found that of 5 SNPs they validated as having functional effects, 3 acted to increase 

expression and 2 to decreased expression (Tao et al. 2006). Finding multiple functional variants 

in a region, and ones which do not act in the same direction, appears to be a common outcome 

(Flint and Mackay 2009). Overall, cis-regulatory effects on gene expression can be complex and 

combinatorial in nature. 

This type of experimental testing of regulatory alleles is still somewhat challenging and 

slow to carry out. A number of labs have recently worked on methods that attempt to scale up the 

number of alleles that can be tested at one time.  One goal of these approaches is to learn more 

about how the spectrum of possible mutations might affect phenotypes, in order to be more 
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predictive when presented with a new mutation.  Many of the methods developed so far involve 

generating libraries of mutations within a short stretch of DNA and measuring the effects 

(Fowler et al. 2010, Patwardhan et al. 2012, Bonde et al. 2014). These approaches will help 

generate a better null distribution of what the effects of different mutations might be.   

5.6 Predictions of causative alleles 

The goal of many studies of regulatory variation is to better inform our ability to make 

predictions about how genetic changes to regulatory regions may affect downstream phenotypes.  

Using the information we have available now, many papers have tried to make predictions about 

what types of amino acid or single nucleotide changes might be causative for a particular disease 

or phenotype (Lee et al. 2009). For example, for coding variants, PolyPhen uses information 

about potentially damaging amino acid changes to proteins to predict functional changes within 

coding regions (Cooper et al. 2010). Similarly, measurements of genetic constraint have been 

used in a similar manner (Siepel et al. 2005). Kircher et al. (2014) used machine learning to 

build predictions of potentially ‘causal’ genetic variants using data such as conservation, 

functional annotations such as DNaseI hypersensitivity, and measures of function such as 

PolyPhen.  Overall, functional annotations improved predictions, although overall the strongest 

signal came from conservation information (Kircher et al. 2014). In many cases, we still do not 

have a good sense of what function different variants might have (i.e. a good ‘training set’), 

making this type of prediction challenge harder, though the experimental approaches mentioned 

in the previous section may be one way to address this. 

5.7 Concluding remarks 

 In conclusion, we have learned a great deal so far about the function of noncoding 

regions. However, overall, the questions which motivated some of the earliest researchers who 
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hypothesized the importance of regulatory changes to evolutionary change remain unanswered, 

and we are only beginning to learn about the importance of regulatory change to evolutionary 

processes.  Methods to map functional noncoding regions have the potential to greatly increase 

our understanding of how DNA is translated into phenotypes, combined with experimental tests 

of regulatory function. We are also beginning to learn about what types of genetic changes have 

led to differences in chromatin architecture, gene expression, and protein levels between or 

within species. There is still much to learn about the multiple steps of producing cellular 

phenotypes from DNA from RNA to proteins and how genetic variation affects these different 

steps. Hopefully from the vast amount of functional genomics data currently being produced, we 

will soon be able to answer more definitely questions about how evolutionary change occurs, 

what contribution different types of regulatory changes have made to such changes, and the 

mechanisms by which these regulatory changes occur. 
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Appendix A- Supplementary Material for Chapter 2 
 
A.1. Tables 
Table A.1.   mtDNA Copy Number in SGRP Strains 
 

mtDNA Relative Copy Number 
Strain Replicate 1 Replicate 2 
BY 1.00 1.00 
RM 2.22 2.08 
DBVPG6765 1.88 1.44 
SK1 2.01 1.96 
DBVPG6044 1.48 1.60 
DBVPG1788 1.67 1.71 
DBVPG1373 2.17 2.69 
DBVPG1853 2.45 2.40 
Y55 1.44 1.61 
YPS128 1.18 1.38 
DBVPG1106 1.64 1.59 
DBVPG6040 1.32 1.44 
YIIc17_E5 0.64 1.27 
BC187 2.41 4.15 
YPS606 1.39 1.57 
L-1374 2.36 1.77 
L-1528 1.99 2.11 
NCYC110 1.89 2.65 
NCYC361 1.71 1.56 
K11  1.97 2.13 
Y9   1.45 1.47 
Y12  1.94 2.22 
YS2 2.06 2.17 
YS4 1.92 3.10 
YS9 1.36 1.21 
UWOPS83-787.3 1.32 1.57 
UWOPS03-461.4 1.24 1.32 
UWOPS05-217.3 1.58 3.19 
UWOPS05-227.2 1.63 1.41 
W303 1.40 1.51 
322134S 2.78 2.41 
378604X 2.10 1.51 
273614N 2.38 2.22 
YJM978 2.17 NA 
YJM981 2.53 NA 
YJM975 2.64 NA 
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Table A.2.   mtDNA Copy Number at the Most Highly Associated SNP 
 

