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CHAPTER 1

Introduction

In a Nobel Prize-winning series of experiments conducted in the early 20th Cen-
tury, Thomas H. Morgan used Drosophila melanogaster to study the inheritance
of particular characteristics. He was the first to identify a mutant factor whose
presence determined the white eye phenotype in otherwise red-eyed wild-type D.
melanogaster, which he named white eye (Morgan, 1910). One of the most remark-
able aspects of this work is that it was done without any knowledge of DNA as the
unit of heritability; their discoveries were made solely by crossing many individu-
als and observing the characteristics of their progeny. A few years later, Morgans
colleagues Alfred H. Sturtevant and Calvin B. Bridges came one step closer to iden-
tifying the heritable unit by generating the first genetic maps linking factors, which
we now know as genes, to their chromosomal locations (Sturtevant, 1913; Bridges,
1914). Their work, along with Morgan’s early observation that the white eye phe-
notypes inheritance pattern was sex-specific, helped bolster the chromosomal theory
of inheritance (Bridges, 1916). A couple decades later, Bridges successfully overlaid
his genetic maps onto polytene chromosomes, which could easily be visualized in the
salivary glands of D. melanogaster after undergoing many rounds of DNA replication

without cellular division (Bridges, 1935). Around that same time, the work of Her-



mann J. Muller showed that heavy doses of X-rays were sufficient to cause heritable
genetic abnormalities (Muller, 1927). With Bridges physical maps linking genes to
their chromosomal locations and Mullers mutagenesis method, many scientists were
able to systematically mutate chromosomal segments and observe how this affected
certain characteristics of D. melanogaster. This later became one of the most im-
portant tools in genetics: by observing the phenotypic consequences of mutating a
gene or genetic locus, one could infer its function. The capacity to successfully breed
them in large numbers, their outwardly visible phenotypes, and the ability to screen
many mutations for their phenotypic outcomes helped designate D. melanogaster as
a premier model organism for genetic research (Rubin and Lewis, 2000).

It was not until decades after this initial work that the biochemical nature of DNA
was discovered and established as the primary unit of heritability (Watson and Crick,
1953). We now know that chromosomes contain genes in a particular order and that
these genes are made up of DNA. Although it is sometimes difficult to define what it
means to be a gene, one of the more popular working definitions is a region of DNA
that encodes for a particular protein product. These enzymes collectively perform
the most basic functions in living things, and their expression is one of the most im-
portant determinants of an organisms characteristics. The concept of gene expression
was firmly established in the central dogma of molecular biology: the transcription
of DNA into RNA and the translation of RNA into protein (Crick, 1970). While
perhaps understated, Francis Crick also summarized in his 1970 Nature article that,
The principal problem could then be stated as the formulation of the general rules
for information transfer from one polymer with a defined alphabet to another. These
observations helped cement DNA as the primary unit of heritability and provided

generations of scientists the tools to study how an organisms genotype determines



its phenotype. A well-characterized example directly linking the expression of a gene
to its phenotypic outcome is that of the PAX6 gene. Initially discovered in mice, the
protein product of this gene has been shown to be necessary and sufficient to develop
the complex eye (Hill et al., 1991). Orthologs of this gene have been found in fruit
fly (Quiring et al., 1994) and human where it has also been shown to be required for
normal eye development, with mutations in humans causing a condition known as
aniridia (Glaser et al., 1992). To demonstrate even further the conserved function of
this gene, Halder and colleagues ectopically expressed the D. melanogaster ortholog
ey in wings, legs, and antennae and found that they developed eye-like structures
(Halder et al., 1995). This and many other examples helped emphasize the impor-
tance of gene expression in determining phenotypes as well as the conservation of
this process across all living things.

After establishing the dependence of the genotype-to-phenotype relationship on
gene expression, one important area of biological research became focused on ex-
plaining the heterogeneity of phenotypes within and between individuals and how
these differences have evolved. Consider the fact that each cell of complex eukary-
otes contains the same DNA, yet groups of neighboring differentiated cell types in the
form of tissues only express certain genes important to their function (Levine, 2010).
This is largely due to differences in where and when the expression of certain genes
takes place during development, also known as spatiotemporal patterns of gene ex-
pression (Ong and Corces, 2011). Decades after the work of T.H. Morgan, Christiane
Niisslein-Vollhard and Eric Wieschaus demonstrated the importance of certain genes
through mutational screening in the developing D. melanogaster embryo (Niisslein-
Volhard and Wieschaus, 1980), which we now know are responsible for establish-

ing spatiotemporal gradients in gene expression (Frohnhofer and Niisslein-Volhard,



1986). Specifically, they identified 15 loci that, when mutated, caused disruptions in
the segmental patterning of the embryo by either duplicating each segment, deleting
alternating segments, or deleting groups of adjacent segments. It is easy to imagine
that subtle changes in the expression of any one of these patterning genes could cause
a range of phenotypic differences, thus providing nature the raw material on which to
select particular characteristics. In addition to those within species (Whitehead and
Crawford, 2006), changes in gene expression are also common between closely- and
distantly-related species (Rifkin et al., 2003; Khaitovich et al., 2004; Rifkin et al.,
2005; Lemos et al., 2005).

The orchestration of these spatiotemporal and overall gene expression differences
is broadly known as gene regulation and occurs at the level of transcription (Wray
et al., 2003). One of the earliest examples of gene regulation is that of the lac operon
in Escherichia coli, whereby the expression of [acZ is normally repressed, but the
presence of lactose alters this repression and allows for its activation (Jacob and
Monod, 1961). A repressor that is bound to the upstream DNA sequence prevents
RNA polymerase from transcribing this gene, but the presence of lactose alters the
repressor in such a way as to prevent it from binding to the regulatory sequence and
allowing RNA polymerase to transcribe this gene which, when translated, produces
the enzyme (-galactosidase, which is necessary for the cell to utilize lactose as source
of energy. One can also imagine a situation whereby a single mutation in this regu-
latory sequence prevents the binding of the repressor, thus the lacZ gene would be
constitutively expressed even in the absence of lactose. Although this example is
fairly simple, it highlights one of the main components of transcriptional regulation
and one whose effects will be discussed throughout this dissertation: the complex

interplay between trans-acting factors and the cis-regulatory sequences they target



to alter gene expression (Wittkopp et al., 2004; Wittkopp, 2005).

As differences in gene expression function to drive phenotypic diversity, so then
must the regulatory mechanisms governing them; it has been shown that cis- and
trans-regulatory changes cause gene expression differences both within and between
species (Wittkopp et al., 2008a,b; Carroll, 2008). Although early work seemed to
indicate higher-than-expected levels of conservation of regulatory sequences between
species of Drosophila (Bergman and Kreitman, 2001), sequencing of the D. pseudoob-
scura genome showed a general lack of conservation in regulatory sequences. We also
know that this lack of conservation can be attributed to transcription factor binding
site turnover, whereby changes in the underlying cis-regulatory sequence do not af-
fect its function across different species (Ludwig et al., 2005; Venkataram and Fay,
2010; Bradley et al., 2010). These observations offered support to the hypothesis
that changes in gene regulation, like changes in the coding sequences of individual
genes, drive phenotypic variation between species (Richards et al., 2005; Wittkopp,
2006). In fact, it has been shown that the proportion of total regulatory divergence
attributable to differences in cis-regulation is greater when comparing between dif-
ferent species to within species (Wittkopp et al., 2008b; Emerson et al., 2010; Coolon
et al., 2014). Finally, prior to the sequencing of the human genome, it was hypothe-
sized that gene content increased linearly with organismal complexity. However, the
human genome sequence revealed roughly 20,000 genes, a number not much different
from that in D. melanogaster or the roundworm Caenorhabditis elegans. This affec-
tionately became known as the G-value paradox and required scientists to consider
more than genome size or gene content when evaluating the level of complexity of an
organism (Hahn and Wray, 2002). It is mostly accepted that the size and complex-

ity of the proteome, driven by a gene regulatory mechanism known as alternative



splicing, correlates well with our perception of organismal complexity (Schad et al.,
2011). This further highlights the importance of gene regulation and its contribution
to phenotypic variation.

Having established the importance of gene expression and its regulation, it is
equally important to discuss how this entity is measured, as the scientific process
is dependent on our ability to make observations. One of the earliest methods of
measuring gene expression was the northern blot, whereby a labelled DNA probe is
hybridized to a sample of RNA that has undergone electrophoresis on an agarose
gel (Alwine et al., 1977). The RNA that was targeted by the labelled DNA probe
can then be visualized on the gel and used to compare gene expression between a
variety of samples. Another method of measuring gene expression that relies on a
visual output involved placing a genes regulatory sequence in front of a reporter gene
whose expression could then easily be identified. One such example of a reporter gene
that transformed the study of gene expression is the green fluorescent protein (GFP)
which, as the name suggests, fluoresces a brilliant green when exposed to ultraviolet
light (Chalfie et al., 1994). Putting GFP under the control of the regulatory sequence
for a particular gene of interest allows that genes expression output to be measured as
a level of fluorescence; it also serves to indicate the precise location of its expression.
One of the more sensitive methods to measure gene expression is that of quantitative
reverse-transcription polymerase chain reaction (qRT-PCR), which is a technique to
measure the amount of reverse-transcribed sample RNA, or complementary DNA
(cDNA), as it is amplified by PCR (Becker-Andre and Hahlbrock, 1989; Heid et al.,
1996).

All of the methods listed above are limited to the study of one or several genes

at any given time, as they are expensive and inefficient assays to measure even



a dozen or more genes. This makes their applicability to studying broad levels
of gene expression very limited. However, in the mid-1990s, methods started to
become available that allowed for efficient, sensitive, and cost-effective quantification
of dozens of genes simultaneously. In one of the earliest examples of this technology,
known as a microarray, 48 cDNAs from Arabidopsis thaliana were amplified and
placed in a 96-well plate, and fluorescent probes were added to each well (Schena
et al., 1995). Using a laser, their hybridization intensity was measured as the output
of emitted light, which was used to estimate relative levels of gene expression. As
with other new technologies, what followed the gene expression microarray was a
host of background correction, normalization, and analysis techniques so that gene
expression estimates could be correctly estimated and compared between samples
(Quackenbush, 2002). This technology has since evolved to measure nearly complete
sets of known genes in many model organisms. Although this represented a significant
advance in the study of gene expression, microarrays were not without their own
pitfalls. Due to the nature of the biochemical methods used in microarrays, the
cDNA present in a sample could only hybridize to as many probes as were fixed to
the array, which led to a saturation of the signal of hybridization intensity (Scott
et al., 2009). This made it difficult to accurately measure highly- and lowly-expressed
genes concurrently, limiting the range of gene expression that could be detected.
Nevertheless, when used correctly, the gene expression microarray has proven to be
a powerful technique to generate lists of candidate genes whose expression differences
between samples are potentially driving observed biological variability.

As the costs of sequencing continued to plummet during the last decade, the
use of microarray technology to measure gene expression was slowly replaced by

what became known as next-generation sequencing (NGS) technologies (Wang et al.,



2009; Metzker, 2009). Like microarrays, NGS is largely dependent on the detection of
light, the difference being that microarrays measure hybridization intensities, whereas
NGS detects the incorporation of individual nucleotides. When NGS is applied to a
sample of RNA that has been reverse-transcribed into cDNA and then fragmented
to a particular size, it is most popularly referred to as RNA-seq (Wilhelm et al.,
2008). Unlike gene expression microarrays, which depend on probes for a known
set of genes, RNA-seq allows the highly-parallelized sequencing of short fragments
from a sample, which could comprise the known set of genes as well as those that
have yet to be characterized. Some key advantages of RNA-seq over gene expression
microarrays include capturing uncharacterized variant transcripts from alternative
splicing, identifying transcribed sequence variants, a low signal-to-noise ratio, and a
greater dynamic range of expression levels (Wang et al., 2009).

The analysis of RNA-seq data presented a unique set of challenges requiring a va-
riety of interdisciplinary approaches. As opposed to microarrays, where each datum
represents the level of expression of a particular gene, transcript, or exon, RNA-seq
produces sequence reads, each representing a small fragment of a larger piece of se-
quence randomly drawn from an even larger pool of combined sequences in a given
sample. In order for this type of data to be useful, bioinformaticians needed to deter-
mine the precise genomic location of each short sequence read which, in the current
realm of high-throughput sequencing technologies, easily reach total numbers on the
order of 10% (Boland et al., 2013). Tt quickly became clear that conventional string-
searching methods applied to data of this magnitude were not sufficient. Methods
were developed that took advantage of algorithms that could search for strings in a
compressed version of the highly-redundant genome (Li and Durbin, 2009; Langmead

et al., 2009). This search could be done quickly and with a modest amount of compu-



tational resources, which was key to the success of such methods. By aligning a set of
sequence reads derived from RNA-seq to a genome, the number of reads falling within
annotated genes could be used as a proxy for that genes relative level of expression
(Mortazavi et al., 2008; Marioni et al., 2008). While this depends on the availability
of an assembled genome with annotated genes, creating a genome or transcriptome
using de novo assembly in non-model organisms is becoming more commonplace and
will someday no longer be a limitation in gene expression studies (Grabherr et al.,
2011; Martin and Wang, 2011). Following closely behind this bioinformatic chal-
lenge was the statistical challenge of analyzing complex count data (Bullard et al.,
2010), including methods to assign statistical significance to differences in expres-
sion (Robinson et al., 2010; Anders and Huber, 2010; Hardcastle and Kelly, 2010;
Tarazona et al., 2011) as well as normalizing read counts across samples (Robinson
and Oshlack, 2010; Dillies et al., 2012; Hashimoto et al., 2014). This explosion of
gene expression data produced many statistical packages related to quantifying total
gene expression as well as evaluating differences among samples, which have been
rigorously tested (Oshlack et al., 2010; Rapaport et al., 2013; Soneson and Delorenzi,
2013).

While the ability to quantify total levels of gene expression is important to es-
tablish differences between samples, it does not provide enough information to char-
acterize how individual genes are being regulated. As alluded to earlier, gene ex-
pression at the level of transcription is typically regulated by diffusible trans-acting
molecules such as transcription factors that bind to cis-regulatory DNA sequences
near a gene. It is very difficult to characterize the effects on gene expression of
changing a particular transcription factor by either altering its expression pattern

or its coding sequence. It is even more challenging to identify the nucleotide(s) in



10

cis-regulatory sequences causing changes in gene expression for a single gene, not to
mention for many genes. Instead of searching directly for these individual changes
in cis-regulatory sequences or trans-acting factors, we can observe their downstream
regulatory effects on gene expression. In F1 hybrids of diploid, sexually-reproducing
organisms, gene expression represents the contribution from each parental allele. Be-
cause each allele experiences the same set of trans-acting factors as contributed by
each parent, differences in allele-specific expression (ASE) serve as a proxy for cis-
regulatory activity (Cowles et al., 2002; Yan et al., 2002; Wittkopp et al., 2004).
Inherent to this logic is the assumption that they share common regulatory sequence
and that their set of trans-acting factors can interact equally well with each allele,
but this assumption is quite reasonable, even for divergent species that can still
interbreed and form viable F1 hybrid offspring.

Although gene expression levels affected by cis-regulatory changes can be directly
inferred from differences in ASE, identifying those affected by trans-acting changes
is more difficult. The total level of gene regulatory variation, measured by directly
comparing parental levels of expression, can be thought of as the sum of cis- and
trans-regulatory components (Wittkopp et al., 2004). In this respect, to determine
the trans-regulatory component, one needs only to subtract the cis-regulatory com-
ponent from the total level of gene expression variation between samples. That is, if
a gene is differentially expressed between parents, but there are no allele-specific dif-
ferences attributing this change to cis-regulation, then we infer that a trans-acting
change is affecting a genes expression level. By applying bioinformatic strategies
mentioned above, RNA-seq data has been used to understand how genes are being
regulated across the transcribed genome both within (Emerson et al., 2010) and

between species (McManus et al., 2010).
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1.1 Dissertation outline

In this dissertation, I characterize how the regulation of gene expression has
evolved both within and between several species in the Drosophila lineage. As these
inferences are made across the expressed genome, they require extensive analysis of
RNA-seq data from individual parental strains and/or species as well as their intra-
and interspecific F1 hybrids. Compared to methods to accurately quantify total
gene expression, such methods for allele-specific expression (ASE) are lacking. This
is likely because experimental conditions for such analyses are often more specialized
than for measuring total gene expression. Because of this, I developed bioinformatics
tools and pipelines to analyze gene expression data in an allele-specific manner. As
I will later show, such analyses also depend on adequate genomic resources for all
strains and/or species considered here, requiring me to develop expertise in classify-
ing sequence variation and incorporating such variation into custom-built genomes.

In chapter II, T expand on the bioinformatic strategies I developed. I begin by
describing current methodology to accurately quantify ASE from RNA-seq data. It
had previously been shown that when aligning RNA-seq data to a single reference
genome to capture allelic variation, estimates of ASE were systematically biased
toward the allele represented by the reference genome (Degner et al., 2009). However,
the cause of this bias was largely ignored, as were loci harboring such bias. In
addition to comparing two different methods of quantifying ASE, I highlight the
primary sources of bias that can have undesirable effects when estimating ASE and
include recommendations for improving the accuracy of these estimates.

