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Phenotypic variation among individuals within populations is ubiquitous in the natural
world, and a preeminent challenge in biology is understanding the contribution of genetic
variation to this phenotypic variation. Despite technological advances in the development of
genome-scale methods for querying molecular phenotypes, our understanding of the molec-
ular basis of morphological and physiological variation remains rudimentary. In this disser-
tation, I outline computational methods I have developed and analyses I have conducted
in the yeast Saccharomyces cerevisiae to make inferences about the relationship between
DNA sequences and the molecular phenotypes to which they give rise. First, I describe
a population genomics study of a class of genomic elements, intron splice sequences, in
a diverse set of complete S. cerevisiae genomes. I obtained quantitative estimates of the
strength of purifying selection acting on these sequences, and present analyses suggesting
that introns in some subsets of genes are actively maintained in natural populations of S.
cerevisiae. Next, I shift my focus to the genetic basis of variation in a particular molecular
phenotype, gene expression. I examine genes that show allele-specific expression (ASE) due
to cis-regulatory variation, and present a Bayesian statistical model for quantifying ASE
measured by RNA-Seq. A novel feature of this model is the ability to detect variable ASE,
where the level of ASE differs across a transcript, as can occur in the case of variations

in transcript structure. Finally, I explore molecular phenotypic variation more comprehen-






sively, presenting results of an analysis of deeply phenotyped S. cerevisiae strains. I analyze
genome sequence, gene expression, protein abundance, metabolite abundance, and cellular
morphological phenotypes in this phenomics study. I identify abundant natural variation
across all phenotypic classes, pinpoint loci that act in cis to affect RNA and protein levels,
and provide initial clues as to the predictability of phenotypic traits that vary between in-
dividuals within a species. I conclude by discussing the need for new statistical models to
make use of the rich information contained in functional genomics datasets and the neces-
sity of considering environmental context when disentangling the functional consequences

of genetic variation.
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Chapter 1

INTRODUCTION

1.1 The genetic basis of phenotypic variation

Individual members of a species differ in myriad ways, including morphology, physiology, and
disease susceptibility. A fundamental challenge in biology is to understand the contribution
of DNA sequence variation to variation in the observable characteristics of an organism. In
recent years, dramatic improvements in DNA sequencing technology and precipitous drops
in sequencing costs have made possible detailed studies of the amount and distribution of
polymorphism within species [1-5]. However, our understanding of the functional effects
of sequence variation and the molecular basis of morphological and physiological variation
remains rudimentary.

There are many examples of traits with well-understood genetic causes. For example, in
humans, laborious gene mapping studies yielded the genetic loci responsible for cystic fibro-
sis [6] and Huntington’s disease [7]. More recently, advances in DNA sequencing technology
have facilitated the identification of genes underlying rare Mendelian syndromes of unknown
cause [8]. Causal genes or strong candidate loci have also been identified for numerous in-
teresting traits in model organisms, such as coat color in mice [9], skeletal morphology in
stickleback fish [10], and inflorescence architecture in maize [11]. A unifying feature of these
traits is their genetic simplicity; phenotypic variation within the population can be divided
into qualitative categories rather than spanning a continuous range.

In contrast to these genetically simple traits, most commonly observable phenotypic
traits are quantitative, and variation within the population is continuous and not easily
divided into distinct categories [12]. Examples of such traits include human height [13], yeast
sporulation efficiency [14], and Drosophila sensory bristle number [15]. For these genetically
complex traits, multiple quantitative trait loci (QTL) act in concert with the environment

to produce the trait. Although genetic linkage analysis has been a highly successful strategy



for discovering large-effect loci that contribute to phenotypic variation, it is less likely to
be fruitful in the case of quantitative traits with genetically complex underpinnings [16].
Recently, genome-wide association studies (GWAS) have begun to make inroads on this
front and have identified thousands of loci where common polymorphisms contribute to
variation in quantitative traits [17]; however, these studies suffer from weaknesses of their
own, with little mechanistic information accompanying loci identified and the potential for

false positives due to population stratification.
1.2 Biomolecules as phenotypes

A complementary strategy to GWAS is to directly study the molecular phenotypes that
mediate the conversion of heritable genetic variation into observable phenotypic differences.
Such molecular phenotypes include transcript abundance and structure; protein abundance,
isoforms, and modifications; metabolite presence and abundance; and the activity of these
biomolecules in the context of the networks through which they interact. In this dissertation,
I will refer to these measurable quantities as molecular phenotypes or functional genomics
phenotypes. The term “functional genomics” is appropriate because it is often used to
describe how a static genome gives rise to dynamic molecules that interact to determine
genomic function. I contrast these molecular phenotypes with phenotypes that fall under
the more conventional usage of the term: those that are directly visible without the use
of technical procedures, which I term organismal phenotypes. 1 note that this is not an
absolute distinction, as many phenotypes do not fall clearly within either category or may
manifest only under specific environmental conditions. Nevertheless, these terms will serve
as convenient shorthand for distinguishing between the two broadly different classes of
phenotypes.

Can variation in functional genomics phenotypes be linked to variation in organismal
phenotypes? An increasing number of empirical studies highlight the pervasive phenotypic
effects of regulatory variation, such as skeletal morphology in stickleback fish [18], beak
morphology in Darwin finches [19], cuticular pigmentation in Drosophila [20], and muscle
growth in pigs [21]. In humans, regulatory alleles have been linked to infectious, autoim-

mune, psychiatric, neoplastic, and neurodegenerative disease susceptibility [22-27]. Even



relatively modest expression changes can have significant biological consequences, as seen
for the tumor suppressor gene APC, in which a 50% change in gene expression can lead to
development of familial neoplasia [28].

Since proteins and metabolites typically have a more direct functional role than messen-
ger RNA, which serves to transmit information, it is not surprising that there are examples
of variation in proteins or metabolites that affect organismal phenotypes. Perhaps the
best known are defects in individual proteins that are responsible for many well-studied
Mendelian diseases, such as cystic fibrosis [6], Huntington’s disease [7], and phenylke-
tonuria [29]. Similarly, metabolites can serve as signatures of future diabetes, with a role
that is likely causal in nature [30]. Thus, as expected given their role in activating the static
instructions provided by the genome, functional genomics phenotypes including RNA, pro-

tein, and metabolite levels can all affect organismal phenotypes.
1.3 The genetic basis of variation in functional genomics phenotypes

In order to understand in detail the steps through which biomolecules mediate the formation
of organismal phenotypes encoded by the genome, it is necessary to consider the genetic
basis of variation in functional genomics phenotypes. Although several groups have studied
the genetic determinants of protein and/or metabolite levels [31-34], the genetic architecture
of transcriptional variation is best understood, and I will focus on insights from this line of
inquiry.

One of the more surprising observations gleaned from studies of expression QTL is that
the genetic architecture of transcriptional variation is complex. In the first empirical study
of the genetics of global gene expression, ~ 20% of significantly varying genes had no linkage
to any genomic locus, although the study was well-powered to identify QTL explaining a
high fraction of transcript variation [35]. This observation suggests that polygenic control
of transcript levels is common, and has been supported by additional studies [36, 37]; it
follows that only a small minority of transcripts appears to show heritable variation that is
due to a single expression QTL [38].

The architecture of transcriptional variation shows many additional hallmarks of ge-

netic complexity, including epistasis, genotype-environment interaction, and pleiotropy. A



significant portion of gene expression variation results from interacting loci [39, 40|, and
transcript levels appear to be influenced by gene-environment interaction, although only a
few environments and model organisms have been examined [41-43]. A few characteristics
of variation in transcript abundances provide clues to the types of alleles that segregate in
populations and contribute to such variation. For example, gene expression levels frequently
exhibit transgressive segregation [38], the emergence of a phenotype in offspring that is more
extreme than that observed in either parental line. This phenomenon is often attributed to
the presence of epistatic interactions between alleles or the segregation of alleles of oppos-
ing additive effects in parental populations [44]. In sum, the genetic basis of variation in
functional genomics phenotypes is complex, and will in many cases be difficult to unravel
completely. For some such phenotypes it may be more productive to attempt to predict
the phenotypic value using other phenotypes that covary in a similar fashion, without a

complete understanding of the underlying genetic causes.
1.4 Measuring molecular phenotypes

Advances in technology in the past two decades have led to a precipitous drop in the cost of
conducting DNA sequencing [45]. This development has opened up previously inaccessible
avenues of research and given us an unprecedented window onto levels of genetic variation
present in natural populations [1-5]. Simultaneously, a confluence of advances in instru-
mentation, computational resources, and algorithmic development have led to a similar
revolution in the measurement of other molecular phenotypes, albeit one occurring at a
slower pace.

Since the first application of DNA microarrays to measuring gene expression levels in
1995 [46], the accurate quantification of transcript abundance at a genome-wide level has
been of great interest. Recent advances in DNA sequencing have led to the conception of
RNA-Seq [47,48], where RNA fragments are converted to cDNA and directly sequenced on
a high-throughput DNA sequencing machine. The millions of short reads that result can
be used to quantify transcript abundance. Among the advantages of RNA-Seq compared to
microarray-based methods of transcript quantification are greater dynamic range, ability to

distinguish transcript isoforms, and a precision that is, in theory, limited only by coverage



depth [49].

In addition to advances in genome-wide transcript quantification, a variety of techno-
logical developments have facilitated more extensive measurements of other biomolecules of
interest, such as protein and metabolite levels. In particular, improvements in the accuracy
and robustness of chromatography and mass spectrometry, as well as enhancements in algo-
rithms used for processing output, are enabling us to measure proteins and metabolites in a
label-free manner. In the case of proteins, genome sequences have provided us with a com-
plete catalog of coding sequences, making possible a shotgun proteomics approach where a
mixture of proteins is separated via liquid chromatography and subjected to tandem mass
spectrometry. Subsequently, the chromatographic peak intensity of single precursor peptide
ions can be compared between samples or treatments [50], providing a reproducible surro-
gate for relative protein level. The measurement of small molecule metabolites on a large
scale is a less mature field, but continuous improvements in analysis methods are allowing

for the quantitation of ever larger and more chemically diverse sets of compounds [51,52].
1.5 Yeast as a model system for studying variation in molecular phenotypes

The budding yeast Saccharomyces cerevisiae has a storied history as one of the premier
model organisms for cellular and molecular biology, primarily due to its ease of culturing
and genetic manipulation. Since becoming the first eukaryote with a completely sequenced
genome in 1996 [53], S. cerevisiae has also proven a useful model for the study of eukary-
otic genome structure and evolution. Thus, yeast is a useful model system with several
advantages: (1) a small, well-annotated genome; (2) assignment of function to a signifi-
cant fraction of its genes; (3) a well-studied collection of metabolic pathways and protein
complexes; and (4) a rich literature from which to draw. These advantages are particularly
useful for interpreting high-dimensional datasets that consist of simultaneous measurements
of thousands of molecular phenotypes.

In addition to our understanding of yeast biology gleaned primarily from a small number
of common laboratory strains, recent studies have described phenotypic variation found in
wild or “domesticated” strains [54]. Surveys of genome-wide polymorphism have revealed

strong population structure among wild strains, with several well-defined, geographically



isolated lineages [1,55]. Differences in growth rate, coloration, and freeze tolerance under
particular environmental conditions vary between wild isolates, and this variation has been
correlated with variation in gene expression levels [56]. Similarly, a selection of wild isolates
showed abundant variation in stress sensitivity and gene expression when subjected to a
panel of 14 different environmental conditions [57].

Finally, I note that yeast has been a testing ground for many genomic technologies that
have eventually found widespread usage in other organisms. Early studies using microarrays
[46], RNA-Seq [47], ChIP-chip [58], chromosome conformation capture [59], proteomics [60],
and metabolomics [61] were all conducted in S. cerevisiae. Thus, yeast serves as an ideal

model system for measuring and analyzing variation in functional genomics phenotypes.
1.6 Objectives

My thesis work has focused on developing computational methods for making inferences
about the relationship between DNA sequences and the molecular phenotypes to which

they give rise. Specifically, my objectives were:

1. Analyze the evolutionary forces governing patterns of DNA sequence variation among
a class of genomic elements in a natural population. As a case study, I conducted a

population genomics analysis of intron splicing in S. cerevisiae.

2. Investigate the genetic basis of variation in transcript abundance. As a first step to-
ward better understanding the characteristics of loci that harbor cis-regulatory vari-
ation, I developed a statistical model for measuring allele-specific gene expression via

RNA-Seq.

3. Examine the quantitative characteristics of molecular phenotypic diversity. I analyzed
data from an extensively phenotyped set of S. cerevisiae strains to provide insight
into the patterns and determinants of variation in RNA, protein, metabolite and

morphological traits.



Chapter 2

POPULATION GENOMICS OF INTRON SPLICING IN
SACCHAROMYCES CEREVISIAFE

This chapter contains material published in [62].
2.1 Summary

Introns are a ubiquitous feature of eukaryotic genomes, and the dynamics of intron evolution
between species has been extensively studied. However, comparatively few analyses have
focused on the evolutionary forces shaping patterns of intron variation within species. To
better understand the population genetic characteristics of introns, I performed an exten-
sive population genetics analysis on key intron splice sequences obtained from 38 strains
of Saccharomyces cerevisiae. As expected, I found that purifying selection is the dominant
force governing intron splice sequence evolution in yeast, formally confirming that intron-
containing alleles are a mutational liability. In addition, through extensive coalescent simu-
lations, I obtained quantitative estimates of the strength of purifying selection (2N.s ~ 19)
and used diffusion approximations to provide insights into the evolutionary dynamics and
sojourn times of newly arising splice sequence mutations in natural yeast populations. In
contrast to previous functional studies, my evolutionary analyses comparing the prevalence
of introns in essential and non-essential genes suggest that introns in non-ribosomal protein
genes are functionally important and tend to be actively maintained in natural popula-
tions of S. cerevisiae. Finally, I demonstrate that heritable variation in splicing efficiency is

common in intron-containing genes with splice sequence polymorphisms.

2.2 Introduction

A distinguishing feature of eukaryotic genomes is the presence of intervening nucleotides
that interrupt protein-coding sequences. The majority of these introns are removed by the

spliceosome, an ancient molecular machine that was likely present in the most recent com-



mon ancestor of all living eukaryotes [63-65]. The abundance of spliceosomal introns varies
widely between taxa, from just a handful of introns in some protists [66] to hundreds of
thousands of introns in vertebrates and plants. Intron sizes, too, vary over several orders of
magnitude between species [67,68]. Despite these profound differences in intron character-
istics between taxa, all introns are governed by the same evolutionary forces that regulate
genetic elements in any genome [69].

The budding yeast Saccharomyces cerevisiae is an important model system for examin-
ing the evolution of eukaryotic genomes. The introns of S. cerevisiae are unusual among
eukaryotes in several respects. Although introns are still being discovered and characterized
in this well-annotated genome [70-73], less than 10% of yeast genes contain introns. S.
cerevisiae introns are small (typically < 600 bp) [74], and only a few yeast genes have been
reported to undergo alternative splicing [70,73,75]. S. cerevisiae introns are characterized
by highly conserved 5’, 3’, and branch point sequences. The first yeast introns discovered
possessed splicing sequences that fit a strict consensus motif [76-78]. More recently, a lim-
ited number of introns with splice motifs that match a more relaxed consensus have been
identified [71-73,75], although the information content of short yeast intron splice sequences
tends to exceed that present in the short introns of a typical multicellular eukaryote [79].
Molecular studies have revealed that all positions in the 5, 3/, and branch point sequences
of yeast introns are likely to play some role in determining splicing efficiency, with a few
positions especially critical for pre-mRNA splicing [78,80,81]. In particular, the first and
second positions of the intron, the adenosine in the penultimate position of the branch
point, and the AG terminating the intron appear to be necessary to achieve any appre-
ciable level of proper splicing [81-84]. In addition, interdependencies between bases, even
outside the conserved splice sites, can render the effects of mutations at some positions
unpredictable [85].

The functional significance of introns in S. cerevisiae is poorly understood. The ancestor
of extant fungi was likely intron-rich, with an estimated density of roughly four introns per
kilobase [86]. It has been hypothesized that introns are on their way out of the yeast genome,
with intron loss mediated by homologous recombination of reverse-transcribed cDNAs [87].

An implication of this model is that yeast introns are largely genomic relics unlikely to have



functional significance. In support of this hypothesis, there are many examples of introns
that can be deleted from the genome without obvious phenotypic consequences, at least
under standard laboratory conditions [88-90]. In contrast, while most yeast introns have
no known functional importance, it is clear that some encode functional elements, such as
snoRNAs [91] or promoters [92]. Moreover, yeast introns appear to play a more general role
in the regulation of gene expression and protein production [93,94]. Introns can be involved
in splicing autoregulation [95], transcriptional and translational enhancement [93,96], and
transcriptional response to environmental stresses [94]. Notably, perturbation of subtle
layers of transcript regulation or systems for responding to environmental stimuli may not
be detectable under standard laboratory conditions, but might be critical to organismal
fitness in more challenging wild environments.

The evolutionary forces governing intron dynamics have been subject to considerable de-
bate [97]. Evolutionary analyses of introns have surveyed a variety of phylogenetic depths,
from kingdom [86,98,99] to subphylum [100,101]. These comparisons have revealed that in-
tron gains and losses are common over long evolutionary timescales. Notably, however, there
have been few studies examining the evolutionary forces shaping patterns of intron variation
over shorter timescales [69,102,103]. Population genetic analyses of intron polymorphism
are a powerful approach for exploring the evolutionary trajectory of polymorphisms within
introns and the importance of introns as genomic elements.

Here, I describe a systematic population genomics analysis of intron splicing in yeast.
Specifically, I analyzed patterns of polymorphism in key intron splice sequences in 38 strains
of S. cerevisiae with fully sequenced genomes [1]. As expected, polymorphisms are rare in
sequences important for pre-mRNA splicing in S. cerevisiae, consistent with the elimination
of deleterious mutations by purifying selection. I performed extensive simulations using the
ancestral selection graph [104] to derive quantitative estimates of the strength of purifying
selection acting upon these critical intron splice sequences. I compare these estimates to the
strength of selection acting on non-synonymous sites, and apply diffusion approximations to
explore the evolutionary dynamics of splice sequence polymorphisms. The strong purifying
selection I observe acting on intron splice sequences formally confirms that intron-containing

alleles are a mutational liability [69] and renews questions about why introns exist in the
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yeast genome. Additional analyses suggest that extant introns in yeast are not merely
genomic relics, but that introns tend to be actively maintained in natural populations of S.

cerevisiae.

2.3 Methods

2.3.1 Sequence data

I used complete haploid genome sequences for 35 S. cerevisiae strains sequenced and assem-
bled as part of the Saccharomyces Genome Resequencing Project (http://www.sanger.ac.
uk/Teams/Team71/durbin/sgrp/), along with the reference S. cerevisiae genome (October
2007 sequence; http://www.yeastgenome.org/) and two previously sequenced genomes,
RM11-1a (http://www.broad.mit.edu/annotation/genome/saccharomyces_cerevisiae)
and YJM789 [105]. I examined sequences annotated as spliceosomal introns in Saccha-
romyces Genome Database [106], excluding introns in dubious genes and introns lacking
evidence of splicing in previous experimental studies [74,75]. I also included spliceoso-
mal introns deposited in the Yeast Intron Database [74] and reported in the recent liter-
ature [71,72], for a total of 292 introns in 276 genes. The majority of the introns that I
studied have experimental support (> 75%), with nine introns being initially discovered
using unbiased experimental techniques for identifying spliceosomal introns [71,72]. The re-
maining introns were largely annotated by gene- and intron-finding programs based on the
S. cerevisiae genome and characteristics of known experimentally verified introns [74,106].
I did not include novel splice variants observed in recent large-scale studies of the yeast
transcriptome [70, 73], as many of these observations lack additional experimental support
and it is often unclear whether low-abundance sequences might reflect rare alternative splice
variants or mis-splicing. After retrieval of the intron-containing gene sequences from the
reference genome, I used megablast [107] to identify homologous sequences in the remain-
ing 37 yeast strains. I aligned the 38 sequences for each gene using MAFFT (Katoh and
Toh 2008). I obtained maximum-likelihood estimates of genome-wide levels of synonymous
and non-synonymous site divergence for all pairwise comparisons between strains using

PAML [108].
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The strains I examined from the Saccharomyces Genome Resequencing Project include
nucleotides that have been imputed by taking into account phylogenetic relationships be-
tween strains, to correct likely sequencing errors and fill in missing data [1]. I re-analyzed
the data using only strains that had < 3% imputed data, and found qualitatively similar
results (Appendix B.1). As such, I used complete assemblies (including imputed data) for
all further analyses, and I expect my conclusions to be robust to the presence of imputed

nucleotides.

2.8.2  Experimental determination of splicing efficiency

With assistance from Caitlin Connelly, I estimated intron splicing efficiency across seven
introns in S. cerevisiae strains BY4716 (isogenic to S288C, the yeast reference genome
strain), DBVPG1373, K11, UWOPS03-461.4, UWOPS83-787.3, YJM975, YS2, and YS4.
Caitlin obtained four biological replicates per strain per intron, grew the strains to mid-log
phase (ODggo 0.8-1.0) in rich medium (YPD), extracted RNA by the acid phenol method
[109], and made ¢cDNA by random priming using the Superscript III First-Strand Synthesis
kit (Invitrogen Corp., Carlsbad, CA). I designed primers in Primer3 [110] to amplify the
products of genes YBL108C, YBR215W, YLR199C, YLR445W, YML025C, YNL004W,
and YNLO038W. Caitlin visualized the gene products on 2% agarose gels using ethidium
bromide and used the program ImageQuant (Molecular Dynamics, Inc., Sunnyvale, CA) to
quantify the amount of spliced and unspliced gene product. I quantified splicing efficiency
as the fraction of spliced product to the sum of spliced and unspliced product. I analyzed
differences in intron splicing efficiency using the nonparametric Kruskal-Wallis rank sum

test in R [111].

2.8.8 Sequence analysis

S. cerevisiae introns are characterized by highly conserved 5, 3/, and branch point sequences
[76-78]. I examined six, three, and seven base pairs, respectively, of these sequences, which
constitute the positions corresponding to the most highly conserved residues in consensus

splice sequences [78,112]. To summarize nucleotide variation between strains, I used the
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formula 7 = 25:1 h;w;, where h; is an unbiased estimate of nucleotide diversity for the ith
segregating site [113] and w; is a weight for each site calculated by dividing the number
of strains with non-gap nucleotides at site ¢ by the total number of strains. By ignoring
sequence gaps, I minimized the effect of alignment errors or incomplete sequences on our
calculations. I plotted position-specific nucleotide diversities, and generated sequence logos,

using the R software environment [111,114].

2.8.4 FEstimating the magnitude of purifying selection

To obtain quantitative estimates of the magnitude of selection acting on intron splice se-
quences, I conducted simulations using a computer implementation of the ancestral selection
graph [104] provided by James Ronald. I simulated strains as sampled individuals from one
common population (panmictic model) or from a model that included population struc-
ture (structure model). The complete demographic history of these strains is likely to be
complex, but I sought to construct a simple structured model that recapitulated levels of
synonymous site divergence observed between strains to gauge the robustness of my results
to demographic uncertainty. I constructed a phylogenetic tree based on synonymous site
divergences, and observed a topology very similar to a tree based on genome-wide pair-
wise SNP differences [1]. At a crude level, this tree can be subdivided into two divergent
groups, loosely corresponding to strains involved in baking and wine production and those
from Europe versus Asian, African, and several wild non-European strains. I estimated the
time to most recent common ancestor (TMRCA) of these groups to be approximately 1.3 N,
generations (roughly 11,500 years, adopting estimates of the mutation rate and generation
time provided in [115]) using the method of Tang et al. [116].

As the “European” group exhibits markedly lower synonymous site divergence than the
“Asian/African” group (0.0058 versus 0.0097), I chose to model a population bottleneck in
the European group occurring after the estimated TMRCA of the two groups. A population
bottleneck can be parameterized in terms of the increase in population homozygosity that
results from a decrease in population size. In a randomly mating haploid population of finite

size N, the inbreeding coefficient I’ reflects the chance that two randomly drawn copies of a
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gene are identical by descent [117]. Working with H = 1— F, the probability of non-identity
of two gene copies after ¢ generations is Hy = (1 — 1/N)H;_1 = (1 — 1/N)! assuming the
population is non-inbred at generation 0. Therefore, the increase in homozygosity caused by
a bottleneck where the population is held at size N for ¢ generations is F; = 1— (1—1/N)’.
Using the approximation log (1 — ) ~ —z (for small x) leads to the formula F' = t/N,
although this approximation breaks down at about F' > 0.2, and it becomes more accurate
to parameterize severe bottlenecks using the formula log (1 — F) = —t/N. I modeled a
bottleneck that began 0.5 N, generations (roughly 5,000 years) ago, and searched a coarse
grid of F' =[0.1, 0.2, ..., 0.9] to determine that a relatively severe bottleneck was necessary
to fit the observed data. I conducted a finer search across a range of bottlenecks where
F = [0.675, 0.7, 0.725, ..., 0.975, 0.999, 0.9999]. I selected the best-fitting bottleneck
by minimizing the sum of squared differences between the observed and simulated ratios of
nucleotide diversity: (1) between-group to overall, (2) “European” group to “Asian/African”
group, and (3) between-group to mean within-group, calculated at synonymous or simulated
neutral sites. A severe bottleneck (F' = 0.875) provided a very close fit to the observed data
using these measures.

My implementation of the ancestral selection graph applies to evolution in haploid pop-
ulations or diploid populations in which selection acts additively. I simulated using a four-
allele model, where each simulation included a neutral site and a linked selected site at
which the scaled selection coefficient was o = 2N,s for the selected allele and o = 0 for
the remaining three alleles. Direct comparison of selected and linked neutral sites ensures
that my estimates reflect the effect of selection acting directly on intron splice sequences
rather than hitchhiking or background selection. Mutation occurred at the neutral and
selected loci with rate /2 along each branch with § = 2N.u = 0.0095 (estimated from
the synonymous site substitution rate). I ran simulations for 2N.s = 0.0,0.2,0.4,...,13.0
and 2N.s = 14.0,15.0,16.0,...,50.0. To increase the speed of simulations for strong selec-
tion, for 2N.s > 13 I sampled the remaining lineages from the stationary distribution at
time 40N, generations in the past as suggested by Pritchard [118]. I verified the results
for strong selection using a theoretical formula for the distribution of gene frequencies in

a panmictic population under a two allele-model with reversible asymmetric mutation and
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one selectively favored allele (Figure B.1; Appendix B.3).

I simulated 1,000 replicates of 292 simulations for each selective coefficient. To assess
the correspondence of simulations conducted for each selective class with the observed data,
I calculated the reduction in nucleotide diversity at selected (intronic) sites, relative to
neutral (synonymous) sites. To obtain confidence intervals for my model selection statistic,
I calculated nucleotide diversity for each of the 1,000 replicates, and obtained the interval
containing 95% of the realized nucleotide diversities. The number of simulations (unlinked
sites) per replicate, 292, was chosen to match the size of the intron dataset, which consists

of 292 introns.

2.8.5 Diffusion approximations for evolutionary dynamics of splice sequence polymorphisms

I used diffusion approximations derived by Kimura and Ohta [119] to explore the evolu-
tionary dynamics of intron splice sequence polymorphisms. These formulas allow for the
examination of the fixation probabilities and sojourn times of alleles subject to arbitrary
selective advantage or disadvantage and present at arbitrary initial frequencies in the pop-
ulation. I calculated the mean sojourn time of an allele subject to selective disadvantage
s using the formula u(p)t1(p) + [1 — u(p)]to(p), where u(p) is the probability of ultimate
fixation of an allele present at initial frequency p. t1(p) and fy(p) are the average number
of generations until fixation conditional on ultimate fixation of the allele, and the aver-
age number of generations until loss conditional on ultimate loss of the allele, respectively.

These formulas are [119]:

1 o p
6 = [ ©u©0 - u©ye + 2 [Muentepa

U 1 p
) = 200 [ w0 - w@de+ [ o - ueueds

Assuming no recurrent mutation, for selection against an allele with disadvantage s in
a haploid population of size N,
1 —exp(2nesp)

ulp) =5 exp(2nes)
and fl
B exp(2Nesz)dx
) = 2N o Bnest)
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Similarly, the probability that a mutant at frequency p rises to at least frequency p’ is

1 —exp(2Nesp)
1 —exp(2Nesp)’

u(p)

The waiting time until the frequency of such events (which are rare under the conditions we
discuss) is exponentially distributed with parameter A equal to the frequency of the event,
with an expected value of 1/A.

To calculate the number of new intron splice sequence mutations per day, I used the
following estimates: (1) wild yeast are likely to reproduce at a rate of approximately eight
generations per day [115], (2) the mutation rate at synonymous sites is approximately
p = 1.8 x 10719 [115], and (3) the effective population size of yeast is roughly N, = 26

million (calculated using 8 = 2N.u = 0.0095 estimated from synonymous sites).

2.3.6 Modeling intron presence/absence using genic characteristics

I used logistic regression to model the presence/absence of introns using genic characteristics
as linear predictors. Specifically, I considered (1) the classification of each gene as essential
or non-essential under standard laboratory conditions [120], (2) whether the gene encodes a
ribosomal protein, (3) the codon adaptation index (CAI) [121] as an estimate of the relative
expression level of each gene, (4) the genic GC content, and (5) dN/dS for sequences from
all 38 strains as a proxy for the rate of protein evolution, calculated using PAML [108]. I
implemented the model using the glm function in R [111]. Starting with all single predictors
and second-order interaction terms, I used the dropl function [111] to remove predictors
that did significantly improve the fit of the model. My final model consisted of predictors

1-4 above as well as the interaction between the first and second predictors.
2.4 Results

2.4.1 Polymorphisms are rare in key splice sequences

I compiled a list of 292 introns in 276 genes assembled from a variety of sources [71,72,74],
http://www.yeastgenome.org/, excluding introns in dubious genes and introns lacking

evidence of splicing in previous experimental studies [74,75]. In the 38 yeast strains I
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examined, I was able to identify sequences corresponding to the majority (> 50%) of each
intron for 286 introns. For the remaining six introns, there were a total of 28 instances
where a strain was missing over half the intron sequence. These instances probably do
not reflect true intron presence-absence polymorphisms. Rather, I attribute the missing
bases to incomplete sequence coverage (24/28 instances exist in strains with < 1.5X genome
sequence coverage; in all 20 instances where the complete intron is missing, a portion of the
coding sequence is missing as well). However, it remains a formal possibility that these six

introns represent true deletions of a large portion of the intron [102].

I focused on six, seven, and three base pairs of the 5, branch point, and 3’ splice
sequences, respectively (Figure 2.1). Among the 38 strains I examined, I identified 21
polymorphisms within 23 introns in 20 genes (two polymorphisms occur in splice sequences
that are shared among multiple splice variants; Table 2.1). I found no polymorphisms in the
remaining 269 introns in 256 genes. It is likely that many of the polymorphisms I identified
are functionally neutral. For example, eight of the 21 polymorphisms involve the alleles
[C/T]AG at the 3’ splice site. Since 125 introns in my set use a CAG 3’ splice site and 154
use a TAG 3’ splice site, it is unlikely that a switch between the two has dramatic effects
on splicing. However, as I demonstrate below, a subset of these polymorphisms do affect

splicing efficiency.