Strain 

mtDNA 
Copy 
Number 

Allele at 
the Most 
Highly 
Associated 
SNP 

273614N 2.3013 C 
322134S 2.5985 C 
378604X 1.8042 C 
BC187 3.2815 C 
DBVPG1106 1.612 C 
DBVPG1373 2.428 C 
DBVPG1788 1.6925 C 
DBVPG1853 2.4258 C 
DBVPG6040 1.3804 C 
DBVPG6044 1.5387 C 
DBVPG6765 1.6612 C 
K11 2.0528 C 
L_1374 2.0679 C 
L_1528 2.0512 C 
NCYC110 2.2716 C 
RM11_1A 2.1507 C 
SK1 1.9893 C 
Y12 2.0785 C 
Y55 1.5246 C 
YJM975 2.4028 C 
YJM978 2.1657 C 
YJM981 2.5284 C 
YS2 2.1183 C 
YS4 2.5073 C 
NCYC361 1.6346 T 
REF 1 T 
UWOPS03_461_4 1.2815 T 
UWOPS05_217_3 2.3843 T 
UWOPS05_227_2 1.5186 T 
UWOPS83_787_3 1.4444 T 
W303 1.4551 T 
Y9  1.4579 T 
YIIc17_E5 0.9506 T 
YPS128 1.2793 T 
YPS606 1.4761 T 
YS9 1.2826 T 
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Appendix B- Supplementary Material for Chapter 3 

B.1 Figures 
 

 

 

Figure B.1. Genome-wide phylogeny of the 37 strains. Neighbor-joining tree showing the 37 strains used in 
this paper. 
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Figure B.2. Evolutionary pressures at noncoding sites using varying cutoffs for motif calling. –log(Neutrality 
Index) scores for two classes of sites (noncoding sites falling within predicted motifs and noncoding sites 
falling outside predicted motifs) are plotted. –log(NI) scores were obtained by summing information across all 
sites of a particular class and using synonymous sites within genes as putatively neutral sites. Confidence 
intervals were obtained by bootstrapping (see Methods).  For noncoding sites, three different cutoffs were used 
for calling motifs.  The most stringent cutoff results are colored black, a less stringent cutoff is colored blue, 
and the most stringent cutoff is colored red (see Methods). 
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B.2 Tables 
 
Table B.1. Highly differentiated intergenic regions with more than 10 total motifs in the region. 
 

Chr Start End Flanking genes 

Pairwise # 
of Motif 

Difs / Total 
motifs 

Total 
motifs 
calls in 
region 

15 516842 517642 
YOR103C, 
YOR104W 0.298 27 

6 68696 69112 - 0.268 22 
7 11730 12480 - 0.253 19 

4 524711 525437 
YDR036C, 
YDR037W 0.252 26 

16 752917 753298 YPR114W 0.223 19 
4 1496541 1496783 YDR529C 0.222 13 
4 371758 372244 YDL045W-A 0.221 15 
3 303027 304357 YCR101C 0.219 48 
12 243350 243886 - 0.219 18 

15 24293 25271 
YOL157C, 
YOL156W 0.219 24 

15 266170 266264 - 0.218 11 
7 323233 325333 YGL096W 0.212 43 

15 160594 162355 
YOL086C, 
YOL084W 0.211 11 

10 67568 67848 - 0.210 13 
2 398271 398607 YBR079C 0.209 13 
15 388684 389212 YOR031W 0.208 22 
5 560360 561699 - 0.207 43 
16 26064 26610 - 0.206 18 
2 366598 366967 YBR062C 0.205 14 