In chapter III, T use this methodology to measure allele-specific differences in F1

hybrids made by reciprocally crossing two strains of D. melanogaster. These two
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sets of genetically-identical hybrids differed only by which strain contributed the
maternal or paternal allele, allowing me to compare their ASE profiles and test the
hypothesis that D. melanogaster do not imprint their genome. Genomic imprinting
is a phenomenon whereby either the maternal or paternal allele is epigenetically
silenced, and can be detected by comparing ASE profiles between these hybrids.
Imprinting has been shown to be important in mice and humans and is involved
in X-chromosome inactivation. Improper silencing of alleles can also cause certain
diseases, which makes it an important aspect of human health. Previous work had
shown that D. melanogaster do not undergo genomic imprinting, but this was shown
for a relatively small number of genes (Wittkopp et al., 2006). Using RNA-seq to test
for this phenomenon across the expressed genome, I found marginal evidence against
this hypothesis, although it turned out to be an artifact of the samples used that
had retained a lowly-segregating heterozygous deletion, whose clustered patterns of
differential ASE appeared as genomic imprinting. This clearly demonstrates the
caution one must use when inferring patterns of genomic imprinting from RNA-seq
data.

In chapter IV, using the same intraspecific comparison as well as two interspecific
comparisons between D. simulans and D. sechellia and between D. melanogaster
and D. simulans, I measure total and allele-specific gene expression to categorize cis-
and trans-regulatory differences across divergence times ranging from 0.01-2.5 mil-
lion years ago. This allowed me to test the hypothesis that cis-regulatory differences
account for more of the total regulatory differences driving expression divergence
between inter- and intraspecific comparisons (Wittkopp et al., 2006), as well as de-
termine how gene expression patterns have been inherited differently across a range

of evolutionary times.
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In chapter V, I test the hypothesis that sex- and tissue-specific differences in gene
expression variation are prevalent in Drosophila. All of the comparisons in previous
chapters were made using only female whole fly tissues. One of the main functions
of gene regulation is to differentiate tissues within organisms, so it is reasonable to
infer that, depending on the tissue, patterns of regulatory divergence between species
may differ. Using gene expression data from female and male carcass and gonad
tissues between D. pseudoobscura and its closely-related subspecies D. p. bogotana,
I determined that patterns of inheritance of gene expression as well as regulatory
divergence differ between sexes and across tissues. I also found that gene expression
divergence differs between X-linked and autosomal genes with sex-biased expression
though not for non sex-biased genes. One must be careful when inferring patterns of
regulatory divergence in whole organisms, as the integration over all different tissue
types can hide the complexity of gene regulation.

The work presented in this dissertation has greatly expanded our knowledge of
how the regulation of gene expression differs across a well-characterized lineage and
will continue to drive further studies of these phenomena in even more distantly-

related species.



CHAPTER 11

Sources of bias in measures of allele-specific expression
derived from RNA-seq data aligned to a single reference
genome

2.1 Abstract

RNA-seq can be used to measure allele-specific expression (ASE) by assigning
sequence reads to individual alleles; however, relative ASE is systematically biased
when sequence reads are aligned to a single reference genome. Aligning sequence
reads to both parental genomes can eliminate this bias, but this approach is not
always practical, especially for non-model organisms. To improve accuracy of ASE
measured using a single reference genome, we identified properties of differentiating
sites responsible for biased measures of relative ASE. We found that clusters of
differentiating sites prevented sequence reads from an alternate allele from aligning
to the reference genome, causing a bias in relative ASE favoring the reference allele.
This bias increased with greater sequence divergence between alleles. Increasing
the number of mismatches allowed when aligning sequence reads to the reference

genome and restricting analysis to genomic regions with fewer differentiating sites
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than the number of mismatches allowed almost completely eliminated this systematic
bias. Accuracy of allelic abundance was increased further by excluding differentiating
sites within sequence reads that could not be aligned uniquely within the genome
(imperfect mappability) and reads that overlapped one or more insertions or deletions
(indels) between alleles. After aligning sequence reads to a single reference genome,
excluding differentiating sites with at least as many neighboring differentiating sites
as the number of mismatches allowed, imperfect mappability, and/or an indel(s)
nearby resulted in measures of allelic abundance comparable to those derived from

aligning sequence reads to both parental genomes.

2.2 Introduction

During the last five years, massively parallel sequencing of cDNA libraries syn-
thesized from RNA samples (known as "RNA-seq”) has largely replaced the use of
microarrays for comparative studies of gene expression (Marioni et al., 2008; Metzker,
2009; Wang et al., 2009). Advantages of RNA-seq over microarrays include a greater
dynamic range and the ability to survey expression in new strains and species with-
out the set-up costs of microarrays and without complications from hybridization
differences among genotypes (Mortazavi et al., 2008; Brawand et al., 2011). In addi-
tion, because RNA-seq provides full sequence information for the transcriptome, it is
better suited for discovering novel transcripts and splice isoforms and for quantifying
allelic abundance in heterozygous and mixed genotype samples than microarrays.
Measures of allele-specific expression (ASE) are particularly important for studying
the regulation of gene expression because they can be used to distinguish cis- and
trans-regulatory changes (Cowles et al., 2002; Wittkopp et al., 2004) and to detect

genomic imprinting (Coolon et al., 2012; DeVeale et al., 2012).
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To quantify transcript abundance using RNA-seq, each short sequence read (here-
after simply called a "read”) is compared to an annotated reference genome. Assign-
ment of a read to a specific gene is made by finding the region of the genome with the
highest sequence similarity, and the number of reads aligning to a gene is used as a
proxy for its relative expression level (Mortazavi et al., 2008). Mapping reads to spe-
cific genes is relatively straightforward with the bioinformatics tools available today
(Li et al., 2008; Langmead et al., 2009; Li et al., 2009; Li and Durbin, 2009), but using
these tools to distinguish between reads derived from alternative alleles of the same
gene remains challenging (DeVeale et al., 2012). This challenge was most clearly
demonstrated by Degner et al., who simulated reads from a heterozygous human
genotype and assigned them to specific alleles after mapping to a reference human
genome (Degner et al., 2009). Reads perfectly matching the reference genome were
assigned to the reference allele, whereas reads containing mismatches to the reference
genome were assigned to the alternative allele. Despite simulating an equal number
of reads from each allele, a bias was observed causing reads to be assigned more often
to the reference allele than the alternative allele. Controlling for sites known to be
polymorphic in humans prior to aligning the simulated reads produced symmetrical
measures of relative ASE, showing that the differentiating sites themselves caused
this bias.

Recently, two alternative strategies for aligning reads have been shown to eliminate
the systematic bias in measures of relative ASE favoring the reference allele. In the
first, RN A-seq reads are aligned separately to maternal and paternal genomes. These
allele-specific genomes can be generated either by sequencing inbred lines with the
maternal and paternal genotypes (Coolon et al., 2012; McManus et al., 2010; Graze

et al., 2012; Shen et al., 2012) or by inferring the maternal and paternal haplotypes
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using phased genotype information such as that available for humans from the 1000
Genomes Project Consortium (Rozowsky et al., 2011; Rivas-Astroza et al., 2011).
However, researchers interested in measuring relative ASE in organisms for which
parent-specific genomes cannot be readily obtained will struggle to use this approach.
The second strategy is to consider all possible phasings of variants that can occur
in the same sequence read and either supplement the reference genome with these
haplotypes (Satya et al., 2012) or use this information during alignment with a
polymorphism-aware aligner, such as GSNAP (Wu and Nacu, 2010; Skelly et al.,
2011). This is a viable strategy for both model and non-model species, but will
likely be most effective for intraspecific studies of species like humans with relatively
low levels of polymorphism because the number of possible haplotypes increases
exponentially with the number of polymorphic sites.

To better understand the source(s) of biased measures of relative ASE, we identi-
fied properties of sites showing inaccurate measures of relative ASE using simulated
Drosophila sequencing data with known values of relative allelic abundance. Simu-
lated datasets contained either ~10-fold or ~100-fold more differentiating sites than
the human genotypes used to validate other methods for measuring relative ASE
(Degner et al., 2009; Rozowsky et al., 2011; Satya et al., 2012). We also examined
the impact of these factors on measures of relative ASE derived from real sequenc-
ing data. Reads from simulated and real sequencing data were aligned to a single
reference genome, varying the number of mismatches allowed, as well as aligned to
separate maternal and paternal genomes with no mismatches allowed. We found that
limiting analysis of relative ASE to regions of the genome with no more differenti-
ating sites than the number of mismatches allowed eliminated the systematic bias

toward the reference allele and produced measures of ASE similar to those inferred
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from aligning reads separately to the maternal and paternal genomes. Excluding
differentiating sites contained within reads that cannot be aligned uniquely or that
overlap an insertion or deletion (indel) further improved measures of relative allelic

abundance.

2.3 Results and Discussion

2.3.1 The systematic bias in measures of ASE correlates with the density of differ-
entiating sites

As described above, Degner et al. found that allele-specific reads mapped prefer-
entially to the reference allele when using a single reference genome to quantify ASE
(Degner et al., 2009). The alignment parameters they used allowed two or fewer bases
within each read to differ from the reference genome. Reads perfectly matching the
reference genome were assigned to the reference allele, while reads with at least one
difference from the reference genome were assigned to an alternative allele. We hy-
pothesized that the inability to map reads with more differences from the reference
genome than mismatches allowed underestimated the abundance of the alternative
allele and caused measures of ASE to be biased toward the reference allele.

To test this hypothesis, we generated an equal number of reads from two geno-
types in silico, combined them, and measured the relative abundance of allele-specific
reads. These sequences were derived from 52,370 non-overlapping constitutively-
expressed exons in Drosophila melanogaster (McManus et al., 2010). The annotated
D. melanogaster genome (dm3) was used as the "reference” allele, and an edited
version of this genome with 93,781 coding sites altered to match alleles in a line
of D. melanogaster from the Drosophila Genetic Reference Panel (Ayroles et al.,
2009; Mackay et al., 2012) was used as an ”alternative” allele. We generated 36-base

reads from each allele starting at every possible position in each exon and repeated
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this process for both strands of DNA because RNA-seq is usually performed using
double-stranded ¢cDNA (Figure 2.1). This process generated 93,395,272 reads, rep-
resenting 3.4 Gb of sequencing data. Importantly, this approach guaranteed that
reads from each allele were present in equal amounts. To quantify relative allelic
abundance as a proxy for relative ASE, we aligned each read to the reference genome
using Bowtie (Langmead et al., 2009), excluding reads that mapped to multiple lo-
cations, and evaluated the number of reads assigned to the reference and alternative
alleles at each differentiating site using SAMtools (Li et al., 2009).

Initially, we allowed one mismatch to the reference genome during the alignment
step, which is the minimum number required to align a read from the alternative
allele. We found that 50.9% of differentiating sites had unequal measures of allelic
abundance, 99.3% of which were biased toward the reference allele. To determine
whether this bias was influenced by the density of differentiating sites, we calculated
the maximum number of sites that differed between the two alleles among all possible
36-base reads overlapping each differentiating site (Figure 2.1). Of all sites consid-
ered, 49.8% had at least one neighboring differentiating site (i.e., at least one other
differentiating site within an overlapping read). Of these sites, 99.8% showed more
reads assigned to the reference allele than to the alternative allele. Furthermore, the
extent of bias toward the reference allele increased with the number of neighboring
differentiating sites (Figure 2.2A). This bias was caused by the failure of reads sim-
ulated from the alternative allele to align to the reference genome more often than
those simulated from the reference allele. Aligning reads to only the alternative allele
produced complementary results (Figure 2.7). These findings are consistent with our
hypothesis that the density of differentiating sites complicates the mapping of reads

and leads to biased measures of relative ASE.
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To decrease the impact of neighboring differentiating sites on allelic assignment,
we allowed two or three mismatches when aligning our simulated reads to the refer-
ence genome. We found that increasing the number of mismatches improved mea-
sures of allelic abundance: 80.2% and 91.9% of differentiating sites were inferred to
be equally abundant when two and three mismatches, respectively, were allowed. A
bias toward the reference allele was still observed, but only for sites where the num-
ber of neighboring differentiating sites was greater than or equal to the number of
mismatches allowed during the alignment step (Figure 2.2B,C). Increasing the num-
ber of mismatches allowed reduced the bias toward the reference allele, but increased
the percentage of reads that failed to map uniquely: allowing one, two, and three
mismatches, 2.2%, 2.5%, and 2.9% of all reads failed to map uniquely, respectively.

For comparison, we aligned the simulated reads independently to the reference
and alternative genomes with the same parameters used when aligning reads to the
single reference genome except that zero mismatches were allowed. This is analogous
to aligning reads to the maternal and paternal genomes, which is a strategy that has
previously been shown to produce unbiased measures of relative ASE (Coolon et al.,
2012; Rozowsky et al., 2011; Rivas-Astroza et al., 2011; Satya et al., 2012; Graze et al.,
2009). We found that 99.0% of differentiating sites showed equal representation of
the two alleles, with the rest showing no systematic bias toward either allele (Figure
2.2D). Only 1.9% of all reads were excluded because they failed to map uniquely to

at least one genome.

2.3.2 Read length and the amount of sequence divergence can also affect allelic bias
Given the observed impact of neighboring differentiating sites on allelic assign-

ments, we hypothesized that longer reads might produce less accurate measurements

of allele-specific abundance because they should overlap more neighboring differ-
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entiating sites. To test this hypothesis, we repeated our simulation with 50-base
reads, determining the maximum number of sites that differed between the two alle-
les among all possible 50-base reads overlapping each differentiating site. We found
that 40.6%, 73.0%, and 88.9% of differentiating sites showed equal representation of
the two alleles when aligned to a single reference genome with one, two or three mis-
matches allowed (Figure 2.2E-G). Increasing the number of mismatches allowed when
aligning the 50-base sequence reads to be more similar to the ratio of mismatches
allowed for the 36-base sequence reads eliminated this difference, however. 91.9%
and 92.1% of differentiating sites showed equal allelic abundance for 36- and 50-base
reads when three and four mismatches, respectively, were allowed (Figure 2.8). By
contrast, 98.8% of differentiating sites showed equal representation when reads were
aligned to the maternal and paternal genomes with zero mismatches allowed (Figure
2.2H).

Increased sequence divergence is also expected to affect measures of relative allelic
abundance because it should increase the average number of neighboring differentiat-
ing sites within each read. To test this hypothesis, we simulated 36-base reads from
two different Drosophila species (D. melanogaster and D. simulans) (Graze et al.,
2012) and analyzed them as described above, using the D. melanogaster exome as
the single reference genome. Sequences from 60,040 orthologous exons with 1,130,435
differentiating sites were used for this simulation, which is an order of magnitude more
differentiating sites than between the two strains of D. melanogaster analyzed. As
predicted, we found that the bias toward the reference allele was higher for the inter-
specific comparison than for the intraspecific comparison when reads were aligned to
a single reference genome (Figure 2.2, compare I-K with A-C). When aligning reads

to both parental genomes, however, sequence divergence had a negligible impact:
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the intra- and interspecific datasets produced nearly identical results (Figure 2.2,

compare L with D).

2.3.3 Allele-specific differences in mappability and insertions/deletions affect mea-
surements of ASE

Differences between alleles in sequences that appear more than once in the genome
can also cause reads to be excluded for one allele but not the other (Degner et al.,
2009). Assuming the number of such differentiating sites is similar between alleles,
differences in allele-specific mappability should not systematically favor one allele
or the other, but will still cause errors in relative ASE. To examine the impact of
mappability on measures of relative allelic abundance derived from our simulated
data, we used software from the GEM library (Derrien et al., 2012) to calculate a
mappability score for each differentiating site by averaging the mappability scores
of all possible reads that included that site. In each case, mappability scores were
calculated using the same number of mismatches allowed during read alignment.
Differentiating sites with an average mappability score <1 were considered to have
imperfect mappability when using a single reference genome. When using parental
genomes, we summed the average mappability scores for each allele, and mappability
scores <2 were considered to have imperfect mappability.

We then compared relative allelic abundance for sites with perfect and imper-
fect mappability in all three simulated datasets (Figure 2.3), excluding sites with
more neighboring differentiating sites than the number of mismatches allowed when
aligning to a single reference genome. For both the 36- and 50-base reads simulated
from the two D. melanogaster genotypes, >97.9% of sites with perfect mappability
showed the expected equal abundance of the reference and alternative alleles under

all mapping conditions (Figure 2.3A-H). For the 36-base reads simulated from the
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D. melanogaster and D. simulans genomes, 99.9% of sites with perfect mappability
showed equal abundance when reads were aligned to both parental genomes (Figure
2.3L), but only ~94% of sites with perfect mappability showed such equal abun-
dance when reads were aligned to a single D. melanogaster reference genome (Figure
2.31-K).