I estimated position-specific nucleotide diversity for the conserved intron splice sequences
(Figure 2.1). Residues previously identified as most critical for achieving splicing — the first
two and last two positions of the intron, and the adenosine in the penultimate position of the
branch point [81-84] — showed complete invariance, with no polymorphisms present in any
strain for any intron. Interestingly, several positions located in the branch point sequence
(2, 3, 4, 5, and 7) and the fifth position in the 5" splice site also showed either extremely
low levels of polymorphism or complete invariance (Figure 2.1). Experimental studies of
the effects of mutations at these positions have produced mixed results [76, 80,81, 84, 122];
the low levels of variation I observed suggest that levels of functional constraint at these

sites are of a similar order of magnitude to previously identified sites critical to splicing.
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Table 2.1: Summary of polymorphisms identified in yeast intron splice sequences

ORF Gene Location Reference Alternate S.

name® sequence sequence paradozus

sequence”

YBL018C POPS 5" splice site  GTATGT GTACGT GTACGT
YDR367TW 5" splice site GTATGT GTTGAT -
YGL033W HOP2 5" splice site  GTTAAG GTCAAG GTAAAG
YKL186C MTR2 5" splice site  GTATGT  GTATGA  ACATGA
YLR445W 5" splice site GTAAGT GTAGGT GTAAGT
YML025C YML6 5" splice site GTACGT GTATGT GTACGT
YNL246W VPS75 5" splice site  GTATGT GTAAGT GTAAGT
YBR215W HPC? branch point GATTAAC CATTAAC TACTAAC
YCL002C branch point GACTAAC AACTAAC GACTAAC
YKL150W MCR1 branch point TACTAAC AACTAAC TACTAAC
YLR199C PBA1 branch point GACTAAC AACTAAC GACTAAC
YLR316C TAD3 branch point AACTAAC GACTAAC AACTAAC
YNL004W HRB1 branch point TACTAAT TACTGAT TACTAAT
YBRO084C-A RPL19A 3 splice site CAG TAG CAG
YBRO89C-A NHP6B 3 splice site TAG CAG TAG
YKLO06C-A SFT1 3 splice site CAG TAG CAG
YKL186C MTR2 3 splice site CAG TAG -
YNLO38W GPI15 3 splice site CAG TAG CAG
YNL312W RFA2 3 splice site CAG TAG TAG
YOR182C RPS30B 3/ splice site TAG CAG CAG
YOR234C RPL33B 3 splice site TAG CAG TAG

& Blank gene names indicate uncharacterized ORFs.
b Dash indicates that the S. paradozus allele at this position could not be confidently
identified.
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2.4.2 Natural variation in intron splicing efficiency

With the assistance of Caitlin Connelly, I surveyed intron splicing efficiency across seven
introns in eight strains in order to better understand natural variation in intron splicing.
We examined introns that had at least one polymorphic splice sequence nucleotide, and
focused on eight strains chosen to ensure that we captured variation present at both alleles
for all seven introns (Figure 2.2). Caitlin estimated splicing efficiency by quantifying the
amounts of spliced and unspliced gene product on electrophoretic gels, using four biological
replicates per strain. Interestingly, I observed significant variation among strains in splicing
efficiency for the majority of introns (4/7 introns; Kruskal-Wallis rank sum test, p < 0.05;
an additional two introns are marginally significant; 2.2). In one case (YLR445W, a protein
of unknown function), a 5" splice site polymorphism from the common GTAAGT (used in 13
other introns and present at the orthologous 5 splice site in Saccharomyces paradozus, the
closest known relative of S. cerevisiae) to the sequence GTAGGT (not found as a 5 splice
site in other introns) resulted in dramatically lower splicing efficiency in strain UWOPS83-
787.3 (Figure 2.2, top panel). Thus, heritable variation in splicing efficiency is common,

and polymorphisms in splice sequences can contribute to this variation.

In the remaining six introns, the polymorphisms I observed in splice sequences did not
clearly coincide with increases or decreases in experimentally measured splicing efficiencies
(Figure 2.2), suggesting that the genetic basis of splicing efficiency is complex. In addition
to conserved splicing sequences, these results suggest that trans-acting factors and other
cis-acting factors (such as additional sequence motifs or spurious splice sequences) also con-
tribute to the efficiency of the splicing reaction [85,123-125]. It is not entirely surprising
that many of the splice sequence polymorphisms I examined did not track with our mea-
sured splicing efficiencies. Specifically, the test set of introns included three polymorphisms
between alternate 5’ or 3’ splice site sequences that are common across the global set of
introns, suggesting that they should not dramatically affect splicing. Moreover, polymor-
phisms present in the population may persist precisely because their functional effect on
splicing is minimal. Finally, splicing efficiency in these strains was only measured under

standard laboratory conditions, and some polymorphisms may have environment-specific



20

Figure 2.2: Splicing efficiency for seven introns measured across the eight strains shown at
bottom. Panels indicate the fraction of spliced gene product measured for four biological
replicates of each strain for the gene indicated along the axis. Blue dots indicate strains
with the reference (strain S288C) splice sequence allele, and dark red dots indicate strains
with the alternative allele. The top four panels show introns with significant variation in
splicing efficiency among strains (Kruskal-Wallis rank sum test, p < 0.05). Results for
introns in genes YBLO18C and YLR199C were marginally significant (p = 0.052 and p =
0.060, respectively), and YMLO025C did not show significant variation in splicing efficiency
among strains (p = 0.13). Note that scaling of the vertical axis differs between introns.
The phylogeny above the figure depicts the approximate genealogical relationship between
strains.
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effects on splicing.

2.4.83 Quantitative estimates of the strength of selection acting on intron splice sequences

The significantly reduced levels of diversity within critical splicing sequences (Figure 2.1)
suggest that most newly arisen mutations at these sites are deleterious and removed by
purifying selection. To obtain quantitative estimates of the strength of purifying selection
acting on intron splice sequences, I used a computer implementation of the ancestral se-
lection graph [104] provided by James Ronald. The ancestral selection graph describes a
genealogical process that extends the coalescent by properly taking into account the effect
of natural selection [104]. I simulated strains as sampled individuals from one common pop-
ulation (panmictic model) or from a model that included population structure, with two
subpopulations that split at some time in the past, one of which subsequently experienced
a bottleneck (structure model). Obviously, both models are simplifications of the real de-
mographic history of these 38 strains. However, the simple model of population structure I
used recapitulates major patterns of synonymous site divergence within and between sub-
populations (see Methods). In addition, it is useful to examine varying models to gauge the

robustness of my results to demographic uncertainty [126].

I evaluated the fit of the panmictic and structure models to the observed data using the
ratio of nucleotide diversity at selected (intronic) sites to diversity at neutral (synonymous)
sites. Synonymous sites are subject to weak selective constraint in yeast [127], which sug-
gests that normalization using synonymous sites will lead to slight underestimates of the
magnitude of selection against splice sequence polymorphisms; nevertheless, this bias will
not be present for relative comparisons between intronic and non-synonymous sites that are
both normalized using synonymous sites (see below). The value of this summary statis-
tic was broadly similar across selection coefficients for our two demographic models, with
slightly lower values for the structure model (Figure 2.3). I first estimated the strength of
purifying selection acting on intron splice sequences as a class, then considered the strength
of selection acting on each intronic site. Given that the panmictic and structure models give

very similar results across the range of selective classes I examined (Figure 2.3), I provide



23

30 — —— panmictic model
—— structure model

nintron/ Tlsyn

Tlselected / Theutral

0 10 20 30 40 50

2Ngs

Figure 2.3: Figure shows the reduction in diversity at simulated selected site, relative to
linked neutral site, as a function of the strength of selection against new mutations at
the site. Solid lines show the mean of this ratio, across selection coefficients, for the two
demographic models studied. Lighter shading gives 95% confidence intervals based on 1000
simulated replicates sized to match the intron dataset. The dashed line shows the reduction
in diversity observed in the intron splice sequence dataset, relative to synonymous sites.
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Table 2.2: Estimates of the strength of selection on intron splice sequences are specified
in terms of the scaled selection coefficient, 2/N.s. First row indicates base present at each
position in the 5 splice site, branch point, or 3’ splice site as indicated. Second row indicates
estimate of the strength of selection.

5" splice site Branch Point 3’ splice site

G T A T G T T A C T A A cC ¢C/T A G
130 130 60 16 110 6.0 0.8 130 130 13.0 11.0 13.0 130 00 130 13.0

estimates of the strength of selection based on the results of simulations using the panmictic
model. The best fit to the observed intron splice sequence data occurred at 2N.s ~ 19 (Fig-
ure 2.3); 95% confidence intervals based on simulations suggest that the minimum strength
of purifying selection is 2N.s > 4. My simulation scheme ensures that these estimates reflect
selection acting directly on intron splice sequences rather than hitchhiking or background

selection (see Methods).

Next I investigated the strength of selection acting on individual splice sequence nu-
cleotides. This analysis is complicated by the lack of variation at individual sites for sites
subject to very strong selection. To this end, I focused on estimating the lower limits to
selection at each site. Lower limits were obtained using the confidence intervals associated
with my simulations (Figure 2.3), which properly account for the stochastic properties of
coalescent genealogies as well as sampling variation present in the relatively small intron
dataset. I observed considerable heterogeneity in the magnitude of selection across yeast in-
tron splice sequence nucleotides (Table 2.2). One class of sites, as mentioned above, showed
either very low levels of polymorphism or complete invariance. For these sites (first and
last two positions in the intron, branch point positions 2-7, and fifth position in 5 splice
site), I estimate the scaled selection coefficient to be at least 2N s ~ 11 (Table 2.2). The
lower limit to the strength of selection was approximately one order of magnitude weaker
at the fourth position in the 5 splice site and first position of the branch point (Table 2.2).
Notably, levels of variation were indistinguishable from neutrality only at the first position

in the 3’ splice site.
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Finally, I estimated the strength of selection on non-synonymous sites using the same
demographic models described above. A minority of non-synonymous mutations may have
been driven to high frequency by positive selection (which would downwardly bias my
estimates), although positive selection acting on intron splice sequence mutations is also
conceivable. I evaluated the fit of models with varying selection intensities using the same
metric as above, the ratio of the nucleotide diversity at selected (non-synonymous) versus
putatively neutral (synonymous) sites. My estimate of the magnitude of purifying selection
acting on the average non-synonymous site is 2IN.s = 10.6. Although this estimate is subject
to uncertainty, these results suggest that the strength of purifying selection acting on intron

splice sequences as a class is nearly double that acting on an average non-synonymous site.

2.4.4 FBEvolutionary dynamics of intron splice sequence polymorphisms

An advantage of obtaining quantitative estimates of the strength of selection acting on in-
tron splice sequences (Figure 2.3, Table 2.2) is that these estimates can be used to better
understand the evolutionary dynamics of existing genetic variation and newly arising mu-
tations. I used diffusion approximations derived by Kimura and Ohta [119] to explore the
fixation probabilities and sojourn times of alleles as a function of the estimated selection co-
efficients across intron splice sequence positions (Figure 2.4). Above, I estimate the average
strength of selection against splice sequence mutations as a whole to be 2N.s =~ 19. With
purifying selection of this magnitude, it is approximately nine million times more likely that
a newly arising mutation at a neutral site will eventually rise to fixation than a newly arising
mutation at a selectively constrained site. Nevertheless, the mean sojourn times of newly
arising neutral and deleterious mutations are quite similar (roughly 20% longer for neutral
than for deleterious mutations), since a large fraction of both classes of mutations are lost
soon after arising (Figure 2.4, middle panel). Interestingly, newly arising strongly deleteri-
ous (2N.s =~ 19) mutations that are destined for ultimate fixation arrive there nearly three
times faster on average than new neutral mutations (Figure 2.4, left panel). This somewhat
counterintuitive result arises from the fact that low and moderate frequency mutations that

are strongly deleterious are overwhelmingly likely to be lost. Thus, the only new strongly
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deleterious mutations that rise to ultimate fixation are those exceptionally rare mutants
that rapidly and continually increase stochastically in frequency faster than the mutant

alleles can be purged from the population by purifying selection.

Heterogeneous selective pressures across intron splice sequence nucleotides result in sig-
nificantly different predicted evolutionary trajectories for polymorphisms that arise at dif-
ferent positions within splice sequences. Using estimates of the mutation rate, reproductive
capacity, and effective population size of yeast (see Methods), I estimate that an average of
eleven new mutations arise each day at any particular intronic splice sequence position in
the global yeast population, scattered among the 292 introns I studied. The fate of these
mutations varies widely, depending on the magnitude of selection against new mutations
at the position where they occur. Even for selectively neutral mutations, the probability
of ultimate fixation is only about one in 25 million for the large global yeast population.
For the splice sequence positions where purifying selection is detectable but weak (Table
2.2), substitutions occur at about 60% the rate at neutral sites, while for the class of sites
that shows about an order of magnitude stronger selection, the substitution rate is only
roughly 0.02% that at neutral sites. The differences are less extreme when considering the
probability that a newly arising mutation becomes common in the population, since the
fate of new mutants is determined largely by drift while they remain rare. For example,
the average waiting time until a new mutation at a particular splice sequence nucleotide
(within one of the 292 introns we study) attains 10% frequency is roughly 650 years for a
neutral mutation, 690 years for a weakly deleterious mutation (2N.s = 1), and 1,120 years
for a strongly deleterious mutation (2N.s = 10) (see Figure 2.4, right panel, for waiting
times scaled by N.). Thus, although strongly deleterious new mutants are ultimately fixed
at exceedingly low rates, their behavior at relatively low frequencies does not differ greatly
from neutral variants. In some cases, changes in environmental conditions or compensatory
evolution could lead initially deleterious mutations managing to drift to moderate frequency

to become selectively favored and rise to ultimate fixation.
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2.4.5 Why are extant yeast introns retained?

Although my analyses clearly demonstrate that purifying selection acts on intron splice se-
quences, it is less clear what specifically is deleterious about perturbing intron splicing in
yeast. One possibility is that most introns are on their way out of the yeast genome [87]
and are not functionally important. Under this scenario, the sole consequence of perturb-
ing splicing arises when mutations in critical intronic splice sequences disrupt the splicing
process, leading to the accumulation of splicing intermediates or improperly spliced tran-
scripts [81,122]. These defective precursor molecules either result in proteins likely to have
impaired function or are eliminated by nonsense-mediated mRNA decay and alternative

degradation pathways [128-130], which would effectively knock out a gene.

An alternative possibility is that yeast introns, in general, are functionally important
and play a role in gene regulation. In yeast, the modulation of splicing efficiency can ef-
fect rapid response to environmental challenges [94] and contribute to important biological
processes, such as the initiation of meiosis [131]. Moreover, the interactions between the
spliceosome and proteins responsible for transcription, capping, polyadenylation, RNA ex-
port, and nonsense-mediated mRNA decay [132] support an integral role for introns in
affecting transcriptional and translational yield [93]. Under this scenario, perturbing splic-
ing could have the same severe effects on the splicing reaction itself as described above, but

could also have deleterious consequences for normal gene regulation.

To examine the functional importance of yeast introns, I compared the prevalence of
introns within genes classified as essential or non-essential under standard laboratory con-
ditions [120]. The rationale of this analysis is that because mutations in critical splice
sequences disrupt proper splicing and often lead to loss of gene function, introns create a
sizeable target for mutation to null alleles [69]. My above estimates of strong purifying
selection acting on intron splice sequence mutations formally justify this premise by con-
firming that intron-containing alleles are a mutational liability, since newly arising splice
sequence mutations tend to be strongly deleterious. As such, functionless introns that reside
passively within genes will tend to be lost (on an evolutionary timescale) more rapidly from

essential genes than from non-essential genes. Conversely, functionally important introns
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will tend to be preserved in all genes, perhaps even more so in essential genes in cases
where the function of the intron involves regulation of the gene in which it resides. In the
results described below, we analyzed ribosomal and non-ribosomal intron containing genes
separately because ribosomal genes exhibit several features (such as high mean levels of
expression and larger mean intron sizes) that distinguish them from non-ribosomal protein
genes [74,133].

Interestingly, introns are significantly over-represented in essential genes that code for
non-ribosomal proteins (Figure 2.5). The prevalence of introns in this class of genes suggests
that introns tend to have important functions that preserve their presence within non-
ribosomal protein genes. Among ribosomal protein genes, there is no significant difference
in the proportion of essential versus non-essential genes containing introns, within each of
the duplicated and non-duplicated subclasses of ribosomal protein genes (Figure 2.5). These
data do not support the hypothesis that introns in ribosomal protein genes are functionless
genomic relics, since essential ribosomal protein genes are not significantly less likely to
harbor introns. Even so, the lack of a clearer pattern may result from a combination of
small sample sizes as well as the fact that many ribosomal protein genes classified as non-
essential are nevertheless likely to impose severe growth defects in homozygous mutant
form [120].

One proposed mechanism for intron loss in yeast involves homologous recombination of
reverse-transcribed ¢cDNAs [87]. Although other processes may also contribute to intron
loss (e.g. simple genomic deletion) [134], the loss of intronic sequence by RNA-mediated
recombination has been experimentally demonstrated in S. cerevisiae [135]. This mech-
anism predicts that highly expressed genes should lose their introns more rapidly than
those expressed at lower levels. To assess whether the distribution of introns in essential
and non-essential genes (Figure 2.5) might be driven by this neutral process rather than
reflecting the preservation of functionally important introns, I used logistic regression to
model the presence/absence of introns using genic characteristics as linear predictors (see
Methods). I found that a gene’s essentiality classification remained a significant predictor
of intron presence (p < 0.01) even after accounting for transcript abundance (using codon

bias as a surrogate measure of expression level), suggesting that my observation of an over-
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Figure 2.5: Figure shows the proportion of genes containing introns, divided according to whether the genes are classified as
essential [120]. Top panel depicts the fraction of intron-containing genes among non-ribosomal protein genes. Bottom panel
depicts the fraction of intron-containing genes among ribosomal protein genes, divided into ribosomal protein genes that are
duplicated and those that are not. Note the difference in vertical scaling between top and bottom panels, as introns are
much more common in ribosomal protein genes. p-values show results from Fisher’s exact test of the null hypothesis that the
proportion of genes containing introns does not differ between each pair of orange and blue bars. Sample sizes for each category
are noted in white text within each bar. Genes that were not classified as essential or non-essential by Giaever et al. [120] are
omitted from this figure.
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representation of introns in essential non-ribosomal protein genes does reflect the functional

importance of these introns.
2.5 Discussion

The molecular details of intron splicing have been studied in considerable detail. Experi-
mental studies have been extraordinarily valuable for unraveling the molecular basis of the
splicing process and for determining the molecular consequences of specific mutations in
splice sequences [80, 81, 84]. Nevertheless, such approaches are inherently limited by the
difficulty in accurately recapitulating the conditions experienced by wild yeast populations,
as well as the incomplete detection of every phenotype that affects fitness. My analyses
complement such studies by taking advantage of the characteristic signature imparted on
DNA sequence variation by natural selection. My results are consistent with previous stud-
ies that have uniformly identified the first and last two bases of the intron and the sixth
branch point position as critical for proper splicing [81-84]. For several other positions
where the consensus is less clear (the fifth position of the 5" splice site as well as branch
point positions 2, 3, 4, 5, and 7) [76, 80, 81,84, 122], I suggest that the level of selective
constraint is comparable and the positions are similarly integral to the splicing process in
wild environments.

I estimate the strength of purifying selection acting on yeast intron splice sequences as
a class to be nearly double that governing the evolution of an average non-synonymous
polymorphism or a cis-acting polymorphism influencing gene expression [136]. Thus, most
newly arisen mutations in intron splice sequences are deleterious and are eliminated by
purifying selection, although some mildly deleterious alleles may attain appreciable fre-
quencies. This high level of selective constraint partially reflects the specific sequences I
examined, which constitute the most critical residues for intron splicing. In contrast, col-
lections of non-synonymous polymorphisms or cis-regulatory polymorphisms are likely to
contain many positions at which mutations are functionally neutral, leading to an under-
estimate of the strength of selection at functionally critical sites. For example, it has been
estimated that 36% of non-synonymous single nucleotide polymorphisms are deleterious in

S. cerevisiae [137]. Similarly, estimates of the strength of selection acting on extant cis-
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regulatory polymorphisms would be diluted by the presence of neutral polymorphisms in
promoters and 3" UTRs [136]. Some of the constraint I detect may also reflect the func-
tional importance of regulated splicing (see below). Might the strength of purifying selection
acting on yeast intron splice sequences vary systematically between genes? I examined a
variety of genic features (gene ontology terms, GC content, dN/dS, and codon bias) sepa-
rately in ribosomal protein encoding and non-ribosomal protein encoding genes with and
without polymorphic intron splice sequences (Appendix B.2). I observed no detectable het-
erogeneity between genes with or without polymorphic intron splice sequences, suggesting
that levels of functional constraint for intron splicing are broadly similar within ribosomal
protein encoding genes and within non-ribosomal protein encoding genes.

In this chapter, I present evidence suggesting that introns tend to be actively maintained
in S. cerevisiae. It is important to note that there are several possible mechanisms through
which intronic sequences might contribute to organismal function. First, the modulation
of splicing efficiency contributes to important biological processes, such as the initiation
of meiosis [131], and can be an important mechanism for gene regulation [94]. Selective
constraint attributable to this function would be reflected in the strong purifying selection we
observe acting on key splice sequences, and would contribute to a greater retention of introns
in essential genes (Figure 2.5). Second, the close association between the spliceosome and
transcriptional machinery [132] points to a general role for introns in affecting transcriptional
and translational yield of the genes in which they reside [93]. Since this intronic feature is
independent of specific splice sequence nucleotides, it is not reflected in purifying selection
on splice sequences, although it is likely to contribute to the retention of introns in essential
genes. Finally, intronic bases not directly involved in the splicing reaction could encode
functional elements such as promoters [92], snoRNAs [91], or binding sites for regulatory
proteins. When the functional importance of such intron-encoded elements is unrelated
to the importance of the gene in which the intron resides, this form of constraint is not
detectable by my analyses.

Fink’s proposal [87] that intron loss in yeast occurs largely through homologous recom-
bination of reverse-transcribed cDNAs predicts the 5" bias in intron location observed in the

yeast genome. It might be expected that this bias would be absent in essential genes, where
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I argue that introns tend to be preserved due to their functional importance (Figure 2.5).
In fact, I observed a strong 5’ bias in location for introns in both essential and non-essential
genes (Figure B.2). For both ribosomal and non-ribosomal protein genes, there is no sig-
nificant difference in the distribution of intron locations between essential and non-essential
genes (Wilcoxon-Mann-Whitney test; p > 0.05). However, this does not contradict my
assertion that introns in essential non-ribosomal protein genes have been preserved due to
functional importance. First, the sample sizes for the nonparametric test above are small,
and the power to detect a subtle difference in locational bias is likely to be low. Second, an
evolutionary process of intron gain occurring uniformly throughout genes and intron loss
preferentially occurring at the 3’ end of genes predicts a steady-state distribution of introns
that is 5’ biased. Thus, unless insertion of a new intron into a gene is immediately adaptive,
most introns that filter through the sieve of natural selection will be positioned near the 5’
end of the gene.

These population genomics analyses allowed me to characterize the forces governing
the evolutionary trajectory of polymorphisms in key splice sequences in S. cerevisiae. My
analyses demonstrate that these sequences are subject to strong functional constraint. I
propose that introns are not merely genomic relics on their way out of the yeast genome;
patterns of intron prevalence in essential and non-essential genes suggest that, at least in
non-ribosomal protein genes, introns appear to be actively maintained for their functional
importance. My relatively high estimate of the magnitude of purifying selection governing
the evolution of splice sequences reflects the need for intronic bases to be properly removed
from transcripts, but is also likely to arise from the functional importance of regulated
splicing. Ultimately, disentangling the possible contributions of yeast introns to organismal
function will require detailed studies of splicing in different environments and at different
points in the cell cycle. Obtaining a better understanding of the dynamics and functional
importance of introns in yeast may inform our understanding of the prevalence of introns

in more complex eukaryotic genomes.
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Chapter 3

A STATISTICAL MODEL FOR ALLELE-SPECIFIC GENE
EXPRESSION MEASURED BY RNA-SEQ

This chapter contains material published in [138]. I gratefully acknowledge Jon Wakefield,
without whose assistance the statistical model described in this chapter could not have been

conceived, specified, or implemented.
3.1 Summary

Variation in gene expression is thought to make a significant contribution to phenotypic
diversity among individuals within populations. Although high-throughput cDNA sequenc-
ing offers a unique opportunity to delineate the genome-wide architecture of regulatory
variation, new statistical methods need to be developed to capitalize on the wealth of in-
formation contained in RNA-Seq datasets. To this end, I developed a powerful and flexible
hierarchical Bayesian model that combines information across loci to allow both global and
locus-specific inferences about allele-specific expression (ASE). T applied this methodology
to a large RNA-Seq dataset obtained in a diploid hybrid of two diverse Saccharomyces cere-
visiae strains, as well as to RNA-Seq data from an individual human genome. My statistical
framework accurately quantifies levels of ASE with specified false discovery rates, achiev-
ing high reproducibility between independent sequencing platforms. I pinpoint loci that
show unusual and biologically interesting patterns of ASE, including allele-specific alter-
native splicing and transcription termination sites. This methodology provides a rigorous,

quantitative, and high-resolution tool for profiling ASE across whole genomes.
3.2 Introduction

Gene expression is the fundamental initial step in the process by which static genomic in-
formation gives rise to dynamic organismal phenotypes. Variation in gene expression has

the potential to contribute significantly to phenotypic diversity within species and diver-
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gence between species [139,140]. There is a diverse array of well-characterized examples
of phenotypes influenced by regulatory polymorphisms, ranging from pelvic morphology in
sticklebacks [10] to malaria susceptibility in humans [141]. Although heritable variation in
gene expression levels appears to be ubiquitous among individuals within species, an under-
standing of the distribution of regulatory variation and the mechanisms by which regulatory
polymorphisms act remains limited [142,143].

Heritable differences in gene expression between individuals are ultimately caused by
polymorphisms that affect the expression level of either one or both alleles (cis-acting or
trans-acting polymorphisms, respectively) in a diploid. A powerful approach for identifying
cis-acting regulatory variation is measuring allele-specific expression (ASE). An observation
of differential allelic expression in a heterozygote indicates the presence of one or more
variants that act in cis to affect the expression level of the gene. ASE has been studied
by an assortment of methods, including variations of PCR [144, 145], pyrosequencing [146],
array-based platforms [147-150], and chromatin immunoprecipitation [151]. A unifying
theme of these studies has been that ASE is widespread both within and between a wide
variety of species.

More recently, high-throughput sequencing has been used to assess ASE [152-159], which
affords a number of advantages compared to previous approaches. An RNA-Seq approach,
where cDNA is isolated and subjected to high-throughput sequencing, gives measurements
of ASE genome-wide for both protein-coding genes and non-coding RNA, provided tran-
scribed polymorphisms are present to distinguish between alleles. Sequencing also offers an
improved dynamic range over microarrays, and results in digital allele counts with precision
limited only by depth of coverage. Despite these advantages, inferences about ASE from
high-throughput sequencing data have been made with simple statistical methods, which
do not efficiently use all of the information contained in these large and complex datasets.

To address the lack of statistical methods for detecting ASE tailored to high-throughput
sequencing data, I developed a Bayesian hierarchical model to analyze allelic read counts. I
demonstrate that, compared to existing approaches, this model is more powerful, accurately
quantifies false discovery rates (FDR), and facilitates more meaningful biological inferences.

I use this method to characterize the landscape of ASE in a diploid hybrid of two diverse



36

strains of S. cerevisiae and find that my data are consistent with an overall proportion of
nearly 80% of measured genes exhibiting ASE, 1,991 of which are significant at FDR = 5%.
Using this statistical model, I also identified numerous genes with biologically interesting
examples of ASE, including allele-specific alternative splicing and transcription termination
sites. In addition, to highlight the advantages of this approach for more complex genomes, I
applied my method to an RNA-Seq data set in humans. Overall, my analysis highlights the
utility of using a carefully designed statistical framework to leverage the massive amount of

information present in RNA-Seq datasets to reveal biological insights.

3.3 Methods

3.3.1 FEzxperimental design

The experimental portions of this chapter were performed by Marnie Johansson and Jennifer
Madeoy. Marnie and Jennifer mated strains BY4716 and RM11-1a and used auxotrophic
deletions to select for the diploid hybrid during mating. These strains have been described in
detail elsewhere [35]. They grew the strains to mid-log phase (ODgoo 0.8-1.0) in rich media
(YPD), extracted RNA by the acid phenol method [109], and confirmed RNA integrity
using an Agilent 2100 Bioanalyzer (Agilent Technologies). They extracted genomic DNA

using a modified version of the yeast smash and grab protocol [160].

I provide a brief overview of sequencing library preparation here, and give full details with
kit numbers in Appendix C. Marnie and Jennifer prepared genomic DNA libraries according
to manufacturer recommended protocols. For all RNA samples, they performed poly(A)
enrichment and one round of ribosomal RNA depletion. For RNA samples submitted to the
Illumina Genome Analyzer 11, they fragmented RNA to 60-200 bp, made cDNA by random
priming, and followed manufacturer recommended protocols for the remainder of sequencing
library preparation. For RNA samples submitted to the Applied Biosystems Inc. (ABI)
SOLiD machine, they prepared libraries according to manufacturer recommended protocols.

All SOLiD samples were tagged with four barcodes per library.
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3.3.2  Yeast allele-specific read mapping

I obtained complete genome sequences for BY from the Saccharomyces Genome Database
(June 2008 sequence; http://www.yeastgenome.org/) and for RM from the Broad Insti-
tute (http://www.broadinstitute.org/). After repeat masking [161] the sequences, I
used LASTZ (http://www.bx.psu.edu/miller_lab) to infer alignment scoring parameters
appropriate for aligning the BY and RM genomes and to generate pairwise alignments be-
tween all chromosomes of the two strains. I then used TBA [162] to compute a whole-genome
alignment that is not biased in favor of any particular reference genome. I masked any nu-
cleotides that were ambiguous in either genome, projected this alignment to both BY and
RM to construct reference genomes for the strains, and mapped all reads to both genomes.
To align reads in colorspace or nucleotide space I used the program BFAST [163] (Section

C.4).

Next, I examined the alignment of each read to the BY genome and to the RM genome
in order to search for reads with distinguishable allelic origin. I analyzed only the highest-
scoring alignment of each read to each genome. I required reads to map to approximately
the same genomic location in BY and RM; specifically, I required each read to map within
the same alignment block in each strain. I used a simple probabilistically-motivated, base
quality-aware scoring scheme implemented in the program cross_match (http://phrap.
org/phredphrapconsed.html) to score the alignment of the read to the genome of each
strain (Section C.4), and considered a read to be a candidate BY read if the score was
higher for the alignment to the BY genome, and vice versa. Any read with an alignment
to one genome that scores higher must overlap a SNP, indel, or chromosomal breakpoint
between the strains. At a small proportion of SNPs, read mapping is strongly biased toward
one of the two alleles, as has been noted previously in humans [152]. To overcome this
potential source of bias, I simulated 50-bp reads with sequencing errors overlapping every
SNP and indel ascertained from our whole genome multiple alignment of BY and RM, and
mapped the simulated reads using the same pipeline described above (Section C.4). For our
experimentally acquired data, I then filtered out all allelically-mapped reads that overlapped

a SNP showing deviation greater than 5% from equal mapping of alleles in my simulated
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reads. To assign reads to genes, I used gene annotations from the Saccharomyces Genome
Database, along with 5" and 3’ UTRs predicted by RNA-Seq [47]. T ignored SNPs or indels
that occurred within more than one overlapping genomic feature. For reads that overlapped
multiple SNPs, I randomly assigned the read count to one of the SNPs. It has been noted
by other investigators that base composition has a significant effect on the propensity of a
molecule to be sequenced using high-throughput sequencing technologies [159,164,165]. This
phenomenon could affect my results only when the BY and RM alleles at a particular locus
differ greatly in base composition (which is rare), since my analysis only compares relative
allelic expression. Nevertheless, I performed a correction for GC content by (1) calculating
expected sequencing depth for windows of a given GC content using our genomic DNA data,
and (2) adjusting relative RNA read counts based on the difference in predicted read depth
between fragments of BY or RM allelic GC content (Section C.5).

Finally, I removed any reads marked as potential PCR duplicates to ensure that dif-
ferential allelic expression was not due to differential allelic amplification. For our Illu-
mina single-end and paired-end data, I used Picard’s MarkDuplicates command-line tool
(http://picard.sourceforge.net/). For our ABI SOLID data, I took advantage of the
four molecular barcodes tagging each sequencing library. Since the barcodes are embed-
ded in bridge primers used for PCR amplification, reads possessing different barcodes must
originate from distinct molecules. As such, for each genomic position I kept a maximum of

one read per barcode, and marked the remaining reads as PCR duplicates.