11 218861 219967 
YKL119C, 
YKL117W 0.205 13 

3 266843 267430 YCR089W 0.198 13 

5 562620 566224 
YER186C, 
YER187W 0.198 58 

12 830363 831114 
YLR351C, 
YLR352W 0.197 26 

4 292140 292780 YDL092W 0.197 18 
16 225740 226167 YPL172C 0.194 14 
5 313494 314529 YER076C 0.193 21 
9 268472 268649 YIL046W 0.193 12 
16 63860 64976 - 0.192 34 
7 882236 882816 - 0.191 21 
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12 1060885 1062916 
YLR460C, 
YLR461W 0.190 18 

10 357922 358293 - 0.190 11 
7 98589 98972 YGL207W 0.188 16 
13 183363 190243 - 0.188 35 
9 382379 382624 YIR016W 0.187 13 
12 130612 131203 YLL010C 0.187 11 
4 743872 744308 YDR143C 0.185 11 
7 144054 144813 YGL191W 0.185 26 
11 478475 478876 YKR021W 0.183 11 
14 572317 573000 YNL033W 0.183 21 

13 494494 494997 
YMR112C, 
YMR113W 0.181 20 

2 504281 504847 
YBR133C, 
YBR135W 0.178 13 

15 1070239 1071790 YOR387C 0.178 43 

12 588920 589355 
YLR225C, 
YLR226W 0.177 14 

7 607147 607566 YGR059W 0.177 19 
4 967819 968129 YDR255C 0.177 11 
4 392055 392656 YDL035C 0.173 15 

3 305464 307797 
YCR102C, 
YCR104W 0.171 94 

11 182430 182962 YKL139W 0.171 12 
13 37647 38195 YML116W 0.170 19 
12 817761 819311 YLR344W 0.169 17 
14 743541 744360 YNR061C 0.169 23 
9 131662 132240 YIL121W 0.168 17 
15 277605 278056 YOL023W 0.167 13 
16 76239 76668 YPL249C-A 0.167 12 
14 573855 574507 YNL032W 0.166 17 
1 196179 203393 YAR050W 0.166 134 
15 845791 846267 YOR280C 0.165 15 

4 979206 993130 
YDR261C, 
YDR262W 0.165 37 

7 996234 996873 YGR252W 0.165 15 
5 14415 16354 YEL071W 0.165 44 
14 591162 591428 YNL023C 0.165 11 

5 68792 69756 
YEL046C, 
YEL044W 0.164 30 

12 490595 491867 - 0.164 34 

1 57386 57518 
YAL046C, 

YAL044W-A 0.162 11 
2 90224 90738 YBL069W 0.162 16 
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11 489298 491006 
YKR026C, 
YKR027W 0.162 42 

4 512107 520513 YDR034C 0.161 58 
13 86739 87122 YML092C 0.160 12 
15 165331 165713 YOL083W 0.159 13 

4 1058811 1059623 
YDR298C, 
YDR299W 0.159 21 

4 1196256 1196671 YDR361C 0.158 12 

14 341970 342517 
YNL156C, 
YNL155W 0.157 19 

4 321552 322225 
YDL076C, 
YDL075W 0.157 18 

2 453218 453786 - 0.155 11 
7 7090 8469 YGL259W 0.153 12 
14 28346 28737 YNL326C 0.153 12 
7 440430 441285 - 0.153 13 
5 549512 549718 - 0.153 17 