We hypothesized that this decrease in accuracy after aligning D. melanogaster
and D. simulans reads to a single reference genome might be caused by the pres-
ence of insertions or deletions (indels) between D. melanogaster and D. simulans
that are located near differentiating sites (i.e., within the length of a read from the
differentiating site). Such indels can prevent the alignment of D. simulans reads to
the D. melanogaster genome. Consistent with this hypothesis, we found that sites
with perfect mappability that had an indel nearby showed more reads assigned to
D. melanogaster than D. simulans allele when reads were aligned to only the D.
melanogaster genome, whereas sites with perfect mappability that lacked such an
indel did not (Figure 2.4A-C). When reads were aligned to both parental genomes,
sites with perfect mappability showed equal representation of the two alleles regard-
less of the presence or absence of nearby indels (Figure 2.4D). Indels were not a
factor in our comparisons of the two D. melanogaster strains because the alternative

allele was constructed by changing only single nucleotides in the reference allele.

2.3.4 Aligning real sequencing data to a single genome can produce reliable measures
of relative ASE

Assessing the accuracy of relative ASE measurements derived from RNA-seq data
is challenging because the true value of relative ASE is rarely known. Independent
empirical methods for measuring relative ASE such as Pyrosequencing and gPCR can

be used to validate RNA-seq data for individual genes, but they are not suitable for
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quantifying relative ASE on a genomic scale. Therefore, instead of using real RNA-
seq data to evaluate factors affecting measures of relative ASE, we used sequence
data that was collected in a comparable manner from genomic DNA extracted from
F1 hybrids, in which all maternal and paternal alleles are expected to be present in
equal amounts.

Specifically, we used 36-base reads from genomic DNA extracted from female
F1 hybrids that were produced by crossing inbred strains of D. melanogaster and
D. simulans (Graze et al., 2012). These strains had the same genotypes as the
D. melanogaster and D. simulans sequences used for the interspecific simulation
described above. Reads were aligned to the D. melanogaster exons allowing one,
two, or three mismatches, as well as to both the D. melanogaster and D. simulans
exons allowing zero mismatches. Because real sequencing data involves stochastic
sampling, the proportion of the reference allele observed was not always expected
to be 0.5. Therefore, after aligning reads, we excluded differentiating sites with
fewer than 20 overlapping reads and used binomial exact tests with a false discovery
rate threshold of 0.05 to test each differentiating site for a statistically significant
difference in relative allelic abundance (McManus et al., 2010; Fontanillas et al.,
2010a).

As described above, our simulated datasets showed that reads containing (1) as
many or more neighboring differentiating sites as mismatches allowed during align-
ment, (2) imperfect mappability, and/or (3) an indel(s) between alleles can cause
inaccurate measures of relative allelic abundance. Differentiating sites with an ex-
cess of neighboring differentiating sites were the most common of these three types
of problematic sites in both intra- and interspecific simulations (Figure 2.5A). To

determine the relative impact of each of these factors on measures of allele-specific
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abundance derived from real sequencing data, we filtered the differentiating sites
based on each factor sequentially and determined the percentage of differentiating
sites retained that had no statistically significant difference in abundance between
alleles (hereafter referred to as ”equal allelic abundance”) for each alignment strategy.

Prior to excluding any sites, 70.4%, 88.9%, and 93.3%, respectively, of all differ-
entiating sites showed equal allelic abundance when reads were aligned to a single
genome with one, two, or three mismatches allowed. After aligning reads to both
parental genomes, 96.9% showed evidence of equal allelic abundance. Excluding dif-
ferentiating sites with at least as many neighboring differentiating sites as the number
of mismatches allowed increased this percentage to 96.3%-96.6% when aligning to a
single reference genome (Figure 2.5B). Further restricting the set of differentiating
sites to those with perfect mappability increased these percentages ~0.1%, and sub-
sequently excluding differentiating sites with indels nearby increased the percentage
of genes with equal allelic abundance an additional ~0.1% (Figure 2.5B). After filter-
ing out these problematic sites, measures of relative allelic abundance derived from
aligning reads to a single reference genome were similar to those produced by aligning

sequence reads separately to the maternal and paternal genomes (Figure 2.5C-E).

2.3.5 Excluding selected differentiating sites maintains ability to measure relative
ASE for most exons

We focused on measures of relative ASE for individual sites in this study, but most
researchers are more interested in relative ASE for individual exons and/or genes.
The major consequence of excluding sites based on the density of differentiating
sites, mappability, and/or indels is that fewer allele-specific reads will be success-
fully mapped for each exon and for each gene. After filtering based on the number

of neighboring differentiating sites, we found that 46.6%-86.9% and 8.3%-50.5% of
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differentiating sites were retained in the 36-base intra- and interspecific simulations,
respectively, when the reads were aligned to a single reference genome and one, two,
or three mismatches were allowed (Figure 2.6). By comparison, 81.8%-91.8% and
66.3%-95.2% of exons contained at least one of these reliable differentiating sites when
the same alignment conditions were used in the intra- and interspecific simulations,
respectively. Excluding additional differentiating sites with imperfect mappability
in both datasets, as well as sites with one or more nearby indels in the intraspecific
dataset, had little effect on the proportion of differentiating sites and exons retained
(Figure 2.6). The retention of more differentiating sites and exons in the intraspe-
cific simulation than in the interspecific simulation (Figure 2.6) is consistent with
the lower sequence divergence within than between species. Analyses using real and
simulated reads to compare the same sets of alleles retain the same sites and exons
when aligned to the same reference genome because differentiating sites are excluded

based only on the genome sequence(s).

2.4 Conclusions

RNA-seq is a powerful tool for measuring ASE on a genomic scale; however, a
systematic bias occurs when reads from a heterozygous individual are aligned to a
single reference genome (Degner et al., 2009). We found that this systematic bias
is predominantly caused by additional differentiating sites located near the focal
differentiating site that interfere with read alignment. A similar bias toward the
reference allele is caused by the presence of an indel near the focal differentiating site.
Differences between alleles in mappability (i.e. the ability to align a read uniquely
within the genome) also contribute to inaccuracy of ASE, but do not systematically

favor one allele or the other across the genome.
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Using both simulated and real sequencing data, we found that sites affected by the
systematic bias toward the reference allele could be identified and excluded prior to
estimating ASE based on the density of differentiating sites. The precise density at
which neighboring differentiating sites became problematic depended on the number
of mismatches allowed during the alignment of sequencing reads. After excluding
these biased sites, as well as those affected by imperfect mappability and/or an
indel(s) nearby, we found that RNA-seq data aligned to a single reference genome
produced measures of relative ASE that were comparable to those resulting from
separately aligning the same reads to allele-specific maternal and paternal genomes.
Furthermore, we showed that excluding these problematic sites did not preclude
measuring relative ASE for most exons, although the most rapidly evolving exons are
expected to be preferentially eliminated. By identifying the specific factors causing
erroneous measures of relative allele-specific expression reported in prior work and
determining the relative impact of these factors on these measures, results from this
study are expected to foster further improvements in methods for quantifying relative

allele-specific expression.

2.5 Methods
2.5.1 Generating allele-specific short reads comparing D. melanogaster genotypes in
silico

Simulating an allele-specific RNA-seq experiment requires variability to differen-
tiate alleles and a set of clearly defined transcriptional units from which to gener-
ate allele-specific reads. Using data from the Drosophila Genetic Reference Panel
(DGRP), we examined site-specific sequence information from a single highly-inbred
line ("line_40”) isolated from an outbreeding population of Drosophila melanogaster.

This specific line was chosen because it had the fewest sites with evidence of residual
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heterozygosity. Sequence information from this line was compared to the current
build of the D. melanogaster genome (dm3), and sites that differed from this ref-
erence genome were retained as sites differentiating the dm3 and ”line_40” alleles,
referred to as the reference and alternative alleles, respectively.

Because RNA-seq experiments collect sequence information from the transcribed
genome, we chose to generate reads from constitutive exons in D. melanogaster (Mc-
Manus et al., 2010). These constitutive exons are defined as those present in all
alternatively-spliced transcripts for a particular gene. We filtered out overlapping
regions of exons located on opposite strands to avoid ambiguity. Starting from the
5" end of each exon, we generated 36- and 50-base reads offset by a single base in the
3’ direction, for the reference and alternative alleles and in each strand orientation,
creating a complete set of all possible allele-specific and strand-specific reads. This
ensured that reads from each allele were present in equal abundance. Because the
reference and alternative alleles differed only at these predefined differentiating sites,

only reads overlapping these sites had the possibility to be informative for relative

ASE.

2.5.2 Quantifying allelic abundance in simulated RN A-seq data

All alignments were performed using Bowtie v0.12.7 (Langmead et al., 2009),
requiring that reads align uniquely to the genome (bowtie -f -m 1 -v [0,1,2,3] —best).
Alignments were processed using SAMtools v0.1.18 (Li et al., 2009) (samtools view
-S -b -T; samtools sort; samtools mpileup -f), which generates site-specific allele
frequencies using overlapping reads (read pileup). ASE was quantified using custom
Perl and R scripts (available upon request), and any deviation from equal allelic
abundance was considered allelic imbalance.

Initially, we aligned the simulated reads to the D. melanogaster (dm3) reference
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genome. Since reads generated from the alternative allele overlapping a differen-
tiating site will have at least a single base mismatch to the reference genome, we
successively allowed one (-v 1), two (-v 2), or three (-v 3) mismatches, but still re-
quired unique alignment to the reference genome (-m 1). Although the -v parameter
assesses mismatches for the length of the entire read, and has an upper limit of three,
an alternative parameter -n allows additional mismatches outside of a specified re-
gion at the beginning of each read, called a seed. To allow a fourth mismatch for the
50-base reads, we specified a 36-base seed region with up to three mismatches and
increased the maximum sum of mismatch quality scores across the entire read to 161,
since base quality scores for FASTA reads are assumed to equal 40 (bowtie -f -n 3 -e
161 -136 -m 1 —best). After each alignment was performed, we considered only reads
overlapping the previously defined differentiating sites. We then quantified relative
allelic abundance by determining whether or not each overlapping read at these sites
matched the reference or the alternative alleles. These summed counts represented
our measures of relative allelic abundance at each differentiating site.

Next, we aligned the same allele-specific reads independently to the aforemen-
tioned reference genome and the edited copy of the reference genome representing
the alternative allele (bowtie -f -m 1 -v 0 —best). As described above, this alterna-
tive genome was obtained by editing the bases at differentiating sites to match the
fixed genotypes from the DGRP ”line_40” sequencing data. No mismatches were
allowed when aligning simulated reads to either allele-specific genome. This allowed
us to determine, for any read, whether or not it aligned uniquely to one or the other
allele-specific genome. We posited that reads aligning uniquely to one or the other
allele-specific genome was evidence that that read was allele-specific, while reads

aligning equally well to both genomes was not. To measure relative ASE at each
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differentiating site, we counted the number of reads overlapping differentiating sites
that aligned uniquely to only one of the allele-specific genomes and summed these

counts for each allele.

2.5.3 Measuring number of neighboring differentiating sites and mappability across
genomes

After quantifying allelic abundance at each differentiating site, we calculated the
maximum number of other sites showing differences between alleles contained within
any of the possible k-base reads, where k = simulated read length (either 36- or 50-
bases). For each genome, we used the GEM-mappability tool from the GEM library
build 475 (Derrien et al., 2012) to measure genome mappability, or the ability for a
read from a particular location to uniquely align to a genome. For the simulated and
real data, we measured mappability for the appropriate read length (either 36 or 50
bases), allowing zero, one, two, or three mismatches, with default parameters (gem-
mappability -1 [36,50] -m [0,1,2,3]). Mappability for individual sites was calculated
using the reciprocal frequency of the number of locations a read beginning at that site
would align to in the genome. To calculate mappability scores for differentiating sites,
we averaged mappability for all read positions that overlapped each differentiating

site (Derrien et al., 2012).

2.5.4 Quantifying relative ASE in an F1 hybrid between D. melanogaster and D. simulans

To assess the accuracy of allele-specific abundance inferred from real sequencing
data, we used published 36-base Illumina reads from genomic DNA extracted from
a pool of female F1 hybrids between laboratory strains of D. melanogaster and D.
simulans (Berlin: BDSC 8522 and C167.4: BDSC 4736, respectively) (Graze et al.,
2012). We restricted our analysis to the first mate of this set of paired-end reads,

combining reads from all three technical replicates. We used the custom set of 60,040
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orthologous exon sequences (exomes) between D. melanogaster and D. simulans de-
veloped in Graze et al. (Graze et al., 2012) for the reference and alternative genomes.
We also used these sequences to simulate and analyze 36-base reads comparing D.
melanogaster and D. simulans alleles in the same manner outlined above for the two
D. melanogaster genotypes.

We first performed a pairwise alignment for each orthologous pair of exons using
the Fast Statistical Alignment v1.15.7 software (Bradley et al., 2009) with default
parameters (fsa —stockholm). We used custom Perl scripts to identify 1,130,435 sites
that could differentiate these two alleles as well as to identify regions of the exome
present in one allele but not the other (indels).

We then aligned the Illumina reads to the D. melanogaster exome, requiring
unique alignment to a single location and allowing one, two, or three mismatches. We
also aligned the same reads independently to the D. melanogaster- and D. simulans-
specific exomes, masking indels identified by the pairwise alignments. After each of
these alignments, we quantified ASE, measured the density of differentiating sites,
and determined the mappability to each genome using the same strategies described
above for the simulated data. We performed binomial exact tests for differentiating
sites with 20 or more overlapping reads, controlling the false discovery rate at 0.05

to correct for multiple comparisons.
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Figure 2.1: Simulating an allele-specific RNA-seq experiment. Reads were generated from the
reference D. melanogaster (dm3) allele (blue) and from an alternative allele (red) that contained all
homozygous single nucleotide variants found in the DGRP strain line_40. For each exon, one read
(arrow) was generated starting at each position for each allele from 1 to n-k, where n is the length
of the exon and k is the length of the read, both in bases. This process was repeated for the reverse
complement of each exon. The black arrows indicate reads with no allele-specific information.
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Figure 2.2: The density of differentiating sites affects relative allelic abundance when simulated
reads are mapped to only one genome. Relative allelic abundance was measured using the 36-
base (A-D) and 50-base (E-H) reads simulated from the two D. melanogaster genotypes as well
as using the 36-base reads simulated from D. melanogaster and D. simulans (I-L) aligned to a
single reference genome, allowing either one mismatch (A, E, I), two mismatches (B, F, J), or three
mismatches (C, G, K), as well as by aligning reads to both allele-specific genomes allowing no
mismatches (D, H, L). The number of neighboring differentiating sites is shown on the x-axis of
each panel for each differentiating site and describes the maximum number of other sites that differ
between the two alleles in any potential read overlapping the focal differentiating site. The y-axis
shows the proportion of reads that were assigned to the reference allele for each differentiating site,
summarized in box plots where the width of each box is proportional to the number of sites in that
class. A proportion of 0.5 (indicated with a red dotted line in each panel) is expected if all reads
overlapping a differentiating site are correctly assigned to alleles. The pie chart inset in each panel
shows the total number of differentiating sites with equal (white) and unequal (grey) abundance of
reads assigned to each allele.
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Figure 2.3: Imperfect mappability causes inaccurate measures of relative allelic abundance. For un-
biased differentiating sites (i.e., those with fewer neighboring differentiating sites than the number
of mismatches allowed) with either perfect (white) or imperfect (grey) mappability, the distribution
of relative allelic abundance (measured as the proportion of mapped reads assigned to the refer-
ence allele) is shown for the 36-base (A-D) and 50-base (E-H) reads simulated from the two D.
melanogaster genotypes as well as for the 36-base reads simulated from D. melanogaster and D.
simulans (I-L) aligned to a single genome, allowing one (A, E, I),two (B, F, J),or three (C, G, K)
mismatches. The distribution of relative allelic abundance for unbiased differentiating sites with
perfect (white) and imperfect (grey) mappability is also shown for all three simulated datasets after
aligning reads to both the reference and alternative genomes, allowing no mismatches (D, H, L).
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Figure 2.4: Insertions and deletions (indels) cause biased allele-specific assignment when reads are
aligned to a single reference genome. For differentiating sites with perfect mappability and fewer
neighboring differentiating sites than the number of mismatches allowed, the distributions of relative
allelic abundance are shown for differentiating sites with (grey) and without (white) one or more
nearby indel(s) after aligning the 36-base reads simulated from D. melanogaster and D. simulans
to either the D. melanogaster genome with one (A), two (B), or three (C) mismatches allowed or
to both the D. melanogaster and D. simulans genomes with no mismatches allowed (D).
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Figure 2.5: Real reads aligned to a single reference genome produce reliable measures of allelic
abundance after excluding problematic differentiating sites. (A) The relative proportions of sites
with an excess of neighboring differentiating sites (cyan), imperfect mappability (magenta), an
indel(s) nearby (yellow), or more than one of these properties are shown for the simulated 36-base
intra- (mel-mel) and interspecific (mel-sim) datasets allowing one (1 mm), two (2 mm), or 3 (3 mm)
mismatches during alignment to a single reference genome. (B) The proportion of differentiating
sites with no statistically significant difference in relative allelic expression is shown for the real
reads fromF1 hybrids between D. melanogaster and D. simulans after aligning to either a single
reference genome with one, two, or three mismatches allowed or to both the maternal and paternal
genomes with zero mismatches allowed before excluding any sites (grey) and after sequentially
excluding differentiating sites with an excess of neighboring differentiating sties (cyan), imperfect
mappability (magenta), or an indel(s) nearby (yellow). (C-E) For each differentiating site retained
after filtering based on neighboring differentiating sites, mappability, and indels, the proportion of
reads assigned to the reference allele is plotted after aligning reads to a single reference genome
(y-axis) or to separate allele-specific genomes (x-axis), allowing one (C), two (D), or three (E)
mismatches. The pie chart insets reflect the total number of differentiating sites that showed either
no statistically significant difference in relative allelic abundance using either alignment strategy
(grey), a statistically significant difference when reads were aligned to either a single reference
genome (blue) or both the maternal and paternal genomes (red), or a significant difference with
both alignment methods (purple). Binomial exact tests and a false discovery rate of 0.05 were used
to assess statistical significance in all cases.
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Figure 2.6: Relative allelic abundance can be estimated for most exons after excluding sites problem-
atic sites. The proportion of differentiating sites (blue) and exons with at least one differentiating
site (red) suitable for quantifying ASE after excluding sites with an excessof neighboring differenti-
ating sites, imperfect mappability (black) and an indel(s) nearby (grey) are shown for the 36-base
reads simulated from the two D. melanogaster genotypes (left) and from the D. melanogaster and
D. simulans exomes (right). Each pair of bars results from aligning reads to either a single reference
genome (Ref) or both the maternal and paternal genomes (M+ P) with zero (0), one (1), two (2),
or three (3) mismatches allowed. The two D. melanogaster genotypes compared did not include