3.3.83 Human allele-specific read mapping

I obtained four lanes of RNA-Seq data (two 35 bp and two 46 bp single-end datasets)
generated by Pickrell et al. [159] for individual NA18498. This individual had the most
RNA-Seq reads of any sample sequenced by Pickrell et al. [159]. T obtained phased genotype
information from the International HapMap Project [166]. I mapped reads to the reference
human genome (hgl8/build 36) using the program GSNAP version 2011-03-11 [167], which
features SNP-tolerant alignment. I also took advantage of GSNAP’s ability to detect splicing

events using a database of known splice junctions compiled using Ensembl gene annotations
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[168]. I ran GSNAP with the options ——use-snps, --splicesites, -—-max-mismatches=0.05,
—--npaths=1, --trim-mismatch-score=0, and --quiet-if-excessive to obtain unique
alignments of each read. To ensure that GSNAP’s SNP-tolerant alignment feature eliminated
the mapping bias in favor of the reference allele [152], I simulated reads (35 and 46 bp in
length, the lengths of the actual reads) of both alleles at every position overlapping the SNP.
I mapped these reads to the human genome using the same commands used to map the real
data. I found that mapping bias was completely eliminated for all but a small number of

SNPs (& 2,600 SNPs, or ~ 1.5% of all SNPs), which I removed from further consideration.

In order to obtain allele-specific read counts, I grouped SNPs by Ensembl-annotated gene
and examined any genic SNPs overlapping a mapped read. I assigned reads as originating
from haplotypes A or B (as defined by the phased HapMap data; labels are arbitrary for
my purposes). For reads overlapping multiple SNPs, I randomly chose a single SNP and
incremented the read count for that SNP. This procedure results in allele-specific read
counts for SNPs within each gene that are stratified as originating from either haplotype A
or B, which served as input to my Bayesian model. As the RNA-Seq data from Pickrell et
al. [159] was not accompanied by genomic DNA sequence data, I used the same estimates
of the dispersion in read counts as my full analysis of the yeast data (i.e. the analysis of

[lumina and ABI data using estimates derived from yeast genomic DNA sequencing data).

3.8.4 Statistical analysis

I used the R statistical environment for all statistical analyses [111]. For my initial analysis of
allelic count data using the binomial exact test, I used the binom.test function. I provide a
brief summary of my Bayesian hierarchical model here, and a detailed description in Section
C.3. I construct a three-stage hierarchical model for allelic read counts. I denote the count of
reads mapping to RM at SNP j in gene ¢ and replicate r as Y;j,, and in the first stage model
these counts are binomially distributed with parameters Nj;. (coverage at the SNP) and
pij. At the second stage, the p;; arise from a gene-specific beta distribution with parameters
«; and (;. The second stage allows for the possibility that p; may not be constant across

all SNPs within gene i. These steps can be collapsed to give a beta-binomial model. 1



40

re-parameterize the beta distribution as p; = a; /(o + 5;) and ¢; = 1/(1 + o + i), which
have straightforward interpretations as the mean amount of ASE (p;) and the dispersion
around the mean (e;) for gene i. As the dispersion e; approaches zero the counts converge

to binomially distributed. Finally, I place a two-component mixture prior on p;, €;:

. Beta(a, @) x Beta(1,d) with probability 7
Di, €i|a7 da f7 9, hv o ~
Beta(f,g) x Beta(1,h) with probability 1 — 7

The parameters a and d are estimated from genomic DNA data, and provide a measure of the
“noise” in read counts due to technical variability. I estimated these parameters separately
using genomic DNA data from each technology platform, and found that the estimates were
similar (95% credible intervals overlapped), so in my analysis of data from both platforms I
used the median of all posterior samples as our estimate for these parameters: a ~ 3600 and
d ~ 550. 1 implement this model using MCMC, running multiple Markov chain simulations
for at least 500,000 iterations and examining time series plots of model parameters to verify
convergence. For any list of i = 1,...,n genes (out of m total genes) and s = 1,..., s draws
from the posterior distribution of each parameter obtained via MCMC, if one lets 8 =

(f,qg,h,mo,a, cZ), the FDR achieved when calling those genes significant can be calculated

using the formula

FDR = ) "1 — p(C2ly), where
=1
1 S
Pr(C2ly) = ¢ Y p(C2lp” ., 67).

s=1
In this formula, C2 signifies component 2 of the two-component mixture prior described

above and is calculated using Bayes’ formula as detailed in Section C.3.

3.4 Results

3.4.1 Allele-specific expression in the yeast genome

With assistance in the wet lab from Marnie Johansson and Jennifer Madeoy, I measured ASE
by RNA-Seq in a diploid hybrid of two diverse strains of S. cerevisiae, the laboratory strain
BY4716 (BY, isogenic to S288C) and the wild vineyard strain RM11-1a (RM). I obtained
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Table 3.1: Information on RNA-Seq datasets

Platform Read Samples Paired Mapped ASE reads Genes > 10X
length end? reads (millions)*  coverageP
(millions)
ABI SOLiD 50 bp 2 No 51.78 1.19 4,483
Tllumina GAII® 76 bp 1 Yes 21.89 2.16 3,899

@ Reads assigned as originating from either the BY or RM allele, overlapping a BY/RM
variant site that was not susceptible to biased read mapping, and not marked as a po-
tential PCR duplicate.

b Coverage is defined here as the number of ASE reads that overlapped at least one base
between the gene’s annotated start and end coordinates.

¢ Reads obtained were 2 x 76 bp; each paired-end read is counted as a single read.

sequence data from two independent high-throughput sequencing platforms, the Applied
Biosystems Inc. (ABI) SOLiD System and the Illumina Genome Analyzer II (GAII; Table
3.1). To eliminate any read-mapping bias [152], which could lead to erroneous inferences
of allelic differences in transcript abundance, I developed strict criteria to call reads as
matching the BY or RM allele (Section 3.3). Furthermore, an insidious possible source of
bias is differential allelic amplification that would manifest as differential allelic expression.
To correct for this, I removed any reads that were potential PCR duplicates. Although this is
a conservative approach for single-end reads, I found that naively including duplicate reads
induced both global and gene-specific artifacts (Section C.7). Overall, I obtained allele-
specific read counts for approximately 4,500 protein-coding genes and non-coding RNAs
in the yeast genome, each of which is expressed in rich media and contains at least one
transcribed polymorphism.

As a first attempt at quantifying ASE in the diploid hybrid, I summed counts of reads
from the BY and RM alleles across all SNPs in each gene and conducted a simple binomial

exact test of the null hypothesis that each allele is equally expressed. This is the primary
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test that has been employed in previous studies of ASE using RNA-Seq (Section C.8).
This test assumes that read counts within each gene are binomially distributed, with a
significant test result indicating evidence for ASE. I restricted my analysis to genes with
coverage of at least 20 allele-distinguishing reads. 1208 and 1094 genes showed nominally
significant ASE (binomial test p < 0.05) in our Illumina GAII and ABI SOLiD data sets,
respectively. Although the simplicity of this test is appealing, it has several limitations.
First, it is not clear how to allow for the possibility of extra-binomial variation in read
counts caused by technical variability, as the binomial test cannot be tuned to the context
of the experiment. Second, it is not straightforward to combine information from different
experiments or replicates to obtain a composite measure of confidence in ASE. Third, it is
difficult to calculate an accurate estimate of the FDR, the fraction of genes called as showing
ASE that do not truly show ASE. Methods that make use of the complete distribution of
p-values [169] to estimate this quantity are difficult to apply with the binomial exact test
because the distribution of p-values under the null hypothesis is not uniformly distributed
(Section C.2). Finally, summing counts of reads across SNPs to estimate ASE across a
gene is undesirable as it masks heterogeneity in ASE at individual SNPs. When properly
modeled, such information can provide insights regarding the mechanistic basis of ASE, as

we demonstrate below.

3.4.2 A hierarchical Bayesian model for measuring genome-wide allele-specific expression

To address the limitations of standard binomial tests for ASE, I developed a powerful and
flexible Bayesian hierarchical model for allelic read count data (Figure 3.1; see Section 3.3.4
for further details). First, I calibrate my model for genes without ASE (Figure 3.1A) using
sequence data from genomic DNA, for which allele counts should vary only according to
statistical sampling and technical variability. This enables me to allow for some “noise” in
allele counts that does not have true biological relevance. Second, the model is motivated
by my desire to classify genes according to whether they show ASE and whether patterns
observed across SNPs are consistent with a constant level of ASE across the gene. I de-

signed this model to partition genes into two broad categories: genes not showing ASE
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(Figure 3.1A), and those showing ASE (Figure 3.1B). Thus, I can directly estimate the
global fraction of genes that show ASE in an experiment; I use the notation my to denote
the fraction of genes that do not show ASE, with 1 — 7wy representing the fraction that do
show ASE. For genes showing ASE, I allow levels of ASE to vary across SNPs, as might
be expected for genes with complicated patterns of ASE due to biological mechanisms such
as allele-specific splicing, alternative polyadenylation site usage, or alternative transcription
start sites (Figure 3.1C). I label genes with varying levels of ASE across SNPs as showing
variable ASE. Notably, this model can accommodate multiple replicate datasets from differ-
ent sequencing platforms in a statistically rigorous manner, while allowing for the possibility

of platform-specific estimates of technical variability.

I performed inference with this model using Markov chain Monte Carlo (MCMC). 1
conducted simulations to explore the power and robustness of my approach compared to
the binomial exact test. I simulated read counts with levels of overdispersion (which could
be introduced due to technical variability) estimated from our data (Section C.3.4), and
calculated the posterior probability of ASE for each simulated gene. I calculated the true
positive and false positive rate across thresholds based on p-values for the binomial exact
test and posterior probabilities of ASE for our model. Figure 3.2a shows that my model
outperforms the binomial exact test across all thresholds. I also calculated a Bayesian analog

to the FDR, which accurately represented the true false discovery rate (Figure 3.2b).

3.4.8 Consistent estimates of ASE across different sequencing platforms

As noted above, an important feature of my model is that it can combine replicate data
from different sequencing platforms in a statistically rigorous framework. However, before
combining all of our sequencing data, I first compared estimates of ASE derived indepen-
dently from separate analyses of the Illumina GAII and ABI SOLiD datasets. Overall, 1
found high concordance between results from the two platforms. I obtained more usable
allele-specific reads from our Illumina GAII data (Table 3.1), allowing me to call more genes
as showing significant ASE than in our ABI SOLiD data. I examined lists of genes called
as showing ASE at FDR = 5%, and found 453 genes called significant in both experiments
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Figure 3.1: Schematic outline of Bayesian model for ASE. (A) The true fraction of reads
from allele one should be exactly 0.5 in genomic DNA from a diploid. I use genomic
DNA sequencing to calibrate my model in order to account for noise in read counts (arrow
depicting width of distribution) at all SNPs as a result of technical variability inherent in
the sequencing process. (B) Genes are partitioned into two categories: genes with ASE
and those without ASE. For genes without ASE, the distribution of the fraction of reads
from allele one is estimated as in (A). I borrow information across all genes to estimate
the mean and variability of the corresponding distributions for genes with ASE, the second
category. Some genes in this category have a mean different from 0.5 but low dispersion in
read counts, like genes without ASE (blue distributions). Other genes in this category have
greater dispersion in read counts (tan distributions). (C) Distributions for the fraction of
reads from allele one are estimated for each gene. Differences in mean and variability of
these gene-specific distributions allow for genes that do not show ASE (top), genes that show
ASE that is constant across the transcript (middle) and genes that potentially show complex
patterns of ASE (variable ASE), such as allele-specific alternative splicing (bottom). Panels
on the left show the gene-specific distributions of the fraction of reads from allele one, while
panels on the right show simulated allele-specific read counts for a three-exon gene (grey
boxes) containing four SNPs (red lines). Dots below gene model indicate, at each SNP, the
fraction of reads matching allele one.
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Figure 3.2: Performance of the Bayesian model for ASE. (a) Receiver operating character-
istic (ROC) curve showing the performance of my model compared to the binomial exact
test. Read counts were tabulated on simulated data with overdispersion as described in the
Section C.3.4. ROC curve plots the number of true positives called correctly and the num-
ber of false positives called incorrectly using p-value thresholds from 0 to 1 for the binomial
test and posterior probabilities of no ASE from 0 to 1 for my Bayesian model. (b) Observed
FDR closely tracks the true FDR. Observed and true FDR were calculated for simulated
data with overdispersion as described in the Supplemental Methods. The dotted light grey
line shows y = .
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(Figure 3.3a). Given the incomplete power of each experiment, one would not expect perfect
overlap between lists of significant genes. I used estimates of the power and false positive
rate for each experiment along with simulations to demonstrate that the observed overlap

between experiments is reasonably close to the expected level (Section C.3.5).
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Figure 3.3: ASE on different sequencing platforms. (a) Overlap between genes showing
significant ASE at FDR = 5% for two sequencing platforms. The orange square indicates
genes called significant in data from both platforms, while blue squares show genes called
significant on only one platform, indicated on the far side of the square. Numbers in
white indicate the number of genes falling into each category; the area of each square is
proportional to this number. (b) Magnitude of logy-fold difference in gene expression for
genes called significant at FDR = 5%. log,-fold differences are computed with respect to the
allele with lower expression, causing all values to be positive. Lines shown are continuous
approximations to discrete densities. Blue line shows the density for genes called significant
using only one sequencing platform, while orange line shows the density for genes called
significant in data from both sequencing platforms.

Genes exhibiting significant ASE in both experiments might be expected to show, on
average, more deviation from equal allelic expression than genes with significant ASE in only
one experiment. Indeed, the median magnitude of log,-fold change in expression for genes
showing ASE in both experiments was significantly higher than for genes showing ASE in
only one experiment (Figure 3.3b; 0.393 vs. 0.337, permutation test p = 0.0055). Lastly,
I examined the probability that each gene showed ASE in our Illumina GAII dataset and
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compared this to the same probability calculated using our ABI SOLiD dataset. I observed
a modest but highly significant correlation between these two measures of ASE (Spearmans
p=0.09; p=1.0 x 1078). Given the concordance between our measurements from the two
technologies, I focus below on results inferred by simultaneously analyzing the data from

both sequencing platforms.

3.4.4 Bayesian hierarchical model reveals features of allele-specific expression

An important advantage of my statistical model is that I am able to leverage the wealth
of information contained in an RNA-Seq dataset to make precise inferences about global
parameters, averaging over the conclusions drawn from any single gene. For example, one
basic quantity of interest is the total fraction of genes that exhibit ASE. This can be com-
puted easily from my model using my estimate of 7, the fraction of genes that do not
exhibit ASE. Combining all of my data, I estimate that approximately 79% of genes in-
terrogated show ASE between BY and RM (95% credible interval 76-83%; Figure 3.4a). 1
also inferred the distribution of the magnitude of ASE for genes showing ASE, and used
this to plot the distribution of fold-change in expression for genes with ASE (Figure 3.4b).
In biological terms, this distribution supports the notion that most expression changes are
relatively small (> 90% of genes with ASE show expression changes < 1.5 fold).

Next, I sought to identify which genes showed the strongest evidence for ASE overall,
as well as which genes were good candidates for variable ASE. T identified 1,991 genes
with significant evidence for ASE (5% FDR, corresponding to posterior probability of ASE
> 0.82). Among these genes, 22 are known non-coding RNAs, and the remainder encode
proteins. A previous study employed expression levels measured using microarrays and
identified 1,428 genes with significant evidence for local eQTL [145]. I obtained allele-
specific expression measurements for 1,198 of these genes, and detected significant evidence
(5% FDR) for ASE in 637, supporting the assertion that these genes show cis-regulatory
variation. Additionally, among 43 genes previously verified by quantitative PCR to show

ASE [145], T called 30 as showing significant ASE.

I also compared inferences of ASE made using our Bayesian model to those made using
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Figure 3.4: Global features of ASE in the yeast genome. (a) Posterior distribution of the
fraction of genes showing ASE, 1 — m. (b) Posterior distribution for the size of the fold-
change in expression of genes showing ASE. Fold-change values are shown relative to the
allele expressed at a lower level, meaning that all values are greater than one. Distribution
depicts the estimated probability density from which the magnitude of allele-specific expres-
sion would be drawn for a new gene known to show allele-specific expression. Distribution
shown was simulated by randomly drawing values by technology from posterior samples of
a; and by, which determine the shape of the probability density of the binomial parameter

p for genes showing ASE.
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a binomial test of equal allelic expression for read counts summed across all datasets for all
SNPs in each gene. As expected, measures of ASE were, on the whole, strongly correlated
between methods (Spearmans p = 0.67; p < 2.2 x 1071%). However, there were many
exceptions to this pattern. Figure 3.5a shows a plot of genes ranked by evidence for ASE
in the two models, and demonstrates that while most genes have similar rankings (blue
points), a non-trivial proportion of genes show highly discrepant results (red points; 1078

genes differ in rank by at least 25% of the total number of genes).

I further examined genes with highly discrepant measures of ASE between methods.
There were 192 genes ranked among the top third most likely to show ASE by one method,
but the bottom third least likely to show ASE by the other method. Figure 3.5b-c shows
examples of two such genes, and illustrates some of the advantages of our method over the
binomial test. Figure 3.5b shows the gene CCW14 (YLR390W-A), a cell wall glycoprotein
called as exhibiting significant ASE using the binomial exact test (p = 1.2 x 107%). The
sequence coverage at SNPs within this gene is high and allelic read counts occur at ratios
close to 50:50, but there is enough departure from equal allelic expression for rejection of the
binomial test. It seems likely that the slight variations from perfectly equal allelic expression
are due to technical variability rather than some underlying biological mechanism, and
reassuringly, this gene shows no evidence for ASE using our Bayesian model (posterior
probability of ASE < 0.4). Figure 3.5¢ shows the gene MET17 (YLR303W), a methionine
and cysteine synthase called as significant using my Bayesian model (FDR = 5%) but not
the binomial test (p = 0.86). The data shows a modest but reproducible change in ASE
from read counts higher for the BY allele to read counts higher for the RM allele moving
5" to 3/. This example emphasizes the fact that our model can detect variable ASE, while

such genes are difficult to identify by the binomial test.

3.4.5 Variable ASFE leads to mechanistic insights into allele-specific expression

There are a variety of possible mechanisms that might cause a gene to exhibit variable
ASE, such as allele-specific alternative splicing, allele-specific polyadenylation site usage,

allele-specific transcription start sites, or allele-specific antisense transcription encroaching
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Figure 3.5: Comparison of results from binomial test versus Bayesian model of ASE. (a)
Plot comparing ranks of genes in terms of evidence for ASE for the binomial test versus the
Bayesian model. Ranks were determined using p-values for the binomial test, and posterior
probabilities of ASE for the Bayesian model. Ties were broken by random assignment of
ranks to genes with equal p-values/posterior probabilities of ASE. Points are colored ac-
cording to consistency of ranks between methods. As shown in the color bar to the right,
redder points represent genes with ranks that are less consistent between methods, while
bluer points show genes ranked more consistently between methods. Dotted grey line in
background follows y = x. (b) Allele-specific read counts for the gene CCW14, which is
called as showing ASE using the binomial test, but not with the Bayesian model. Plot
depicts the gene model (gray rectangles), with thick rectangles representing exons, thinner
rectangles representing 5’ and 3’ UTRs, and the thin black line representing intergenic se-
quence. Circles plotted below the gene model show allele-specific read count data organized
by SNPs/indels within the gene. Circles are centered on the point p =(BY count)/(BY
count + RM count), and sized according to the total number of reads contributing to the
observation. Scaling of circle size follows the scale given on the far right, with all observa-
tions with >1200 reads set to the largest size shown (1200). Circle colors indicate which
experiment the observation is derived from, as shown in the legend on the far right. Ticks
on the z-axis indicate the location of SNPs or indels used to distinguish between alleles.
Sequence coverage is high and the slight departures from 50:50 allelic expression are likely
due to technical variability rather than some underlying biological mechanism. (c) Allele-
specific read counts for the gene MET17, which is called as showing ASE using the Bayesian
model, but not with the binomial test. Plot is organized and colored identically to (b). The
data shows a modest but reproducible change in ASE from read counts higher for the BY
allele to read counts higher for the RM allele moving 5" to 3'.
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over a portion of a gene. I found candidate genes showing variable ASE by ranking genes
by the parameter e;, which measures dispersion around the mean level of ASE for all SNPs
in a gene (Section C.3). I found examples of genes with variable ASE likely caused by some
of the above mechanisms by visually examining read counts at loci that ranked among the
10% most variable (Figure 3.6). Figure 3.6a shows the gene RPL25 (YOL127W), a protein
component of the large ribosomal subunit with read counts consistent with allele-specific
alternative splicing. In particular, I observed high read counts and reproducibly equal allelic
expression in the second exon of the gene, but lower read counts and expression biased in
favor of the BY allele at four SNPs in the intron. My observations are consistent with the
sampling of a modest number of immature mRNA transcripts, with the BY allele present
at a higher level, and a larger number of mature mRNA transcripts, with equal allelic
expression. One possible mechanistic explanation for this observation is that splicing of the
BY allele is inefficient, causing either a longer persistence time of immature mRNAs or a
higher percentage of intron retention in mature mRNA than for the RM allele.

In addition to allele-specific alternative splicing, I found genes that appeared to demon-
strate allele-specific variation in transcriptional start or stop sites. For example, Figure
3.6b shows the gene SUP35 (YDR172W), which codes for a protein involved in translation
termination. We observed nearly equal expression of both alleles within the coding sequence
of the gene, but higher expression of the BY allele at a SNP in the 3’ untranslated region
(UTR) of the gene (Figure 3.6b). This observation suggests that the length of the 3’ UTR
may vary between alleles, with a shorter 3 UTR associated with the RM allele. Another
example of variation in transcript structure is the gene AFG3 (YERO017C), a component of
a mitochondrial inner membrane protease. For AFG3 1 observed equal allelic expression at
the 5" end of the gene, and strong but reproducibly biased expression in favor of the RM
allele near the 3’ end of the gene (Figure 3.6¢). This pattern is consistent with premature
termination of transcription in the BY background, or a shorter 3’ UTR associated with
the BY allele. I note that, because our data derives from 50-76 bp reads (paired-end reads
for Illumina GAII data), observations of ASE at particular SNPs could reflect variation in
transcript structure located some distance from the SNP in question. The ability to identify

these biologically complicated examples of ASE is an important strength that is unique to



93

the statistical approach that I developed.

3.4.6 Application to measuring ASE in the human genome

To explore the utility of my method for characterizing ASE in a more complex mam-
malian genome, I obtained RNA-Seq reads from four lanes on the Illumina GAII gener-
ated by Pickrell et al. [159] from an individual of African descent, a member of the Yoruba
in Ibadan, Nigeria with high-quality phased genotypes available from the International
HapMap Project [166]. This individual is heterozygous at ~ 164,000 annotated transcribed
sites, and I detected reads with distinguishable alleles mapping to 5,780 genes. This dataset
has significantly lower sequencing depth than the yeast data described above, with only
2,082 genes containing 10 or more reads that overlap a transcribed polymorphism. Never-
theless, I conducted the analysis as a proof of principle that my model could be applicable
to organisms with larger genomes.

Pickrell et al. [159] conducted a targeted test of 244 genes with significant evidence for
local expression QTL to explore whether ASE contributed to expression variation among
69 individuals. In contrast, I carried out a genome-wide survey of ASE in this single indi-
vidual (NA18498). By performing my analysis on a single individual, I avoided the possible
complication of differences in genetic background confounding the relative expression levels
of two alleles.

I identified 17 genes with evidence for significant ASE (5% FDR) in individual NA18498.
These genes corresponded well to those identified by summing reads across SNPs and per-
forming a binomial test. As it is difficult to calibrate the FDR for the binomial test, I chose
a p-value threshold of 0.001 (corresponding to an expectation of approximately 5 expected
false positives), which resulted a significant test result for 18 genes. Of these 18 genes, my
Bayesian model identified 15 (FDR = 5%). The genes called as showing significant ASE
by the binomial test but not using my model all had a high skew in allelic expression but
few reads mapping (< 30), while the two genes called as significant by my model were
marginally significant by the binomial test (p < 0.05). Although I pinpoint 17 genes as

showing significant ASE, I estimate the fraction of the complete set of genes tested showing
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Figure 3.6: Examples of genes showing variable ASE. Plots are organized and colored iden-
tically to Figure 3.5b-c. (a) Allele-specific read counts for the gene RPL25. Thin black line
represents both intronic and intergenic sequence. Read counts indicate reproducibly equal
expression in exon two of the gene, but expression biased in favor of the BY allele at four
SNPs within the intron, consistent with allele-specific differences in splicing. (b) Allele-
specific read counts for the gene SUP35. Higher expression of the BY allele at a SNP in the
3’ UTR suggests allele-specific variation in UTR length. (c) Allele-specific read counts for
the gene AFG3. Higher expression of the RM allele near the 3’ end of the gene is consistent
with allele-specific variation in transcript structure that could occur some distance away
from the SNP tagging the ASE.
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ASE to be approximately 19% (Figure 3.7a; 95% credible interval 11-30%). Although it is
difficult to obtain a precise figure for the fraction of genes showing ASE in an individual
human due to differences in study design, power, and statistical methodology, this range is

generally consistent with previous studies of ASE in humans [150,170-172].
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Figure 3.7: ASE in the human genome. (a) Plot of the false discovery rate as a function of
the number of genes called significant. Since the human RNA-Seq dataset is low coverage
for most genes, it is not possible to identify many genes showing significant ASE without
risking a relatively large proportion of false discoveries. (b) Human gene DFNAS, which
shows significant ASE in individual NA18498. Plot is organized identically to Figure 3.5b-
¢, with different colored dots representing measurements obtained from separate Illumina
sequencing lanes. Although the number of reads is low for any given dot, the proportion of
reads from allele one is consistently higher than that for allele two.

I also searched for genes showing complicated patterns of ASE that might inform our
understanding of mechanisms of ASE at these loci. Given the low overall coverage of this
dataset, I did not find any convincing examples of variable ASE. However, an examination
of read counts at multiple SNPs within a gene can still be informative about potential
mechanisms of ASE. For example, Figure 3.7b shows the gene DFNA5 (ENSG00000105928),
which has three transcript isoforms and is implicated in non-syndromic hearing impairment
in humans [173]. Although read counts at SNPs within this gene are quite low, this gene
was called as showing significant ASE (FDR = 5%). As is apparent from Figure 3.7b, the
proportion of reads from allele one is consistently high across all SNPs in the gene, with

the exception of two points with relatively few reads (green point just below 0.5 represents
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a total of only 9 reads). Such read counts would be most consistent with a variant in the
promoter affecting transcription initiation or a variant in the 3" UTR affecting decay rates
that acts uniformly across the transcript, rather than allele-specific variation in transcript
structure. In the future, advances in sequencing technology and RNA-Seq read-mapping
software are likely to lead to datasets with deeper coverage and more accurate reconstruction
of transcript structure, which will allow a more complete picture of the landscape of ASE

in humans.
3.5 Discussion

In this chapter, I have described a novel method for gaining insight on the genome-wide
characteristics of cis-regulatory variation and discovering loci with complex patterns of
ASE. I demonstrate that inferences of ASE made using different sequencing platforms are
concordant, and identify approximately 2,000 genes showing ASE (FDR = 5%) between
two diverse yeast strains. My model provides a framework for analyzing allele-specific read
count data obtained at multiple SNPs within genes over multiple experimental replicates in
a statistically rigorous manner. Combining information from SNPs across the length of a
transcript, as well as allowing for technical variation in read counts, are key advantages that
allow my model to outperform the binomial test. In addition, I demonstrate that explicitly
allowing levels of ASE to vary across SNPs within genes can lead to the identification of
genes showing biologically interesting patterns of ASE that may have remained invisible
by other analysis methodologies (Figure 3.6). Modeling complicated mechanisms of ASE
is likely to be even more critical as we move towards studying ASE in deeply sequenced
mammalian transcriptomes, where phenomena such as alternative splicing are pervasive.
A unique strength of my approach is its ability to simultaneously make use of all of the
sequence data to infer global parameters of interest. Of the genes that have transcribed
polymorphisms, I estimate that nearly 80% exhibit ASE. This estimate is higher than a
previous estimate for the same two yeast strains (approximately 20%) based on verification
of cis-acting regulatory variation by allele-specific quantitative PCR for genes with local
eQTL [145]. However, several details of differences in study design and methodology can

account for this discrepancy. First, only genes with a transcribed polymorphism can be
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assessed for ASE with RNA-Seq, while the estimate of Ronald et al. [145] relied on gene
expression QTL that were detected without this requirement. Ronald et al. [145] showed
that there is a higher rate of local regulatory variation (most of which acts in cis to produce
ASE) in more polymorphic regions of the yeast genome. Thus, my estimate is likely higher in
part due to measurements made on genes found in regions of the yeast genome ascertained to
have a high occurrence of cis-acting regulatory variants. Second, microarray measurements
of gene expression levels may miss some of the transcript variants that we detect and classify
as variable ASE if probes are designed to regions of the gene with equal allelic expression.
Finally, I note that RNA-Seq affords the opportunity to measure transcript levels with
very high precision [49]. Given the large number of polymorphic noncoding sites found
between BY and RM (> 30,000), it may be that nearly every gene in the genome shows
some level of ASE when measured with sufficient precision, which raises a fundamental
question: what level of ASE is biologically significant? In the future, it will be critical to
move beyond describing and cataloging variation in transcript levels toward a more complete
understanding of the functional relevance of expression variation.

Finally, although I applied our statistical methodology to study ASE, this framework
is general and can be used to characterize allelic differences of any functional genomics
phenotypes derived from sequence data, such as methylation [174] or protein-DNA interac-
tions [175]. As new applications of high-throughput sequencing are conceived [176], it will
become increasingly important to develop statistical methods tailored to these large and
formidably complex data sets in order to maximize the biological insights derived from such

experiments.
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Chapter 4

PHENOMICS ANALYSIS OF GENETICALLY DIVERSE
SACCHAROMYCES CEREVISIAE STRAINS

I gratefully acknowledge the contributions of colleagues from the Yeast Resource Center
for their roles in the generation of the data described in this chapter and suggestions of

interesting possible analyses.

4.1 Summary

In contrast to our understanding of genetic variation, our knowledge of the quantitative
characteristics of phenotypic diversity remain poorly defined. Here, I describe a compre-
hensive phenomics dataset of over 15,000 gene expression, protein, metabolite, and cellular
morphological phenotypes in 22 genetically diverse strains of Saccharomyces cerevisiae. Our
deep phenotyping data expand the parts list of this well-studied model organism, as I iden-
tified novel or previously unconfirmed transcripts, introns, and peptides. Over 50% of all
measured traits vary significantly across strains and = 85% of all phenotypes are highly
correlated (p > 0.76; FDR=5%) with at least one other trait (median = 6, maximum =
328). I identified 366 robust associations between genetic variants and phenotypes. Finally,
I show how high-dimensional molecular phenomics datasets can be leveraged to accurately
predict phenotypic variation between strains, often with greater precision than afforded by
DNA sequence information alone. My results provide new insights into the spectrum of
phenotypic diversity that exists in natural populations, the genetic basis of such diversity,

and the characteristics influencing the ability to accurately predict particular phenotypes.

4.2 Introduction

Considerable progress has been made in characterizing genomes, allowing comprehensive
insights into patterns of genetic diversity in many organisms [1-5]. Interpreting the func-

tional and phenotypic consequences of genetic variation, however, remains challenging, and
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is exacerbated by the paucity of data on the quantitative characteristics of phenotypes.
One approach to bridge the gap between genetic variation and organismal phenotypes is
the comprehensive and systematic collection of carefully measured phenotypes, an approach
referred to as phenomics [177-179]. To date, phenomics studies have often been limited in
either the number of phenotypes or individuals studied [180-183]. However, advances in
functional genomics technology, instrumentation, and computational biology are providing
the necessary tools to extensively phenotype large numbers of individuals.

In this chapter, I describe a comprehensive and carefully constructed phenomics dataset
consisting of >15,000 molecular and morphological traits collected in 22 genetically diverse
yeast strains. These strains represent a diverse collection of S. cerevisiae isolates sampled
from six continents and a wide variety of microenvironments (Table D.1). This data reveals
new insights into the patterns and determinants of phenotypic variation and will be a
powerful community resource that fosters a deeper understanding of the principles governing

the relationship between genotypes and phenotypes.