13 330230 330791 
YMR029C, 
YMR030W 0.152 18 

4 694173 694697 YDR122W 0.151 18 
14 599232 599937 YNL019C 0.151 26 

1 27969 31567 
YAL063C, 
YAL062W 0.151 42 

12 539591 540010 YLR192C 0.150 14 

1 151168 152258 
YAL001C, 
YAR002W 0.149 27 

12 416659 417006 
YLR136C, 
YLR137W 0.149 14 

4 453648 454119 YDR003W 0.149 15 

16 347388 348442 
YPL109C, 
YPL108W 0.148 37 

15 514279 515244 
YOR100C, 
YOR101W 0.147 25 

9 385698 389568 YIR018C-A 0.147 132 

12 897672 898650 
YLR387C, 
YLR388W 0.147 13 

7 858609 859067 - 0.147 12 
7 139967 140373 YGL194C-A 0.147 11 

11 171134 171787 
YKL148C, 
YKL146W 0.147 23 

4 1224387 1224749 
YDR374C, 

YDR374W-A 0.147 13 
7 9395 11109 YGL258W 0.146 60 
4 1256840 1257350 YDR390C 0.145 11 
10 26086 26886 YJL216C, 0.144 29 
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YJL214W 

14 745344 746943 
YNR062C, 
YNR063W 0.144 42 

16 308220 308826 YPL128C 0.143 19 
4 1502153 1503305 YDR533C 0.143 31 
15 1052928 1055542 YOR381W 0.143 62 

10 638965 639931 
YJR113C, 
YJR115W 0.143 34 

16 359403 360205 
YPL103C, 
YPL101W 0.143 15 

13 208860 209524 
YML035C, 
YML034W 0.143 28 

14 405566 406359 
YNL118C, 
YNL117W 0.143 13 

4 892490 892872 YDR214W 0.142 12 
7 598625 599420 YGR055W 0.142 20 
12 36360 37331 YLL052C 0.141 22 
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Table B.2. Motifs under purifying selection. 
 
Motif Name -log10(Neutrality Index) 

ABF1 -0.32 (-0.49 - -0.10) 
ABF2 -0.29 (-0.42 - -0.14) 
ACE2 -0.32 (-0.37 - -0.26) 
ADR1 -0.45 (-0.52 - -0.37) 
AFT2 -0.49 (-0.62 - -0.33) 

ARG80 -0.34 (-0.40 - -0.27) 
ARG81 -0.45 (-0.58 - -0.28) 
ARR1 -0.27 (-0.37 - -0.17) 
ASG1 -0.27 (-0.37 - -0.17) 
AZF1 -0.40 (-0.48 - -0.32) 
CAT8 -0.32 (-0.39 - -0.25) 
CBF1 -0.69 (-0.96 - -0.35) 
CEP3 -0.22 (-0.39 - -0.03) 
CHA4 -0.40 (-0.55 - -0.19) 
CRZ1 -0.32 (-0.42 - -0.20) 
CST6 -0.32 (-0.47 - -0.15) 
CUP9 -0.47 (-0.62 - -0.32) 

DAL82 -0.49 (-0.64 - -0.33) 
DOT6 -0.80 (-1.08 - -0.48) 

ECM22 -0.17 (-0.31 - -0.02) 
ECM23 -0.25 (-0.38 - -0.11) 
EDS1 -0.44 (-0.58 - -0.28) 
FHL1 -0.35 (-0.47 - -0.20) 
FKH1 -0.73 (-1.13 - -0.26) 
GAT1 -0.22 (-0.34 - -0.05) 
GAT3 -0.38 (-0.48 - -0.27) 
GAT4 -0.40 (-0.51 - -0.28) 
GCR1 -0.40 (-0.56 - -0.20) 
GCR2 -0.29 (-0.37 - -0.21) 
GIS1 -0.47 (-0.56 - -0.38) 
GLN3 -0.35 (-0.38 - -0.31) 
GZF3 -0.25 (-0.34 - -0.15) 
HAC1 -0.47 (-0.66 - -0.21) 
HAL9 -0.36 (-0.40 - -0.32) 
HAP1 -0.28 (-0.47 - -0.05) 
HAP2 -0.36 (-0.39 - -0.32) 
HCM1 -0.33 (-0.39 - -0.26) 

HMRA2 -0.25 (-0.34 - -0.16) 
HSF1 -0.44 (-0.57 - -0.29) 
LEU3 -0.55 (-0.81 - -0.25) 
LYS14 -0.48 (-0.68 - -0.23) 
MAC1 -0.19 (-0.32 - -0.04) 