any indels, as described in the main text.
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Figure 2.7: The density of differentiating sites affects measures of relative ASE when simulated
reads are mapped to the alternative genome. Relative ASE was measured by aligning simulated
reads to an alternative genome (”line_40”) allowing one mismatch. The number of neighboring
differentiating sites is shown on the x-axis, describing the maximum number of other sites that
differ between the two alleles in any potential 36-base read overlapping the focal differentiating
site. The y-axis shows the proportion of reads that were assigned to the reference allele for each
differentiating site, summarized in box plots where the width of each box is proportional to the
number of sites in that class. A proportion of 0.5 (indicated with a red dotted line in each panel)
is expected if all reads overlapping a differentiating site are correctly assigned to alleles. The pie
chart inset reflects the total number of differentiating sites that showed equal (white) and unequal
(grey) abundance of reads assigned to each allele.
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Figure 2.8: 36- and 50-base sequence reads produced comparable measures of relative ASE when
a similar ratios of mismatches to bases in a sequence read is allowed. Relative ASE was measured
for 36- and 50-base reads simulated from the two D. melanogaster genomes by aligning simulated
reads to the single reference D. melanogaster genome. Three mismatches were allowed for 36-base
reads (A), which is 0.083 mismatches per base, and four mismatches were allowed for 50-base reads
(B), which is 0.080 mismatches per base. The number of neighboring differentiating sites is shown
on the x-axis, describing the maximum number of other sites that differ between the two alleles in
any potential 36-base (A) or 50-base (B) read overlapping the focal differentiating site. The y-axis
shows the proportion of reads that were assigned to the reference allele for each differentiating site,
summarized in box plots where the width of each box is proportional to the number of sites in that
class. A proportion of 0.5 (indicated with a red dotted line in each panel) is expected if all reads
overlapping a differentiating site are correctly assigned to alleles. The pie chart inset reflects the
total number of differentiating sites that showed equal (white) and unequal (grey) abundance of
reads assigned to each allele.



CHAPTER III

Genomic imprinting absent in Drosophila melanogaster adult
females

3.1 Summary

Genomic imprinting occurs when expression of an allele differs based on the sex
of the parent that transmitted the allele. In D. melanogaster, imprinting can occur,
but its impact on allelic expression genome-wide is unclear. Here, we search for
imprinted genes in D. melanogaster using RNA-seq to compare allele-specific expres-
sion between pools of 7- to 10-day-old adult female progeny from reciprocal crosses.
We identified 119 genes with allelic expression consistent with imprinting, and these
genes showed significant clustering within the genome. Surprisingly, additional anal-
ysis of several of these genes showed that either genomic heterogeneity or high levels
of intrinsic noise caused imprinting-like allelic expression. Consequently, our data

provide no convincing evidence of imprinting for D. melanogaster genes in their na-
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In this collaborative work, I developed the custom bioinformatics pipeline to quantify total and allele-specific
expression (see 3.5.3 and 3.8.3) from sequence reads of the MZ and ZM directional crosses that had been aligned
to newly-built D. melanogaster genomes (zhr and z30; see 3.8.1). After putatively-imprinted genes (PIG) were
identified, I tested the hypothesis that they are clustered in the genome by using Monte Carlo permutation tests. 1
then corrected these p-values by adjusting to a false-discovery rate (FDR) of 0.05 (see 3.5.4). Although I did not
perform the statistical analysis of significant genomic imprinting, I participated in all discussions related to these
tests as well as normalizing read counts both between alleles and between whole samples.
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tive genomic context. Elucidating sources of false-positive signals for imprinting in
allele-specific RNA-seq data, as done here, is critical given the growing popularity of

this method for identifying imprinted genes.

3.2 Introduction

More than 50 years ago, Helen Crouse coined the term ”imprinting” to describe
a case in Sciard flies in which the sex of the parent influenced the inheritance of
a chromosome (Crouse, 1960). Since that time, the definition of imprinting has
been expanded to include any parent-of-origin-dependent chromosome marking, es-
pecially those causing differential gene activity or expression (Ferguson-Smith, 2011).
Recently, genomic scans for imprinting at the level of RNA abundance in plants and
mammals have shown that (1) only a small percentage of genes (typically on the
order of 100 genes) appear to be imprinted (Babak et al., 2008; Gehring et al., 2011;
Hsieh et al., 2011; Luo et al., 2011; Wang et al., 2008b, 2011; Waters et al., 2011;
Wolff et al., 2011); (2) these genes are sometimes found in clusters within the genome
(Ferguson-Smith, 2011; Wood and Oakey, 2006); and (3) their imprinting is often
required for normal development (Mcgrath and Solter, 1984; Surani et al., 1984) and
physiology (Buiting et al., 1995; Weksburg et al., 1993).

In Drosophila melanogaster, studies of imprinting have yielded conflicting results.
Euchromatic genes inserted onto the heterochromatic Y chromosome and genes lo-
cated on chromosomes with deletions, duplications, rearrangements, and/or translo-
cations can show differences in their activity depending on the parent from which
they are inherited, demonstrating that D. melanogaster is capable of imprinting
(Anaka et al., 2009; Golic et al., 1998; Haller and Woodruff, 2000; Joanis and Lloyd,

2002; Lloyd et al., 1999; Macdonald et al., 2010; Maggert and Golic, 2002; Menon
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and Meller, 2009). However, when Wittkopp et al. (Wittkopp et al., 2006) tested
for evidence of imprinting by analyzing allele-specific expression of eight genes that
showed strong parent-of-origin effects on total gene expression in a genomic survey of
D. melanogaster (Gibson et al., 2004), no evidence of imprinting was observed. Fur-
thermore, gynogenetic and androgenetic D. melanogaster, which inherit all of their
genetic information from a single parent, are viable, suggesting that imprinting is not
essential in this species (Fuyama, 1984; Komma and Endow, 1995). Consequently,
even though it is clear that D. melanogaster can form parent-of-origin-specific im-
prints that affect gene activity, the prevalence of imprinted genes in their native
genomic context within the D. melanogaster genome remains unclear (Menon and

Meller, 2009).

3.3 Results and Discussion

To search for imprinting genome-wide, we used Illumina sequencing in conjunction
with a novel bioinformatics pipeline to infer allele-specific RNA transcript abundance
in progeny from reciprocal crosses. This method uses transcribed sequence polymor-
phisms to distinguish sequencing reads derived from each of the two parental alleles
in F1 offspring. To maximize the proportion of sequencing reads informative for
allele-specific expression, we used a cosmopolitan (M-type) and an African (Z-type)
line of D. melanogaster (Hollocher et al., 1997). The M-type line used was the zy-
gotic hybrid rescue line (zhr) first described by Sawamura and colleagues (Sawamura
et al., 1993) and the Z-type line was a Zimbabwean isofemale line (z30) isolated in
1990 (Begun and Aquadro, 1993; Wu et al., 1995). To improve the accuracy of allele
assignments, we sequenced the M-type (zhr) and Z-type (z30) genomes to 23.2X and

21.5X coverage (Figure 3.9) and used these data to assemble line-specific genomic
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sequences (see Extended Experimental Procedures).

M-type females were crossed to Z-type males, producing F1 hybrids hereafter re-
ferred to as MZ. Likewise, Z-type females were crossed to M-type males, producing
F1 hybrids hereafter referred to as ZM (Figure 3.5A). MZ and ZM hybrid flies were
collected 7-10 days after eclosion, and total RNA was extracted from a pool of 20
hybrid females for each genotype. MZ and ZM RNA samples were used to make
c¢DNA sequencing libraries, which were sequenced using an Illumina GAIIx machine.
The resultant paired-end (2x76bp) sequencing reads (Figure 3.9) were aligned to
the strain-specific M-type and Z-type genomes. Using two strain-specific genome
sequences for mapping avoids mapping biases introduced by using only a single ref-
erence genome (Degner et al., 2009; Graze et al., 2012). Of the reads from the MZ
and ZM samples, 86% and 87%, respectively, were aligned without mismatches to
unique genomic loci (Figure 3.9). In each case, 21% of the uniquely mapping reads
aligned perfectly to only one genome and were used to infer allele-specific expression
(Figure 3.5B; Figure 3.9).

The power to infer allele-specific expression using RNA-seq data (which is neces-
sary to test for imprinting with this method) depends upon the expression level of
a gene, as well as the density of transcribed polymorphisms within it (Fontanillas
et al., 2010a). Prior work has shown that obtaining at least 20 allele-specific reads for
a gene results in reproducible measures of relative allelic expression (McManus et al.,
2010). Retaining only genes with 20 or more allele-specific reads (allele 1 + allele 2
> 20) in both the MZ and ZM samples, 7,206 genes were tested for allelic expression
patterns consistent with imprinting (Table S2). This includes 3% of the 4,875 genes
with a number of fragments per kilobase per million mapped reads (FPKM) less than

1, 51% of the 1,706 genes with an FPKM between 1 and 5, and 83% of the 7,430
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genes with an FPKM greater than 5 (Figure 3.6). The modENCODE consortium
used a threshold of FPKM = 1 to classify D. melanogaster genes as ”expressed” or
"not expressed” (Graveley et al., 2011) and according to this definition, we tested
77% of the 9,136 genes expressed (in the 7- to 10-day-old adult females we examined)
for imprinting.

To assess the accuracy of our allele-specific expression measurements, we com-
pared the allelic expression ratios determined by RNA-seq to estimates from pyrose-
quencing (Ahmadian et al., 2000) of individual genes. Ten genes selected at random
were used for pyrosequencing of the same MZ and ZM samples used for RNA-seq
(Table S3). Pyrosequencing measurements were highly correlated (R2 = 0.88) with
estimates from RNA-seq (Table S3; Figure 3.7A), suggesting that RNA-seq produces
reliable measures of relative allelic expression. This is consistent with previous com-
parisons of RNA-seq and pyrosequencing measures of allelic expression that used
distinct bioinformatic pipelines (McManus et al., 2010; Emerson et al., 2010).

To identify genes that might be imprinted, we tested for differences in relative
allele-specific expression between MZ and ZM using the Fisher’s exact test (FET).
This test evaluates whether differential allelic expression (when present) is equal in
magnitude and direction in the two genotypes. At a false discovery rate (FDR) of 5%,
119 (1.65%) of the 7,206 genes analyzed had significant differences (FET, q <0.05)
in relative allelic expression between the two types of F1 hybrid progeny (Figure
3.1; Table S2). To evaluate the accuracy of RNA-seq measurements of allele-specific
expression specifically for putatively imprinted genes (PIGs), we used pyrosequencing
to independently measure allele-specific expression for four genes in this class using
the same ZM and MZ samples as those used for RNA-seq. We again observed

strong concordance (R2 = 0.85, Figure 3.7B) between pyrosequencing and RNA-
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seq measures of allele-specific expression, suggesting that inaccurate quantification
of expression levels in ¢cDNA pools by RNA-seq is unlikely to explain the observed

differences in relative allelic expression between hybrid genotypes.

3.3.1 Putatively imprinted genes are clustered in the genome

In mammals, imprinted genes are often found in clusters throughout the genome
(Ferguson-Smith, 2011; Wood and Oakey, 2006), and this clustering might relate to
the mechanism by which they are regulated (Caspary et al., 1998; Mancini-Dinardo
et al., 2006; Lewis et al., 2004; Lopes et al., 2003). To determine if this was also true
for the PIGs in the D. melanogaster genome, we used a sliding-window Monte Carlo
sampling approach with FDR-corrected approximate permutation tests to investigate
potential clustering. We found that there were four regions in the D. melanogaster
genome that showed significant clustering (permutation test, q 0.05) of PIGs (Fig-
ure 3.2). Interestingly, all four significant clusters were found on chromosome 3,
with two on the left arm (3L) and two on the right arm (3R) of the chromosome.
Together, these four regions contain 27% (32/119) of the PIGs, with one cluster lo-
cated on chromosome arm 3R (6,550,000-8,280,000) containing 17% (20/119) of all
PIGs (Figure 3.2). Clustering of PIGs in the genome is consistent with previously

described mechanisms of imprinting, but it could also be caused by other factors.

3.3.2 Low-frequency deletion(s) responsible for some cases of apparent imprinting

To further test for evidence of imprinting, we more closely examined 12 genes
within the largest and most significant cluster of PIGs (3R 6.5-8.3 MB region, Figure
3.2). Seven of these genes were PIGs and five were genes that showed no significant
differences in relative allelic expression between ZM and MZ. Pyrosequencing was

again used to obtain an independent measure of relative allelic expression, except
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that instead of testing the same biological sample used for RNA-seq (as described
above), we analyzed four independent biological replicate pools of ZM and MZ flies,
each containing twenty 7- to 10-day-old adult females (Table S3). From each pool,
we sequentially extracted genomic DNA (gDNA) and RNA.

F1 flies produced by crossing two highly inbred lines are expected to be genetically
identical; thus, analysis of gDNA serves as a control for differential amplification of
the two alleles during PCR prior to pyrosequencing (Landry et al., 2005; Wittkopp,
2011; Wittkopp et al., 2004, 2008a). Surprisingly, and unlike the case for the 34 genes
located outside of clustered PIGs that we analyzed (data not shown), relative allelic
abundance differed greatly for the gDNA samples among the biological replicates
between the MZ and ZM genotypes as well as among replicate MZ or ZM samples
(Figure 3.3). When present, deviations from equal allelic abundance in gDNA were
similar for genes throughout the cluster within a replicate pool but differed among
pools. The M-type (zhr) allele was always the allele underrepresented (Figure 3.3).

A polymorphic deletion(s) in the M-type (zhr) strain or a polymorphic duplica-
tion(s) in the Z-type (230) strain could account for the differences in gDNA content
observed among replicate pools of F1 flies. To directly test for evidence of a deletion
or duplication, we used pyrosequencing to genotype 48 individual F1 progeny (24 MZ
and 24 ZM) at four loci within the 3R 6.5-8 MB region that showed a cluster of PIGs
(indicated with asterisks in Figure 3.3), as well as at two loci on other chromosomes.
All but two of the 48 hybrid flies showed evidence of one M-type and one Z-type
allele at all six loci tested, as expected. The remaining two hybrids showed evi-
dence of only the Z-type (z30) allele at the four loci within the cluster, but both flies
showed both alleles at the two loci tested on other chromosomes (Figure 3.10); the

presence of these heterozygous sites demonstrates that these two flies are in fact F1



48

hybrids and not contaminating flies with parental genotypes. Based on these data,
we conclude that the M-type (zhr) strain contains one or more deletion(s) in this
region on 3R that remains heterozygous despite years of inbreeding followed by 10
generations of pair mating immediately prior to the start of this experiment. Resid-
ual heterozygosity such as this has also been reported in D. melanogaster following
extensive inbreeding in lines used for genomic sequencing (Mackay et al., 2012).
The presence of this deletion haplotype at low frequency in the zhr line used to
produce MZ and ZM hybrids suggests that differences in its frequency in the pools of
20 MZ and 20 ZM hybrid flies used for RNA-seq are more likely than imprinting to
be responsible for the observed difference in relative allelic expression. Indeed, after
controlling for differences in the alleles present in gDNA among the replicate pools
analyzed by pyrosequencing (see Experimental Procedures), relative allelic expression
in ¢cDNA samples was not significantly different (p >0.05 for all tests). It remains
to be seen whether genotypic differences between the MZ and ZM pools of flies used
for RN A-seq are also responsible for differences in relative allelic expression observed

for other clustered PIGs, but we believe it is likely.