4.3 Methods

Due to the collaborative nature of this project, I was not directly involved in most aspects
of the data generation. In this chapter, I have largely restricted the methods described to
those I was directly involved in, and I include details of experimental and computational

analyses conducted by others in Appendix D.

4.3.1 Whole-genome sequencing

See Section D.2.1 for a description of sample preparation and DNA sequencing methodology.

Genotyping

I used BWA version 0.5.9 [184] to map DNA sequence reads to the S288c reference genome
(release 64/UCSC sacCer3), after substituting non-reference nucleotides at sites of known
SNPs [1] for each strain where appropriate. Specifically, to construct these strain-specific

reference sequences I employed sequence data generated by Liti et al. [1] and only considered
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sites to be high quality non-reference alleles if the base quality exceeded 30 (error probability
0.001) and the site passed “neighbourhood quality standard” [1]. After mapping reads, I
sorted BAM files and marked duplicate reads using Picard version 1.29 (http://picard.

sourceforge.net).

I performed indel realignment and base quality recalibration, followed by SNP calling,
using GATK version 1.0.5454 [185]. Since GATK’s UnifiedGenotyper tool is designed for calling
SNPs in diploid genomes, I implemented a simple minimum overall depth filter of four reads
(that passed GATK’s internal quality control metrics) and, at each passing site, manually
extracted likelihoods for the two homozygous genotypes. I adopted a conservative approach
and required the likelihood of the non-reference allele (i.e. homozygous non-reference) to
be at least 1,000 times greater than the likelihood of the reference allele (i.e. homozygous
reference) before calling the site as non-reference. Manual inspection of sites where the
likelihood of the non-reference allele was only slightly higher than that of the reference allele
did not provide convincing evidence for the true presence of a SNP. The precise threshold
(of non-reference to reference likelihoods) used affects only a small minority of SNPs (<200
SNPs have a likelihood ratio between 1 and 1,000 in 22/23 strains). I did not attempt to

call insertions, deletions, or large structural variants using our short-read data.

Preparing strain-specific reference genomes

In order to prepare strain-specific reference genomes for mapping RNA-Seq reads, I ex-
tracted my genotype calls at every base in each strain’s genome. Starting with strain-
specific reference genomes constructed by combining sequence data from Liti et al. [1] with
the S288c reference genome (above), I replaced nucleotides with the correct allele at sites
where I called a different allele. At sites where I had insufficient short-read data to produce

a genotype, I kept the strain-specific reference nucleotide.

To prepare strain-specific databases for peptide matching, I extracted sequences from the
strain-specific reference genomes using the coordinates of annotated genes in the reference

S288c genome, then translated these sequences into protein sequences.
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Phylogeny based on whole-genome sequence

I present a phylogeny of the strains in Figure 4.4B. To obtain this phylogeny, I first started
with complete genomes of S. cerevisiae from Saccharomyces Genome Database [106] and
S. paradozus from Liti et al. [1]. T used the program TBA [162] to align these two genomes,
and projected the resulting MAF file to the S. cerevisiae reference. Since the strain-specific
reference genomes that I constructed (Section 4.3.1) were in the same genomic coordinates as
the S. cerevisiae reference genome, I appended these genomes on to the MAF file produced

by TBA. I used the ape version 3.0-5 package for phylogenetic manipulations [186] in R [187].

4.3.2  Normalization and data analysis

Overall, I implemented a two-stage model to test for differential abundance of RNA, protein,
and metabolite levels. In the first stage, I used a linear model to remove effects due to
batch and other factors not of primary interest, as detailed below for each data type. I then
obtained normalized data values by extracting residuals from this model. In the second
stage, I considered each gene separately, and tested for a strain effect using a random effects
model with normalized data values from stage one used as input. I used a similar approach
to test for differences in morphological traits, but modified the approach slightly because we
had measurements from many cells for each trait. I used R [187] for all statistical analysis

reported below.

RNA-Seq

I mapped RNA-Seq reads to strain-specific reference genomes (Section 4.3.1) using the pro-
gram BFAST version 0.6.4e [163] with options -K 100 and -M 500 to bfast match. I aligned
colorspace reads using a main index with mask 111111111111111111 (hash width 14) and
secondary indexes with masks 1111101110111010100101011011111, 10111101011010010~-
11000011010001111111, and 10111001101001100100111101010001011111 (all using hash
width 14). I output the results in SAM format and converted to BAM format using
samtools [188].

I computed strand-specific read depth across all annotated S. cerevisiae genes and non-
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coding RNAs using bedtools version 2.15.0 [189], after filtering out reads with a mapping
quality below 30. I normalized for RNA-Seq library size using normalization factors cal-
culated using the trimmed mean of M-values method [190] as implemented in the edgeR
package [191]. While examining potential batch effects, I noticed a particularly strong
dependence on RNA-Seq flowcell — samples run on one flowcell consistently grouped sepa-

rately from samples run on the other two flowcells (Figure 4.1). As such, I used the ComBat

log(RPKM) Unnormalized RNA-Seq clustered by flowcell

40

Samples
Flowcell

20

RNA levels
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Figure 4.1: RNA-Seq flowcell batch effects. Top heatmap and dendrogram show RNA-Seq
data plotted before flowcell normalization. In heatmap, magenta indicates lower expression,
green higher expression, and white intermediate; samples are grouped by flowcell as shown
on the right y-axis. It is evident from the top heatmap and dendrogram that samples are
strongly clustered by flowcell; this effect is removed in the bottom heatmap and dendrogram.
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function in the sva package [192] to explicitly correct for flowcell batch effects. Next, I per-
formed quantile normalization [193], and log-transformed the counts to better approximate
a normal distribution. In order to remove unknown or unmeasured sources of variation
from the data, I ran sva [194]. In order to remove known potential batch effects, I used a
fixed-effects linear model with the following covariates: RNA preparation batch, chemostat
harvest round, chemostat in which sample was grown, and chemostat processing batch. I
tested for differential expression by using gene-specific linear mixed models with a single
covariate, strain, specified as a random effect and residuals from the fixed-effect normaliza-
tion model as the response variable. To evaluate significance of gene expression differences,
I calculated a likelihood ratio statistic for each gene, performed 10,000 permutations of the
strain labels (refitting the model and recalculating the statistic for each permutation), and

calculated a p-value based on this empirical null distribution.

Quantitative proteomics

Starting with the quantitative peptide abundance data output by Topograph (described in
Section D.2.4), T divided by the total area of each sample to normalize for differences in
total protein abundance. Since ionization efficiencies in the mass spectrometer are peptide-
dependent, it would be difficult to compare abundances of peptides that differ in amino
acid sequence between strains. As such, I focused only on peptides that matched uniquely
to the same single protein in all strains, which constituted the majority of the dataset, 72%
(6845/9497) of measured peptides. I also examined the amino acids immediately before and
after each peptide sequence in all strains, discarding any peptides where a polymorphism

could have affected a tryptic site.

I performed quantile normalization [193], and log-transformed the measurements to bet-
ter approximate a normal distribution. In order to remove unknown or unmeasured sources
of variation from the data, I ran sva [194]. In order to remove known potential batch effects,
I used a fixed-effects linear model with the following covariates: protein lysis batch, pro-
tein digestion batch, mass spectrometer run order, chemostat in which sample was grown,

chemostat harvest round, chemostat processing batch, and time post-quality control run
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that the sample was run. I tested for differential peptide abundance by using peptide-
specific random effects models with a single covariate, strain, specified as a random effect
and residuals from the fixed-effect normalization model as the response variable. To eval-
uate significance of peptide abundance differences, I calculated a likelihood ratio statistic
for each peptide, performed 10,000 permutations of the strain labels (refitting the model
and recalculating the statistic for each permutation), and calculated a p-value based on this

empirical null distribution.

Metabolomics

Starting with the metabolite abundance data output by Guineu (described in Section D.2.5)
I first log-transformed the measurements to better approximate a normal distribution. I
noted that the data showed a strong batch effect related to the instrument on which the
samples had been run (with one instrument in Seattle, WA and a second in Huntsville, AL).
I used the ComBat function in the sva package [192] to explicitly correct for this batch effect.
There were metabolites missing from some samples so I used a nearest-neighbor averaging
approach to impute the missing data [195]. In order to remove unknown or unmeasured
sources of variation from the data, I ran sva [194]. In order to remove known potential
batch effects, I used a fixed-effects linear model with chemostat in which sample was grown
and chemostat harvest round as covariates. I tested for differential metabolite abundance
by using metabolite-specific random effects models with a single covariate, strain, specified
as a random effect and residuals from the fixed-effect normalization model as the response
variable. To evaluate significance of metabolite abundance differences, I calculated a like-
lihood ratio statistic for each peptide, performed 10,000 permutations of the strain labels
(refitting the model and recalculating the statistic for each permutation), and calculated a

p-value based on this empirical null distribution.

Morphology

Since we measured hundreds or thousands of cells for each trait, I fit a separate linear

mixed model for each trait to correct for potential batch/technical effects and test for
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strain differences in traits. I tested for differences between strains in 199 directly measured
traits and 199 traits consisting of the coefficient of variation (CV) of the directly measured
traits [196], for a total of 398 traits.

For directly measured traits, I fit a mixed effects model to test for differences between
strains; the response was the measured trait values and covariates included a fixed chemostat
fermenter effect, a fixed image acquisition date, and a random strain effect. The null model
consisted of the same setup with the random strain effect excluded. To evaluate significance
of morphological differences, I calculated a likelihood ratio statistic for each trait, performed
10,000 permutations of the strain labels (refitting the model and recalculating the statistic
for each permutation), and calculated a p-value based on this empirical null distribution.

For CV traits, I obtained residuals from a fixed effect model containing chemostat fer-
menter and image acquisition date as covariates (the null model above). I then calculated
the coefficient of variation from these corrected values to obtain a single value (the CV) per
sample. I tested for strain differences by using trait-specific random effects models with a
single covariate, strain, specified as a random effect and the calculated coefficient of varia-
tion values for each sample as the response variable. To evaluate significance of differences
in morphological trait coefficient of variation, I calculated a likelihood ratio statistic for each
trait, performed 10,000 permutations of the strain labels (refitting the model and recalcu-
lating the statistic for each permutation), and calculated a p-value based on this empirical

null distribution.

4.8.8 Network structure of phenotypic correlations
Hive plot

I collapsed peptide measurements into a single value for each protein by taking the average.
I used nearest neighbor averaging to impute missing values (in the metabolite and morpho-
logical data) [195]. I combined the resulting 1,645 protein values with 6,207 gene expression
values, 115 metabolite values, and 398 morphology trait values. I calculated Spearman
correlations between each pair of phenotypes, resulting in >34,000,000 total correlations. I

permuted the dataset and recalculated correlations, finding that a cutoff of p = 0.7625 corre-
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sponded to a FDR of approximately 5%. I modified code from the HiveR package, available

at http://academic.depauw.edu/~hanson/HiveR/HiveR.html, to create hive plot figures.

Subnetworks

I used the MCODE [197] plugin in Cytoscape [198], which detects subsets of densely inter-
connected nodes in a network, to identify highly connected subnetworks. I used the default

settings: degree cutoff = 2, node score cutoff = 0.2, k-core = 2, max depth = 100.

4.8.4  Identification of novel and unconfirmed biomolecules
Estimating the transcribed fraction of the genome

I used gem-mappability [199], with read length 50 and max mismatches set to two, to
compute the mappability at each base in the yeast genome. Here the mappability is defined
as the number of 50 bp sequences in the genome that match the sequence starting at this
base while allowing for 2 mismatches [199]. I divided the genome into 50 bp bins and
classified each bin as mappable if all bases in the bin had a mappability of 1 (i.e. unique
sequence). For the analyses below, I focused only on mappable bins (~ 92% of the genome).

I identified a set of loci that are unlikely to be transcribed by the following steps,

perfomed using bedtools version 2.15.0 [189]:

1. Start with a list of all annotated regions that could be transcribed (genes, non-coding
RNAs, rRNA, snoRNA, snRNA, tRNA, transposable elements, and pseudogenes).
Add annotations for 5" and 3’ UTRs where possible [47].

2. Add 200 bp on either side of the features above.

3. Merge this set of features with the set of loci encompassing all bases with phastcons

conservation scores >0.5 based on an alignment of 7 yeast species [200].

4. Take the complement of the above set of features to arrive at a set of loci that are

unlikely to be transcribed. I subdivided each feature into nonoverlapping 50 bp bins,
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which resulted in 11,430 mappable bins spread across all chromosomes. This corre-

sponded to roughly 570 kb or ~ 5% of the yeast genome.

I combined reads from all our RNA-Seq samples, requiring each read to map with high
quality and not be marked as a potential PCR, duplicate, and worked from this set of reads.
I obtained a “background” distribution for non-transcribed regions by calculating the read
depth in each 50 bp bin I identified as unlikely to be transcribed. Although some of these
bins may contain genomic sequences transcribed to produce a functional product, I assumed
that for most bins the large majority of reads likely represent transcriptional noise. For the
remaining genomic bins, I calculated a p-value by using the background distribution as
an empirical null distribution. The presence of truly functionally transcribed bins in this

background set makes our approach conservative.

Introns

I used TopHat version 2.0.3 [201] with options --color, --quals, --bowtiel, --library-
type=fr-secondstrand, -—min-intron-length 15, --max-intron-length 2000, --min-
coverage—intron 15, -—max-coverage-intron 2000, —~—min-segment-intron 15, ——max-—
segment-intron 2000, --transcriptome-max-hits 10 to map all of our RNA-Seq reads
to polymorphized reference genomes for each strain, providing a list of known splice junc-
tions present in Saccharomyces Genome Database [106] using the --raw-juncs option. I
combined predicted splice junctions for all strains and filtered out junctions corresponding
to previously annotated introns. I excluded junctions supported by less than 5 reads or
junctions resulting in putative introns less than 20 bp in length, leaving a total of 3,371
candidate novel splice junctions.

I used a list of 292 well-supported introns [62] to compile position-specific scoring ma-
trices (PSSMs) for the 5, 3/, and branch point sequences that have clear functional roles
in pre-mRNA splicing [78]. The matrices I used to produce PSSMs for the 5 and 3’ splice
sequences were derived from the first six and last three bases, respectively, of each of the
292 introns. For the branch point sequence I used the sequence present in the yeast intron

database [74]. A strong match identified using position-specific scoring matrices derived
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from known functional sequences would suggest that the 5’, 3’, and branch point sequences
in a candidate intron are likely to be functional.

First, I used FIMO version 4.8.1 [202] to obtain scores for each of the 292 true introns,
using a first-order Markov model for background frequencies determined from the complete
yeast reference genome. I restricted a match to my 5’ splice site PSSM at the beginning of
each intron and a match to my 3’ splice site PSSM at the end of each intron, and allowed
the branch point PSSM to match anywhere between the seventh and third from last bases
of the intron. I summed log-odds scores output by FIMO for the three PSSM matches, taking
only the best sequence match for each PSSM.

Second, I followed the same process described above to score each of the predicted 3,371
candidate novel introns. I found 50 candidate novel introns with total PSSM match scores
higher than the lowest-scoring 25% of true introns. These candidate novel introns were
supported by at least five TopHat read alignments (median 21, mean 103). I ignored introns
that fell in repetitive regions of the genome (e.g. Y’ elements), leaving a total of 45 candidate
introns. Of these 45 introns, 42 overlapped previously annotated introns. The three introns

that did not overlap previously annotated introns included:

1. one intron supported by 249 reads and starting in the gene YMR147W that was
previously thought to be spliced only under heat shock conditions (chrXIII:559782-
560157) [73].

2. one intron, supported by 37 reads, near the 3’ end of the gene HOP2 that would
truncate the Hop2 protein by 7 amino acids and change 5 amino acids at the C-

terminal end of the protein.

3. one intron, supported by 21 reads, in the 5’ UTR of the gene BCK2 and that overlaps
a spliced EST (with different splice junctions) detected by Grate et al. (unpublished;
Genbank ID: EG999335.1) using RT-PCR.

The 42 remaining putative novel introns overlapped annotated introns. I observed poly-

morphisms in splice site sequences in five cases, but the polymorphisms did not severely
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disrupt splice site consensus motifs and did not appear to correlate with frequency of either

the previously annotated or novel splice forms.

RNA transcripts

I used Tophat version 2.0.3 [201] with the same options as above (Section 4.3.4) to map all of
our RNA-Seq reads to strain-specific reference genomes for each strain. I ran Cufflinks ver-
sion 2.0.0 [203] with the parameters --min-intron-length 15, ~-max-intron-length 2000,
—--multi-read-correct, ——-3-overhang-tolerance 300, ——intron-overhang-tolerance
15, -—-max-bundle-length 15000 , and --frag-bias-correct to assemble transcripts us-
ing mapped reads. I focused on predicted intergenic transcripts or antisense transcripts
>50 bp in size and at least 1 kb from any annotated gene or non-coding RNA on the same
strand. T required 95% of the 50 bp bins tiling across the locus to be “uniquely mappable”,
as defined in Section 4.3.4, before considering a predicted transcript further. This resulted
in 621 predicted transcripts: 383 intergenic transcripts and 238 antisense transcripts that

overlapped a protein-coding gene or noncoding RNA on the sense strand.

Some antisense transcripts overlapped more than one gene on the opposite strand. When
comparing correlations between the predicted antisense transcript and its corresponding
sense gene, I used only the gene most overlapped by the predicted transcript. To analyze
strain differences in expression of antisense and intergenic transcripts, I employed the same
methods used to detect differential expression of annotated genes, as described in Section

4.3.2.

Proteins

See Section D.2.4 for a summary of the methods Gennifer Merrihew used to search for

novel /unconfirmed proteins and protein modifications.
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4.8.5  Association Mapping
Mapping cis-regulatory gene expression QTL

In order to map cis-regulatory gene expression QTL, for each gene I focused on SNPs located
within the region 500 bp upstream of the annotated gene start to 500 bp downstream of the
gene end. I focused on variants near the gene of interest, which presumably act primarily in
cis to influence RNA and protein levels, because complex patterns of population structure
in S. cerevisiae render genome-wide association studies susceptible to a high type I error
rate [204]. I only considered variants where the minor allele was present in at least four
strains. I used the program Haploview [205] to select tag SNPs with 2 > 0.6. Next,
I employed the program EMMA [206], which uses a mixed model approach, to control for
population structure. Although the presence of population structure leads to an elevated
type I error rate for association testing using these yeast strains, the corrections performed
by EMMA partially mitigate these concerns and result in a type I error rate that is only
slightly elevated above that expected in the absence of population structure [204].

To conduct association tests, I recorded the test statistic output by EMMA for each SNP-
gene combination, and kept the maximum statistic for each gene. To determine the sig-
nificance of this statistic, I performed 1,000 permutations where I replicated this strategy
on data where the gene expression levels were shuffled randomly. After calculating p-values
using the null distribution estimated from permuted data, I used standard methods [169] to
calculate the false discovery rate, and for further analysis I focused on cis-regulatory gene

expression QTL identified as significant at FDR=5%.

Mapping cis-regulatory protein expression QTL

In order to map cis-regulatory protein expression QTL, I performed exactly the same pro-
cedures as described above (Section 4.3.5), but used peptide levels in the association tests.
I did permutations and calculated false discovery rates on a peptide-level basis.

To explore the concordance between gene expression QTL and protein expression QTL,
I focused on the significant gene expression QTL and plotted the p-values for SNP-peptide

associations for the same genes. The absence of a significant peptide association in 63/68
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transcript associations might reflect a lack of power rather than a truly missing association.
I analyzed the distribution of p-values for this subset of peptide associations using a conser-
vative method for estimating the fraction of truly significant tests [169] and found that 53%
of the peptides were estimated to have a true association, indicating that most large-effect

variants affecting RNA levels affect peptide levels as well.

4.8.6 Predicting phenotypic variation

Unless otherwise noted, I constructed models using random forest regression, which allows
for complex and nonlinear interactions among a heterogeneous set of predictor variables and
has been shown to be effective across a wide range of modeling problems [207,208]. I used

the R package randomForest [209] for random forest analyses reported in this section.

Linear model for intrastrain phenotype prediction

I used a simple linear model in order to estimate the amount of variation explained between
genes within a single individual at the RNA, protein, metabolite, or morphological level.
The linear models I constructed were used to model, for each strain: 6,207 RNA levels,
1,643 protein levels, 115 metabolite levels, and 392 morphological traits. I obtained protein
levels by averaging the peptide measurements for all peptides that mapped to each gene. In
my models, the response variable was a vector of phenotype levels across strain ¢, and the
covariates were vectors of (1) the phenotype level in a strain closely related to strain ¢ and
(2) the mean phenotypic level across all strains, excluding strain i. Closely related strains
were assessed using a phylogeny constructed at the genome-wide level from all strains, and
a single strain was selected randomly when multiple strains were equally closely related. 1

fit models in R [187], and quantified variance explained using adjusted R-squared.

Ezxploiting the phenotypic correlation structure for interstrain phenotype prediction

As described in the results section, I exploited the phenotypic correlation structure to make
predictions of interstrain phenotypic variation. This approach was motivated by the ob-

servation that, given two phenotypes known to be highly correlated, each could serve as
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a useful predictor of variation in the other. Beginning with the 8,365 phenotypes used to
make Figure 4.6A (i.e. peptide measurements collapsed into a single mean number for each
protein), I sequentially withheld each strain, recalculated pairwise correlations between all
phenotypes, and recorded the phenotypes that were highly correlated (FDR = 5%) with
each other phenotype.

I used a simple random forest model to make predictions for all 5,494 phenotypes that
varied significantly between strains. To make a prediction for phenotype ¢ in strain j, I
first retrieved the list of all phenotypes highly correlated to phenotype ¢ when strain j was
withheld. I trained a random forest model using these phenotypes to predict phenotype i
in the remaining strains, and used this model to make a prediction for strain j. I calculated
the percent of variation explained by my models using the formula 1 — MSE 0461/ MSEpu,
where MSE indicates the mean squared error between true values and predicted values.
Null predictions used to calculate MSE,,; consisted of the mean value of the phenotype
across all strains other than the one whose phenotypic value was being predicted. I explored
additional methods for prediction, including multiple linear regression and principal compo-
nents analysis based methods, but found that differences in performance between different
statistical methods for prediction were minimal.

I identified tag traits using a greedy algorithm where I first identified the phenotype
correlated with the largest number of other phenotypes, then removed these phenotypes (as
they are “tagged” by the phenotype selected) and repeated the process until acquiring the
desired number of tag traits. I used tag traits to make predictions in an identical manner
as above, but only training random forest models using highly correlated tag traits rather

than all highly correlated phenotypes.

Addition of heterogeneous predictors for interstrain phenotype prediction

I used random forest models to make use of a range of heterogeneous sources of data to
predict RNA and protein levels for genes that varied significantly between strains. I focused
only on genes for which I obtained both RNA and protein data, which resulted in 1,303 RNA

levels and 660 protein levels (these numbers differ because I focused only on RNA /protein
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levels that differed significantly between strains). I obtained protein levels by averaging the
peptide measurements for all peptides that mapped to each gene. My full model consisted
of a large number of predictors with potential relevance for determining RNA and protein
levels. Training a single-gene model with only 22 strains is difficult, so I constructed separate
models for RNA and protein phenotypes and performed joint prediction of all phenotype x
strain combinations (Figure 4.8). Thus, in the RNA prediction model the response vector
consisted of 22 x 1,303 RNA levels, and in the protein model the response vector consisted
of 22 x 660 protein levels.

Below, I refer to “globally” and “locally” closely related strains — both designations
describe strains that are closely related, with globally related strains nearest each other in
a matrix of genetic distances built from complete genome sequences, and locally related
strains nearest each other in a matrix of genetic distances built from sequences at a particu-
lar locus. Thus, globally closely related strains are the same at all loci, while locally closely
related strains can vary depending on locus. In cases where multiple strains were equally dis-
tant phylogenetically, I took the mean RNA /protein value across all equally closely related
strains.

To avoid confusion, below I outline predictors used in the model of protein levels only
(Figure 4.8). The model for RNA levels was identical, but with RNA in place of protein and
vice versa. The matrix of predictor variables for the protein model included the following

(for gene i, strain j):

1. Predictions obtained using other highly correlated traits (previous section)

2. Genic characteristics: gene essentiality [120]; fitness of gene deletant [210]; whether

gene ¢ encodes a ribosomal protein

3. DNA sequence characteristics: GC content of the gene; codon bias [121]; whether
gene 7 contains a known intron; whether gene i’s promoter is predicted to contain
a TATA box [211] or a GA element [212]; divergence (rate of evolution) from S.

paradozrus, in the promoter, coding sequence, and a 10 kb bin centered around gene
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i; presence/absence of predicted instances of 153 transcription factor binding motifs

upstream of gene i

4. RNA levels: RNA level of gene i in strain j, RNA level of gene i in globally closely

related strain; RNA level of gene 4 in locally closely related strain

5. Protein levels; protein level of gene ¢ in globally closely related strain; protein level of

gene ¢ in locally closely related strain

6. Strain j

7. Clustering, pathways, and functional annotation: protein levels for top 3 proteins pre-
dicted to interact with gene i’s product (M. Riffle et al., unpublished data); protein
and RNA levels for the first 10 genes grouped with gene ¢ according to co-expressed
gene clusters identified by Yvert et al. [213], biochemical pathways curated in the
yeastCyc database [214], Kyoto Encyclopedia of Genes and Genomes (KEGG) path-
ways [215], and Gene Ontology SLIM categories available from Saccharomyces Genome
Database [106]; and genic membership in these clusters, pathways, and Gene Ontology

categories

I filled in missing values by taking the mean across all non-missing observations. I centered
RNA and protein values for each gene to have mean zero and variance one. I calculated
the percent of variation explained by our models on a gene-by-gene basis using the formula
1 — MSE0del/MSE 1, where MSE indicates the mean squared error between true values
and predicted values. Null predictions used to calculate MSE, ., consisted of the mean
value of the phenotype across all strains other than the one whose phenotypic value was
being predicted. I obtained model predictions using out-of-bag data from the random forest
model. Out-of-bag predictions were similar to those obtained by withholding data from a

gene and performing predictions after model fitting.
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Models for RNA and protein in specific pathways

I constructed targeted models to predict RNA and protein levels for specific pathways.
Here, I considered each pathway separately. I used annotations from yeastCyc [214] and
Saccharomyces Genome Database [106] to group genes into pathways. I built simple random
forest models using only RNA levels for genes in the pathway to predict protein levels
for genes in the pathway, and vice versa. I explored whether the inclusion of additional
information (genic characteristics and DNA sequence characteristics listed in the previous
section) might improve predictive accuracy, and found that the improvement gained by

including these factors was generally minimal.

Models for predicting metabolite levels

I constructed models to predict individual metabolite levels using either a random forest
or linear regression approach. I chose genes in pathways that produced or consumed the
metabolite, or where the metabolite is an intermediate, and used RNA and protein levels for
these genes as predictors in my models. I obtained information on the pathways in which
each metabolite is involved using yeastCyc [214] and Saccharomyces Genome Database

[106].
4.4 Results and discussion

4.4.1 High-dimensional phenotyping and genome sequencing

To comprehensively measure molecular and morphological phenotypes, while mitigating
confounding variables, my colleagues and I used a randomized study design and obtained
biological replicates for each measured trait (Figure 4.2). Specifically, we grew strains
to steady state in chemostats under phosphate-limited conditions (Section D.2.2), which
allowed us to control for growth rate variation among strains and maintain a constant ex-
ternal cellular milieu. We selected phosphate-limited media as preliminary work showed
that this condition resulted in widespread transcriptional differences among S. cerevisiae
strains. For each sample, we performed RNA-Seq to characterize gene expression and tran-

script structure; chromatography and mass spectrometry to measure protein and metabolite
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abundances; and quantitative microscopy to measure morphological phenotypes (Figure 4.2;

Section D.2).

In addition, we resequenced the genome of each strain to high coverage (mean =~ 30X;
Section D.2.1). This data supplemented existing low-coverage Sanger sequence data [1]
and allowed me to call additional SNPs, map RNA-Seq reads in an unbiased fashion, and
identify peptides expected to differ in amino acid sequence between strains. Concordance
with previously published Sanger-based sequences [1] was over 99.5% in all strains. Previous
low-coverage sequencing [1] reported approximately 230,000 SNPs (20,000-80,000 SNPs per
strain) in these strains relative to the S. cerevisiae reference sequence (S288c); our high-
coverage short-read sequencing yielded an additional 50,000 SNPs (1,500-44,000 per strain).
Liti et al. [1] used a phylogenetically-motivated imputation procedure to fill in missing
sequence in their low-coverage genomes. For bases where there was sufficient coverage
to call genotypes, my genotype call was discordant with 2.5% to 37.5% of imputed sites
across strains. Using Sanger sequencing, Marnie Johansson obtained 5.9 kb in two strains
overlapping 86 imputed SNPs, where my short-read genotyping calls disagreed with the
imputed genotype in 41 cases. I found 100% agreement between the Sanger sequence and
our calls (Section D.2.1), highlighting the difficulty of accurately imputing sequence in a

model organism with complex and heterogeneous patterns of population structure.

4.4.2  Ezpanding and refining the parts list of a model organism

The deep molecular phenotyping and genome sequencing we performed provides a unique
opportunity to further expand the biological “parts list” of S. cerevisiae. Although this
organism is perhaps the best-studied eukaryote, I found evidence for novel or previously
unconfirmed transcripts, introns, and proteins. Across all samples combined, we obtained
approximately 13.2 Gb of uniquely mappable genome sequence (equivalent to > 1000X cov-
erage of the genome) and 38.6 Gb of uniquely mappable transcript sequence. To estimate the
fraction of the genome transcribed into RNA, I first constructed a background distribution
of expression from genomic regions that were not conserved among other yeasts, a minimum

of 200 bp from annotated genomic features, and non-repetitive. I tested for transcription
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Figure 4.2: Experimental design facilitates high-dimensional phenotyping. A schematic of
the experimental design used to obtain phenotypic data for each of 22 strains. Icons next
to strains represent the variety of sources from which strains were originally isolated (Table
D.1). Schematic outlines the process of obtaining phenotype data for a single strain. In total
(aggregated across all strains), we obtained 16 Gb of DNA sequence; 820 million RNA-Seq
reads; 912,000 mass spectra that we used to infer peptide levels; metabolic measurements
of molecules in 40 different biochemical pathways; and 2,000 images that together captured
21,000 cells whose morphological characteristics we tabulated.



79

above this background level in 50-bp bins along the genome, and found that ~ 80% of the
uniquely mappable fraction of the genome is transcribed under phosphate-limited growth
(Section 4.3.4).

To identify novel antisense and intergenic transcripts, I focused on transcripts predicted
by Cufflinks [203] that were at least 50 bases in size and a minimum of 1 kb from any
other annotated transcribed feature on the same strand. I found 621 transcripts that met
these criteria: 383 intergenic transcripts and 238 antisense transcripts that overlapped a
protein-coding gene or noncoding RNA on the sense strand (Section 4.3.4). Overall, inter-
genic and antisense transcripts were expressed at low levels (median 3.0 RPKM for intergenic
transcripts and 4.5 RPKM for antisense transcripts, as opposed to 40.5 RPKM across all an-
notated genes). I observed significant differences in expression (FDR = 5%) between strains
for 155 (40%) intergenic transcripts and 176 (74%) antisense transcripts. Antisense tran-
scripts can regulate gene expression via mechanisms that repress sense transcription, such
as transcriptional interference [216,217] or epigenetic modifications [218]. I tested whether
strain differences in expression of antisense transcripts were correlated with expression of
the closest sense strand gene, and found significant anticorrelations for 52 transcript/gene
pairs (FDR=5%; one example is shown in Figure 4.3A).

In addition, I used our RNA-Seq data to identify strain differences in untranslated regions
(UTRs). Focusing on 4,882 verified genes with previously annotated UTR boundaries [47],
I found 1,188 that were expressed in all strains (>1 RPKM) and had >10-fold differences
in UTR read coverage between strains. 72% of these candidate differences in UTR length
occurred in 5" UTRs; an example in the pyridoxine transporter TPN1 is shown in Figure
4.3B. There was a marginally significant enrichment for genes associated with cellular bud
(p = 0.036, Bonferroni corrected) among genes with UTR differences.