MATA1 -0.43 (-0.50 - -0.35) 
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MATALPHA2 -0.46 (-0.60 - -0.28) 
MBP1 -0.33 (-0.40 - -0.25) 

MBP1::SWI6 -0.42 (-0.54 - -0.28) 
MCM1 -0.35 (-0.55 - -0.10) 
MET31 -0.51 (-0.69 - -0.27) 
MET32 -0.38 (-0.48 - -0.27) 
MET4 -0.27 (-0.43 - -0.08) 
MIG1 -0.54 (-0.64 - -0.44) 
MIG2 -0.50 (-0.64 - -0.35) 
MIG3 -0.49 (-0.59 - -0.39) 
MOT3 -0.35 (-0.38 - -0.31) 
MSN2 -0.52 (-0.58 - -0.46) 
NHP10 -0.54 (-0.80 - -0.23) 
NHP6A -0.31 (-0.54 - -0.02) 

OPI1 -0.36 (-0.47 - -0.24) 
PDR1 -0.33 (-0.49 - -0.14) 
PHD1 -0.31 (-0.49 - -0.11) 
PHO2 -0.38 (-0.42 - -0.35) 
PUT3 -0.32 (-0.50 - -0.09) 
RDR1 -0.40 (-0.55 - -0.24) 
RDS1 -0.26 (-0.41 - -0.06) 
RDS2 -0.36 (-0.52 - -0.16) 
REB1 -0.60 (-0.81 - -0.36) 
REI1 -0.43 (-0.60 - -0.23) 
RFX1 -0.39 (-0.51 - -0.24) 
RGT1 -0.36 (-0.57 - -0.12) 

RIM101 -0.37 (-0.47 - -0.26) 
RME1 -0.40 (-0.55 - -0.21) 
RPH1 -0.46 (-0.63 - -0.25) 
RSC3 -0.36 (-0.50 - -0.20) 
RSC30 -0.76 (-0.98 - -0.51) 
RTG3 -0.50 (-0.70 - -0.24) 
SFP1 -0.88 (-1.11 - -0.48) 
SIP4 -0.30 (-0.43 - -0.17) 

SKN7 -0.32 (-0.38 - -0.26) 
SPT2 -0.30 (-0.37 - -0.24) 
SPT23 -0.25 (-0.32 - -0.18) 
SRD1 -0.45 (-0.55 - -0.33) 
STB4 -0.26 (-0.38 - -0.14) 
STB5 -0.34 (-0.45 - -0.23) 
STE12 -0.32 (-0.39 - -0.24) 
STP1 -0.30 (-0.44 - -0.15) 
STP2 -0.29 (-0.49 - -0.03) 
STP3 -0.44 (-0.62 - -0.23) 
STP4 -0.34 (-0.54 - -0.11) 
SUM1 -0.50 (-0.55 - -0.45) 
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SWI5 -0.32 (-0.40 - -0.23) 
TBF1 -0.48 (-0.60 - -0.37) 
TOS8 -0.39 (-0.49 - -0.29) 
UPC2 -0.28 (-0.33 - -0.23) 
XBP1 -0.27 (-0.36 - -0.16) 
YAP3 -0.27 (-0.38 - -0.15) 
YAP5 -0.37 (-0.42 - -0.30) 

YBR239C -0.20 (-0.35 - -0.02) 
YDR026C -0.75 (-1.05 - -0.41) 
YDR520C -0.45 (-0.69 - -0.17) 
YER130C -0.42 (-0.53 - -0.30) 
YER184C -0.34 (-0.46 - -0.21) 
YGR067C -0.36 (-0.55 - -0.12) 
YKL222C -0.32 (-0.47 - -0.16) 
YLL054C -0.31 (-0.47 - -0.14) 
YLR278C -0.44 (-0.63 - -0.21) 
YML081W -0.49 (-0.62 - -0.35) 
YNR063W -0.24 (-0.41 - -0.03) 

YOX1 -0.36 (-0.47 - -0.22) 
YPR013C -0.43 (-0.57 - -0.26) 
YPR022C -0.53 (-0.69 - -0.35) 

YRM1 -0.45 (-0.53 - -0.35) 
ZMS1 -0.55 (-0.74 - -0.32) 
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Table B.3. Regions significant for being under purifying selection by the MK test. 