3.3.3 Non-clustered PIGs have higher-than-normal intrinsic noise

Our initial RNA-seq survey for imprinting identified as PIGs all genes with sig-
nificant differences in relative allelic expression between F1 hybrid progeny from
reciprocal crosses; however, imprinting is often defined in a more limited way, such
that only one allele of a gene (either the maternally or paternally inherited allele)
accounts for the majority (or all) of the expression of the imprinted gene. Among the
original set of 119 PIGs, only 18 showed patterns of allelic expression consistent with
this more strict definition (Table S2; Figure 3.8), and none of these were located in

the clusters described above (Figure 3.2). To further test these 18 genes for evidence
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of imprinting, we analyzed allelic expression for each gene in the MZ and ZM bio-
logical replicates described in the preceding section (Table S3). Unlike for clustered
PIGs examined in these samples, no significant differences in allele frequency were
found among replicate gDNA samples for any of these 18 genes.

The relative allelic expression for these genes in the four MZ and four ZM biological
replicates was still not typical; however, these 18 genes showed greater variance in
relative allelic expression among the biological replicate pools than most genes that
we have analyzed with pyrosequencing. Indeed, a Wilcoxon rank-sum test showed
that the standard errors of logs-transformed allelic expression ratios were significantly
greater for the 18 PIGs than for 16 genes selected at random (W = 260, p = 2.68e-7;
Figure 3.4). Additional statistical tests showed no evidence for imprinting of these
genes (q>0.05 for all tests). Given (1) the high degree of variability we observed for
these genes among replicate pools with the same genotype (MZ or ZM), (2) the lack of
evidence for imprinting found by pyrosequencing, and (3) that we only analyzed one
pool of flies for each genotype by RNA-seq, we conclude that significant differences
observed between MZ and ZM for relative allelic expression in the RNA-seq data are

most likely caused by sampling error.

3.3.4 What role does imprinting play in regulating D. melanogaster gene expression?

As described above, RNA-seq analysis (validated by pyrosequencing) identified
119 of 7,206 genes as having differences in relative allele-specific expression in re-
ciprocal hybrids; however, analysis of gDNA and ¢cDNA from additional replicate
biological samples identified other factors (the presence of a polymorphic deletion(s)
and using a single measurement to represent a highly variable phenotype) that are
more likely than imprinting to be responsible for the differences in allelic expres-

sion observed in our RNA-seq data. Consequently, we conclude that these data
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provide no convincing evidence that imprinting affects expression of endogenous D.
melanogaster genes in their native genomic contextsat least in the 7- to 10-day-old
adult females we examined.

Given the evidence of imprinting in other studies of D. melanogaster, why do
we fail to find evidence of it in our genomic analysis? We cannot rule out the
possibility that imprinting affects allelic activity in males, at other developmental
stages, in limited tissues (with the signal masked by the absence of imprinting in the
majority of cells sampled), or for genes with expression and/or polymorphism levels
that cause them to be below our detection threshold, but there is also no evidence
suggesting that imprinting is occurring under any of these conditions. In addition,
as described by Menon and Meller (Menon and Meller, 2009), evidence of imprinting
in D. melanogaster comes from studying particular genotypes, and imprinting might
not impact gene expression in all genotypes: ”In Drosophila, imprints are detected
by alteration in expression of genes on rearranged chromosomes, but there is little to
suggest that expression of any gene in karyotypically normally (sic) flies is governed
by imprinting”. We tested 77% of the expressed genes in the D. melanogaster genome
for imprinting in this study, and evidence that imprinting affects the expression of

genes in their native genomic context is still lacking.

3.4 Genomic surveys for imprinting using RINA-seq: proceed with cau-
tion

In addition to providing insight into imprinting in D. melanogaster, this study

identifies important considerations for using RNA-seq to test for imprinting in any

species. RNA-seq has been used to search for imprinted loci in both plants and

animals, including mouse (Babak et al., 2008; Wang et al., 2008b, 2011), Arabidopsis

(Gehring et al., 2011; Hsieh et al., 2011; Wolff et al., 2011), maize (Waters et al.,
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2011), and rice (Luo et al., 2011); but this approach is not without its pitfalls. For
example, a study using RNA-seq to identify imprinted genes in various mouse tissues
reported over 1,000 imprinted loci (Gregg et al., 2010b,a), but most of these loci were
subsequently shown to be false positives caused by biased sequencing and the failure
to measure and account for technical and biological variability (DeVeale et al., 2012).

Data presented here and in DeVeale et al. (DeVeale et al., 2012) clearly show
the importance of validating putatively imprinted genes identified by RNA-seq with
independent techniques (and, ideally, independent biological samples) prior to con-
cluding that they are imprinted. To focus validation efforts on the loci most likely
to be imprinted, RNA-seq experiments should include both biological and technical
replicates, as well as, whenever possible, the analysis of gDNA extracted from the
same tissue homogenate as the RNA. This final control is particularly important
when working with small organisms (e.g., flies), for which multiple inbred individ-
uals (that could have residual heterozygosity) are typically pooled prior to RNA
extraction and cDNA sequencing, but it can also detect and control for differences
in genomic content that might exist among cells from the same individual due to
somatic mutations. For example, Shibata et al. (Shibata et al., 2012) have recently
shown that microdeletions can cause genomic heterogeneity among mouse and human
cells. Sequencing gDNA and cDNA derived from the same tissue sample can also
allow corrections for bias introduced during the library preparation and sequencing.
With more and more researchers turning to RNA-seq to study genomic imprinting,

it is important to keep these caveats in mind.
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3.5 Experimental Procedures

3.5.1 Fly strains, rearing, and collections

The D. melanogaster strain zhr carrying the hybrid rescuing Zhrl chromosome
(full genotype, XYS.YL.Df(1)Zhr; (Ferree and Barbash, 2009; Sawamura et al.,
1993)) and the Zimbabwean isofemale line z30 (Begun and Aquadro, 1993; Wu et al.,
1995) were used for this study. All flies were reared on cornmeal medium on 16:8
light:dark cycle at 20°C. Prior to crossing, both strains were subjected to 10 gen-
erations of sibling pair matings to reduce genome-wide heterozygosity, and this was
followed by three generations of population expansion to generate the quantity of
flies needed for crosses. For each reciprocal cross performed, 10 vials were set up
with 3 female and 3 male flies. Virgin female progeny were allowed to mate from
the time of eclosion to 3 days posteclosion, then males and females were separated
and females aged to 7-10 days post-eclosion. All flies were collected during the same
time of day to minimize the effects of circadian rhythm, and flies were snap-frozen
in liquid Ns.

3.5.2 Library preparation and Illumina sequencing

Pools of 20 female flies were used for total RNA extraction with TRIzol reagent
according to manufacturer instructions (Invitrogen). Illumina sequencing libraries
were prepared (see Extended Experimental Procedures) as previously reported (Mc-
Manus et al., 2010). Two lanes of paired-end (2x76 bp) [llumina GAIIx sequencing

were performed.

3.5.3 Quantifying total and allele-specific expression from sequencing reads

We developed a bioinformatics pipeline to quantify gene expression from the Illu-

mina sequencing output (Figure 3.5B; Extended Experimental Procedures). Briefly,
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we aligned each mate of the paired-end RNA-seq reads separately to the newly built
D. melanogaster genomes (zhr and z30; Extended Experimental Procedures), keep-
ing only those reads that aligned to one genomic location. Reads that did not map
were trimmed by 13 bases and realigned in three iterations. Reads that did not align
were then discarded. We then converted zhr and z30 genomic coordinates of aligned
reads to sequenced D. melanogaster genomic coordinates using the liftOver utility
from the UCSC Genome Browser (Kent et al., 2002). Aligned sequence reads were
then filtered based on their alignment to a previously identified set of overlap filtered
constitutively expressed exons within the D. melanogaster genome (McManus et al.,
2010) using the intersectBed module of BedTools (Quinlan and Hall, 2010) (Version
2.12.0).

Remaining sequencing reads that aligned to only one of the two line-specific
genomes were used for quantification of allele-specific gene expression. Down-sampling
followed by rounding to the nearest integer was used to account for differences in
overall sequencing output between MZ and ZM and differences in mappability be-
tween zhr and z30 alleles. For each gene, allele-specific expression levels are reported
(Table S2). To reduce the effect of sampling error (Fontanillas et al., 2010a; Mc-
Manus et al., 2010), we analyzed only genes that had more than 20 allele-specific
reads (allele 1 + allele 2 > 20) in both ZM and MZ. To test for unequal allelic expres-
sion between ZM and MZ, we performed Fisher’s exact tests using zhr and z30 allelic
counts. Due to the multitude of tests performed, a false discovery rate (FDR) signif-
icance threshold of 5% was used to determine significance (Benjamini and Hochberg,
1995). Statistical analyses were performed in R (version 2.12.2, CRAN).

FPKM values reflecting total expression levels for individual genes were calculated

by dividing the total number of paired-end reads mapped to a gene (including reads
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that were and were not informative for allele-specific expression) by the length of
the sequence representing that gene in kilobases and then dividing this value by the

number of millions of mapped reads from that sample.

3.5.4 Sliding-window analyses with Monte Carlo sampling and approximate permu-
tation tests

Genomic clustering of putatively imprinted genes was analyzed using a sliding-
window approach where we divided the genome into 11,726 overlapping 500 kb win-
dows and moved stepwise, offsetting by 10 kb with each step. For each window, we
counted the number of total genes and PIGs within each region. To test whether
the observed clustering was significant, we used a Monte Carlo sampling approach to
approximate the null distribution of imprinted genes randomly scattered along the
genome. A Monte Carlo sampling approach was used to approximate the null distri-
bution, because the number of permutations required for an exact test in this case was
exceedingly large (7.8e261). From the total set of 7,206 genes, we randomly sampled
119 genes without replacement, assigned them imprinting status, and aggregated
new imprinting counts for each window. This was done 10,000 times, resulting in an
approximate null distribution of the number of imprinted genes expected by chance
in each window. To calculate an approximate p-value for each window, we summed
the number of occurrences where the permuted value exceeded the observed value.
Due to the multitude of tests performed, an FDR-corrected significance threshold of
5% was used to determine significance (q <0.05). Significant windows were collapsed

to four regions based on overlap (Figure 3.2).

3.5.5 Pyrosequencing

To evaluate the accuracy of allelic expression measurements derived from our

RNA-seq data and analysis, new cDNA pools were synthesized from the same RNA
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samples used for [llumina sequencing and used for pyrosequencing. cDNA was syn-
thesized from total RNA using T(18)VN primers and Superscript II (Invitrogen)
according to manufacturer recommendations. Both cDNA and gDNA were analyzed
using pyrosequencing. For each gene assayed, PCR was performed in triplicate on
both the ¢cDNA and gDNA samples (separately) and followed by pyrosequencing
(QIAGEN). The genomic DNA was extracted from an independent pool of F1 flies
and was used to normalize cDNA measurements (Wittkopp, 2011). logs-transformed
cDNA allelic expression ratios from Illumina and pyrosequencing were compared
after normalization using type 2 regressions in R.

To investigate allelic expression within a cluster of genes on chromosome 3R,
we constructed four new replicate pools of 20 individuals each for both ZM and
MZ samples and coextracted RNA and gDNA from a single tissue homogenate of
each pool of flies using the Promega SV total RNA extraction system with modified
protocol (Wittkopp, 2011). ¢cDNA was made from total RNA as above, and both
gDNA and ¢DNA were used for PCR followed by pyrosequencing. To account for
differences in gDNA allelic abundance among replicate pools of flies, the log, allelic
expression ratio for gDNA from a particular pool was subtracted from the log, allelic
expression ratios for cDNA samples derived from the same pool of flies (Wittkopp
et al., 2004, 2006, 2008a; Wittkopp, 2011).

The four biological replicates were used to investigate variation in allelic expression
for a set of randomly chosen genes, and this was compared to a set of putatively im-
printed genes. The standard error for the log, allelic expression ratio was calculated
for each assay-sample combination for the randomly chosen genes and nonclustered

PIGs, and these two sets were compared using a Wilcoxon rank-sum test in R.
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3.7 Accession Numbers

The sequencing data from this study have been submitted to the National Cen-

ter for Biotechnology Information Sequence Read Archive under accession number

SRA052065.

3.8 Extended Experimental Procedures

3.8.1 Resequencing of zhr and z30 genomes and genome assembly

Genomic DNA sequence reads were aligned to the D. melanogaster genome assem-
bly (dm3; (Adams et al., 2000; Celniker et al., 2002)) using BWA ((Li and Durbin,
2009); version 0.5.6). Each read was aligned separately using default parameters,
and SAM format files were generated using the bwa sampe command. For zhr, an
additional SAM file was prepared from single-read Illumina data. Alignment files
were converted to bam format and vcf files describing snps and indels were created
using the samtools package ((Li et al., 2009); version 0.1.7a; modules view, sort, and

pileup). SNP and indel calls were filtered using the samtools.pl varFilter command
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(as described at http://samtools.sourceforge.net /cns0.shtml) to retain SNPs and in-
dels with PHRED scale quality scores of 20 or higher. At some positions, SAMtools
identified heterozygous sites. This creates a complication for comparative RNA-seq,
as the heterozygous genotype of one strain can partially overlap with the other strain.
For example, if resequencing identified an "R” (either A or G) base at a coordinate
in zhr and a ”G” in z30, RNA-seq reads originating from the z30 could be mapped to
both strains, while ”A” containing reads from zhr would be strain specific. In order
to avoid using regions of partial overlap in allele-specific RNA-seq assignments, we
changed both SNP calls to the most ambiguous genotype possible using a custom
perl script (snp_compare filter.pl), effectively making these sites uninformative for
allele assignment.

Strain-specific genome sequences were produced using a custom Perl script (snp_-
-adder.pl). This script sequentially rewrites the D. melanogaster genome with cor-
rected SNP calls and indels. The positions of insertions and deletions were recorded
in custom liftover chain files during the rewriting process. These chain files allow
the conversion of genomic features between strain and reference genomes using the
UCSC genome browser liftover tool (http://genome.ucsc.edu; (Kent et al., 2002).
Heterozygous indel sites (insertion in one allele in one strain) were tracked in sep-
arate genome files (mixed indel 1 and mixed indel 2). The genomes and chain files

are available upon request.

3.8.2 Library preparation

cDNA libraries were prepared as in McManus et al. (McManus et al., 2010).
Briefly, 10 ug of total RNA from each sample was treated with DNase 1 (Invitrogen)
followed by poly(A)+ selection using Dynal magnetic beads (Invitrogen) following

manufacturer recommendations. Poly(A)4+ RNA was then fragmented using RNA
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fragmentation reagent (Ambion) before ¢cDNA synthesis. Double-stranded ¢DNA
was primed using random hexamers and Superscript II reverse transcriptase (Invit-
rogen). cDNA was run on a 2% agarose gel and the region corresponding to ~ 300bp
fragments was gel extracted. This size-selected double-stranded cDNA was used in
the Paired-End Genomic DNA Library Preparation Kit (Illumina) according to man-
ufacturer’s recommendations. Genomic DNA libraries were prepared from pools of
20 female flies of each strain (zhr and z30) and genomic DNA was extracted using the
DNeasy Blood & Tissue Kit (QIAGEN). 10 ug of gDNA was used to make gDNA
sequencing libraries using the Paired-End Genomic DNA Library Preparation Kit
(Illumina) according to manufacturer’s recommendations. The ¢cDNA libraries (ZM
and MZ) as well as the gDNA libraries (zhr and z30) were subjected to paired-end
sequencing on an Ilumina Genome Analyzer IIx on one lane each for 76 cycles per
read. The zhr gDNA sample was also sequenced from a single end on additional
lane for 76 cycles per read. Images were analyzed using the Firecrest and Bustard

modules to generate sequence and quality scores for each read.

3.8.3 Quantifying allele-specific expression from sequencing reads

To quantify gene expression from the Illumina sequencing output we aligned each
mate of the paired-end RNA-seq reads separately to the newly built D. melanogaster
genomes (zhr and z30) using the MOSAIK aligner (version 1.0.1384, http:// bioinfor-
matics.bc.edu/marthlab/Mosaik). We used the following command line options for
the alignment: -hs 13 -mm 0 -p24 -mph 100 -act 20. The 13 base hash size (-hs 13)
option allowed >99% of ambiguous base containing regions to be seeded for align-
ment by MOSAIK. Only uniquely aligning reads with no mismatches were retained
for analysis. After the initial 76 bp reads were aligned to both reference genomes,

those reads that did not map to either were trimmed 13 bases from the 3’ end using
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a custom Perl script (fastq_trimmer.pl) and again aligned with MOSAIK. This was
repeated three times (sequence lengths 76bp, 63bp, 50bp, 37bp). Any sequences that
did not uniquely align after the final iteration were discarded.