I also identified 45 candidate novel splice junctions. One confirmed an unannotated
but previously reported intron thought to be spliced only under heat shock conditions [73].
Two additional predictions result in introns at the 3’ end of the gene HOP2 (causing minor
alterations to the Hop2 protein) and in the 5" UTR of the gene BCK2. The remaining
42 novel splice junctions shared a splice donor (41/42) or acceptor (1/42) site with an

existing annotated intron. The median ratio of reads mapping to previously annotated
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Figure 4.3: Exploring the parts list of S. cerevisiae. (A) Example of negative correlation
(p = —0.835) between sense transcription of the gene HOL1 and antisense transcription at
the locus. Left panel shows relationship between sense and antisense transcription; each
point represents data from a single strain. Orange and green points are shown in more
detail in right panel. Right panel depicts the gene model and smoothed RNA-Seq read
coverage from two strains highlighted in left panel; sense coverage is shown below the zero-
line in lighter color, and antisense coverage is shown above the zero-line in darker color.
(B) Difference in UTR usage in the gene TPNI. Smoothed RNA-Seq read coverage from
two strains is depicted below gene model. Inset shows detail in the 5 UTR. (C) Evidence
for translation of the gene YOL153C. YOL153C is categorized as a hypothetical protein in
Saccharomyces Genome Database, and is likely a pseudogene in S288c¢ as evidenced by two
in-frame stop codons (red asterisks). We detected peptide evidence (green boxes) of this
protein in strains YPS128 and UWOPS83-787.3, which do not contain the two stop codons.
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versus novel predicted splice junctions at the same locus was 118:1, suggesting that many
of these predicted novel junctions may be low-frequency alternative splice forms or splicing
errors. In many cases, the novel splice forms would cause profound changes in the translated
protein (changing at least ten amino acids in 15 cases and truncating at least one-fifth of
the protein in 23 cases), suggesting a possible role for these novel splice variants in gene

regulation.

To identify novel peptides using our quantitative shotgun mass spectrometry data, I first
searched for matches to annotated S. cerevisiae genes that either lack firm experimental ev-
idence (“uncharacterized” genes) or are thought unlikely to encode an expressed protein
(“dubious” genes). I found uniquely matching peptides for 3 dubious and 63 uncharac-
terized genes. Next, I searched for evidence of translation of pseudogenes or hypothetical
proteins identified in previous genome-sequencing projects (Section D.2.4). In two strains,
UWOPS83-787.3 and YPS128, I found evidence for translation of YOL153C (Figure 4.3C),
which is is a presumed pseudogene with two in-frame stop codons in the reference S288c
genome. In our strain-specific genome sequences, these two strains (along with 17 others)
do not possess the two stop codons present in S288c. In addition, I detected peptides
matching predicted /hypothetical genes from other genome sequencing projects, supporting
predictions for two genes in strain AWRI796 [219], five genes in strain EC1118 [220], three
genes in strain Jay291 [221], and six genes predicted by Liti et al. [1]. Finally, I used our
proteomics data to search for several post-translational modifications including oxidized
methionine and phosphorylated serine and threonine (Section D.2.4). I found modifications
(often present in only a subset of strains) in 122 peptides comprising 84 unique proteins
(FDR = 5%). Overall, these results add to the extensively curated list of biomolecules and
catalog of variation present in S. cerevisiae and suggest that deep molecular phenotyping

will be useful for refining the parts lists of more complex organisms.

4.4.8 Pervasive phenotypic diversity

I found widespread heritable variation within every class of phenotypic data measured, with

over 50% of all measured traits varying between strains. Specifically, 74% (4,565) of tran-
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script levels, 23% (1553) of peptides, 10% (12) of metabolites, and 64% (255) morphological
traits significantly varied (FDR = 5%) across strains. For the morphological phenotypes,
most traits were correlated with a small number of broad characteristics of cellular mor-
phology, including 28% (110) of traits that were significantly correlated with whole cell size
and 31% (121) that were significantly correlated with cell shape (order of the elliptical ap-
proximation of the cell). Following Nogami et al. [196], the traits that I tabulated included
both directly measured traits and their coefficient of variation (CV). I found more directly

measured traits differed between strains (151/199) than CV traits (104/199).

For both transcript and protein levels, genes that varied most across strains were involved
in aerobic respiration and the electron transport chain, with highly significant gene ontology
enrichment (p < 107°) for cellular respiration, ATP synthesis coupled proton transport, and
mitochondrial respiratory chain complexes. Indeed, I found consistent differences between
strains in the overall activity of central carbon metabolic pathways, reflecting contrasting
strategies for energy generation (Figure 4.4A). The strong anticorrelation between the
activity of genes involved in fermentation versus aerobic respiration was largely (though
not entirely) associated with the major phylogenetic division between the strains (Figure
4.4B); strains involved in the production of alcoholic beverages as well as their close relatives

tended to be more active fermenters.

I examined each differentially abundant metabolite in the context of 162 well-annotated
biochemical pathways. Overall, metabolites tended to correlate significantly (FDR = 5%)
with a large number of pathways (mean = 58, standard deviation = 30), consistent with
the highly interconnected nature of metabolism. The metabolite ribose (due to the deriva-
tization process, this measurement included both free ribose and ribose-5-phosphate) was
significantly correlated (FDR = 5%; |p| > 0.43) with the largest number of pathways,
96. Ribose-5-phosphate is produced by the pentose phosphate pathway and required for
nucleotide biosynthesis, and I observed varying levels of activity of these pathways and
corresponding ribose/ribose-5-phosphate levels across strains (Figure 4.4C). At the mor-

phological level, I observed consistent, heritable differences in cell size (Figure 4.4D).
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4.4.4  Identifying large-effect cis-requlatory transcript and protein QTL

To search for genomic variants underlying variation in functional genomics phenotypes,
I performed association tests between variants within 500 bp of each gene and its corre-
sponding RNA and peptide levels. Although the number of individuals we sampled is small
(N = 22), simulations indicate that I have moderate to high power to detect large-effect
variants (Section D.3.1). I focused on common variants near the gene of interest, which
presumably act primarily in cis to influence RNA and protein levels, because complex
patterns of population structure in S. cerevisiae render genome-wide association studies
susceptible to a high type I error rate [204]. Before conducting association tests, I con-
trolled for population structure using mixed models and selected tag SNPs with 2 > 0.6. I
found 64 significant peptide-SNP associations (from 42 distinct proteins) and 302 significant
RNA-SNP associations (Figure 4.5A; FDR = 5%). The genetic variants underlying these
associations have large effects, explaining on average nearly 53% of the variation in peptide
or RNA level.

Of the 69 significant transcript associations that also had peptide data, six had at
least one significant peptide association. Of these six, five were associated with the same
SNP, consistent with variants that affect transcript level and thus indirectly affect protein
level. Figure 4.5B shows one such example in the gene PPN1, an endopolyphosphatase
involved in phosphate metabolism. The absence of a significant peptide association in 63/69
transcript associations suggests that the heritable basis of regulatory variants influencing
RNA and protein levels is largely distinct [33,222]. However, it also might reflect a lack
of statistical power. To investigate these two hypotheses, I estimated the fraction of truly
significant peptide associations among the set of genes with significant RNA associations
using a conservative method based on the distribution of p-values (Figure 4.5C) [169]. I
estimate that 53% of the peptides have a true association, indicating that a substantial

fraction of large-effect variants that influence RNA levels also affect peptide levels.
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Figure 4.4: Pervasive heritable phenotypic variation. (A) Overview of central carbon
metabolism. Heatmaps indicate pathway activity in each strain: RNA and protein data
for all genes in each pathway was combined, the first principal component extracted, and
the numerical sign adjusted to ensure higher numbers corresponded to higher average RNA
and protein abundance across the pathway and vice versa. Strains are shown in the same
order (listed under the fermentation heatmap) for all heatmaps. (B) Phylogeny based on
complete genome sequences, with strain names colored according to the key shown. Tan
arrows indicate strains used in the fermentation of alcoholic beverages. Pathway activity
for each strain was calculated as in (A) using genes in the TCA cycle and genes involved
in fermentation. (C) Pathways leading to the production of phosphoribosyl pyrophosphate
(PRPP) from glucose-6-phosphate, with pathway activity displayed vertically for 21 strains.
Arrows represent pathway activity, with longer arrows/brighter green indicating higher ac-
tivity and shorter arrows/brighter magenta indicating lower activity; a single measure of
pathway activity was calculated as in (A). Arrows on left indicate pathway activity of
the oxidative branch of the pentose phosphate pathway. Circles indicate measured levels
of ribose/ribose-5-phosphate and are colored and sized accordingly. Arrows on right indi-
cate activity of 5-phospho-ribosyl-1(alpha)-pyrophosphate synthetase, the heteromultimeric
complex that synthesizes PRPP. (D) Differences in mother cell size between a small and
large strain. Histograms are composed of measurements made on individual cells. Inset
photos show a typical cell from each strain (with size near the strain mean). White scale
bars show &~ 2 pm. Actin stain is shown in red, DNA stain in blue, and cell wall stain in
greyscale in the merged images.
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Figure 4.5: Cis-regulatory RNA and peptide QTL. (A) Manhattan plot showing results for
significant RNA and peptide cis-association tests. Grey vertical lines indicate individual
tests. Blue boxes and associated Roman numerals across the middle of the panel indicate
the 16 chromosomes of yeast. (B) Example, in the gene PPN1, where RNA and peptide
levels show association with the same polymorphism. Light blue ticks along gene model
indicate locations of tag SNPs tested for association. SNP that was significantly associated
with RNA and peptide levels shown is the first SNP. Yellow gradient originating at this
SNP expands to boxplots of RNA and peptide levels separated by allele; boxes indicate
lower quartile, median, and upper quartile, and whiskers extend to half the interquartile
range. (C) Histogram of p-values for 236 peptide associations in 69 genes with significant
RNA associations.
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4.4.5 Densely connected network structure of phenotypic correlations

To explore the correlation structure among traits, I calculated pairwise correlation coef-
ficients among 8,365 phenotypes (collapsing all peptide measurements into a single mean
number for each protein) and identified 68,558 correlations, involving a total of 7,078 phe-
notypes, which were significant at a FDR of 5%. Approximately 60% (41,649) of the trait
comparisons were positively correlated. The excess of positive correlations is partially at-
tributable to the fact that levels of RNA and proteins in the same pathway or protein
complex tend to be positively correlated (mean p = 0.12 across n = 427 pathways and
protein complexes) but those from different pathways are equally likely to be negatively as
positively correlated (mean p = 0.008). Overall, there were strong correlations both within
(79%) and between (21%) data types, with a particularly dense set of connections within
and between highly correlated RNA and protein phenotypes (Figure 4.6A).

Of the 7,078 phenotypes correlated to at least one other trait, the mean number of
significant correlations to other traits was 19.4 (bootstrap 95% confidence interval 18.6—
20.2). RNA levels were correlated with the largest number of other traits on average (20.4)
and metabolite levels the fewest (12.0). The single most highly correlated phenotype was
the RNA level of the histidine tRNA synthetase HTS1, which was correlated with 328 other
phenotypes from all four data types but consisting largely of other RNA levels (n = 293).
Among the 50 most highly correlated RNA and 50 most highly correlated protein levels,
I observed strong enrichment for genes involved in energy generation, the mitochondrial
respiratory chain, and ATP synthesis. I found 162 densely connected subnetworks ranging
in size from 3 to 129 phenotypes, with 91 (56%) containing phenotypes of only one data type
and 10 (6%) containing phenotypes from at least three separate data types. The highest
scoring subnetwork (based on size and density) [197] consisted largely of RNA and/or protein

levels for genes in the cytochrome ¢ oxidase, cytochrome bcl, and ATP synthase complexes.

Previous studies in a diverse complement of organisms have reported widely varying
levels of RNA-protein correlation [223-225]. These studies have largely measured RNA-
protein correlation between different genes within an individual, whereas I sought to mea-

sure RNA-protein correlation between individuals (strains) on a gene-by-gene basis [222].
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Figure 4.6: Dense network structure of phenotypic correlations. (A) Hive plot showing net-
work composed of highly correlated phenotypic traits. Nodes arrayed along the three axes
respresent individual phenotypes. Nodes are colored by data type, with orange nodes show-
ing RNA levels, lime green nodes showing metabolites, purple nodes showing morphological
traits, and sea green nodes showing protein levels. Lines drawn between nodes indicate that
the two phenotypes are highly correlated. Black lines indicate connections (i.e. high corre-
lation between phenotypes) within the same data type, and gray lines indicate connections
between data types. (B) RNA-protein correlations for 542 genes called significantly differen-
tially expressed at the RNA level and with at least one significantly differentially abundant
peptide level. Padjusted indicates a correlation calculated by subtracting the mean of cor-
relations taken after randomizing the data 1,000 times from the true correlation. Vertical
red dotted line is drawn at 0. (C) Fraction of genes containing a TATA box as a function
of RNA-protein correlation. Each point plotted shows the fraction of genes with a TATA
box among a bin of approximately 80 genes with similar RNA-protein correlations (whose
mean is shown on the z-axis).
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We measured RNA and protein levels using aliquots of cells taken from the same chemostat
sample, minimizing environmental /batch effects that could lower correlations. I found a
modest correlation (median 0.33; Spearman’s p), with 44% (728 out of 1,636 genes with
RNA and protein data) of genes having a significant correlation (FDR = 5%). However,
restricting the analysis to genes called significantly differentially expressed (at the RNA
level) and with at least one differentially abundant peptide (see below) increased the me-
dian Spearman correlation to 0.50 and resulted in =~ 85% of genes having a significant
RNA-protein correlation (FDR = 5%); Figure 4.6B). Genes with the highest RNA-protein
correlations were strongly enriched for TATA box containing genes (Figure 4.6C). TATA-
containing genes show greater variability in RNA and protein abundance between strains
compared to TATA-less genes (t-test, p < 1 x 107°), as has been shown for gene expression
levels between different yeast species [226]. Thus, the larger variation among strains in
these genes likely dominates measurement variation, resulting in stronger RNA-protein cor-
relations. Alternatively, TATA-containing genes may be subject to less post-transcriptional
regulation than TATA-less genes. Nevertheless, the relatively modest correlations between
RNA and protein levels suggest a substantial role for post-translational modifications and

protein degradation in the control of steady-state protein abundances [227].

4.4.6  Integrative phenomics facilitates the prediction of phenotypes

The ability to accurately predict phenotypes would have profound consequences for basic
and biomedical science [228-230], yet remains a challenging problem. I first predicted all
RNA, protein, metabolite, and morphological traits in each single strain using simple models
in which predicted phenotypes in the i*! strain were a linear function of the phenotype in its
closest relative and the mean across other strains. These models accurately predict RNA,

protein, and metabolite levels (median Rgdj across strains = 0.97, 0.88, and 0.89, respec-

2

adj Across strains > 0.99). However, while

tively) as well as morphological traits (median R
this analysis captures relative differences in abundance between genes within individuals, it
does not robustly predict variation in abundance between individuals for a particular trait

(Figure 4.7A shows this in the context of gene expression levels).
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To address this problem, I leveraged the complex correlation structure of our dataset
(Figure 4.6A) to predict interstrain variation for all 5,494 phenotypes that vary significantly
between strains (with peptide measurements collapsed into a single mean number for each
protein). To perform prediction I employed random forest regression, a statistical technique
that allows for complex and nonlinear interactions among predictor variables [207]. Specif-
ically, I sequentially withheld each strain, recalculated phenotypic correlations, and used
only highly correlated (FDR = 5%) phenotypes as predictor variables in separate random
forest regression models for each phenotype (for example, orange lines in Figure 4.7B show
phenotypes highly correlated with the abundance of the Timl11 protein). Across all phe-
notypes, my predictions can account for a median of 30% of variation (Figure 4.7C, black
line), and for 28% of phenotypes (1,545) my predictions explain at least 50% of variation.
For example, I can account for 86% of variation in abundance of the Tim11 protein, which
is a subunit of the mitochondrial F1F0 ATPase required for ATP synthesis (Figure 4.7C in-
set, black points). Other well-predicted phenotypes were highly enriched for mitochondrial
and ribosomal functions. However, for 1,984 (36%) of phenotypes, my predictions failed to
explain more than 10% of variation, indicating that information beyond values of correlated
traits is necessary for robust predictions.

To explore how informative additional predictors could be, I incorporated functional
annotation data available for a subset of the phenotypes I measured into my model. Specif-
ically, I considered variation in 1,303 RNA and 660 protein levels that differed significantly
between strains, using an approach similar to above with the addition of = 1,000 heteroge-
neous predictor variables. Additional predictors included RNA and protein levels of other
genes with similar functions, genic characteristics, sequence features, and pathway annota-
tions (Figure 4.8). I trained the model on data from all genes simultaneously in order to
ensure that predictors were weighted accurately. Overall, the predictions explain ~ 45% of
the variation in both RNA (median 46.8%) and protein (median 44.8%) levels, significantly
better than the ~ 36% (median 37.0% and 35.6%, respectively) of variation explained using
correlated traits alone (Figure 4.7D). In some cases, the difference in prediction accuracy
was dramatic; for 98 (6%) phenotypes, predictions using correlated traits alone explained

less than 10% of variation, but the inclusion of additional covariates increased accuracy to



92

Figure 4.7: Integrating data to predict phenotypes. (A) Simple models can accurately pre-
dict gene expression levels when compared between genes (left, predictions for n = 5,385
genes in strain YPS606 are shown), but do not fully capture variation between strains at
a specific gene (inset right, gene expression levels for MUC are shown for all 22 strains,
with YPS606 highlighted in blue; units on y-axis are same as at left). At the MUCT locus,
predicted values (Xs) are clustered around the mean expression across strains (gray dotted
line), but observed values (circles) diverge substantially. Observed RPKM [48] values have
been normalized. (B) Hive plot arranged identically to Figure 4.6A, with orange edges indi-
cating connections to the node representing abundance of the Tim11 protein (blue arrow).
(C) Empirical cumulative distribution function (CDF) displaying predictive accuracy for
correlation-based phenotype predictions. Black line indicates CDF for predictions made
using all phenotypes, and orange line for predictions made using only 1,000 tag traits. Inset
shows predictions for abundance of the Tim11 protein made using all traits (black dots) and
tag traits only (orange dots). (D) Smooth scatter plot comparing performance of prediction
models discussed in the text. Darker blue indicates higher density of points, and lighter blue
lower density. Dotted red line is drawn at y = z. (E) Boxplot indicating percent variation
explained for models of RNA and protein levels. Boxes indicate lower quartile, median, and
upper quartile, and whiskers extend to half the interquartile range. (F) Model for predicting
levels of the metabolite trehalose, which is synthesized by the trehalose-phosphate synthase
complex. Heatmaps show relative levels of RNA, protein, or metabolites. Blue circles, or-
ange squares, and pink triangles distinguish between RNA, protein, and metabolites. Each
heatmap is arranged with the strains ordered left to right in the order shown at bottom.
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Figure 4.8: Schematic of random forest setup. Schematic outlines my approach to predicting
abundance of one protein in one strain. Across top, a vector of phenotype X strain mea-
surements is used to train the random forest model. On right, predictor variables included

in the model. Along bottom, a prediction for the missing square at top (gray) is shown in
blue.

greater than 40% of variation explained.

For both RNA and protein predictions in my expanded model, the most informative
predictors were the correlation-based predictions (above) and abundance of the opposite
data type (RNA or protein) for the gene in question, followed by strain and RNA /protein
levels in other closely related strains. The presence of a TATA box was associated with
better-predicted genes; I could explain over half of the variation in RNA (median 54.6%;
n = 343) and protein levels (median 55.1%; n = 211) for TATA box-containing genes (Fig-
ure 4.7E). Predictions for the same TATA box-containing genes using the method above
(without additional predictor variables) explained a median 41.7% of the variation, rein-
forcing the suggestion that these predictors can substantially improve prediction accuracy,
at least for some subsets of phenotypes. Next, to explore the predictive power of DNA
sequence alone, I predicted variation in RNA and protein levels using only sequence and

annotation information. Specifically, I used genic characteristics, sequence features, and
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pathway annotations as predictor variables, and found that I was able to explain far less
variation: a median 24.6% across all RNA levels, and 21.7% across all protein levels.

Moreover, I also implemented targeted models for specific pathways and protein com-
plexes whose steps and constituents are well understood. I was able to make highly ac-
curate predictions in some cases, explaining at least 75% of the variation for half or more
of measured RNA and protein levels in pathways including ATP synthesis and the elec-
tron transport chain, trehalose biosynthesis, glycogen catabolism, and protein levels of the
RNA polymerase I complex. I also constructed models to predict metabolites that differed
in abundance between strains using genes in biochemical pathways known to involve the
metabolite. For some metabolites (e.g. ribose/ribose-5-phosphate, trehalose) I achieved
high predictive accuracy, explaining over 50% of the variation in metabolite levels (Figure
4.7F), but other metabolite levels were poorly predicted, probably due to the influence of
numerous pathways on metabolic flux.

Just as tag SNPs can be used to capture a large fraction of genetic variation with a
small number of SNPs, a relatively small number of phenotypes (which I term tag traits)
can capture a significant fraction of phenotypic variability. I implemented a simple greedy
algorithm to identify tag traits highly correlated to many other phenotypes. Using only the
top 1,000 tag traits (12% of the data), I was able to explain at least 50% of variation in
975 (18%) phenotypes that differed significantly between strains (Figure 4.7C, orange line).
Abundance of the Timll protein was well-predicted using tag traits (Figure 4.7C, inset,
orange points), and well-predicted phenotypes were enriched for largely identical functions
as above. Among the 2,569 phenotypes for which the full models explained at least 1/3 of the
variation among strains, tag trait models explained a median 79.1% of variation explained
using all traits, indicating that tag traits can make use of a relatively small portion of the

data to capture a significant fraction of variability between strains.

4.5 Conclusions

The catalog of high-dimensional quantitative traits that we measured in a genetically di-
verse set of yeast strains provides new insights into the structure and characteristics of

phenotypic diversity and the determinants of trait predictability. My results provide a
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framework for understanding the structure of molecular and morphological phenotypic di-
versity in budding yeast, and have implications for the successful implementation of personal
genomics [183]. Moreover, this data will serve as a useful starting point for transitioning
from models of bacterial cells [231] to models of eukaryotes. As technology development,
advances in instrumentation, and algorithmic improvements allow for increasingly compre-
hensive phenomics studies, a promising future direction will be to extend this approach to
multiple environments where organisms are naturally found. Finally, the data discussed
in this chapter will be a useful community resource, and is available in multiple forms at

http://www.yeastrc.org/g2p/.
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Chapter 5

CONCLUDING REMARKS

5.1 Summary

In this thesis, I have presented a variety of analyses aimed at the development of methods
for making inferences about the relationship between DNA sequences and the molecular
phenotypes to which they give rise.

First, I presented a detailed population genetics study of introns in S. cerevisiae. Strictly
speaking, introns are genomic elements rather than what I have termed a molecular pheno-
type; nevertheless, introns affect transcript structure and may play a role in the regulation
of RNA and protein abundances [93]. More generally, this study presented a framework
for making inferences about the evolutionary forces governing a class of genomic elements
influencing genome function.

Next, I described a Bayesian model for allele-specific gene expression measured by RNA-
Seq. A novel feature of this model is the ability to detect variable ASE, where the level of
ASE differs across a transcript, as can occur in the case of variations in transcript struc-
ture. In the future, it will be useful to more directly investigate the specific cis-regulatory
polymorphisms that affect gene expression levels, perhaps in concert with data on sites of
protein-DNA binding (e.g. via ChIP-seq) and DNase I hypersensitive sites.

Finally, I detailed my analyses of a diverse set of S. cerevisiae strains that have been
deeply phenotyped using RNA-Seq, proteomics, metabolomics, and quantitative microscopy.
Broadly, my analyses quantified abundant variation at each level in the phenotypic hierarchy
from genome sequence to morphology, and provided initial clues as to the predictability
of phenotypic traits that vary between individuals within a species. This rich dataset
should provide many additional insights, especially with the application of more principled
models of variation affecting specific traits of interest. There are abundant opportunities to

further the phenomics paradigm, whether by increasing the number of individuals sampled,
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obtaining a broader phylogenetic sample, examining additional environments, or simply

phenotyping more deeply.
5.2 New statistical models to utilize genome-scale data

The “big data” revolution in biology precipitated by advances in genomics and computa-
tion offers abundant opportunities for the development of new statistical models to perform
inference on questions of interest. Basic models for performing pairwise tests of gene ex-
pression differences between two RNA-Seq samples have been developed [191,232], although
dedicated models for more sophisticated scenarios are currently lacking. Methods for esti-
mating genetic networks are not well developed, although large gene expression and protein
abundance datasets offer a potentially powerful source of information for this task [233].
Similarly, methods for modeling causal relationships, although promising, have met limited
application [234,235]. Although there is a need for better statistical methods to interro-
gate high-throughput datasets, the complexity of the data generated via new instruments
warrants caution, as biases are still poorly understood (e.g. biases due to transcript length,
GC content, or stochastic variation in library preparation for high-throughput sequencing
data) [165,236,237]. Nevertheless, the successful construction of models of biomolecular
interactions at the whole cell level [231], even for just a subset of pathways or organelles,

will require sophisticated inferences to be made from genome-scale datasets.
5.3 Placing variation in an environmental context

In natural environments, organisms are not found in sterile petri dishes filled with rich media.
Undoubtedly, an organism’s response to stressful conditions is an important component of
fitness. Many studies have documented environmental influences on phenotypic variation,
although the study of gene x environment interactions in functional genomics phenotypes is
in its infancy [41-43]. Interestingly, these studies hint that trans-acting regulatory variation
may be particularly likely to be condition-dependent [42,43]. In Chapter 4, I studied
phenotypic variation in a single environment, phosphate limitation. In order to obtain a
realistic view of the functional effect of genetic variation on natural populations, we must

expand our studies to additional environments, particularly those that have relevance to
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the studied organism’s ecological niche.

5.4 Conclusions

In 1911 Wilhelm Johanssen proposed the term “phenotype” and distinguished between
genotype and phenotype [238,239]. Over a century later, we finally have the tools to
investigate the molecular basis by which genetic variation engenders phenotypic variation.
Nevertheless, the molecular details underlying variation in most quantitative traits remain
elusive, although progress has been made in a few examples [14,240]. The next century will

surely see remarkable progress along this front.
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Appendix A
INHERITED VARIATION IN GENE EXPRESSION

This appendix contains material from [143], with permission.
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Abstract

Variation in gene expression constitutes an important source of biologi-
cal variability within and between populations thatis likely to contribute
significantly to phenotypic diversity. Recent conceptual, technical, and
methodological advances have enabled the genome-scale dissection of
transcriptional variation. Here, we outline common approaches for de-
tecting gene expression quantitative trait loci, and summarize the in-
sights gleaned from these studies regarding the genetic architecture of
transcriptional variation and the nature of regulatory alleles. Particular
emphasis is placed on human studies, and we discuss experimental de-
signs that ensure thatincreasingly large and complex studies continue to
advance our understanding of gene expression variation. We conclude
by discussing the evolution of gene expression levels, and we explore
prospects for leveraging new technological developments to investigate
inherited variation in gene expression in even greater depth.
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INTRODUCTION

Gene expression is an important molecu-
lar phenotype, providing the initial step in
bridging the divide between static genomic
information and dynamic organismal phe-
notypes. Thus, variation in gene expression
levels is thought to constitute a significant
source of phenotypic diversity among individ-
uals within populations and to contribute to
the evolutionary divergence between species
(12, 55). An increasing number of empirical
studies highlight the pervasive phenotypic ef-
fects of regulatory variation, such as skele-
tal morphology in stickleback fish (96), beak
morphology in Darwin finches (1), cuticular
pigmentation in Drosophila (39), and muscle
growth in pigs (111). In humans, regulatory al-
leles have been linked to susceptibility to in-
fectious, autoimmune, psychiatric, neoplastic,
and neurodegenerative disease (7, 41, 61, 99,
110, 118). Even relatively modest expression
changes can have significant biological con-
sequences, as seen for the tumor suppressor
gene APC, in which a 50% change in gene ex-
pression can lead to development of familial
neoplasia (123). Additional examples of phe-
notypes influenced by gene expression have
been extensively reviewed elsewhere (57, 59,
122).

More recently, considerable interest has fo-
cused on inferring general principles of natu-
rally occurring gene expression variation, such
as the amount of gene expression variation
governed by genetic variation, the nature of
specific regulatory alleles, and mechanisms of
transcriptional variation. Here, we review re-
cent developments in the burgeoning field of
gene expression genetics. We focus on sev-
eral important themes that have emerged from
the analysis of heritable variation of gene
expression levels across a wide spectrum of
species, and how such studies have illumi-
nated principles of regulatory evolution. In ad-
dition, we provide a more detailed synopsis
of recent work in humans and suggest future
avenues of research to better delimit the rela-
tionship between genetic and gene expression
variation.

Skelly o Ronald o Akey

A SIGNIFICANT PROPORTION
OF EXPRESSION VARIATION
IS HERITABLE
The advent of microarrays in the mid 1990s
heralded a new era wherein it became possible
to measure the abundances of a large number
of transcripts simultaneously. Experiments us-
ing microarray technology have established that
there is widespread variation in gene expression
levels between individuals within natural popu-
lations (14, 75,77, 103, 109). For such variation
to contribute to evolutionary change, it must
have a heritable component. The heritability
of gene expression variation on a genome-wide
scale was first estimated in a cross between a lab-
oratory and a wild strain of Saccharomyces cere-
visine (11). Strikingly, the median heritability
of transcript levels among segregants for genes
that showed parental differences in expression
was 84%, indicating a substantial genetic com-
ponent to transcriptional variation in yeast.
Early studies in humans demonstrated fa-
milial aggregation of expression levels sugges-
tive of a genetic component to gene expression
variation (14), and found that approximately
one third of genes differentially expressed be-
tween members of CEPH families had signifi-
cant heritability (68, 93). A more recentstudy of
blood and adipose tissues in Icelanders detected
significant heritability in ~55%-75% of tran-
scripts, with the genetic component explain-
ing 30% of transcriptional varjation on average
(30). Because the proportion of genes detected
as heritable depends on the statistical power of
the study, and heritability estimates for particu-
lar transcripts are specific to the population and
environment in which they are measured (35,
113), estimates from different studies are not di-
rectly comparable. Nevertheless, it is clear that
a significant proportion of variation in gene ex-
pression is heritable in all organisms studied to
date.

APPROACHES FOR IDENTIFYING
GENE EXPRESSION
QUANTITATIVE TRAIT LOCI

Once the heritable nature of gene expression
variation was documented, attention shifted
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toward identifying genomic loci that harbor
regulatory variation. In the following, we sum-
marize the two basic strategies that are most
commonly used to map gene expression quan-
titative trait loci (QTL).

Genetical Genomics

A powerful paradigm to emerge in the past
decade has been the combination of traditional
genetic mapping methods with microarray
technology in an approach coined “genetical
genomics” by Jansen & Nap (47). The basic
idea is to obtain marker genotypes and measure
gene expression levels in either related or un-
related individuals, treat each gene expression

level as a quantitative trait, and correlate pat-
terns of genetic variation with expression varia-
tion (Figure 1). The resulting set of expression
QTL comprises genomic locations that are de-
fined by statistically significant correlation to
one or more transcript levels. This approach has
been used to dissect the genetic basis of global
gene expression in a diverse cadre of organisms,
including humans (see references in Table 1)
and other mammals (45, 93), plants (23, 56),
flies (33), worms (65), and yeast (11).