Chr Start Stop 
Flanking 
gene(s) D(motif) P(motif) D(synonymous) P(synonymous) 

P-value 
(Bonferonni 
corrected) 

4 1278430 1279202 YDR406W 0 7 281 7 4.17 x 10-7 
4 720301 723001 YDR132C 56 13 471 7 1.16 x 10-4 
2 680557 682173 - 0 10 61 9 2.45 x 10-4 

12 390271 393484 
YLR121C, 
YLR125W 66 51 144 25 3.48 x 10-4 

4 1164655 1167208 YDR345C 45 15 176 3 4.36 x 10-4 
4 892490 892872 YDR214W 8 8 264 10 1.68 x 10-3 

13 897602 898403 
YMR311C, 
YMR312W 16 12 107 6 1.47 x 10-2 

15 1047801 1049508 YOR378W 0 8 114 27 2.06 x 10-2 
4 1055889 1056547 YDR297W 8 7 129 4 2.82 x 10-2 
4 1379589 1380047 - 0 3 595 10 3.35 x 10-2 
4 1509706 1510892 YDR538W 28 8 179 2 4.30 x 10-2 
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Table B.4. Power to detect associations as a function of effect size in our data set. 
 

Effect size (% 
variance 

explained) 

Significance 
threshold 

(uncorrected p-
value) 

Power 

0.05 0.788 
0.25 1 x 10-5 0.022 

0.05 0.986 
0.5 1 x 10-5 0.389 

0.05 1 
0.75 1 x 10-5 0.925 
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Appendix C- Supplementary Material for Chapter 4 

C.1 Figures 

 

 

Figure C.1. Enrichment of FAIRE signal in NFRs and intergenic regions.   RPKM for the S. cerevisiae 
strain UWOP05_217_3 and the S. paradoxus strains CBS432 is shown in three types of regions, nucleosome-
free regions (NFRs), intergenic regions, and genic regions.    
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C.2 Tables 
 
Table C.1.  Power and false positive rate for cis and trans tests. 
 

Type of test Effect size Power (at posterior 
probability=0.95) 

False positive rate 
(at posterior 

probability=0.95) 
cis 0.1 0.32 0.05 
cis 0.5 0.92 0.05 
cis 0.8 0.97 0.05 

trans 0.1 0.18 0.05 
trans 0.5 0.81 0.05 
trans 0.8 0.91 0.05 
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Table C.2. Summary of different criteria used to investigate the relationship between 
chromatin and gene expression QTL. 
	
  
	
  
	
  

Notes: PP and OR denote posterior probability and odds ratio, respectively. 
 

 

 
 
 

Criteria for calling cis 
effects 

cis effect on NFR No cis effect on NFR OR p-value 

 cis effect 
on RNA 

No cis 
effect on 

RNA 

cis effect 
on RNA 

No cis 
effect on 

RNA 

  

PP > 0.95 1790 358 971 165 0.85 
 

0.12 
 

       
PP  > 0.95 & 

log2(magnitude of NFR  
effect) > 1 

526 122 2235 401 0.77 0.03 

       
PP  > 0.95 & 

log2(magnitude of NFR and 
RNA effect) >1 

185 1312 208 1579 1.07 0.55 

       

PP > 0.998 1125 459 1244 459 0.90 0.17 
 

       
PP > 0.998 & 

log2(magnitude of NFR  
effect) > 1 

387 166 1982 749 0.88 0.23 

       
PP  > 0.998 & 

log2(magnitude of NFR and 
RNA effect) >1 

136 1073 230 1875 1.02 0.91 

       
PP > 0.95 & log2(trans 
effect) <0.10 for RNA 466 1682 219 917 1.16 0.11 