Using the chain files created in the genome assembly process, we converted the
respective genome coordinates (in zhr or z30 space) to the sequenced dm3 coordi-
nates using the liftOver utility from the UCSC Genome Browser (Kent et al., 2002)
(http://genome.ucsc.edu) and a custom Perl script (convert.pl). Sequence reads were
then filtered based on their alignment to a previously identified set of constitutively
expressed exons within the D. melanogaster genome (McManus et al., 2010) using
intersectBed module of BedTools, with those reads not aligning to these regions
discarded. Additionally, regions in the constitutive exon set found to overlap were
removed using intersectBed module of BedTools and custom scripts. Constitutively
expressed exon filtering was performed to reduce biases associated with isoform spe-
cific differences. The filtered set of sequencing reads was used for quantification of
allele-specific gene expression. Reads were assigned to the zhr or z30 allele based on
reported alignments using a custom Perl script (classify.pl). Because each paired-end
read represents a single transcript, we only incremented gene counts once for each
paired-end read (or once if only one end of the read mapped). For many genes,
the number of reads aligning and contributing to quantification of gene expression
exceeded the number of mappable positions, which means that identical sequenc-
ing reads were identified and included in our final quantification to avoid imparting
maximum expression level thresholds to genes based on their length.

To correct for mappability differences between the two genomes that could lead
to biases, we determined the total number of informative reads that aligned allele-

specifically to the zhr and the z30 genomes for all genes in each F1 hybrid sample
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(ZM and MZ) with the expectation of equal representation. Because the zhr alleles
were slightly more abundant across the whole genome in both MZ and ZM, we down-
sampled the zhr allelic counts globally by multiplying by 0.9706 in ZM and by 0.9736
in MZ followed by rounding to the nearest integer. To make comparisons between
the reciprocal crosses we corrected for differences in sequencing depth between the
two sequencing efforts. The ZM library had 31,432,754 reads and the MZ library
had 31,439,998 reads. To correct for this minor difference, we multiplied the MZ
counts by 0.9997 followed by rounding to generate integer read counts. For each
gene, allele-specific expression levels are reported as the number of sequences that
map to either the zhr or the z30 allele (Table S2) with no correction for gene length
because all comparisons were made between alleles of equal size in the two strains.
Because genes with low counts are more likely to be influenced by sampling error,
we removed all genes from analyses that had less that 20 allele-specific reads used
for expression quantification, retaining those that satisfy (allele 1 + allele 2 > 20)
for statistical analysis.

We performed Fisher’s exact tests (FETS) using allelic expression counts (zhr and
z30) from MZ and ZM to test for unequal allelic expression between progeny from
reciprocal crosses. To correct for the multiple comparisons made (FETS), we used a
false discovery rate of 5% (Benjamini and Hochberg, 1995). Statistical analyses were

performed in R (version 2.12.2; CRAN).
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Figure 3.1: Allelic Expression from Reciprocal Crosses Suggests that <2% of Genes in the Genome
Might Be Imprinted. logs-transformed allelic expression ratios (zhr/z30) from MZ on the x axis
and logs(zhr/z30) allelic expression ratio from ZM on the y axis. Each point represents one gene.
Points are color-coded by significance in false-discovery- rate-corrected Fishers exact tests, where
red points indicate q <0.05. Note that the power to detect differences in allelic expression between
ZM and MZ differs from gene to gene and is dependent upon the number of Illumina sequencing
reads obtained that map to that gene. See also Figures 3.5-3.7 and Tables S1 and S2.
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Figure 3.2: Putatively Imprinted Genes Clustered Significantly on Chromosomes. Using a sliding-
window analysis, the proportion of genes within each 500 kb window that were identified as puta-
tively imprinted is indicated for positions across the genome. Each chromosome arm is indicated
on the x-axis, with one point representing each window. Using a Monte Carlo sampling approach
and approximate permutation tests that control for differences in the number of genes within each
window, and following these steps with a multiple testing correction, weidentified regions of the
genome that were significantly enriched for PIGs. FDR-corrected p-values are indicated by the
solid line, and the dotted line indicates the threshold used to identify significant clusters (q <0.05).
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Figure 3.3: Replicate Pools of Flies Showed Different Allele Frequencies in Genomic DNA for Puta-
tively Imprinted Genes Located in a Cluster. For 12 genes in the region containing the largest cluster
of putatively imprinted loci (7,000,0008,000,000 on chromosome 3R), seven that were identified as
putatively imprinted (underlined) and five that were not, we used pyrosequencing to determine the
relative abundance of zhr and z30 alleles in genomic DNA in additional biological replicate pools
containing 20 F1 heterozygous flies each. The loga(zhr/z30) ratio is plotted for gDNA from each
biological replicate pool, with the four ZM pools indicated by solid lines and the four MZ pools
indicated by dotted lines. Replicates are arbitrarily colored blue, gray, red and black. The genomic
arrangement of these genes is shown below the plot. Genes labeled with an asterisk were also
genotyped in individual flies (Table S4). Note that CG6684 is underlined because it showed signif-
icant evidence of allelic expression differences between MZ and ZM in the RNA-seq data; however,
this gene does not appear to be included within the deleted region(s). Pyrosequencing analysis
of CG6684 showed no evidence of differential allelic expression between MZ and ZM and normal
variance among replicate biological samples, suggesting that it was a false positive in the RNA-seq
data. CG5106 and CG31441 appear to be included within the deleted region but showed no sig-
nificant evidence of an imprinting-like pattern of allelic expression in the RNA-seq data, probably
due to lack of power, as these two genes had the lowest read counts of those tested. See also Tables
S3 and S4.
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Figure 3.4: Putatively Imprinted Genes Have High Intrinsic Noise. For each gene for each sample
type (ZM or MZ), the standard error for loge- transformed allelic expression ratios from biological
replicate pools of flies is shown, with black points representing genes selected at random from the
genome (none of which showed significant evidence of imprinting) and red points representing PIGs.
Square marks represent the ZM sample and circles represent the MZ sample, with one rank for each
gene tested. The x-axis is rank of standard error for the two samples for each gene. See also Figure
3.8 and Table S3.
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Figure 3.5: Experimental Method for Investigating Imprinting, Related to Figures 3.13.4. (A)
Reciprocal crosses between M-type (zhr) and Z-type (230) strains of D. melanogaster were performed
to generate MZ (zhr females X z30 males) and ZM (230 females X zhr males) F1 progeny. Pools of
20 female progeny were used for isolation of RNA and DNA (see Experimental Procedures). (B) A
flowchart of the steps used to transform Illumina sequencing reads into allele-specific gene-expression
counts for MZ and ZM c¢DNA libraries (see Extended Experimental Procedures) is shown.
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Sequence and assemble new reference genomes for zhr and z30 strains

v

Align F1 hybrid (ZM and MZ ) sequencing outputs to both reference genomes

v

Convert alignments to dm3 (standard D. melanogaster reference genome) genomic space using LiftOver tool

v

Intersect alignments to constitutively expressed exon set with IntersectBed module of BEDTools

v

Quantify allele-specific transcript abundance for each gene

v

Correct counts for differences in mappability and sequencing depth

v

Statistical analyses using Fisher’s exact test

Figure 3.6: Coverage of Genes Tested for Imprinting, Related to Figure 3.1. (A) Genes were binned
based on their total expression level in fragments per kilobase per million mapped reads. Total
expression is plotted on the x axis and the proportion of genes in each bin is indicated on the y
axis. (B) Total expression (FPKM) is plotted on the x axis, and the proportion of genes in each
total expression bin tested for imprinting is shown on the y axis
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Figure 3.7: Pyrosequencing Validation of RNA-seq Data, Related to Figure 3.1. (A and B) logs
transformed allelic expression ratios (zhr/z30) from pyrosequencing on the x axis and loga(zhr/z30)
allelic expression ratio from RNA-seq on the y axis. Two points represent each gene, one for allelic
expression measures from ZM and one for those from MZ. Data from randomly selected genes (A)
and from PIGs (B) are shown. Type 2 regressions were performed, and correlation coefficients (R?)

for (A) and (B) are shown.
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Figure 3.8: RNA-seq Data Plotted with Filtered PIGs Highlighted, Related to Figure 3.4. logs
transformed allelic expression ratios (zhr/z30) from MZ on the x-axis and logs(zhr/z30) allelic
expression ratio from ZM on the y-axis. Each point represents one gene. Points are color-coded
with black points those that were identified with significant allelic expression differences between
MZ and ZM and met a more strict definition of imprinting-like expression pattern where either
the maternally- or paternally-inherited allele accounts for the majority of the expression of the
imprinted gene and grey points representing all other genes quantified with RNA-seq.
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Sample  Total number Total number of X
(gDNA) ofreads (SE) reads (PE) Coverage
zhr 15,692,412 27,051,150 23.23
730 NA 25,863,911 21.46
Sample  Total number Number of uniquely % Number of allele- %
(cDNA) of reads mapping reads specific reads
MZ 31,432,754 26,974,244 86 6,598,776 21
M 31,439,998 27,432,712 87 6,673,601 21
total 62,872,752 54,406,956 87 13,272,377 21

Figure 3.9: Descriptive statistics of Illumina sequencing, Related to Figure 3.1. Results for Illumina
sequencing of gDNA and cDNA libraries are shown.
sequencing reads that aligned and those that aligned uniquely from RNA-seq of MZ and ZM samples
are listed. Details of gDNA sequencing of zhr and z30 lines including single-end and paired end
sequencing of zhr and paired-end sequencing output from z30. Average coverage (X) for zhr and

230 sequencing was also determined.

The total sequencing output, number of
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Figure 3.10: Genotyping individual MZ and ZM progeny, Related to Figure 3.3. Genotyping of
individual F1 flies was performed for six loci; four within a significant clustering on chromosome
3R (between positions 7,000,000-8,000,000, see Figures 2, 3) and two were on chromosome 2 (one
on 2R and one on 2L). Forty-eight individual flies were genotyped, 24 MZ and 24 ZM. Detected
alleles are indicated by color (zhr in blue, z30 in yellow and when both were found green). Each
individual is shown in one column.



CHAPTER IV

Tempo and mode of regulatory evolution in Drosophila

4.1 Abstract

Genetic changes affecting gene expression contribute to phenotypic divergence;
thus, understanding how regulatory networks controlling gene expression change over
time is critical for understanding evolution. Prior studies of expression differences
within and between species have identified properties of regulatory divergence, but
technical and biological differences among these studies make it difficult to assess the
generality of these properties or to understand how regulatory changes accumulate
with divergence time. Here, we address these issues by comparing gene expression
among strains and species of Drosophila with a range of divergence times and use

F1 hybrids to examine inheritance patterns and disentangle cis- and trans-regulatory

Official citation:

Coolon, J.D., McManus, C.J., Stevenson, K.R., Graveley, B.R., Wittkopp, P.J. Tempo and mode of regulatory evo-
lution in Drosophila, Genome Research 2014, 24, 797-808 doi:10.1101/gr.163014.113
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No Derivative Works 3.0 Unported License (CC-BY-NC-ND; http://creativecommons.org/licenses/by-nc-
nd/3.0/legalcode).

In this collaborative work, I developed the custom bioinformatics pipeline to quantify total and allele-specific
expression (as previously described; see 4.5.4 and 4.8.2) from sequence reads of each comparison (mel-mel, sim-sec,
and mel-sim) that had been aligned to their respective newly-built genomes (zhr, z30, tsimbazaza, and/or droSecl;
see 4.8.1). To determine the level of sequence divergence for each comparison, I created reverse chain files to
convert exonic coordinates annotated in the D. melanogaster genome to their respective zhr, z30, tsimbazaza, and
droSecl coordinates. I used these species-specific coordinates to extract the coding sequence of each exon, and for
each comparison, the two strains or species sequences were pairwise aligned. Using contiguous sequence for each
alignment, I identified the number of sites that differentiated each allele. I used these estimates with the contiguous
sequence to determine the percentage of sequence divergence for each comparison by averaging across all coding
regions (see 4.5.3). I also participated extensively in discussions as to how to appropriately normalize (downsample)
sequence read counts between alleles and across comparisons (see 4.9).
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changes. We find that the fixation of compensatory changes has caused the regulation
of gene expression to diverge more rapidly than gene expression itself. Specifically,
we observed that the proportion of genes with evidence of cis-regulatory divergence
has increased more rapidly with divergence time than the proportion of genes with
evidence of expression differences. Surprisingly, the amount of expression divergence
explained by cis-regulatory changes did not increase steadily with divergence time,
as was previously proposed. Rather, one species (Drosophila sechellia) showed an
excess of cis-regulatory divergence that we argue most likely resulted from positive
selection in this lineage. Taken together, this work reveals not only the rate at
which gene expression evolves, but also the molecular and evolutionary mechanisms

responsible for this evolution.

4.2 Introduction

Understanding the relationship between tempo (the rate at which a trait evolves)
and mode (the manner in which a trait evolves) is essential for understanding the
evolutionary process (Simpson, 1944). This is true not only for organismal pheno-
types, but also for the molecular phenotypes that produce organismal traits. Gene
expression is one such molecular phenotype (Barriere et al., 2012); it is essential
for organismal form, fitness, and function, and frequently varies within and be-
tween species. Comparative studies using genomic surveys of gene expression in
yeast (Busby et al., 2011), Drosophila (Rifkin et al., 2003), and mammalian species
(Brawand et al., 2011) with a range of divergence times have provided insight into
the tempo of gene expression evolution, but the mode and its relationship to tempo
remain less well understood.

Elucidating the mode of gene expression evolution includes identifying the types
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of regulatory changes that have evolved as well as how interactions among divergent
regulatory alleles affect gene expression. F1 hybrids, in which divergent regulatory
alleles interact in the same cellular environment, can be used to investigate these
issues. Allele-specific expression in F1 hybrids separates the effects of cis- and trans-
regulatory changes affecting a gene’s expression by providing a readout of relative cis-
regulatory activity in a common trans-regulatory environment (Cowles et al., 2002).
Expression differences between genotypes not attributed to cis-regulatory changes
are inferred to be caused by trans-regulatory divergence (Wittkopp et al., 2004).
In addition, the net effects of interactions among divergent regulatory alleles are
revealed by comparing levels of total expression in F1 hybrids to parental genotypes.

This approach was initially used to separate cis- and trans-regulatory effects of
divergence affecting expression of dozens of genes. These studies suggested that
(1) cis-regulatory changes are more common than trans-regulatory changes between
species (Wittkopp et al., 2004); (2) genes with cis- and trans-acting changes favoring
expression of opposite alleles are more likely than other types of changes to cause
misexpression in F1 hybrids (Landry et al., 2005); (3) environmental factors modulate
relative cis-regulatory activity (Meaux et al., 2006); (4) cis-regulatory variation is
abundant in natural populations (Osada et al., 2006; Genissel et al., 2008; Campbell
et al., 2008; Gruber and Long, 2009); and (5) the amount of expression divergence
attributable to cis-acting changes is greater between than within species (Wittkopp
et al., 2008b).

More recently, microarrays and RNA-seq have been used to extend these analyses
to the genomic scale (Wang et al., 2008a; Graze et al., 2009; Tirosh et al., 2009; Zhang
and Borevitz, 2009; Fontanillas et al., 2010a; McManus et al., 2010; He et al., 2012;

Shi et al., 2012; Coolon and Wittkopp, 2013; Levy et al., 2013; Schaefke et al., 2013).



74

In some cases, relationships seen in the smaller scale studies were replicated. For
example, cis- and trans-regulatory changes with effects in opposite directions were
overrepresented among misexpressed genes (Tirosh et al., 2009; McManus et al., 2010;
Schaefke et al., 2013) and cis-regulatory changes explained more of the expression
differences between than within species (Tirosh et al., 2009; Emerson et al., 2010).
Other observations, such as the relative proportion of genes with evidence of cis-
and/or trans-regulatory changes, were much more variable among studies. Finally,
novel patterns, such as the relationship between dominance and cis/trans-regulatory
changes (Lemos et al., 2008; McManus et al., 2010) and the frequency of compen-
satory cis- and trans-regulatory variants (Tirosh et al., 2009; Goncalves et al., 2012;
Shi et al., 2012), were identified.

Despite this growing collection of case studies examining the types of changes re-
sponsible for expression differences within and/or between particular pairs of species,
the use of different organisms (flies, yeast, plants, and mice), techniques (pyrose-
quencing, microarrays, RNA-seq), and analysis methods (linear models, exact tests,
and Bayesian approaches) among these studies precludes the type of meta-analysis
needed to determine how the mode of regulatory evolution changes with divergence
time and to robustly assess the generality of relationships reported in previous stud-
ies. To address these issues, we examined the tempo and mode of regulatory evolution

in concert using strains and species of Drosophila with a range of divergence times.