The sheer number of traits measured in such
genome-wide analyses affords the opportunity
to make general inferences about the genetic ar-
chitecture of quantitative traits. As eloquently
articulated by Rockman & Kruglyak (89), the

LOD score N

| I \% Vv v Vil viil

IR,

Chromosome

Figure 1

A typical genetical genomics experiment. This illustration involves a cross between two genetically distinct
yeast strains. Segregants are depicted below the parents (#), with genomes that consist of randomly assorted
contributions from both parental genomes. Gene expression levels of all segregants are measured using
microarrays (b). Traditional linkage analysis is used to map QTL for each of the gene expression traits (i.e.,
the thousands of spots measured on each microarray). The result of a linkage analysis for one transcript level
(¢). Roman numerals designate the 16 chromosomes of yeast, and the height of the peaks depicts the LOD
(logarithm of odds) score, representing the strength of evidence in favor of genetic linkage for each position

in the genome.
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Quantitative trait
loci (QTL): a
position in the genome
where genetic
variation is correlated
with variation of a
quantitative trait of
interest
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disequilibrium (LD):
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loci. In essence, if
knowing the allele at
locus one provides
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allele present at locus
two, then LD is said to
exist
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simultaneous study of thousands of traits pro-
vides the opportunity to explore in detail the
landscape of all possible genetic architectures.
Furthermore, mapping the genetic determi-
nants of transcript levels in an unbiased fash-
ion provides information about loci that can af-
fect gene expression by any of a multitude of
possible mechanisms. We discuss insights into
the architecture of transcriptional variation and
mechanisms of gene expression QTL action
below.

Detecting Allele-Specific Expression

An alternative avenue for identifying regula-
tory variation is to specifically test for allelic
expression differences at individual genes (19,
124). The most common approach for de-
tecting allele-specific expression is to compare
the expression level between two alleles distin-
guishable by a transcribed polymorphism; the
observation of differential expression between
alleles suggests that either the polymorphism
studied directly affects expression or is in link-
age disequilibrium (LD) with the actual causal
polymorphism (Figure 2). Measurements of al-
lelic expression are typically made within het-
erozygous individuals, allowing for the inter-
nal control of #rans-acting and environmental
factors.

A variety of methods have been used to
quantify allele-specific differences in gene ex-
pression. If a transcribed polymorphism is used
to distinguish alleles, transcript levels can be
determined by allele-specific quantitative PCR
(66, 95) or PCR and single-base extension fol-
lowed by fluorescence- or mass spectrometry-
based detection (6, 19, 27, 80). Alternatively,
methods based on hybridization differences be-
tween allelic transcripts may be used. These
methods appear to be generally less precise
than the aforementioned options, although
they have shown impressive potential to dra-
matically increase the number of genes that
can be queried in a single experiment (5, 66,
79, 91). An entirely different approach in-
volves performing chromatin immunoprecipi-
tation using antibodies to phosphorylation sites

Skelly o Ronald o Akey
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Figure 2

Detecting allele-specific gene expression. Two
alleles whose expression level differs due to an
upstream polymorphism are shown. They are
distinguishable by a transcribed polymorphism. In
the C-containing allele (top), a transcription factor
promotes a high level of transcription under the
conditions depicted, resulting in many RNA
molecules containing G at the polymorphic position
(the complementary base to C; orange dots). In the
A-containing allele (bottom), an upstream
polymorphism (star) prevents the transcription
factor from binding, keeping transcription at a basal
level and resulting in few RNA molecules containing
U at the polymorphic position (the complementary
base to A; green dot). Here, it is assumed that the two
polymorphisms are in LD. A typical assay for
allele-specific expression could identify this gene as
showing differential allelic expression, but would
not isolate the specific causative polymorphism.

specific to transcription initiation by RNA poly-
merase II (58). This method allows the quan-
tification of allele-specific expression for genes
with polymorphisms thatare nearby though not
transcribed.

THE NOMENCLATURE OF GENE
EXPRESSION QTL

Using the techniques detailed above, expression
QTL can be described in positional and mecha-
nistic terms. Thatis, where are the loci that con-
tribute to variation in transcript abundance, and
how do those loci act to affect expression? To
distinguish between these two fundamentally
distinct ways of classifying expression QTL, a
new nomenclature has emerged (89, 92): po-
sitional information is described by the terms
local and distant, and mechanistic information
is denoted by the terms cis and #rans.
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The positional classification of expression
QTL follows naturally from the relationship
between the genomic origin of a particular tran-
scriptand the genomic location of its expression
QTL.If the expression QTLis close to the gene
encoding the transcript under inspection, it is
classified as local; otherwise, it is classified as
distant. The precise physical distance used to
classify an expression QTL as local or distant is
arbitrary, although it can be framed to ensure
that the probability of an expression trait cor-
relating with a marker close to the gene simply
by chance is small (11).

The specific mechanisms through which an
expression QTL mediates transcriptional varia-
tion are numerous, but can be classified broadly
into two categories. Cis-acting regulatory QTL
affect transcript levels in an allele-specific man-
ner, an influence that is usually exerted from a
position coincident with the gene being regu-
lated. In contrast, trans-acting regulatory QTL
modify the expression of both alleles of a given
transcript. It is typically assumed that a large
proportion of local regulatory variation acts in
cis, whereas most distant regulatory variation
acts in trans. In general, a detailed nucleotide-
level description of the mechanistic basis of in-
herited variation in gene expression is lacking
for all but a few transcripts that are related to
disease (see Reference 57 for a review) or to
morphological traits (85), or that were selected
for further characterization from a large group
of expression QTL (92, 108, 127).

THE ARCHITECTURE OF
TRANSCRIPTIONAL VARIATION
IS COMPLEX

A surprising observation gleaned from studies
of expression QTL is that the genetic archi-
tecture of transcriptional variation is complex.
This is perhaps most clearly seen in the first
empirical study of the genetics of global gene
expression (11). In this study, 1528 genes
showed differential expression with high con-
fidence between two strains of S. cerevisiae, but
only 308 of these genes showed statistically sig-
nificant linkage to at least one genomic locus.

Because the study design was well powered to
identify expression QTL explaining a high frac-
tion of transcript variation, the failure to detect
loci underlying ~80% of expression differences
suggests that polygenic control of transcript
levels is common (11).

The polygenic basis of transcriptional vari-
ation has since become abundantly clear in a
variety of other organisms (e.g., 84, 93). Corre-
spondingly, only a small minority of transcripts
appears to show heritable variation that is due
toasingle expression QTL (9). Even transcripts
governed by a single expression QTL might
have a complex genetic basis. For example, in
one human expression QTL dissected to the
nucleotide level, differences in allelic expres-
sion of the transcript result from the cumula-
tive effects of at least five separate cis-regulatory
polymorphisms (108).

The architecture of transcriptional variation
shows many additional hallmarks of genetic
complexity, including epistasis, genotype-
environment interaction, and pleiotropy. Al-
though the identification of specific pairs of loci
that interact epistatically can be challenging, it
is clear that a significant portion of gene ex-
pression variation results from interacting loci
(10, 102). Similarly, a substantial proportion of
transcript levels appears to be influenced by
gene-environmentinteraction (where the effect
of a regulatory QTL depends on the environ-
ment), although only a few environments and
model organisms have been examined (62, 65,
101). For those environments that have been
studied, distant QTL appear more likely to
show condition-specific effects than local QTL,
possibly because #rans-acting factors are often
proteins that can interact with environment-
specific cellular constituents (65, 101).

The existence of multiple traits that show
linkage to the same genomic region (11,
28, 29, 69, 93, 94) suggests that pleiotropy
is widespread, although this observation is
complicated by two factors. First, hotspots con-
taining transcriptional regulators that affect
many gene expression traits may be attributable
to statistical artifacts or artificial selective
forces (see section below on The Evolution
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Epistasis: a statistical
interaction between
genotypes at two or
more loci

Pleiotropy: the
phenomenon in which
one gene affects
multiple phenotypes

Allelic
heterogeneity: the
presence of different
alleles at a locus that
result in similar
phenotypic effects.
Regulatory variation
showing allelic
heterogeneity is
detectable using
linkage methods, but
problematic for
association studies that
correlate specific
alleles with transcript
levels
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of Gene Expression). Second, the imprecision
with which QTL are localized may mask the
presence of multiple QTL or quantitative trait
nucleotides that each affect distinct expression
traits. The recent dissection of a QTL hotspot
in mice highlights the fact that a single QTL
affecting multiple expression levels may, upon
closer observation, actually consist of multiple
linked QTL that are not necessarily function-
ally related (71).

Finally, a few characteristics of variation in
transcript abundances provide clues to the types
of alleles that segregate in populations and con-
tribute to such variation. For example, gene
expression levels frequently exhibit transgres-
sive segregation (9), the emergence of a phe-
notype in offspring that is more extreme than
that observed in either parental line. This phe-
nomenon is often attributed to the presence of
epistatic interactions between alleles or the seg-
regation of alleles of opposing additive effects in
parental populations (86). The presence of dif-
ferentalleles with similar phenotypic effects ata
particular locus indicates allelic heterogeneity, a
phenomenon that might explain some instances
where expression QTL identified by linkage are
notreplicated by association study designs (15).

A MULTITUDE OF MECHANISMS
CONTRIBUTE TO EXPRESSION
VARIATION

Local Regulatory Variation

The majority of local regulatory variation ap-
pears to act in cis to affect expression in
an allele-specific manner (92). The process
by which DNA sequence information is con-
verted into mRNA provides numerous op-
portunities for genetic perturbations to alter
allele-specific expression (Figure 34). Perhaps
the most straightforward way in which allelic
expression can be changed is by the presence
of a polymorphism in a regulatory sequence,
such as a transcription factor binding site. Such
variation would likely effect differential allelic
expression by influencing the rate of transcrip-
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tion initiation. Consistent with this mechanism,
genes with local regulatory variation in yeast
show enrichment for polymorphisms in the
promoter region, some of which fall within pre-
dicted transcription factor binding sites (92). A
similar increased concentration of expression
QTL around the transcription start site has
been observed in humans (112).

In a complementary fashion, transcript lev-
els can be determined by precise, transcript-
specific decay rates (116). The presence of reg-
ulatory polymorphisms near the 3’ end of the
transcript (92, 112) might be indicative of vari-
ants affecting mRNA stability (e.g., 49, 72, 78,
97). Polymorphisms in coding or intronic se-
quences could affect the splicing process and
lead to intron retention, exon skipping, or pro-
duction of alternative transcripts. At a broader
scale, DNA sequence variation could produce
allele-specific expression by exerting effects on
chromatin structure (29, 50).

Finally, although it is often assumed that lo-
cal regulatory variation acts in cis, it can also
act in trans and affect both alleles. In one well-
characterized example, a coding polymorphism
in the gene AMNI in S. cerevisine results in a
missense amino acid change that impairs the
capacity of the Amn1 protein for negative self-
regulation, leading to increased expression of
both alleles (92). Similarly, the presence of a
closely linked gene that regulates a particular
transcript can also lead to local regulatory vari-
ation that acts in trans.

Distant Regulatory Variation

Distant regulatory variation is generally as-
sumed to act in #7ans through mechanisms that
affect both alleles at a locus. Presumably, most
distant regulatory QTL assert their effects by
perturbing links in the transcriptional regu-
latory network. These QTL occur in coding
or cis-regulatory sequences within genes that
either directly or indirectly affect the expression
of one or more other genes (Figure 35, ii and
iii). Distant regulatory variation can also oc-
cur in regulatory sequences, such as enhancers
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downstream in the transcriptional regulatory network.

(Figure 3b,i), which could act in ¢is or in trans
to effect differential expression (24).

One plausible theory is that distant regu-
latory QTL represent polymorphisms in tran-
scription factors that influence the expression
of genes serving as their targets. Although this
scenario may explain some distant regulatory
QTL (e.g., 11), overall there appears to be
no enrichment for transcription factors among
genes containing distant regulatory polymor-
phisms (29, 127). The presence of regulatory
hotspots, loci that affect the expression levels

of a large number of distant genes, has been
noted in many studies (11, 28, 29, 69, 93, 94;
for a discussion of these observations, see the
section below on The Evolution of Gene Ex-
pression, below). Finally, it has been suggested
that distant regulatory QTL have smaller effect
sizes and are less replicable than local regula-
tory QTL (81, 84), although it remains unclear
whether their replicability is a function only
of effect size, or whether it is due to greater
environmental/tissue specificity of distant reg-
ulatory QTL (84, 101).
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Copy Number Variation

As copy number variants (CNVs) are sim-
ply genomic lesions of larger size than more
commonly explored sources of DNA sequence
variation, their mechanisms of action can be
as diverse as those described above. Due to
their size, CNVs are perhaps uniquely able to
simultaneously contribute to regulatory varia-
tion across genes that are not necessarily func-
tionally related but are found within the same
genomic region. In the single study that has
addressed the importance of CNVs to expres-
sion variation on a genomic scale, large-scale
(>100 kb) CNVs were associated with 10%—
25% as many gene expression traits as were
mapped using SNPs (105). However, it is dif-
ficult to directly compare the relative contri-
butions of SNPs and CNV5s to transcriptional
variation, as the impact of smaller CN'Vs has yet
to be rigorously addressed. Another interest-
ing observation to emerge from Stranger et al.
(105) is that CNVs associated with transcript
levels tend to lie close to the corresponding
gene, suggesting that CNVs often affect tran-
scriptabundance by disrupting the gene itself or
nearby regulatory regions (105). In one exam-
ple,a CNV containing a duplication of the gene
Fgftp3 in the mouse strain C57BL6/] alters ex-
pression of the gene in the spleen but not in
the brain, suggesting the disruption of a brain-
specific regulatory sequence in the duplicated

copy (117).

HUMAN EXPRESSION GENETICS

Although large-scale studies of inherited gene
expression variation have been performed in
many species, the majority of analyses have fo-
cused on humans (15, 16, 28-30, 40, 68, 69,
73, 94, 100, 104-106, 112). Table 1 summa-
rizes the salient details of the 15 genetical ge-
nomics studies performed in humans to date.
While the number of independent studies of
inherited expression variation in humans seems
to present an obvious opportunity for compar-
ison, in practice this is exceedingly difficult.
For example, study-specific differences exist in
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the tissue that expression levels were derived
from, the technology platform used to mea-
sure transcript abundance, the statistical meth-
ods used to map expression QTL, the threshold
for declaring a linkage or association test sig-
nificant, and the operational definitions of local
and distant expression QTL (Table 1). In addi-
tion, each study likely suffers from low statisti-
cal power, as the sample sizes are relatively mod-
est given the large number of phenotypes ana-
lyzed; thus, it is not surprising that the overlap
among significant expression QTL is generally
low across studies (21, 38,40). Despite these dif-
ficulties, several important issues emerge from
the details of Table 1.

First, the majority of human analyses have
been done on either the same set, or subset,
of transformed B lymphoblastoid cell lines (B-
LCLs) derived from individuals studied in the
International HapMap Project (46). This some-
what curious detail is principally due to the
ready availability of the samples and the pre-
existing dense SNP genotype data for these in-
dividuals obtained in the course of the HapMap
project. However, the extent to which patterns
of gene expression in the B-LCLs recapitulate
that of untransformed cells and other tissues
is not known, and some observations, such as
aberrant patterns of methylation induced by
transformation (42), warrant caution. Ideally,
future studies will focus on identifying expres-
sion QTL in nontransformed cells from a more
diverse spectrum of tissues, building upon re-
cent studies performed in blood (30, 40), liver
(94), adipose (30), and the cerebral cortex (73).

Second, the fraction of expression QTL that
are local or distant varies considerably across
studies (Table 1). For instance, Goring et al.
(40) estimate that 99% of their expression QTL
are local, whereas Duan et al. (29) found that
only ~5% of their expression QTL were local.
These discrepancies also exist among the set
of HapMap B-LCL studies, where the fraction
of local expression QTL ranges from ~5% to
nearly 70% or greater (Table 1). These large
inconsistencies are difficult to explain, and the
fact that they are observed in studies using the
same samples and genotype data argues against
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Confounding
variables: two or
more variables whose
effects cannot be
distinguished from one
another. The
unrecognized presence
of confounding
variables can lead to
erroneous inferences
about cause and effect

Expression
heterogeneity:
patterns of gene
expression variation
due to variables that
are unknown,
unmeasured, or too
complicated to model

explanations related simply to statistical power.
Given that the studies with the largest sample
sizes (30, 40, 94) would have relatively high sta-
tistical power to detect distant expression QTL,
yet predominantly find local expression QTL
(Table 1), we suggest that the evidence for per-
vasive distant expression QTL of moderate to
large effect size in humans remains tenuous.

Third, and related to the point above, the
evidence for distant regulatory hotspots in hu-
mans is weak. The majority of studies have
found either a very small number (<3) of
hotspots with robust statistical support or none
at all (Table 1). As we discuss below, there are
both technical and evolutionary reasons to sus-
pect that the number of regulatory hotspots due
to common genetic variation in natural popu-
lations will be small.

In summary, the large number of expression
QTL studies in humans has shown that reg-
ulatory loci are abundant and can be mapped
to specific positions in the genome. A general
pattern is beginning to emerge such that the
majority of heritable transcriptional variation
appears to be due to the combination of a rela-
tively modest number of distant loci, perhaps a
few with widespread transcriptional effects, and
amuch larger number of local regulatory alleles
(30, 94). However, the quantitative details vary
considerably across studies, with the fraction
of expression QTL that are local or distant
and the existence of regulatory hotspots being
the most conspicuous differences. Although
biological factors, such as distinct genetic
architectures of transcriptional
between tissues, may partly account for these
discrepancies, additional nonbiological factors
related to study design might also contribute
to the heterogeneous results across studies, as
we discuss in the following section.

variation

EXPERIMENTAL DESIGN AND
EXPRESSION HETEROGENEITY

The goal of all gene expression studies is to
make biologically meaningful inferences about
transcriptional variation, which requires careful
attention to experimental study design. How-
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ever, many factors not of primary interest can
contribute to transcriptional variation (17, 52).
For instance, there are many steps in a typ-
ical microarray experiment, such as isolation
and labeling of RNA, hybridization conditions,
and time of sample processing, which are well-
known sources of technical variation (2, 17, 52,
125). In addition to technical variation, there
are countless additional variables that also in-
duce expression variation, such as sex, age, ge-
netic and environmental heterogeneity (34, 63),
the time of day a sample is collected (120), and
passage number or other confounding variables
present in cell lines (16, 126).

There is a substantial risk of drawing in-
correct inferences about patterns of gene ex-
pression variation if confounding variables and
expression heterogeneity (63) are not properly
taken into account in the design and analysis
of microarray experiments. The most recog-
nizable problem results from batch effects, in
which samples are processed in different groups
during one or more steps between sample col-
lection and data acquisition. Obviously, if the
primary variable of interest (e.g., presence or
absence of disease) is confounded with batch
(i.e., all affected individuals are processed in one
batch and all unaffected individuals are pro-
cessed in a second batch), differences in gene
expression levels may be observable that have
nothing to do with the variable of interest. Even
more insidious are cases where potential con-
founding variables that influence gene expres-
sion are either unknown or not measured.

To illustrate these problems, consider the
hypothetical example in Figure 4, which
demonstrates how batch effects and confound-
ing variables can complicate inferences of ex-
pression variation. Specifically, in this example,
gene expression levels are compared between
five individuals with a disease and five indi-
viduals without a disease. In addition to dis-
ease status, several additional covariates that
are known (sex and age) and unknown (use
of a nonprescription drug) affect expression
levels. If these samples are processed in two
batches, each consisting of only affected or un-
affected individuals, technical variation among
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batches can lead to spurious inferences of dif-
ferential expression (Figure 44). Furthermore,
erroneous inferences of differential expression
can also occur if the effects of confounding
variables are not properly taken into account
(Figure 44).

The most straightforward way to miti-
gate batch effects and confounding variables is
through randomized study designs, which have
been discussed in detail elsewhere (2, 17, 52,
125). In our hypothetical example, we could
randomly allocate affected and unaffected in-
dividuals between the two batches, such that
perhaps three randomly selected affected indi-
viduals and two randomly selected unaffected
individuals are processed in batch one and the
remaining samples are processed in batch two.
Even better, the randomization could be per-
formed so that known covariates are balanced
among batches (Figure 45), allowing meaning-
ful estimates of their contribution and subse-
quent adjustment to expression variation. Note,
however, that expression heterogeneity can per-
sist even in the most carefully designed stud-
ies that employ randomization (63). For exam-
ple, randomization would not ameliorate the
expression variation mediated by the unknown
drug by sex interaction in Figure 4.

In short, it is impractical, if not impossi-
ble, to design a “perfect” large-scale study of
gene expression, or any other high-dimensional
molecular phenotype, that explicitly controls
for all potential confounding variables. In stud-
ies of hundreds or thousands of individuals, it
is not feasible to collect, culture, and process
all samples simultaneously, or measure every
potential confounding variable contributing to
expression heterogeneity. Nonetheless, careful
attention to study design, including random-
ization in all experimental aspects, is critical (2,
125). Even so, expression heterogeneity from
unmeasured confounding factors will likely per-
sist (63). Fortunately, new statistical methods
have been developed to identify and correct
for the unwanted effects of unmeasured con-
founding variables in studies of gene expression
(51, 63), which should become integral compo-
nents in analysis pipelines.
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a Batch 1

Sex M M F F M F M M F M

Age 45 38 29 30 41 22 24 40 29 28

Drug 1 1 1 0 1 0 0 0 0 1
Disease
Batch
Age
Drug x sex
= High
expression
— Low
expression

b Batch 1
EOmRDOCOeO m OeOe@O0O
Sex M F M M F M M F F M
28
1

Age 45 22 41 40 29 24 38 29 30
Drug 1 0 1 0 1 0 1 0 0

Figure 4

Study design is critical for making meaningful inferences of gene expression
variation. (#) Hypothetical example of how batch effects and confounding
variables can lead to incorrect inferences about patterns of gene expression
variation. Expression levels are shown for 1000 genes (rows) in ten individuals
(columms). Cases and controls are indicated by black and white boxes or circles,
respectively. Colors indicate the relative transcript abundance ranging from
low (mmagenta) to high ( green). Known confounding variables for each individual
(sex and age) are indicated at the top of the figure, as well as an unknown
confounding variable (whether the individual is taking an over the counter
drug) shown in gray. Note that because of the study design, in which all affected
individuals are processed in a single batch, 500 differentially expressed genes
are identified, only 100 of which are actually related to the disease (the source of
each differentially expressed gene is indicated by the vertical bars along the right
of the figure). (b)) A randomized study design, in which affected and unaffected
individuals are not processed simultaneously and known covariates are
balanced among batches, which can help ameliorate expression heterogeneity
and erroneous inferences of gene expression variation (see text for details).
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THE EVOLUTION OF
GENE EXPRESSION

An important consequence of the recent in-
terest in heritable gene expression variation is
that it has paved the way for systematic anal-
yses into the tempo and mode of gene expres-
sion evolution. The impetus for such studies
can be traced back to at least three decades ago,
with the provocative assertion that gene expres-
sion changes might underlie many of the phe-
notypic differences between humans and chim-
panzees (55), an argument primarily based on
the smaller than expected divergence in pro-
tein sequences between the species. Although
the relative contribution of changes in gene
expression levels versus changes in protein se-
quence to phenotypic change remains contro-
versial (43, 122), itis clear that regulatory varia-
tion with pleiotropic effects provides a putative
mechanism through which phenotypic diver-
sity might be rapidly generated and tested by

Expression level

Time (generations)

Figure 5

Modeling gene expression evolution by diffusion processes. Horizontal and
vertical axes represent time in generations and gene expression level,
respectively. The solid blue curve represents a neutral model of gene expression
evolution in which transcript levels change according to a Brownian motion
model (31). At each generation, the expression level changes randomly from its
current value by an amount drawn from a normal distribution with mean 0 and
variance V,, where Vi, is mutational variance. The dashed blue curves show
the expected magnitude of the deviation as a function of time under Brownian
motion. The orange curve is a realization of the Ornstein-Uhlenbeck process,
a model in which natural selection constrains gene expression levels to fluctuate
around an optimum (31). The black and gray curves represent realizations of
Brownian motion for 10 traits with underlying genetic correlation. Note that
correlation among the trajectories could lead to apparent evidence in favor of

a neutral model or positive selection model with accelerated change (near the
time midpoint) or apparent evidence in favor of purifying selection to maintain
stability (near the time endpoint) if significance is assessed across genes.
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selection with minimal genetic change (121).
Striking empirical evidence for this hypoth-
esis is evident in induced regulatory muta-
tions in the Hox gene cluster in Drosophila that
have effects mimicking arthropod body plan
diversity (13), and selected regulatory muta-
tions fixed during the domestication of maize
(18, 115).

In general, two study designs have been used
to make inferences about gene expression evo-
lution. In the first approach, gene expression
levels are measured in related species spanning
a range of divergence times, and the observed
expression differences are modeled as a func-
tion of time using diffusion processes (37). Gene
expression levels that appear to diverge either
more slowly or rapidly relative to neutral expec-
tations are inferred to be targets of purifying or
positive selection, respectively (Figure 5). Such
analyses have led to adaptive (87), neutral (53,
54), and selective constraint-based (25, 44, 88)
models to explain the evolution of transcript
levels between species.

Though theoretically appealing, several
technical difficulties have become apparent
with this approach. For example, as can be seen
in Figure 5, the variance among neutral and
selectively constrained trajectories can be sub-
stantial, making it difficult to reject either un-
derlying model. A typical solution to this prob-
lem is to average expression levels across genes
in an attempt to better infer the dynamics of
the underlying process (25, 53, 88). However,
genetic correlation among gene expression lev-
els, due for example to a shared transcriptional
regulator, can complicate evolutionary analyses
of quantitative characters (31). In the presence
of strong underlying genetic correlations, av-
eraging levels of expression divergence across
genes only provides a more precise picture of
a single realization of the evolutionary process,
not a more precise picture of the evolutionary
process (see Figure 5). Rather than averaging
information over genes, it would be preferable
to average information over more independent
evolutionary processes for each gene by sam-
pling more species. However, as increasingly
divergent species are sampled, DNA sequence
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differences interfere with hybridization on typ-
ical microarrays, leading to potential biases in
gene expression measurements (36). This hy-
bridization artifact causes gene expression tra-
jectories to appear to diverge rapidly, with in-
terspecies differences due to both expression
changes and sequence differences.

Despite these difficulties, a consensus has
emerged that, on average, gene expression pro-
files do not diverge rapidly enough to follow
a neutral model (37). However, because the
Brownian motion-based neutral expectation
for gene expression change is an unbounded
process, it may be impossible for cellular phe-
notypes to meet this expectation even in the
absence of selection. Thus, it remains unclear
whether the underlying basis for slow gene
expression divergence is natural selection or
simply biochemical limitations on the rate of
mRNA transcription or stability that can be
achieved within the cell (88). Even if purify-
ing selection is invoked to explain deviations
from Brownian motion, little is known about
the way in which selection might act. For exam-
ple, it has been suggested that evolution might
proceed mainly by strong constraint on major
regulatory genes (88). Alternatively, regulatory
mutations in most genes may be subject to per-
sistent weak selection (76, 114).

The second, complementary, study de-
sign for studying gene expression evolution
leverages the information contained in ex-
pression QTL studies (90). Specifically, in
cases where expression QTL are localized with
high precision, regions harboring regulatory
polymorphisms can be identified and studied.
This allows the large set of well-developed
tools for studying DNA sequence evolution to
be applied to the problem of gene expression
evolution. Furthermore, because the underly-
ing expression QTL represent evolutionarily
independent events, analysis of regulatory
evolution at the level of DNA sequence vari-
ation may circumvent difficulties associated
with genetic correlations among expression
levels.

We recently applied this approach to investi-
gate the evolutionary forces shaping patterns of

genetic variation for 1206 cis-regulatory QTL
identified in a cross between two divergent
strains of S. cerevisize (90). This analysis re-
vealed that purifying selection against delete-
rious alleles is the dominant force governing
cis-regulatory evolution in S. cerevisiae, and ap-
proximately 24% fewer genes show cis-acting
expression variation relative to what would be
expected if these expression changes were se-
lectively neutral. In addition, we found that
the average strength of selection acting on
a typical regulatory mutation is rather weak
(scaled selection coefficient of ~2), implying
that stochastic forces play a significant role in
shaping patterns of cis-regulatory diversity. Un-
der such a nearly neutral regime, deleterious cis-
regulatory alleles can be present at appreciable
frequencies in a population, and thus an inter-
play of forces, including changes in population
size, LD among selected alleles, and epistatic
selection (76), may have prominent roles in ¢is-
regulatory evolution.

One strength of studying the evolution of
gene expression levels at the level of DNA
sequence variation is that it allows more de-
tailed and mechanistic hypotheses of regu-
latory evolution to be explored. For exam-
ple, the existence of major trans-regulatory
hotspots in expression QTL studies is contro-
versial. Recently, Breitling et al. (8) suggested
that many apparent frans-regulatory hotspots
could largely be explained as statistical arti-
facts. The observation in yeast that most in-
dividual expression changes are mildly dele-
terious suggests that the cumulative selective
effects against major mrans-acting QTL would
be so strong that they would be rapidly elimi-
nated from the population. Thus, from an evo-
lutionary perspective, major rrans-acting QTL
should be rare. Indeed, closer inspection of the
major trans-acting QTL hotspots in yeast sug-
gests caution in interpreting their prevalence in
natural populations. Specifically, many of the
yeast trans-acting QTL hotspots are likely at-
tributable to auxotrophic markers or alleles se-
lected during the domestication of yeast to the
lab (90). These loci were subjected to exception-
ally strong positive selection, the magnitude of
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which is unlikely to be commonly experienced
in natural populations.

LOOKING AHEAD: THE ERA OF
RNA SEQUENCING HAS BEGUN

Although microarrays have proven tremen-
dously useful for the measurement of tran-
script levels on a genome-wide basis, it ap-
pears increasingly probable that this task will
soon be subsumed by technologies that directly
sequence entire transcriptomes. Such an ap-
proach, dubbed RNA-Seq (74), makes use of
massively parallel DNA sequencing technolo-
gies to determine the sequences of cDNA frag-
ments, which are then mapped back to a refer-
ence genome. Although this approach is still in
its infancy, it has a number of attractive features
that obviate some of the limitations of microar-
ray methods. For example, microarrays rely on
nucleic acid hybridization and measurement of
the emission intensity of a fluorophore-labeled
target, an inherently continuous signal. This
constrains the dynamic range interrogated by
microarrays, and makes accurate measurement
of low-abundance transcripts particularly prob-
lematic. These limitations are ameliorated by
RINA-Seq, which provides digital quantitation
of transcript levels in the form of read counts
mapping to the reference genome. In theory,
precision of a digital expression readout using
RINA-Seq should be limited only by coverage
depth; indeed, it has been shown that cDNA
standards spiked at known concentration show
linearity across a dynamic range of five orders
of magnitude (70). RNA-Seq does not require
probe design steps or interrogate only a subset
of the genome, although it does require a com-
plete reference sequence to which reads can be
mapped.

Furthermore, concerns about sequence
polymorphism affecting hybridization and
mimicking local expression QTL (3) are largely
avoided by RNA-Seq. Finally, it has been spec-
ulated that the interplatform reproducibility of
RNA-Seq will be superior to microarrays (98).
This question has not been directly addressed,
although there appears to be high technical
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reproducibility between RNA-Seq experiments
within and between laboratories (67, 107) using
the Illumina Genome Analyzer. However, it is
important to emphasize that the issues of study
design described above transcend technology
platform and apply equally to additional meth-
ods for measuring gene expression levels such
as RNA-Seq.

Although promising, a number of challenges
exist in RINA-Seq experiments. For instance,
the short read lengths and high error rates of
base calls may make it difficult to map sequence
reads back to a genome, especially for large and
complex mammalian genomes (70). Methods
for analysis are still evolving, although there
has been considerable progress toward devel-
oping fully probabilistic methods for mapping
sequence reads to a genome (64). Finally, RNA-
Seq suffers from one of the same limitations as
microarrays: Highly similar sequences usually
cannot be distinguished. Nevertheless, as next-
generation sequencing technology matures, the
compound effects of increasing read lengths
and decreasing error rates will diminish the dif-
ficulty of mapping reads correctly and facilitate
analysis of the deluge of data.

CONCLUSIONS

Genome-wide technologies for measuring
gene expression levels and interrogating DNA
sequence variation have allowed the genetic
underpinnings of transcriptional variation to
begin to be elucidated in a wide variety of or-
ganisms. These studies have already provided
novel insights into the genetic architecture of
gene expression variation and the nature of reg-
ulatory alleles, but many important questions
remain unanswered. Among the issues that
remain enigmatic are the contribution of rare
alleles to transcriptional variation, the effects
of environmental variation on gene expression,
and the nature and prevalence of tissue-specific
regulatory variation. A deeper understand-
ing of gene expression evolution may come
from studies that investigate the evolution of
transcriptional variation at the DNA sequence
level. Such studies can serve as a foundation
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for models of “functional evolution,” which
describe the evolutionary trajectories of al-
leles that impact other functional genomics
phenotypes, such as gene repertoire and copy
number (4, 26, 48, 119), protein levels (20, 22,
32, 60), and metabolic profiles (26, 82, 83),
that vary in natural populations.

Ultimately, the purpose of discovering gene
expression QTL is to better understand the
mechanistic details of how DNA sequence vari-
ation perturbs dynamic transcriptional net-
works, and how such regulatory networks
contribute to disease susceptibility, phenotypic

SUMMARY POINTS

diversity, and evolutionary change. To this end,
it will be critical to move beyond gene ex-
pression QTL, which are descriptions of reg-
ulatory variants defined in purely statistical
terms, to the identification of the actual reg-
ulatory alleles. This is clearly a daunting chal-
lenge, even in model organisms, and will re-
quire the synthesis of experimental approaches
for characterizing gene regulation and method-
ological and technical advances that will al-
low the extraction of meaningful information
from increasingly complex and heterogeneous
genome-wide datasets.

1. A significant fraction of transcriptional variation is heritable.

2. Theidentification of gene expression QTL has provided detailed insights into the genetic
architecture of transcriptional variation, often revealing unexpected complexity, and the

nature of regulatory alleles.

3. Study design is critical for making biologically meaningful inferences of gene expression

variation.

4. Transcriptome sequencing (RNA-Seq) is poised to transform studies of gene expression

variation.

FUTURE ISSUES

1. How much of gene expression variation is functionally neutral and how much contributes
to inherited variation in protein levels and organismal phenotypes?

2. What are the best strategies for identifying specific regulatory alleles underlying gene

expression QTL?

3. How stable are patterns and characteristics of heritable gene expression variation across
tissue types and environmental perturbations?

4. Whatis the relative contribution of rare and common alleles to transcriptional variation?

5. New methods are needed to fully exploitincreasingly complex and heterogeneous sources
of data, such as complete genome sequences and additional functional genomics phe-
notypes, in order to understand the topology, function, and evolution of regulatory

networks.
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Appendix B
SUPPLEMENT TO CHAPTER 2

This appendix contains material published in [62].

B.1 Robustness of observations to imputed data

The genome sequences I used varied in sequence coverage, with most between 1-4X coverage
[1]. The complete assemblies of the Saccharomyces Genome Resequencing Project strains
include nucleotides that have been imputed by taking into account phylogenetic relationships
between strains, to correct likely sequencing errors and fill in missing data [1]. In my intron
splice sequence dataset, an average of 32% of the sequence is imputed per site. There was
considerable variation between strains in the amount of imputed sequence in the dataset,
from < 3% (the reference genome, RM11-1A, SK1, W303, Y55, and YJM789) to 67%
(YJMO981). Nucleotide diversity for the reduced set of genomes with < 3% imputed data was
not significantly different compared to the complete set of 38 strains (0.00092 versus 0.00101;
P > 0.05). Furthermore, in the reduced dataset with < 3% imputed sequence, we observed
nine of the 21 splice sequence polymorphisms found in the complete dataset, with 10 of
the 12 missing polymorphisms present at low frequencies (< 10%) in the complete dataset.
The dataset of genomes with high sequence coverage would be expected to lack a significant
fraction of the polymorphisms present in the complete dataset, as the relatively divergent
sake strains, Malaysian strains, and North American oak tree isolates [1] are not represented
in the smaller dataset. I suggest that the imputation process had little bearing on my general
observations for two reasons: (1) the majority of the polymorphisms not detected in the
smaller dataset are likely missing because of the much smaller number of strains sampled
rather than an incorrectly imputed base, and (2) the measure of nucleotide variation that
I used for summarizing polymorphism (nucleotide diversity) is only marginally affected by

low frequency polymorphisms [113]. As such, I used complete assemblies (including imputed
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data) for all further analyses, and I expect my conclusions to be robust to the presence of

imputed nucleotides in the genome sequences.

B.2 Genic features of introns with polymorphic splice sequences

Since genes encoding ribosomal proteins display features (such as high mean levels of expres-
sion) differentiating them from non-ribosomal protein genes [133], I separated ribosomal and
non-ribosomal intron-containing genes for all analyses. There was no significant difference in
the proportion of genes with polymorphic intron splice sequences among ribosomal and non-
ribosomal genes (Fisher’s exact test; p > 0.05). I performed gene ontology searches [241] us-
ing the GO Term Finder in Saccharomyces Genome Database (http://yeastgenome.org/),
specifying the set of all (non-)ribosomal intron-containing genes as the background set, and
found no significant function, location, or biological process terms for genes containing poly-
morphic intron splice sequences. Genic GC content was not significantly different for genes
with polymorphic splice sequences (t-test; P > 0.05). I calculated dN/dS for sequences from
all 38 strains using PAML [108] as a proxy for the rate of protein evolution and the codon
adaptation index (CAI) [121] as an estimate of the relative expression level of each gene,
and found no significant difference in dN/dS or mean CAI between genes with/without
polymorphic intron splice sequences (t-test; p > 0.05). Thus, the lack of heterogeneity in
genic features associated with polymorphic splice sequences suggests that levels of functional

constraint on intron splicing are similar across ribosomal genes or non-ribosomal genes.

B.3 Verification of simulations using theoretical model

I verified the results of my simulations for strong selection coefficients (2N.s > 10) using
a theoretical formula, originally derived by Sewall Wright, for the distribution of gene fre-
quencies in a panmictic population under a two allele-model with reversible asymmetric

mutation and one selectively favored allele:
f(CC) — CeszNEsx J:QNev—l(l _ x)QNeu—17

where x is the frequency of the allele which has selective advantage s, v is the mutation rate

to the preferred allele, u is the mutation rate to the unpreferred allele, and C'is a normalizing
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constant adjusted so that the distribution sums to unity [117]. I used asymmetric mutation
rates, with the mutation rate to the preferred allele one-third the mutation rate to the
unpreferred allele. 1 obtained nucleotide diversity by calculating the binomial probability
of selecting two individuals with different alleles integrated over the complete distribution

of z:

9 fOl exp2Nesx $2Nev(1 _ $)2Neud$
1 fl exp2Nest g2Nev—1(1 — g)2Neu=1(y

0
using the R software environment [111]. For purifying selection with the advantageous allele
being favored at a level stronger than 2/N.s ~ 5, the theoretical result calculated using this
two-allele model provides excellent correspondence with results from simulations using the
four-allele model (Figure B.1). The accuracy of the approximation derives from the fact
that, in the four-allele model, the proportion of polymorphisms between two alleles that

are both not selectively favored becomes vanishingly small as the selection coefficient rises

above 2N.s ~ 5 and most individuals in the population possess the favored allele.
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Figure B.1: Figure shows reduction in diversity at simulated selected site, relative to linked
neutral site, as a function of the strength of selection. Both the two-allele and four-allele
model are specified to include one selectively favored allele. Values plotted were obtained
by simulation for the four-allele model, and calculated analytically for the two-allele model
(see Section B.3 for details). The two-allele theoretical model provides an excellent approx-
imation to the simulated four-allele model for selection coefficients larger than 2N.s &~ 5.
This occurs because, in the four-allele model, the proportion of polymorphisms between
two alleles that are both not selectively favored becomes vanishingly small as the selection
coefficient rises above 2N s =~ 5 and most individuals in the population possess the favored
allele.
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Figure B.2: Histograms showing the relative positions of introns within genes, divided
according to whether genes are classified as essential or non-essential [120], and whether
they code for ribosomal proteins. 5 UTR introns and introns in genes not classified as
essential /non-essential are omitted for clarity. Sample sizes of each class are shown in the
center of each histogram.
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Appendix C
SUPPLEMENT TO CHAPTER 3

This appendix contains material published in [138]. I gratefully acknowledge Jon Wakefield,
without whose assistance the statistical model described in this chapter could not have been

conceived or implemented.
C.1 Experimental protocols

C.1.1 RNA samples

For samples submitted to the [llumina Genome Analyzer 11, Marnie and Jennifer performed
poly(A) enrichment using the Dynabeads mRNA Purification Kit (Invitrogen #610-06)
and used the RiboMinus Eukaryote Kit for ribosomal depletion (Invitrogen #A10837-08).
They fragmented RNA by metal-ion catalysis (Ambion #AM8740). They made cDNA by
random priming using the Superscript III First-Strand Synthesis Kit (Invitrogen #18080-
093). They performed end repair, A-tailing, adaptor ligation, and gel purification according
to recommended protocols (Illumina #1004898A). For samples submitted to the ABI SOLiD
System, they performed poly(A) enrichment using the MicroPoly(A)Purist Kit (Ambion
#AM1919) and used the RiboMinus Eukaryote Kit for ribosomal depletion. They prepared
sequencing libraries using the SOLiD Total RNA-Seq Kit (Applied Biosystems #4452437A).
All SOLiD samples were tagged with four barcodes per library using the SOLiD Fragment
Library Barcoding Kit (Applied Biosystems #4443045B).

C.1.2 Genomic DNA samples

For genomic DNA, Marnie and Jennifer performed end repair, A-tailing, adaptor ligation,
and gel purification according to recommended Illumina protocols (Illumina #1003806B)
or used the SOLiD Fragment Library Construction Kit (Applied Biosystems #4443473).

SOLiD samples were tagged with barcodes as above.
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C.2 Testing for ASE using the binomial exact test

To test for ASE using the binomial exact test, I summed counts of reads called as BY and
RM across all SNPs in each gene. When I had multiple samples sequenced using the same
technology platform, I simply added read counts between replicates. I performed a two-
sided binomial exact test of the null hypothesis that the BY and RM read counts are equal
(i.e. binomial success probability = 0.5). I used the binom.test function in R to carry out

this test for each gene [111].

coverage drawn from Poisson(A = 10) coverage drawn from Poisson(A = 100)
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Figure C.1: Distributions of p-values under the null hypothesis for the binomial exact test

I simulated binomially distributed read counts under the null hypothesis of equal ex-
pression of both alleles to examine the null distribution of binomial test p-values. For a
well-behaved test, the distribution of p-values under the null distribution should be ap-
proximately uniformly distributed between 0 and 1. As is apparent from Figure C.1, this
assumption is grossly violated for the binomial exact test for these data. This problem is
well-recognized in the context of testing for Hardy-Weinberg equilibrium [242].

I did not examine the accuracy of calling allele-specific expression using the binomial test

at various false discovery rate thresholds as it is unclear how best to accurately calibrate
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false discovery rates for a statistical test with such an irregular distribution of p-values

under the null hypothesis.
C.3 Statistical model for ASE

I adopt a sequential approach where I conduct the following three steps:

1. Run a simple model on genomic DNA data to identify biased SNPs. Filter out these

SNPs for all subsequent analyses.

2. Run a model for genomic DNA read counts that estimates overdispersion in this “null”
data where no genes should show ASE. Use the parameters estimated in this step for

step 3.

3. Run a model to detect ASE in read counts derived from RNA.

I describe these steps in more detail below.

C.3.1 Identifying biased SNPs

We sequenced genomic DNA from the BY /RM diploid hybrid in order to obtain “null” read
counts that should be 50% BY and 50% RM for each SNP. I expected that allelic read
counts would show some variability beyond that expected from statistical sampling, due to
factors such as the many steps involved in preparation of sequencing libraries. I also noticed
that read counts at a minority of SNPs in our genomic DNA data appeared highly biased,
even after removing SNPs where reads generated in silico from the BY and RM genomes
did not show 50/50 mapping of alleles (see section C.4.2). I constructed a simple model to
identify SNPs that are highly biased towards the BY or RM allele so they could be filtered
out in our RNA-Seq data.

My model for read counts Y is:

Yj|mo, v, , € ~ my x Beta-Binomial(N;, o, @) (C.1)

+ (1 — m) x Beta-Binomial(N;, d, €)
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where j indexes SNPs. The beta-binomial distribution arises when the probability p; of
success for each trial is not fixed but rather drawn from a beta distribution. This allows for
the possibility of read counts that are overdispersed with respect to strictly binomially dis-
tributed read counts. A Beta-Binomial(N, «, ) distribution approaches a Binomial(N, 0.5)
distribution as o — oo. I note that the beta-binomial distribution is different from the neg-
ative binomial distribution, which has been used by some investigators (e.g. [191,232]) to
model gene expression variation in the context of RNA-Seq data. The beta-binomial distri-
bution is useful for modeling overdispersed binomially distributed counts, while the negative
binomial distribution is useful for modeling overdispersed Poisson distributed counts.
Model (C.1) consists of two components. The first component, representing the majority
of SNPs/genes (a fraction m), models read counts with p; ~ 0.5. The second component is
used to capture outlier loci as described below (p; > 0.5 or p; < 0.5). I constrain 6 < 1 and
€ < 1 to ensure that the distribution from which p;’s are drawn for the second component is
U-shaped. The latter is desired because I expect highly biased SNPs/outlier genes to have

probabilities close to 0 or 1. As priors on mg, «, 9, € we use

7o ~ Unif(0, 1)
a ~ Log-Normal(4.3,1.8)
§ ~ Unif(0, 1)

e ~ Unif(0, 1)

I chose the prior on «a by performing a coarse grid search across a range of parameter values,
simulating data, and verifying that simulated read counts were reasonable. I ran this model
on all of our genomic DNA data, performing inference using Markov chain Monte Carlo
(MCMC). I calculated the posterior probability that a particular SNP was highly biased

using

Pr(biased|y;) = Pr(non-null|y;)
B Pr(y;non-null) Pr(non-null)
Pr(non-null)Pr(y;|non-null) + Pr(y;|null)Pr(null)
dbetabin(y;, Vj, 5, €) x (1 —mp)
N dbetabin(y;, Nj,d,¢é) x (1 — 7o) + dbetabin(y;, Nj, & &) x 7o
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where dbetabin represents the beta-binomial density function. I removed SNPs with
P(biased|y;) > 0.5 from all further analysis. I found that there was a clear separation
between well-behaved SNPs and those that appeared highly biased, with the set of SNPs
called as biased remaining relatively invariant to changes in the threshold P(biased|y;)

across a range from ~ 0.1 to 0.9.

C.3.2 Model for genomic DNA data

As explained above, we sequenced genomic DNA from the BY /RM diploid hybrid in order
to obtain “null” read counts that should be 50% BY and 50% RM for each SNP, with
the expectation that allelic read counts would show some variability beyond that expected
from statistical sampling, due to factors such as the many steps involved in preparation of
sequencing libraries. I constructed a model for ¢ = 1,...,m genes, with j = 1,...,m; SNPs
in gene . I used the model to estimate the amount of overdispersion in read counts in our
null data, which I then used to calibrate our model for RNA-Seq data (see C.3.3). For read

counts Y;; the model is
Y,-j]a,-, BZ ~ Beta—Binomial(Nij, (7% Bl)

I discuss the beta-binomial distribution and its relationship to the negative binomial distri-
bution above (see C.3.1). I reparameterize «; and j; in terms of the mean p; and dispersion

e; as

pi = a; /(o + B;) a; = pi(l —e;)/e;

ei=1/(1+a;+5) Bi=1—e)d—pi)/ei
As e; — 0 we approach the binomial model. The priors on p;, e; are:

p; ~ Beta(a, a)

e; ~ Beta(1,d)

I will use the notation Beta(a, ) to indicate the beta distribution, which has density

I(a+ p)

a—11 _ pg\B—1
Mot 7Y

p(Ola, B) =
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As priors on a and d I use

a ~ Log-Normal(4.3,1.8)

d ~ Exp(0.0001)

These priors were chosen using a coarse grid search of the parameter space to obtain distri-
butions that placed substantial probability across all realistic ranges for the parameters a
and d, which I assessed by simulating data from these priors and verifying that the resulting

read counts appeared reasonable. Thus, the posterior is given by

p(p,e,a,dY) o« p(Y|p,e) x p(p,ela,d) x p(a,d)

= [T 1] p(¥ilpi,ei) x ppi, eila, d) x p(a, d)

i=1j=1

where

p(Yij|pisei) = p(Yij|au, Bi) = dbetabin(Yj;, Nyj, v, ;)

p(pi, eila, d) = dbeta(p;, a,a) x dbeta(e;, 1,d)

with dbeta signifying the beta density and dbetabin the beta-binomial density. The model
I have developed is not amenable to analytic methods of implementation, and so I imple-
ment using MCMC. I construct relatively straightforward independent Metropolis-Hastings
random walk steps for each parameter, parameterizing on the log scale for a and d and the
logistic scale for p; and e;, and using a normal proposal. I make use of estimates of ¢ and d
in our model for RNA-Seq data described below (C.3.3). I estimated a and d as the medians

of the posterior densities of a and d, respectively.

C.8.8 Model for RNA-Seq data

For our RNA-Seq data, I construct a three-stage hierarchical model for allelic read counts
for e =1,...,m genes with j = 1,...,m; SNPs in each gene. I denote the count of reads
mapping to BY at SNP j in gene 7 as Yj;, and in the first stage these counts are binomially

distributed with parameters N;; (coverage at the SNP) and p;; (amount of ASE; p;; ~ 0.5



156

signifies no ASE, p;; # 0.5 indicates ASE). At the second stage, the p;; arise from a gene-
specific beta distribution with parameters «; and ;. This second stage allows for the
possibility that p;; may not be constant across all SNPs within gene i. The two stages of
this model can be collapsed to give a beta-binomial model. I reparameterize the Beta(a;,

B;) distribution in a similar manner as above (C.3.2):

pi = aif (i + Bi) a; = pi(l —e;)/e;

e =1/(1+a; + 5;) Bi=(1—e)(1—pi)/e;
Let @ = (f,g,h,m). I use a two component mixture prior on p;, €;:

. Beta(a,d) x Beta(1,d) with probability
Di, ei’av d7 0 ~
Beta(f,g) x Beta(1,h) with probability 1 — 7

where @ and d are obtained from the genomic DNA model (C.3.2). These two components

naturally correspond to two classes of genes:
1. Class 1: Those showing no ASE, whose read counts are distributed according to
Yijla, d ~ Beta-Binomial( N, p;, €;)
p; ~ Beta(a, a)
e; ~ Beta(1,d)
The values of a are large (=~ 3000 to 6500 for our data), which means that the p;
drawn from the Beta(a, @) distribution are tightly concentrated around 0.5. Likewise,

the values of d are also large (=~ 550 for our data), which means that the dispersion

e; for each gene is small, as one would expect for null genes.

2. Class 2: Those showing ASE that is either constant at some level p; # 0.5 across all

SNPs in the gene, or that varies among SNPs in the gene.

The posterior is given by

p(p, e, 0)Y,a,d) x p(Y|p,e) x p(p, ela, d,0) x p(9)
m m; Rt

= [TII L1 p(Yiselpis i) x ppi, eila. d. 0) x p(6)

i=1j=1r=1
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where

p(Yijr|pi, €i) = p(Yijr|ou, Bi) = dbetabin(Yjj,, Nijr, s, Bi)
p(pi,ei]d,ci, 0) = 7y x dbeta(p;, a,a) x dbeta(e;, l,d)

+ (1 — 7o) x dbeta(p;, f,g) x dbeta(e;, 1, h)

where dbetabin is the beta-binomial density function, and dbeta is the beta density func-
tion. The model is completed by placing priors on f, g, and h. To specify priors I parame-
terize f and g as q = f/(f +¢g) and r = 1/(1+ f + ¢g) which means that f = ¢(1 —r)/r and
g=(1—-¢q)(1—r)/r. Then

q ~ Beta(ay, fy)

r ~ Beta(a;, 5;)

I performed a coarse grid search across a range of parameter values for ay, 8y, o, and S,
simulating samples of a and b for each combination of parameters and drawing values of
pij- I found that oy = B4 = 100 and o, = 1, B, = 20 resulted in reasonable values of a and

b that produced realizations of p;; close to those observed in the real data. I use

h ~ Exp(0.03)

7o ~ Unif(0,1)

for the remaining priors. The prior on h was chosen to place substantial probability across
all realistic ranges for that parameter. I simulated data using the above priors and verified
that the resulting read counts were reasonable. As before, I implement this model using
MCMC, with straightforward independent random walk Metropolis-Hastings steps for each
parameter. I parameterize on the log scale for f, g, h and on the logistic scale for g, p;, €;,
and use a normal proposal.

With s =1,...,.5 draws from the posterior distribution of each parameter obtained via
MCMC, the posterior probability that each gene shows ASE is just the posterior probability
that gene i falls in component 2 (i.e. genes in Class 2 above). Let @ = (f,g,h,m) and
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abbreviate component 2 as C2. Then we have

S
1 s s s
Pr(C2ly) = 5 S p(C20pl?, el 6))
s=1

where
p(p, €[C2, 0)p(C2)
p(p, €|C2,0)p(C2) + p(p, e|C1, 8)p(C1)
B dbeta(p|f, g)dbeta(e|l, h)(1 — mp)
dbeta(p|f, g)dbeta(e|l, h)(1 — m) + dbeta(p|a)dbetale|l, d)mo

p(C2|p,e,0) =

where dbeta is the beta density function.

C.3.4 Simulations to evaluate statistical model

In order to compare the power and robustness of the statistical approach described above
to the binomial exact test, I simulated allele-specific read counts by mimicking the charac-
teristics of our experimental data where possible. I chose to base these simulations on our
Illumina GAII data because this was the largest of the datasets. Specifically, I simulated
datasets that consisted of n = 2000 genes, with each gene containing j SNPs (where j is
drawn from the distribution of the number of SNPs per gene present in the real data).
Coverage levels of SNPs within genes were randomly drawn from the true coverage levels of
SNPs within the dataset. I simulated 20 independent datasets, and present results below
averaged across these simulations.

I first simulated genomic DNA count data, which I analyzed in the same manner as our
real DNA count data. For each gene i, I drew a value z; ~ N(0,0.188) representing the log
fold change in expression between the two alleles of that gene. I estimated this standard
deviation (0.188) using our real DNA count data. I then converted this to a binomial success
probability for gene i using the formula p; = exp(z;)/[1 + exp(x;)]. Each of the j SNPs
within gene ¢ had counts distributed binomially with parameter p;;, and I added a small
amount of “noise” to each mean binomial proportion p; via p;; = logit—* [logit (p:) + €5),
where €; ~ N(0,0.1). For p; = 0.5 this corresponds to approximately 95% of the p;;’s falling
within the interval (0.45,0.55), as observed in the real data.

For simulated RNA count data, I simulated 50% of the genes as showing no ASE,
and 50% showing ASE (i.e. w9 = 0.5). For genes showing ASE, I drew a value z; ~
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N(0,0.658) representing the log fold change in expression between the two alleles of that
gene and converted this to a binomial success probability for gene i using the formula
pi = exp(z;)/[1 + exp(x;)]. The standard deviation of the z;’s (0.658) was estimated from
our real RNA count data. As with the DNA count data, each of the j SNPs within gene 7 had
counts distributed binomially with parameter p;;. To obtain p;;’s, I added “noise” to each
mean binomial proportion p; as before: p;; = logit ™! [logit (p;) + g;], where €; ~ N(0,0.1).

Note that these simulations required that I assume a distributional form for the fold
change in expression between the two alleles of each gene, and the distributional form for
noise in read counts added to the simulations. I modeled these processes using normal
distributions rather than taking the forms used in my statistical model in order to avoid

biasing the results in favor of my model.

I computed a receiver operating characteristic (ROC) curve by tabulating the number
of true positives called correctly and the number of false positives called incorrectly using
p-value thresholds from 0 to 1 for the binomial exact test and posterior probabilities of ASE
from 1 to 0 for our Bayesian statistical model. A plot of the ROC curve demonstrates that

my model outperforms the binomial exact test as a classifier of ASE (Figure 3.2a).

In order to better understand the properties of our model I also examined whether the
false discovery rate (FDR) was calibrated accurately. I use an indicator variable Z; to label
whether gene ¢ shows ASE (Z; = 1) or does not show ASE (Z; = 0), which is known since
the data was generated via simulation. I can compute the posterior probability that each
gene shows ASE as described in section C.3.3, and I can compute the FDR for any chosen

list of i = 1,...,n genes (out of m total genes) called as showing ASE using the formula

1 n
FDR = =S " Pr(Z =
R nZ; 1(Z; = Oly)

My simulations demonstrated that the FDR is calibrated accurately (Figure 3.2b; dotted
red line follows y = z), with perhaps a very slight conservative bias in the reported FDR at

relatively high rates (FDR > 0.2).
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C.3.5 FExpected level of overlap for measurements from different sequencing platforms

For sequencing platform ¢ (with ¢ = GA, ABI), I first constructed a list of genes called as
showing significant ASE at a known FDR (typically 5%). I wish to estimate the fraction
of genes expected to be called significant in both experiments. To this end, let Gy; = 0/1 if
gene i in experiment ¢ shows no ASE/ASE. Then I want to estimate

Lo

— ) Pr(Gii =1NGy =1). (C.2)

m “
=1

The power to detect a signal varies across genes, and so GG1; and Gg; are not independent.
To obtain an estimate of (C.2) requires a model, and so I perform a simulation.

I simulated read counts with coverage levels identical to the observed data. I used my
model for RNA-Seq data (C.3.3) to generate read counts at each SNP, where I substituted
for the parameters a, d, f, g, and h the posterior medians of these parameters generated by
running MCMC on our observed data. I subsequently analyzed the simulated data using
the same methods as our observed data.

In order to compare some of the characteristics of our observed data with the simulated
data, I used estimates of the FDR and False Non-Discovery Rate (FNDR) to calculate the
expected number of false positives (FP), true positives (TP), false negatives (FN), and true
negatives (TN), as well as the probability of type I error (T1) and probability of type II

error (T2). T can calculate these values using

m = total number of genes
ny = number of genes called significant in experiment ¢
FP; = FDR; x ny
FN; = FNDR; x (m — ny)
TP; = ny — FP;
TN, = (m —ny) — FN;
T1; = FP,/(TN; + FP;)

T2; = FN;/(TP; + FNy)
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For the two experiments reported in the main text, I calculated

Tlga = 0.067
T1apr = 0.029
T2ga = 0.60
T2ap1 = 0.67

I found that my simulated data had reasonably similar type I and type II error rates:

Tlsimulated GA — 0.10
Tlsimulated ABI = 0.11
T2simulated GA — 0.61

T2Simulated ABI — 0.59

I tabulated the number of genes called significant at FDR = 5% in both my observed and

simulated data. As shown in Figure C.2, the level of overlap for our observed data is

Observed Data Simulated Data
lllumina GA data simulated lllumina GA

ABI SOLID data simulated ABI SOLID

Figure C.2: Numbers in each square represent the number of genes falling in that grouping
(significant only in GA data, significant only in ABI data, or significant in both), divided
by the sum of the number of genes called significant in each of the two datasets.
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reasonably similar to what I calculated in the simulated data.

The higher overlap in my simulated data likely reflects at least two factors:

1. T generated simulated data using our model for RNA-Seq data (C.3.3) in order to
produce datasets with similar type I and type II error rates as seen in the real data.
However, as shown above, the type I and type II error rates were not identical between
the simulated and real data. For example, the type I error rate is significantly higher

in the simulated ABI data.

2. My simulated data was generated via a known model and analyzed using a statistical
framework employing the same model. For real data the read counts are generated
by an unknown mechanism. I believe our model captures much of the underlying

complexity of this mechanism, but any model is necessarily a simplification of reality.
C.4 Read mapping

C.4.1 Details of read mapping procedure

I obtained complete genome sequences for BY from the Saccharomyces Genome Database
(June 2008 sequence; http://www.yeastgenome.org/) and for RM from the Broad Insti-
tute (http://www.broadinstitute.org/). After repeat masking the sequences [161], I
used LASTZ (http://www.bx.psu.edu/miller_lab) to infer alignment scoring parameters
appropriate for aligning the BY and RM genomes and to generate pairwise alignments be-
tween all chromosomes of the two strains. I then used TBA [162] to compute a whole-genome
alignment that is not biased in favor of any particular reference genome. I masked any nu-
cleotides that were ambiguous in either genome and projected this alignment to both BY
and RM to construct reference genomes for the strains. To the genome of each strain I
added all unaligned segments from the opposing strain as a single contig. I mapped all
reads to the BY and RM genomes using the program BFAST [163]. I aligned reads using
primary and secondary indices (Table C.1) suggested in Homer et al. [163]. I aligned reads
using options =K 100 and -M 500 for bfast match, and examined only reads that had a

single highest-scoring alignment to each genome. I output the results in SAM format and
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converted to BAM format using samtools [188].

Table C.1: Indices used for BFAST mapping

data type  mask hash  index
width type
nucleotide 111111111111111111 14 1°
nucleotide 11110100110111101010101111 14 2°
nucleotide 11111111111111001111 14 2°
nucleotide 1111011101100101001111111 14 2°
colorspace 111111111111111111 14 1°
colorspace 1111101110111010100101011011111 14 2°
colorspace  1011110101101001011000011010001111111 14 2°
colorspace  10111001101001100100111101010001011111 14 2°

I examined the alignment of each read to the BY genome and to the RM genome in
order to search for reads with distinguishable allelic origin. I required reads to map to
approximately the same genomic location in BY and RM; specifically, I required each read
to map within the same alignment block in each strain. I used the CIGAR string present in
the BAM output file to reconstruct the alignment between each read and the BY and RM
genomes. [ used a simple probabilistically-motivated, base quality-aware scoring scheme
implemented in the program cross_match (http://phrap.org/phredphrapconsed.html)
to score the alignment of the read to the genome of each strain. This scheme awards
matching bases a score of 6 and mismatching bases a score of 6 — (¢ + 5) where ¢ is the
base quality. I considered a read to be a candidate BY read if the score was higher for the

alignment to the BY genome, and vice versa.
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C.4.2 Read mapping simulations

In our data and in previous datasets examined [152], a small proportion of SNPs is bi-
ased toward one of the two alleles. Degner et al. [152] identified the presence of flanking
sequences sharing identity with another region of the genome as one factor contributing
to this read-mapping bias at some SNPs in humans. To overcome this potential source of
bias, I simulated 50 bp reads overlapping every SNP and indel ascertained using our whole-
genome alignment of BY and RM. I mapped these reads using the same methods as for our
real data. For our experimentally acquired data, I then filtered out any SNP showing either
a bias of at least 5% greater than equal mapping of alleles among our simulated reads or
less than 95% of my simulated reads mapping to the correct genomic location and allelic

background.
C.5 Correction for GC content

It has been noted by other investigators that base composition has a significant effect on
the propensity of a molecule to be sequenced using high-throughput sequencing technologies
[159,164,165]. My overall strategy was to correct for GC content by using our genomic DNA
data to measure how often sequences of varying GC content were sequenced, and correcting
read counts derived from our RNA data to reflect the fact that alleles of particular GC
content might be over- or under-sequenced solely due to their base composition. I followed
many of the methods suggested by Pickrell et al. [159] to perform this correction. More

specifically, my correction for GC content consisted of the following steps:

1. Divide the yeast genome into b 200 base pair bins and calculate the read depth NV}, in

each of the bins from our genomic DNA data

2. Calculate the mean read depth N; across all b; bins of GC content i

3. Calculate the log, relative enrichment of reads f; of each GC content i: r; = logy(N;/N)

4. Fit a spline to the relationship between GC content i and log, relative enrichment of

reads r; in bins of GC content . I performed this analysis in R [111] using the function
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smooth.spline with spar = 0.8.