4.3 Results

4.3.1 Experimental overview

mRNA abundance was compared among (1) African and non-African strains
of Drosophila melanogaster (mel-mel), which have been geographically isolated for

~10,000 yr and show evidence of behavioral isolation (David and Capy, 1988; Lachaise
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et al., 1988; Wu et al., 1995; Hollocher et al., 1997) and expression divergence (Hutter
et al., 2008); (2) D. simulans and D. sechellia (sim-sech), which diverged ~250,000
yr ago (Garrigan et al., 2012); and (3) D. melanogaster and D. simulans (mel-sim),
which diverged ~2.5 million yr ago (Figure 4.1A; (Cutter, 2008)). For each of these
genotypes, we derived a strain-specific genome sequence and used RNA-seq to mea-
sure mRNA abundance (hereafter referred to as expression) in a pool of 20 adult
female flies. Reciprocal crosses were performed for each of the three pairs of geno-
types (mel-mel, sim-sech, and mel-sim), and RNA-seq was used to measure both total
and allele-specific expression in pools of 20 female F'1 hybrids from each cross (Figure
4.1B). Sequence divergence observed in transcribed regions of these strains correlated
with published estimates of divergence time (Figure 4.1C) as well as the number of
RNA-seq reads informative for allele-specific expression (Figure 4.1D). Gene-specific
and allele-specific read counts were used to investigate regulatory evolution as shown

in Figure 4.5.

4.3.2 Quantifying gene expression levels

For each comparison (mel-mel, sim-sech, and mel-sim), RNA-seq reads from the
two strains or species and their F'1 hybrids were aligned to the relevant genomes and
mapped to specific genes. Differences in sequencing depth among libraries (Figure
4.23) were eliminated by using random sampling without replacement to produce a
data set with the same number of mapped reads for each sample. After excluding
genes with fewer than 20 mapped reads in any sample (Figure 4.24), 7587 genes were
deemed suitable for comparing total expression levels between all pairs of genotypes
and their F1 hybrids (Data set 1), which is 83% of the genes classified as expressed
in D. melanogaster adult females by modENCODE (Graveley et al., 2011).

Measures of relative gene expression derived from these mapped and normalized
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RNA-seq data correlated well with estimates of relative gene expression derived from
independent pyrosequencing experiments (Figure 4.7A; (Ahmadian et al., 2000)).
Genome-wide, expression levels between F1 hybrids from reciprocal crosses were also
highly correlated (Figure 4.2A; Figure 4.8). Despite this similarity, Fisher’s exact
tests (FETSs) with a false discovery rate (FDR) of 0.05 identified significant expression
differences between reciprocal hybrids for 26%-49% of individual genes (Figure 4.2B).
Most of these significant expression differences were small in magnitude (median
expression difference = 1.20- to 1.25-fold) (Figure 4.9), however, they reflect the
sensitivity of the Fisher’s exact test for detecting differences in relative expression
from RNA-seq data when read counts are high. These differences in expression
between hybrids from reciprocal crosses provide a conservative baseline for expression
differences detected in the mel-mel, sim-sech, and mel-sim comparisons because they
include variance from technical and biological replication as well as parent-of-origin

effects.

4.3.3 Evolution of expression differences

To determine the tempo of regulatory divergence, we compared total expression
levels in the mel-mel, sim-sech, and mel-sim comparisons for the set of 7587 genes
in Data set 1 described above. First, we analyzed overall expression divergence (1-
Spearman’s p, see Methods) and found that it increased consistently and significantly
with divergence time (Figure 4.2A; Figure 4.10). We then used FETSs to compare
expression levels for individual genes and determine whether the increased overall
expression divergence resulted from more genes with divergent expression or more
divergent expression of similar numbers of genes. Surprisingly, we found that the pro-
portion of genes with significant expression differences did not increase consistently

with divergence time (Figure 4.2B), suggesting that increasing magnitudes of expres-
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sion differences rather than increasing numbers of genes with divergent expression
drive the overall increase in expression differences with divergence time observed.
We also examined the evolutionary trajectories of individual genes by assigning
each of the 7587 genes in Data set 1 to one of nine classes depending on whether
its expression difference increased, decreased, or remained similar between mel-mel
and sim-sech and between sim-sech and mel-sim. Expression differences less than
1.25-fold were considered similar for this analysis to minimize the impact of small
but statistically significant expression differences (Figure 4.11). Despite observing
that expression differences increased with divergence time on a genomic scale (Figure
4.2A), this pattern was only seen for 2% of individual genes (Figure 4.2C, class I).
Expression differences of similar magnitude in all three comparisons were much more
common (43% of all genes examined) and tended to be small in magnitude (median
expression difference = 1.18-fold) (Figure 4.2C, class II). The remaining 55% of genes
fell into one of seven categories in which two of the three comparisons showed similar
expression differences (Figure 4.2C, class III). Interestingly, nearly half (45%) of
such genes showed similar expression differences in mel-mel and mel-sim but larger
or smaller expression differences in the sim-sech comparison (Figure 4.2C, Illc and

I11d), which has an intermediate divergence time.

4.3.4 Evolution of regulatory incompatibilities

Divergence of the regulatory networks controlling gene expression can cause mis-
expression in F1 hybrids that can contribute to speciation (Meiklejohn et al., 2003;
Michalak and Noor, 2004; Ranz et al., 2004; Haerty and Singh, 2006; Moehring et al.,
2007; Maheshwari and Barbash, 2012). This can occur, for example, when proteins
and/or DNA with sequence-specific interactions coevolve such that divergent alleles

of the interacting molecules do not function properly together in F1 hybrids. To
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determine the rate at which misexpression resulting from such regulatory incompat-
ibilities evolves, we compared expression levels in mel-mel, sim-sech, and mel-sim
F1 hybrids to expression levels in the corresponding parental genotypes. We found
that overall expression differences between parents and F1 hybrids increased with
divergence time, most dramatically in the mel-sim comparisons (Figure 4.2A; Figure
4.12). A similar increase was seen in the proportion of genes showing misexpression
in F1 hybrids (Figure 4.2B). The much more extensive misexpression seen in mel-sim
F1 hybrids compared with mel-mel or sim-sech F1 hybrids is consistent with mel-sim
F1 hybrid females having morphological defects that cause sterility (Dickinson et al.,
1984) and mel-mel and sim-sech F1 hybrid females being completely fertile (Lachaise
et al., 1986; Hollocher et al., 1997).

To further investigate the inheritance of gene expression levels and how inheri-
tance patterns change over evolutionary time, we considered each gene separately
and classified its expression in F1 hybrids as dominant, additive, misexpressed (i.e.,
over- or under-dominant), or similar (Figure 4.13). To minimize the impact of small
but statistically significant expression differences on this analysis (Figure 4.14), we
considered expression similar between genotypes if the expression difference was less
than 1.25-fold. In the mel-mel F1 hybrids, we found that 7% of genes showed ad-
ditivity, 14% showed misexpression, and 43% showed dominant inheritance. The
remaining 36% of genes showed similar expression in both strains of D. melanogaster
and in their F'1 hybrids. The proportions of genes with additive and dominant inher-
itance decreased consistently with divergence time, whereas the proportion of genes

showing misexpression increased dramatically with divergence time (Figure 4.2D).
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4.3.5 Using allele-specific RNA-seq reads to study regulatory evolution

Differences in gene expression can be caused by changes in cis- and/or trans-
regulation. Understanding the relative contribution of these two types of changes is
critical for understanding the mode of regulatory evolution (Barriere et al., 2012).
To separate the effects of cis- and trans-regulatory divergence, we analyzed allele-
specific expression in F1 hybrids and contrasted it with comparable measures of total
expression differences between parental genotypes derived from allele-specific reads in
"mixed parental” samples. These mixed parental samples were constructed in silico
by combining equal numbers of mapped RNA-seq reads from each parental genotype
and subjected to the same bioinformatic analysis as the reads from F1 hybrids.
Expression differences between alleles in F1 hybrids were attributed to cis-regulatory
differences, and differences in relative expression between parental genotypes that
were not explained by differences in cis-regulatory activity were attributed to trans-
regulatory divergence (Wittkopp et al., 2004).

For each F1 hybrid and mixed parent sample, RNA-seq reads that aligned per-
fectly and uniquely to one parental genome but not the other were considered allele-
specific. Genes with low confidence allele assignments (see Supplemental Material),
fewer than 20 total allele-specific reads, or expression consistent with genomic im-
printing in any comparison were excluded from analysis (Figure 4.25). For each of
the remaining 4851 genes, differences in the number of allele-specific reads among
comparisons were eliminated by using hypergeometric sampling to produce a data
set with the same number of allele-specific reads in all comparisons (Data set 2).
Measures of relative total expression derived from allele-specific reads in the mixed
parental samples were strongly correlated with measures of relative total expression

derived from the full RNA-seq data set (Figure 4.15) and pyrosequencing (Figure
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4.7B). Relative allele-specific expression in F1 hybrids also showed a strong correla-
tion between the RNA-seq and pyrosequencing data (Figure 4.7C) and was similar
in F1 hybrids from reciprocal crosses (Figure 4.16). In the analyses described below,
hybrids from reciprocal crosses were considered separately, with results from one
hybrid for each comparison presented in the main text and results from the other
hybrid presented in the Supplemental Material. With few exceptions (noted below),

results were similar between reciprocal hybrids.

4.3.6 Evolution of cis- and trans-regulation

To determine the rate of cis-regulatory divergence and compare it with the rate
of total expression divergence for the same genes, we contrasted overall differences
in relative allelic abundance between the F1 hybrid and mixed parental samples for
the 4851 genes deemed suitable for measuring allele-specific expression (Data set 2).
Compared with the 7587 genes discussed above (Data set 1), this set of genes showed
more similar levels of overall expression differences among the three comparisons
(Figure 4.3A; Supplemental Figs. S12A, S13A-C), resulting from increased expres-
sion divergence in mel-mel and sim-sech in Data set 2 relative to Data set 1 (Figure
4.19). Despite this similarity in total expression differences among comparisons,
we found that cis-regulatory differences were greater between than within species,
with similar differences in relative cis-regulatory activity observed in sim-sech and
mel-sim (Figure 4.3A; Figures 4.17A, 4.18D-I). Comparing the proportions of genes
with statistically significant differences in total expression and cis-regulatory activ-
ity showed a similar pattern, except that the proportion of genes with evidence of a
cis-regulatory difference increased consistently and significantly with divergence time
(Figure 4.3B; Figure 4.17B). This suggests that the greater overall cis-regulatory di-

vergence observed in the sim-sech comparison for these 4851 genes results from large
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differences in relative cis-regulatory activity for some genes rather than an excess of
genes with divergent cis-regulatory activity.

We also compared the evolutionary trajectories of individual genes for total ex-
pression differences (Figure 4.3C) and relative cis-regulatory activity (Figure 4.3D;
Figure 4.20) by dividing the 4851 genes in Data set 2 into the same nine classes
described above for Data set 1 (Figure 4.2C). Compared with total expression, we
found that more genes showed consistent and small (median = 1.16-fold) differences
in relative cis-regulatory activity in all three comparisons (Figure 4.3C, II, 3D, II).
We also observed more genes with unique differences in cis-regulatory activity in sim-
sech (Figure 4.3D, Illc,d) and mel-sim (Figure 4.3D, IIle,f) that were greater in these
comparisons than the other two comparisons. In other words, genes with a similar
difference in cis-regulatory activity in mel-mel and mel-sim but not sim-sech were
more likely to show increased than decreased divergence in sim-sech relative to the
other two comparisons. Such asymmetry was much less pronounced for levels of total
expression (Figure 4.3C), suggesting that trans-acting changes have compensated for
differences in cis-regulatory activity in many cases.

Differences between divergent cis-regulatory activity and total gene expression
are caused by the divergence of trans-regulatory factors. We found that significantly
more genes showed evidence of trans-regulatory differences in the mel-mel and mel-
sim comparisons than in the sim-sech comparison (Figure 4.3B; Figure 4.17B). This
suggests that cis-regulatory divergence accounts for a larger proportion of overall
expression divergence in sim-sech than in mel-mel or mel-sim. Consistent with this
inference, a regression analysis showed that cis-regulatory differences explained more
of the expression differences between D. simulans and D. sechellia than between

either of the other two pairs of genotypes (Figure 4.21).
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As overall sequence divergence increases, the number of loci with variation affect-
ing expression of each gene is also expected to increase. Consistent with this expecta-
tion, we found that the proportion of genes with regulatory changes showing evidence
of both cis- and trans-regulatory changes increased with divergence time, although
the increase between the mel-mel and sim-sech comparisons was only statistically
significant for one of the two hybrids (Figure 4.3E; Figure 4.17C). For the majority
of these genes, the cis- and trans-regulatory changes favored expression of alternative
alleles (Figure 4.3F; Figure 4.17D), suggesting that stabilizing selection has favored
regulatory mutations that reduce expression differences. As described above, this
type of developmental systems drift (True and Haag, 2001) is thought to cause mis-
expression in F1 hybrids (Michalak and Noor, 2004; Ranz et al., 2004; Landry et al.,
2005; McManus et al., 2010; Barriere et al., 2012; Maheshwari and Barbash, 2012).
The frequency of genes with compensatory cis- and trans-regulatory changes did not
increase steadily with divergence time; however, cis- and trans-regulatory changes
favoring expression of opposite alleles were observed least often in the sim-sech com-
parison (Figure 4.3F; Figure 4.17D). Contrary to prior studies (Landry et al., 2005;
Tirosh et al., 2009; McManus et al., 2010), we found that genes affected by cis- and
trans-regulatory changes with opposing effects on total expression levels were not
more likely to show misexpression in F1 hybrids (Figure 4.3G; Figure 4.17E).

To determine how the relative effects of cis- and trans-regulatory changes vary
with divergence time, we calculated the percentage of total regulatory divergence
attributable to cis-regulatory changes for each gene. This value is referred to as
"percent cis” (Y%cis), and prior studies of flies (Wittkopp et al., 2008b; McManus
et al., 2010) and yeast (Emerson et al., 2010) found it to be larger between than

within species. We also found that %cis was larger between than within species;
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however, in contrast to prior predictions (Wittkopp et al., 2008b), %cis did not in-
crease systematically with divergence time. Rather, it was largest for the sim-sech
comparison with intermediate divergence time (Figure 4.4A; Figure 4.22A). A cor-
relation between %cis and total expression divergence for individual genes was pre-
viously reported between D. melanogaster and D. sechellia (McManus et al., 2010),
but we did not observe this pattern for any of the three comparisons (Figure 4.22B-
G). Finally, two prior studies (Lemos et al., 2008; McManus et al., 2010) reported
that %cis was higher for genes showing additive than nonadditive (i.e., dominant,
over-dominant, or under-dominant) inheritance. We observed this relationship only
for the comparison of D. simulans and D. sechellia in one hybrid (Figure 4.4B; Figure

4.22H), suggesting that it is also not a general feature of regulatory evolution.

4.4 Discussion

Researchers have been comparing genomic patterns of expression divergence among
species for over a decade using microarrays, but sequence divergence between mi-
croarray probes and RNA samples often complicates comparisons among species
and differences in normalization and statistical analyses can complicate comparisons
among studies. Here, we use RNA-seq data to determine the tempo and mode of
regulatory evolution among four divergent strains and species of Drosophila. This
technique is better suited for interspecific comparisons than microarrays because it
uses full sequence information instead of hybridization signals to determine gene
expression levels, allowing more direct comparisons among species and studies.

RNA-seq was also recently used to compare expression levels in six different tissues
among nine mammalian species and a bird (Brawand et al., 2011). Using Spearman’s

rank correlation coefficient p to compare overall expression differences in each pair of
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species, this study showed that expression similarity decreased quickly over shorter
divergence times and then slowed. Patterns of expression divergence were strikingly
similar among RNA samples from brain (cerebral cortex or whole brain without
cerebellum), cerebellum, heart, kidney, and liver, with accelerated expression diver-
gence in RNA samples from testes (Brawand et al., 2011). By combining our data
with data from three previous studies (McManus et al., 2010; Meisel et al., 2012;
Suvorov et al., 2013), we found that expression divergence among Drosophila species
showed a similar pattern to that of mammals, but on a different timescale (Figure
4.5A,B). The Drosophila data showed greater expression divergence (lower values of
p) than the mammalian data, which could be due to differences in tissue size among
Drosophila species given that whole bodies rather than single tissues were used to
generate these data. RNA-seq has also been used to compare expression divergence
among four species of yeast (Busby et al., 2011), but it is difficult to compare the
tempo in yeast to that of Drosophila and mammals because only three divergence
time points were sampled (Figure 4.5C).

For each gene, interspecific expression differences can be caused by cis- and/or
trans-regulatory changes. When F1 hybrids can be made between species, measures
of allele-specific expression can be used to disentangle the net effects of these two
types of changes (Wittkopp et al., 2004). Such analyses have been reported for closely
related pairs of strains or species in yeast (Tirosh et al., 2009; Emerson et al., 2010;
Schaefke et al., 2013), flies (Graze et al., 2009; McManus et al., 2010; Coolon et al.,
2012), plants (Shi et al., 2012; Bell et al., 2013), fishes (Murata et al., 2012; Shen
et al., 2012), and mice (Goncalves et al., 2012). To the best of our knowledge, this
is the first genomic study collecting data on cis- and trans-regulatory divergence for

more than one pair of genotypes. As such, it provided unprecedented insight into
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the rate at which cis- and trans-regulatory changes evolve and allowed us to better

assess the generality of relationships reported in other studies.