5. Calculate a “correction factor” f; for each bin corresponding to the amount that reads
of GC content ¢ have been over- or under-sequenced. I used the predict function in R
[111] to obtain a predicted log, relative enrichment 7; given the spline estimated above.
This correction factor could be used to correct absolute RNA read counts in bin b with

GC content ¢ for over- or under-sequencing using the formula NgorreCted =N, x 27 7i

6. Use the correction factors calculated for BY and RM at bins overlapping each SNP
to correct the relative read counts in our RNA data. Rather than altering both the
BY and the RM read counts, I alter only one read count, by only the amount the
more extreme correction factor f; differs from the less extreme correction factor. For
example, if both the BY and the RM alleles are predicted to be over-sequenced, with
fiBY = 1.10 and flRM = 1.12, I keep the BY read count unchanged and multiply the

RM read count by fiRM — fiBY = 1.02. T round altered counts to the nearest integer.

This scheme allows me to correct for possible differences in sequencing depth driven by
differences in base composition between the BY and RM alleles, as I am only interested in
comparing read counts derived from the BY and RM alleles within each locus. Since the
BY and RM alleles are usually very similar in base composition, my scheme has the desired
effect of keeping most counts largely unaltered, and only altering counts where differences
in base composition leading to different probabilities of sequencing the BY and RM allele
could plausibly affect conclusions about ASE. Estimates of global parameters were nearly

identical regardless of whether I performed the GC content correction described above.
C.6 Comparing absolute expression levels between technologies

I performed a comparison of absolute transcript abundances for each of the two RNA-
Seq platforms from which I obtained data. For this analysis I focused only on absolute
expression levels, ignoring all information about allele-specific expression and averaging
the measurements for each gene for the ABI platform (since I obtained RNA-Seq data

for two samples for this platform). First, I compared absolute expression levels measured
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on each platform and, as expected, found a highly significant correlation between these

measurements (Figure C.3; Pearson’s p = 0.78, p < 2.2 x 10716).

log(mean ABI SOLID read count)
10
|
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log(lllumina GA2 read count)

Figure C.3: Comparison of absolute expression levels measured using the ABI SOLiD and
Ilumina GA2 sequencing platforms

Next I explored whether differences in absolute transcript abundance between the two
technology platforms could explain some of the differences in calling ASE observed for the
two platforms. Consider a single gene which truly shows ASE. If this gene is sequenced to
equal depth by both platforms, the test for ASE will be similarly powered in both analyses.
However, if stochastic variations in sequencing depth result in the gene being sequenced to a
higher level in one RNA-Seq dataset and a lower level in another, an analysis of the gene in
the former dataset will have higher power to detect ASE than the latter. I binned genes by
the absolute value of the difference in coverage between the Illumina and ABI datasets, and
found a negative correlation between this difference in coverage and the probability that
the ASE calls made on each platform agreed (Figure C.4). To confirm that the coverage

difference between technologies is negatively correlated with the fraction of ASE calls where
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Figure C.4: Probability is plotted as a function of the difference in total coverage between
the platforms (binned and shown on log scale)

both platforms agree, I divided the data into 100 bins based on this coverage difference and
calculated the fraction of ASE calls in concordance between the two platforms for each bin.

I then fit the linear model
ASE concordance = log(total coverage) + log(coverage difference) + €

This resulted in a weakly significant estimate for the contribution of coverage difference
to the model (p = 0.0249) with the expected negative effect on concordance of ASE calls
between platforms. This indicates that some portion of the discrepancy in genes called as
showing ASE between platforms is due to stochastic variation in sequencing coverage of

those genes.

C.7 Analysis of data without removing PCR duplicates

Although I removed PCR duplicates for our primary results as described in the main text,

I explored the effect of not removing these reads. Our Illumina data was paired-end while
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our ABI data was single-end. As a result, I removed more potential duplicates from our
ABI data since I was unable to distinguish between reads that were true duplicates and
those that mapped to the same 5’ location by chance. Using all of our data with duplicate
reads included, I ran the same analyses reported in the main text.

I found that including duplicate reads resulted in increased noise in read counts. Specifi-
cally, the posterior distributions of a (which affects the tightness of the p; around 0.5 for null
genes - see C.3.2) overlapped between the analyses with and without including PCR dupli-
cates, for both technology platforms. However, estimates of d (which governs the amount
of dispersion within each null gene - see C.3.2) were significantly lower when including PCR
duplicates, indicating greater within-gene noise in read counts. The 95% credible intervals

for each scenario are shown in Table C.2. A greater value of within-gene dispersion for

Table C.2: Confidence intervals for d both with and without including PCR duplicates

platform PCR duplicates 2.5% 97.5%
included? quantile  quantile
ABI  yes 192 226
ABI no 441 617
Illumina yes 464 543
Illumina no 526 628

“null” read counts means that it is more difficult to distinguish genes showing ASE from
those not showing ASE.

I also found that my estimate of 7, the global fraction of genes not showing ASE, was
lower if I included duplicate reads in my analyses (i.e. more genes were identified as showing
ASE when duplicate reads were included). I analyzed the Illumina Genome Analyzer II and
ABI SOLiD System data separately to determine how the estimates changed depending on
whether duplicate reads were included. Interestingly, estimates of my decreased much more
dramatically for the ABI data than for the Illumina data (for which there are far fewer reads

marked as duplicates), indicating that including duplicate reads strongly affects estimates
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Figure C.5: Data for gene SSA2. Organization and coloring of plots is identical to that in
Fig. 4b-c and Fig. 5a-c in the main text. (a) Data with duplicate reads included. (b) Data

with duplicate reads removed.
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of global parameters.

Finally, I found genes that showed highly discrepant results between analyses of the
data with and without duplicate reads included. These genes tended to have low posterior
probabilities of ASE when duplicate reads were removed, but higher posterior probabilities
of ASE when including duplicate reads. One example is the gene SSA2 (YLL024C). I found
a very large number of reads mapped to the first two SNPs of this gene in all datasets.
Despite a large number of reads mapping, the level of ASE at these SNPs is quite inconsistent
between datasets if duplicate reads are included (Figure C.5a). Furthermore, at least for
some datasets there is suggestive evidence that this gene may show ASE. However, if I
remove duplicate reads from the analysis the datasets give far more consistent results, and

any evidence for ASE disappears (Figure C.5b).

C.8 Unifying previous statistical tests for allele-specific expression

In this section, I note previously published tests for detecting allele-specific expression using
RNA-Seq. For tests that are applicable to experimental designs different from ours, I show
how the test relates to our situation (detecting allele-specific expression using transcribed
heterozygous sites in a single individual). Previous studies of allele-specific expression using
RNA-Seq, and the statistical method employed by each, are shown in Table C.3. T also
note that Main et al. [153] present a method for analyzing allele-specific read counts using
a linear model in a scenario where a small number of genes has been sequenced to very high

coverage, but that it is unclear how to adapt their test to our situation.

C.8.1 Test of Pickrell et al. [159] applied to our data

In Pickrell et al. [159], the authors sequenced RNA from n = 70 individuals and looked
for allele-specific expression at a subset of genes (those genes showing significant evidence
for putative cis-acting gene expression QTL) among all individuals in the population. To

conduct their test, the authors sum up the read counts at all SNPs in a gene. For a single
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Table C.3: Statistical tests employed by previous studies of allele-specific expression by
RNA-Seq

Binomial X2
Reference Notes
exact test test

Degner et al. [152] v

Emerson et al. [155] Reduces to asymptotic equivalent of bino-
mial exact test for our experimental design
(see C.8.2)

Heap et al. [156] v

McManus et al. [157] v

Montgomery et al. [158] v Customized to individual sequencing lanes

Pickrell et al. [159] Reduces to asymptotic equivalent of bino-
mial exact test for our experimental design
(see C.8.1)

Zhang et al. [154] v

gene, Pickrell et al. [159] model read counts as beta-binomially distributed, i.e.

Y = Number of reads from allele 1
N = Number of reads from allele 1 + allele 2

Y ~ Beta-binomial(N, a, 3)

where alleles 1 and 2 are defined as the haplotype that tends to cause higher expression of
the gene and the haplotype that tends to cause lower expression of the gene. The authors
use a beta-binomial model to allow for overdispersion in the data between individuals, which

they note could arise due to differences in genetic background [159]. Then

Fa+p)T(Y +a)l'(N -Y + )
['(a)T(B) (N +a+p5)

p(Y|N, o, ) o



172

Pickrell et al. [159] maximize the overall log-likelihood of the data

n
1OgP(data) = Zlogp(yl’leaaﬁ)

i=1
for the n individuals and use a likelihood ratio test of &« = 8 vs. « # 3 to obtain a p-value.
For this study, I examined only one individual rather than 70. Since I restrict my study

to a single individual, I do not need to consider overdispersion in read counts between

individuals. If I parameterize the beta-binomial distribution as

_ «
B 1
p_1+a+5

one can think of p as the dispersion between individuals and p as the mean level of ASE
for a gene. By the logic above, p = 0 since my study consists of only one individual.
Thus o + 8 — oo, and the likelihood reduces to the binomial. Thus the test of Pickrell et
al. [159], adapted to my experimental design, results in a likelihood ratio test for p = 0.5
vs. p # 0.5 with a binomial likelihood where p = u. This test is asymptotically equivalent

to the binomial exact test.

C.8.2 Test of Emerson et al. [155] applied to our data

In Emerson et al. [155], the authors examined regulatory variation in the same diploid S.
cerevisiae hybrid that I studied. They implement a binomial model that is designed to detect
both cis and trans-regulatory variation in their experimental design. My experimental
design focused on detecting cis-regulatory variation, but the model of Emerson et al. [155]

can be adapted for this situation. The authors defined

number of cells containing allele 1

d= number of cells containing allele 2
_expression level per cell for allele 1
~ expression level per cell for allele 2

de

p =

de+1
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If we let

Y = Number of reads from allele 1

N = Number of reads from allele 1 + allele 2

then the authors estimate d over all n genes, using genomic DNA sequence data, with the

maximum likelihood estimator
d= Z?:l Y
2im Vi =Y

In my case, d ~ 1, as Emerson et al. [155] report for sequencing of diploid hybrid genomic
DNA. To test for allele-specific expression due to cis-regulatory variation Emerson et al.

[155] maximize the binomial likelihood

N _
L(plY,N) = (Y>py(1 —p)N Y (C.3)
where
B de e
P=de+1 e+l

and conduct a likelihood ratio test with the null hypothesis e = 1 which implies p = 0.5.
Thus, for my situation this amounts to a likelihood ratio test of p = 0.5 vs. p £ 0.5 with a

binomial likelihood, which is asymptotically equivalent to the binomial exact test.
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Appendix D
SUPPLEMENT TO CHAPTER 4

D.1 Yeast strains

For this study, we purchased strains used in Liti et al. [1] from the National Collection of
Yeast Cultures (http://www.ncyc.co.uk/sgrp.html). Caitlin Connelly confirmed strains
as haploid through mating tests or made them haploid by integrating a KanMX cassette at
the HO locus, sporulating the transformants, and isolating haploid spores. Caitlin confirmed
that the cassette had integrated at the HO locus through PCR using one primer flanking
the cassette and one inside the cassette.

Table D.1 provides a brief overview of the strains studied, and more detailed information

about each strain is available in Liti et al. [1].
D.2 Phenotyping

D.2.1 DNA sequencing
Sample preparation

Marnie Johansson grew strains to mid-log phase (ODggp 0.8-1.0) in yeast extract peptone
dextrose and extracted DNA by the phenol:chloroform:IAA method. She performed se-
quencing library preparation as previously described [5] and obtained sequences using the
Mlumina Hi-Seq platform (50 bp paired-end reads), with individual samples barcoded to

enable multiple libraries per lane.

Validation of SNP calls by Sanger sequencing

Marnie sequenced nine randomly chosen regions across seven chromosomes in two strains
(NCYC361 and UWOPS83-787.3) in order to validate my short-read genotype calls in re-

gions of imputed sequence [1]. These two strains are among the most genetically dis-
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tinct of all the strains we studied and have among the most imputed sequence of any
strain. The regions I chose totaled 5.9 kb in size and overlapped 86 imputed SNPs,
where our short-read genotyping calls disagreed with the imputed genotype in 41 cases.
Marnie grew strains to mid-log phase (ODggg 0.8-1.0) in yeast extract peptone dextrose
and extracted DNA using the MasterPure Yeast DNA purification kit (Epicentre). I de-
signed primers using the program Primer3 [110] and Marnie sequenced the regions us-
ing Sanger sequencing on an ABI 3130xl machine. The regions from which we obtained
high-quality sequence were: chrV:240884-241529, chrlX:399255-400030, chrX:48040-48719,
chrX:678485-679128, chrXI:588177-588789, chrXII1:332837-333434, chrXII1:900894-901537,
chrXV:642438-643100, and chrXVI:840028-840694. I aligned each Sanger sequence read
to strain-specific reference genomes using the program SMALT (http://www.sanger.ac.
uk/resources/software/smalt/) and found 100% concordance with genotyping calls we
made using short-read data. There were small insertions/deletions apparent in the Sanger
sequence reads (relative to the strain-specific reference genome), but I did not attempt to

call these variants using short-read data.

D.2.2 Chemostat culture

Chemostat culturing was performed by Emily Mitchell. Emily streaked strains from -80°C
freezer stocks in randomized batches of 6-10 at a time onto YPD plates. She put the plates
at 30°C for 2 days before picking single colonies to grow overnight in 3 mL YPD. She
inoculated chemostats with 1 mL YPD culture, and allowed growth for 24 hours before
beginning continuous culture. Emily maintained a dilution rate of 0.17 +/- .01 volumes per
hour for 3-4 days, until cultures were deemed to have reached steady state. She defined
steady state as stabilizing to within 10% of the previous days density measurements. In
order to quantify steady state she used measurements by Klett colorimeter and by ODggo.
To avoid any perturbation, Emily took sample culture passively at the efluent port. If
the culture density stabilized, she harvested the chemostat and used the samples for RNA,
protein, metabolite, and microscopy studies. She repeated the above schedule for all strains,

such that replicates were harvested, in most cases, in less than 25 generations. Some strains
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Figure D.1: Brief information on the properties of each strain studied. For more detailed
information on the strains, see Liti et al. [1]. "We obtained partial data for strains DB-
VPG6040 and DBVPG6044. Due to difficulties with chemostat growth, we obtained only
one successful sample of each strain. We gathered quantitative proteomics and cellular
morphology for both strains, and metabolomic data for DBVPG6044, but did not obtain
gene expression or genome sequence data. 2Strain K11 was determined not to be phosphate
limited, due to a much larger number of differentially expressed genes than other samples
and a great enrichment among these genes for phosphate transporters (with K11 having
lower expression than all other strains).



Strain name Isolated Source Strain type
273614N Newcastle, UK fecal clinical
378604X Newrcastle, UK sputum clinical
BC187 Napa Valley, CA barrel fermentation
DBVPG1106 Australia grapes fermentation
DBVPG1373 Netherlands soil wild
DBVPG6040! Netherlands juice fermentation
DBVPG6044! West Africa bili wine fermentation
DBVPG6765 unknown - -

K112 Japan sake fermentation
L-1374 Chile must fermentation
NCYC361 Ireland wort fermentation
SK1 USA soil lab
UWOPS05-217.3 Malaysia plant wild
UWOPS05-227.2 Malaysia bee wild
UWOPS83-787.3 Bahamas fruit wild
UWOPSS87-2421 Hawaii plant wild

Y12 Africa palm wine fermentation
Y55 France grape lab

YJMOI75 Bergamo, Italy vaginal clinical
YJMIT8 Bergamo, Italy vaginal clinical

Y JM981 Bergamo, Italy vaginal clinical
YPS128 Pennsylvania, USA oak tree wild
YPS606 Pennsylvania, USA oak tree wild

YS2 Australia - baking

YS9 Singapore - baking

177
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required increased inoculum (2 ml) and a slightly extended timeline (up to 32 generations)
to reach steady state.

Chemostat media was phosphate limited, and contained the following per liter: 100
mg calcium chloride, 100 mg sodium chloride, 500 mg magnesium sulfate, 5 g ammonium
sulfate, 1 g potassium chloride, 10 mg potassium phosphate, 500 g boric acid, 40 pug copper
sulfate, 100 pug potassium iodide, 200 ug ferric chloride, 400 pg manganese sulfate, 200 ug
sodium molybdate, 400 ug zinc sulfate, 2 pg biotin, 400 ug calcium pantothenate, 2 ug folic
acid, 2 mg inositol, 400 ug niacin, 200 pug p-aminobenzoic acid, 400 ug pyridoxine, 200 pg
riboflavin, 400 pg thiamine, and 5 g glucose.

At harvest, Emily took the following samples (in the order listed):

1. 3 mL of effluent (passively collected) for microscopy (Section D.2.6)

2. 50 mL culture for RNA-Seq. Emily immediately (within one minute of initial culture
perturbation) filtered the sample, froze cells using liquid nitrogen, and stored at -80°C

until processing (Section D.2.3)

3. 50 mL culture for protein analysis. Emily pelleted at 4°C, washed in cold 50mM am-
monium bicarbonate pH 7.8, re-pelleted, and frozen the sample using liquid nitrogen

at -80 °C until processing (Section D.2.4

4. 50 mL for metabolite analysis, which was processed immediately (Section D.2.5).

D.2.8 RNA-Seq

Beginning with aliquots from samples taken from the chemostats, Marnie Johansson ex-
tracted RNA by the acid phenol method. She performed poly(A) enrichment (MicroPoly(A)
Purist Kit, Ambion) followed by ribosomal depletion (RiboMinus Kit, Invitrogen). She pre-
pared RNA-Seq libraries, barcoded samples, and performed sequencing (50-bp single-end
reads) according to the manufacturers recommendations using the ABI SOLiD v4 (SOLiD

Whole Transcriptome Analysis Kit, ABI). Marnie randomly allocated our samples across
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three flowcells. We obtained 5-50 million reads per sample (equivalent to ~ 20 — 200X

coverage of the genome).

D.2./ Quantitative proteomics
Lysis

Beginning with aliquots from samples taken from our chemostats, Beth Graczyk lysed sam-
ples in batches of 5-10 samples. She pelleted aliquots of 40 mL of cells for each sample
by centrifugation for 3 minutes at 2,000 rpm. She resuspended cells in 0.7 mL of 50 mM
ammonium bicarbonate pH 7.8 and lysed with 0.7 mL glass beads by vortexing at speed
8-9 for 20-30 minutes in cold room until complete lysis. Beth first centrifuged lysate at
5,000 x g for 5 minutes at 4°C to clear debris and centrifuged again at 100,000 x g for one

hour at 4°C to separate soluble and insoluble fractions.

Digestion

Gennifer Merrihew digested samples in three different randomized batches. She resolubi-
lized the insoluble pellet using 0.1% RapiGest (Waters Corporation) in 50 mM ammonium
bicarbonate pH 7.8 and sonicated for 20 seconds at speed #3 followed by 5 minutes of heat
at 100°C. After the samples were cooled, she used a BCA protein assay (Pierce) to measure
the protein concentration. She then reduced samples with DTT (dithiothreitol), alkylated
with TAA (iodoacetic acid) and digested with sequence modified trypsin (Promega) at a 1:50
trypsin:protein ratio for one hour at 37°C. Gennifer added 200 mM Hcl to cleave RapiGest
and halt digestion, and centrifuged to separate peptides from debris. She cleaned samples

with mixed-mode cation exchange columns (MCX) (Waters Corporation).

LC-MS/MS

Gennifer Merrihew performed the steps detailed in this section. She used fused silica micro-
capillary columns of 75 pum inner diameter (Polymicro Technologies, Phoenix, AZ) packed
in-house by pressure loading 40 cm of Jupiter 90 A C12 material (Phenomenex, Torrance,

CA). In order to assess quality of the column before and during analysis, she used an
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equimolar mix of a six protein bovine digest (Michrom Bioresources, Inc., Auburn, CA).
She analyzed three of these quality control runs prior to any sample analysis and after ev-
ery six sample runs analyzed another quality control run. She randomized samples and ran
them in replicate. She loaded three ug of each sample digest and 200 femtomole of the six
protein bovine digest onto the column by the NanoACQUITY UPLC (Waters Corporation,
Milford, MA) system. For buffer solutions she used: were water, 0.1% formic acid (buffer
A) and acetonitrile, 0.1% formic acid (buffer B). The 100 minute gradient of the six protein
bovine digest quality control consisted of 69 minutes of 93% buffer A and 7% buffer B, 1
minute of 65% buffer A and 35% buffer B, 10 minutes of 20% buffer A and 80% buffer B and
20 minutes of 93% buffer A and 7% buffer B at a flow rate of 0.25 pl/min. The 180 minute
gradient for the sample digest consisted of 140 minutes of 91% buffer A and 9% buffer B,
20 minutes of 80% buffer A and 20% buffer B, 6 minutes of 20% buffer A and 80% buffer
B and 14 minutes of 91% buffer A and 9% buffer B at a flow rate of 0.25 pul/min. Peptides
were eluted form the column and electrosprayed directly into an LTQ-FT mass spectrometer
(ThermoFisher, San Jose, CA) with the application of a distal 3 kV spray voltage. For the
six protein bovine digest quality control analysis, a cycle of one 25,000 resolution full-scan
mass spectrum (400-1400 m/z) followed by five selected reaction monitoring (SRM) spectra
analyzing five peptides and 4-5 fragment ions per peptide at 35% normalized collision en-
ergy with a 2 m/z isolation window. For the sample digests, she used a cycle of one 50,000
resolution full-scan mass spectrum (400-1400 m/z) followed by five data-dependent MS/MS
spectra at 35% normalized collision energy with a 2 m/z isolation window. She used the
ThermoFisher XCalibur data system to control application of the mass spectrometer and

UPLC solvent gradients.

Data Analysis

Gennifer Merrihew and Nick Shulman performed the data analysis steps outlined in this
section. They analyzed the SRM six protein bovine digest using Skyline [243]. They
processed high resolution MS data using Bullseye [244] to optimize precursor mass infor-

mation. To identify peptides, they searched the MS/MS data using SEQUEST [245] against
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a fasta database containing all the protein sequences from all the strains. They determined
peptide spectrum match false discovery rates using Percolator [246] at a g-value threshold
of 0.01 and a posterior error probability threshold of 1. They assembled the peptides into

protein identifications using an in-house implementation of IDPicker [247].

In order to obtain a quantitative measure of peptide abundance, Gennifer used the pro-
gram Topograph [248]. Topograph searches for a chromatographic peak for each identified
peptide in each sample, and integrates the intensity over the retention time of the peak. In
samples where SEQUEST had identified a particular peptide in an MS/MS scan, Topograph
searched for a peak in the chromatogram that overlapped the range of times where the pep-
tide was identified. For samples without an MS/MS identification for a particular peptide,
Topograph performed a pairwise retention time alignment against those samples which did
have an MS/MS identification for that peptide. The retention time alignment used a loess
regression to find the best path which came nearest to the peptide identifications that were
in common between the two samples. In samples requiring alignment, Topograph restricted

its search for peaks to the range of times of the aligned identifications.

Gennifer also performed searches to find novel peptides using a six-frame translated
fasta database created for each strain except for DBVPG6040 and DBVPG6044 which were
searched against databases for NCYC361 and SK1, respectively (their closest relatives, since
we did not obtain genome sequence for these two strains). The peptides were then assem-
bled into protein identifications using an in-house implementation of IDPicker. Gennifer
performed a similar search for translation of pseudogenes. Finally, she performed a third
search for protein modifications, specifically oxidized methionine and phosphorylation of
serine, threonine, and tyrosine. We did not expect to find many phosphorylation sites in
these modification searches because we did not use phosphatase inhibitors during lysis of

the samples.

D.2.5 Metabolite profiling

The steps detailed in this section were performed by Sara Cooper.
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Metabolite extraction

Beginning with aliquots from samples taken from our chemostats, for each biological repli-
cate Sara divided 20 mLs of culture into two 10 mL aliquots. Each was prepared separately
as a technical replicate yielding a total of four replicates for each strain. Sara centrifuged
at 4°C for 3 minutes at 3000g, washed the pellet with 10 mL water, and spun again. She
immediately resuspended the pellet in 500 ul water and added 500 pl of cold methanol.
After mixing, she incubated the mixture on a dry ice-ethanol bath at -40°C for 30 minutes.
Then she thawed the frozen mixture on ice for 10 minutes and spun at 4 °C for 5 minutes

at 3000g. The supernatant was frozen at -80°C until the time of analysis.

Derivatization

Sara performed derivatizations as previously described [249]. Briefly, 100 pL of each sample
was dried down under vacuum. Methylene chloride was added to dried sample and removed
under vacuum to remove residual water. To the dry sample, she added 30 pL of 20 mg/ml
methoxyamine in pyridine. She incubated the samples at 30°C for 60 minutes. Then we

added 70 puL of MSTFA+1% TCMS (Thermo catalog number 48915) and incubated at 60°C

for 60 minutes.

Two-dimensional gas chromatography with TOF mass spectrometry

All metabolite analysis was done on a Leco Pegasus 4D system (GCxGC-TOFMS). Sara
acquired and processed data using the ChromaTOF software. She capped and injected deriva-
tized samples using a CTC Analytics autosampler (Gerstel). The GC columns were as fol-
lows: primary column—20 m x 250 ym x 0.4 um RTX-5MS (Restek), secondary column—2 m
x 180 pm id x 0.2 pm RTX-200 (Restek). Sara injected 1 pL of each sample using a split
ratio of 1:5. The initial GC oven temperature was 60°C, the modulator temperature was
30°C above the primary oven temperature and the initial secondary oven temperature was
75°C. The inlet temperature was 280°C and the transfer line was 280°C. The flow rate of
the helium was 1 ml/min. The oven temperatures increased at a constant rate of 7°C/min

to a final oven temperatures of 310°C and 325°C, respectively. Modulation to achieve two-
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dimensional separation was 5 seconds with a 0.4 s hot pulse and 2.1 s cold pulse. The
ion source was 250°C and the data were acquired at a rate of 100 Hz from 70-600 m/z.
Sara ran the majority of samples (78/91) on a Pegasus 4D system located in Seattle, WA
and the remainder (13/91) on a second Pegasus 4D system located in Huntsville, AL. All
methods were identical. Some data processing was different due to differences in average
signal. We used location of sample processing as a covariate in normalizations (see below).

Unless stated, the samples were otherwise identical.

Data processing and analysis

Sara used the software ChromaTOF (Leco) for peak calling and deconvolution. The following
key parameters were set: peak width 1% dimension: 10 s, peak width 2"? dimension 0.1 s,
match required to combine: 750, signal to noise ratio: 10 (for the subset of samples acquired

on machine 2, overall signals were higher, so we required a signal to noise ratio of 25).

To facilitate comparison of samples, Sara created a reference sample. A single sample
was used as a template and was edited manually to remove duplicate peaks and assign quant
masses to maximize accuracy of quantification. For each sample, the ChromaTOF software
determines whether there is a peak in the reference that matches. If so, the the QuantMass
of the matching peak is assigned to the same unique mass as the reference. The requirement
for achieving a match between an unknown peak and the reference were: spectral similarity —
500, 15¢ dimension retention time — within 10 s, 2*! dimension retention time — within 0.2 s.
This processing step improves our ability to compare metabolite levels between samples.
Peak areas were normalized by dividing the area under the curve by the median area of all
peaks for each sample. This metric normalizes for differences in sample concentration and
injection volume. For the subset of samples run on the second Leco Pegasus 4D system,
the secondary retention times were adjusted by a linear equation determined by mapping
known metabolites between samples run on each of the machines. The equation used to

adjust the secondary retention time was y = (z — 0.3521)/0.6848.

Sara eliminated from analysis all samples with an insufficient average signal to noise

ratio. Ultimately this resulted in 91 samples, representing 23 different yeast strains. Sara
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used the software package Guineu v1.0 [250] to align the common metabolites among 91
individual sample files. Guineu parameters were set at RT'1 deviation: 10 s, RT1 penalty
= 25, RT2 deviation 0.2 s RT2 penalty = 25, minimum spectra match: 500, name bonus =
50.

The Guineu output generated a list of 419 metabolites that appeared in at least 10
of the 91 samples assayed. Of those, 83 were manually annotated as background peaks
because they appeared in equal or higher concentrations in a blank sample. Of the re-
maining metabolites, we used ChromaTOFs library matching algorithm (an implementation
of AMDIS) to identify the best metabolite identifications available in NIST libraries as well
as a custom library including our own standards and the Fiehn Library (Leco). We con-
ducted additional manual annotation to validate metabolite identities based on retention
times when available. Finally, we generated a list of 117 metabolites that were present in
at least half of the samples and for 93 of those we have potential, though not validated,
identifications. The list of metabolites generated using these methods was used as input for

all other analysis described.

D.2.6 Cellular morphology

The steps detailed in this section were performed by Eric Muller.

Cell fixation and staining

Immediately following the harvest from chemostats, Eric fixed 1.2 mL cells in media in 3%
formaldehyde, 0.1 M potassium phosphate buffer, pH 6.7. The formadehyde was deacti-
vated in 10 mM ethanolamine in 0.1 M potassium phosphate buffer, pH 6.7. Following
centrifugation, Eric suspended cells in 0.1 M potassium phosphate, pH 6.7, then put on ice,
sonicated with 12 pulses, 0.5 sec/pulse, pelleted at 2000 rpm for 7 minutes in a microfuge
and resuspended in 10-20 pl PBS. Eric simultaneously stained DNA, cell wall, and actin
with 1 pg/ml DAPI, 200 pg/ml ConA-Alexa Fluor 488 and 0.33 M Phalloidin-Alexa Fluor
546 (Invitrogen) in PBS with 0.1% Triton X-100.
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Fluorescence microscopy

Eric mounted cells on an agarose pad as described (http://www.youtube.com/watch?v=
ZrZVbFg9NE8) except the pad was not dried before adding cells. He acquired images on a
DeltaVision Core using a 100X UPlanApo NA 1.35 objective and the Photometrics Cool-
SnapHQ camera. The Calmorph software [251] was developed to process images acquired
from the same camera, so pixel dimensions in the acquired images were the same in both
studies. Eric acquired images with 1 x 1 binning with a 1024 x 1024 image size in a 20
section Z-series, 0.2 um/section. He then converted the Z-stack to a single image using the
Softworx software quick projection-max intensity protocol. He binned images 2 x 2 and
converted to scaled 8-bit tiffs . He processed tiff images with Calmorph [251] to generate
~ 100 quantitative morphological traits for each strain. Daniel Jaschob modified Calmorph
to accept the dimensions of our images and the tiff format, but otherwise Eric used the
program unchanged. Eric collected data for a total of ~ 800 cells per strain, in two repli-
cates. Calmorph calculates cell dimensions in pixels, which in this study correspond to
0.1290 pm/pixel. Calmorph outputs measurements that can be used to construct a total of
501 different traits [196]. I discarded any Calmorph measurements related to image bright-
ness as Eric considered this unreliable to measure. I also did not use any “total stage”
traits calculated at the population level by Calmorph since cells were selected to include
some from each cell cycle stage rather than being selected completely randomly, leaving a

total of 398 traits.
D.3 Association Mapping

D.3.1 Power and false positive rates

Caitlin Connelly conducted simulations to determine the power and false positive rate for
our tests of association. For the simulations, she picked 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.
Caitlin 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
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Effect size « Level Power

0.05 0.788
0.25
1x 1075 0.022
0.05 0.986
0.5
1x107° 0.389
0.05 1
0.75

1x107° 0.925

Table D.1: Power to detect associations of a variety of effect sizes. a levels shown are not
corrected for multiple testing. Effect size is specified in terms of percent variance explained.

of the variance explained by the genotype. This was equal to a fixed effect of kK = 1.64, 2.85,
and 4.885 times the standard deviation, respectively, solving for k using the formula percent
variance explained = p(1 — p)k?/(p(1 — p)k? +1 —1/n) =~ 1/(1 +1/(p(1 — p)k?) 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 [252]. To assess power, Caitlin
tested for association between the simulated data and the genotype at the causal variant
for each of the 1000 simulations using EMMA [206]. To assess the type I error rate, she
picked 1000 random SNPs and asked how often they showed association in any of the 1000
simulated datasets. As Table D.1 shows, we have reasonable power to detect associations
of large effect. Moreover, the type I error rate is only slightly elevated above that found in

an idealized scenario in the absence of population structure (Figure D.2).
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Figure D.2: Type I error rate in simulated data. 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 ¢ 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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