4.4.1 Compensatory cis- and trans-regulatory changes are common

We found that the number of genes with evidence for cis-regulatory divergence
increased linearly with divergence time, but the number of genes with differences
in total expression did not (Figure 4.3B; Figure 4.512D). This suggests that trans-
regulatory factors might often compensate for cis-regulatory differences at the level
of total gene expression, either by fixing compensatory trans-regulatory variants or
by feedback mechanisms affecting availability or activity of trans-acting factors (Mc-
Manus et al., 2014). Consistent with this interpretation, cis- and trans-acting changes
affecting expression of the same gene had opposite effects on expression levels 79%,
73%, and 87% of the time in the mel-mel, sim-sech, and mel-sim comparisons, respec-
tively (Figure 4.3F). The exponential accumulation of genes that are misexpressed
in F1 hybrids (Figure 4.2D) is also consistent with compensatory changes playing an
important role in maintaining gene expression levels over evolutionary time (Landry
et al., 2005). Such compensation can result from stabilizing selection acting to main-
tain similar expression levels in the face of new mutations, and has been seen not
only in flies, but also in yeast (Tirosh et al., 2009), mice (Goncalves et al., 2012),
and plants (Shi et al., 2012).

Compensation for cis-regulatory divergence resulting from the fixation of trans-
acting changes could evolve by fixing cis-acting mutations first and then compen-
sating trans-acting mutations, or vice versa. We favor the latter model because
trans-acting mutations appear to arise more frequently than cis-acting mutations for
individual genes (Gruber et al., 2012) and most trans-acting mutations that com-

pensate for cis-regulatory divergence of one gene are expected to have deleterious
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pleiotropic effects on expression of other genes (Wray et al., 2003; Carroll, 2008; Or-
gogozo and Stern, 2009). Goncalves et al. (Goncalves et al., 2012) favored a similar
explanation for the extensive compensatory cis- and trans-regulatory changes they
observed between strains of mice. An example of such trans-regulatory divergence
subsequently compensated for by cis-regulatory changes has been described in yeast
(Kuo et al., 2010). Regardless of which type of regulatory mutation is usually fixed
first, it is clear that the regulatory networks controlling gene expression evolve more

rapidly than the output from these networks.

4.4.2 Relative impact of selection and drift on regulatory evolution

A common goal for comparative studies of gene expression is identifying the selec-
tive and nonselective forces responsible for patterns of divergence and conservation,
but this is not straightforward (Gilad et al., 2006a; Fay and Wittkopp, 2008; Emerson
et al., 2010). Without the biological replication needed to make statistically robust
inferences based on alternative evolutionary models (e.g., (Rifkin et al., 2003; Fay
and Wittkopp, 2008; Bedford and Hartl, 2009; Brawand et al., 2011)), we can only
make speculative statements about the evolutionary processes responsible for each
of the nine different trajectories of expression divergence we observed (Figures 4.2C,
4.3C,D). For example, genes with similar (and typically small) expression differences
in all three comparisons (class II in Figures 4.2C and 4.3C,D) may either have low
mutation-drift variance or be subject primarily to stabilizing selection. This is the
most abundant class of genes for both total expression and cis-regulatory activity
with 43% and 34% of genes showing this pattern for total expression in Data sets
1 and 2, respectively, and 48% of genes showing this pattern for differences in cis-
regulatory activity in Data set 2. This is consistent with prior work suggesting that

stabilizing selection has had a larger impact on the evolution of gene expression than
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genetic drift (Hsieh et al., 2003; Rifkin et al., 2003; Lemos et al., 2005; Gilad et al.,
2006b; Xing et al., 2007; Kalinka et al., 2010). Indeed, <2.2% of genes in each com-
parison showed the increasing differences in total expression and/or cis-regulatory
activity with divergence time (class I in Figures 4.2C, 4.3C,D, and Figure 4.20) that
are expected when expression evolves primarily due to genetic drift (Khaitovich et al.,
2004; Gilad et al., 2006b). The remaining genes fell into one of seven categories con-
sistent with variable selection pressures among lineages (class I1I in Figures 4.2C and

4.3C.D).

4.4.3 Lineage-specific regulatory changes in D. sechellia

Gene-specific patterns of total expression divergence consistent with lineage-specific
selection were more abundant in sim-sech than mel-mel or mel-sim for both Data
sets 1 and 2 despite the sim-sech comparison having an intermediate divergence time
(Figures 4.2C, 4.3C). This is consistent with D. sechellia being an island endemic
species with a small effective population size that has evolved many novel phenotypes
relative to D. melanogaster and D. simulans (Orgogozo and Stern, 2009), including
adaptation to a new host plant (Jones, 2005). As a consequence of this evolutionary
history, D. sechellia might have fixed more deleterious mutations than the other two
species by drift as well as more adaptive substitutions by positive selection. We ob-
served an apparent excess of cis-regulatory divergence between D. simulans and D.
sechellia (Figures 4.3A, 4.4A; Figure 4.21) that we believe is more likely to result from
positive selection than drift because (1) trans-acting variation contributes more than
cis-acting variation to polymorphic expression within species (Lemos et al., 2008;
Wittkopp et al., 2008b; Emerson et al., 2010), suggesting that drift is more likely to
fix trans-acting than cis-acting variants; (2) cis- and trans-regulatory changes affect-

ing expression of the same gene were most likely to act in the same direction in the
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sim-sech comparison (Figure 4.3F), which is consistent with positive, directional se-
lection; and (3) simulation studies have shown that cis-regulatory divergence is more
likely to be driven by natural selection than trans-regulatory divergence (Emerson
et al., 2010). These results emphasize the importance of considering not only di-
vergence time, but also the demographic and ecological history of individual species

when studying the tempo and mode of evolution.

4.5 Methods

4.5.1 Fly strains, rearing, and collections

Four Drosophila genotypes were used for this study: the D. melanogaster North
American zhr strain [full genotype: XYS.YL.Df(1)Zhr] (Sawamura et al., 1993; Ferree
and Barbash, 2009), the D. melanogaster Zimbabwean isofemale strain z30 (Begun
and Aquadro, 1993; Wu et al., 1995), the sequenced D. sechellia strain (droSecl
[14021-0428.25]), and an isofemale strain of D. simulans (Tsimbazaza) that mates
well with D. melanogaster (Hollocher et al., 1997). All flies were reared on cornmeal
medium using a 16:8 light:dark cycle at 20°C. Just prior to the start of the experi-
ment, all strains were subjected to 10 generations of sibling pair matings to reduce
genome-wide heterozygosity, followed by three generations of population expansion
to generate the quantity of flies needed for crosses. For each cross between strains
of D. melanogaster, 10 vials were set up with three female and three male flies each.
For each interspecific cross, 30 vials were set up with three female and three male
flies each. Virgin female progeny were allowed to mate from the time of eclosion to
3 d post-eclosion, then males and females were separated and females aged to 7-10
d post-eclosion. All flies were collected between 9 and 10 am to minimize the effects

of circadian rhythm and snap-frozen in liquid nitrogen.
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4.5.2 Sample preparation and sequencing

For each genotype analyzed, a pool of 20 female flies was used for total RNA
extraction with TRIzol reagent according to manufacturer instructions (Invitrogen).
This incorporates variation from biological replication into a single sample. Prior
work has shown that expression for most genes is similar among replicate pools con-
structed in this way (Wittkopp et al., 2004, 2008a; Coolon et al., 2012). Genomic
DNA (gDNA) was extracted from a separate pool of 20 flies for each genotype us-
ing the DNeasy Blood & Tissue Kit (Qiagen). Ilumina sequencing libraries for
RNA-seq were prepared as previously reported (McManus et al., 2010; Coolon et al.,
2012). Briefly, 10 ug of total RNA from each sample was treated with DNase I
(Invitrogen) followed by poly(A)+ selection using Dynal magnetic beads (Invitro-
gen). Poly(A)+ RNA was fragmented using RNA fragmentation reagent (Ambion)
before cDNA synthesis. Double-stranded ¢cDNA was produced using random hex-
amers and SuperScript II reverse transcriptase (Invitrogen). ¢cDNA was run on a
2% agarose gel and the region corresponding to ~300-bp fragments was extracted.
The size-selected double-stranded cDNA extracted from this gel slice was used in the
Paired-End Genomic DNA Library Preparation Kit (Illumina) according to manu-
facturer’s recommendations. For the gDNA sequencing libraries, 10 pg of gDNA was
used with the Paired-End Genomic DNA Library Preparation Kit (Illumina), follow-
ing manufacturer’s recommendations. Each cDNA and gDNA library was subjected
to a full lane of paired-end sequencing on an Illumina Genome Analyzer IIx using 76
cycles. On average, 24 million 76-bp, paired-end sequence reads were generated from
each sequencing library (Figure 4.23). The zhr gDNA sample was also sequenced
from a single end on an additional lane for 76 cycles per read. Images were analyzed

using the Firecrest and Bustard modules to generate sequence and quality scores for
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each read.

4.5.3 Resequencing, genome assembly, and sequence divergence

Using the gDNA sequences, we constructed a strain-specific genome sequence for
each genotype as described in the Supplemental Material. To determine percent
sequence divergence in each comparison (mel-mel, sim-sec, mel-sim), we created re-
verse chain files to liftOver coordinates from D. melanogaster dm3 space to each
of the other strain or species genomic space (zhr, z30, Tsimbazaza, droSecl) using
the chainSwap utility from the UCSC Genome Browser (Kent et al., 2002). Using
these chain files, we converted the dm3 genomic coordinates for each exon used for
quantification in this study into their respective strain- or species-specific genomic
coordinates. Using these coordinates, sequences for each exon were extracted from
each strain- or species-specific genome. These sequences were aligned in pairs using
Fast Statistical Alignment (FSA) (Bradley et al., 2009), and the number of diver-
gent sites per gene was determined using custom perl scripts (pairwise_aln FSA.pl,
compare_pairwise.pl, seq_div_from_set.pl). Strain-specific genomes and chain files are
provided in Supplemental File 1, and all custom perl scripts are included in Supple-

mental File 2.

4.5.4 Mapping sequencing reads to genes and alleles

We built a bioinformatics pipeline to measure total and allele-specific expression
from Ilumina sequencing outputs similar to those reported previously (McManus
et al., 2010; Coolon et al., 2012). This pipeline, as well as the pyrosequencing methods
used to validate measures of total and allele-specific expression derived from this

pipeline, is described in the Supplemental Material.
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4.5.5 Normalizing RN A-seq read counts among comparisons

Different numbers of sequence reads were recovered for each of the 10 cDNA li-
braries sequenced. These differences in read counts caused the Fisher’s exact tests
used to identify significant changes in gene expression between pairs of genotypes
to have differences in power among the mel-mel, sim-sech, and mel-sim compar-
isons. To equalize power in all three comparisons, we considered exactly 12,704,991
mapped reads from each RNA-seq data set by down-sampling mapped reads ran-
domly without replacement in all but the D. sechellia data set, which already had
exactly 12,704,991 mapped reads (Figure 4.24). A similar down-sampling strategy
was recently used to investigate the power of different bioinformatic tools for iden-
tifying expression differences (Rapaport et al., 2013). We then excluded genes with
fewer than 20 reads in any of the RNA-seq data sets, resulting in the same 7587
7expressed” genes being analyzed in each comparison (Figure 4.24). Simulations
confirmed that a larger data set down-sampled in this way has the same power to
detect significant expression differences with a Fisher’s exact test as a data set origi-
nally collected at the smaller sample size (data not shown). The exact data analyzed

are provided in Supplemental Material as Data set 1.

4.5.6 Comparing total expression among genotypes

Spearman’s correlation coefficients (p) were used to measure overall expression
differences between pairs of genotypes, following Brawand et al. (Brawand et al.,
2011) and Meisel et al. (Meisel et al., 2012). Unlike Pearson’s r, Spearman’s p
makes no assumptions about normality, linearity, or homoscedasticity. It is also
less sensitive to outliers. Bootstrapping was used to test for statistically significant

differences in p between mel-mel and sim-sech and between sim-sech and mel-sim
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by sampling with replacement 7587 gene-specific read counts from the observed 7587
genes 10,000 times using R, calculating p in each case, and determining the 2.5% and
97.5% percentiles. Significant differences were inferred when these 95% quantiles did
not overlap.

We also tested for significant differences in expression level of individual genes
by comparing the number of reads mapping to the focal gene to the number of
reads mapping to the other 7586 genes between parental types, between reciprocal
hybrids, and between each hybrid and parent using Fisher’s exact tests with a null
hypothesis of equal expression in both samples. This test was used instead of other
methods for detecting differential expression because it recovers a similar proportion
of true positives with fewer false positives without requiring replicates (Tarazona
et al., 2011). Fisher’s exact tests were also used to test for significant differences
in the proportion of genes with significant differences between mel-mel and sim-sech

and between sim-sech and mel-sim.

4.5.7 Inferring the mode of inheritance

To determine the mode of inheritance for each gene in each comparison, we fol-
lowed the logic outlined in Gibson et al. (Gibson et al., 2004) and used previously for
RNA-seq data in McManus et al. (McManus et al., 2010). Using a 1.25-fold expres-
sion difference cutoff and total expression levels in the F1 hybrids and corresponding
parental genotypes, we classified each gene as either ”similar”, ”additive”, ”parent
1 dominant”, ”"parent 2 dominant”, ”under-dominant”, or ”over-dominant”. Dom-
inant inheritance was inferred when total expression in the F1 hybrid was similar
to expression in one of the parental genotypes but different from the other parental
genotype. Such genes were classified as either "parent 1 dominant” or ”parent 2

dominant” depending on which parent the F1 hybrid resembled. Additive inheri-
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tance was inferred when F1 hybrid expression was different from, and intermediate
to, both parents; and misexpression was inferred when the total expression in the F1
hybrid was different from both parental genotypes and greater than (over-dominant)
or less than (under-dominant) the more extreme parental expression level. Genes
with similar expression in both parents and F1 hybrids were classified as similar.
Fishers exact tests were used to test for significant differences in the proportion of
genes in each category between mel-mel and sim-sech and between sim-sech and

mel-sim.

4.5.8 Normalizing allele-specific RN A-seq read counts among comparisons

To equalize power when testing for cis-regulatory divergence in mel-mel, sim-sech,
and mel-sim, as well as when comparing tests for cis-regulatory and total expression
divergence, we created a second data set with the same number of allele-specific reads
for each gene in all comparisons. This data set was constructed by (1) combining the
equal numbers of mapped reads for each genotype used in the first data set to make
a "mixed parental” sample for each comparison (e.g., reads from zhr and z30 were
combined for the mel-mel comparison); (2) counting allele-specific reads (i.e., reads
that mapped perfectly and uniquely to only one of the parental genomes) in all mixed
parental and F1 hybrid samples; and (3) equalizing allele-specific read counts for each
gene in all mixed parental and hybrid samples by identifying the sample with the
fewest allele-specific reads for that gene and using hypergeometric sampling of the
observed allele-specific read counts to randomly reduce the number of allele-specific
reads considered in each of the other samples. Simulations confirmed that this down-
sampling approach produced data sets with the same power to detect significant
expression differences with Fishers exact tests as data sets originally collected at the

smaller sample sizes (data not shown), and a similar method was recently used for
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allele-specific RNA-seq data from humans (Lappalainen et al., 2013).

Prior to analysis, genes with low confidence allele-assignments in the mel-mel,
sim-sech, or mel-sim comparisons, defined as having >10% of the mapped reads from
one parent aligned solely to the genome of the other parent, were excluded. Genes
with less than 20 total allele-specific reads (allele 1 + allele 2 <20) in any mixed
parental or hybrid sample were also excluded from all comparisons; this threshold was
based on prior theoretical and empirical work (Fontanillas et al., 2010b; McManus
et al., 2010). Finally, nine more genes were excluded because they showed significant
differences in relative allelic expression between reciprocal hybrids using Fisher’s
exact tests with a null hypothesis of equal expression and an FDR of 0.05. Such
differences in relative allelic expression can result from parent-of-origin effects such
as mitochondrial inheritance or genomic imprinting; imprinting seems rarely, if ever,
responsible for this pattern of expression in Drosophila, however (Wittkopp et al.,
2006, 2008a; Coolon et al., 2012). After applying these filters, 4851 genes were
deemed suitable for allele-specific analysis in all comparisons, with most of the genes
excluded from this data set because they had too few allele-specific reads in the
mel-mel comparison (Figure 4.25).

Mitochondrial genes were excluded from our allele-specific data set; however, allele
assignments for F1 hybrid reads that mapped to mitochondrial genes were used as
one metric to evaluate the reliability of our bioinformatic allele assignments. In the
absence of sequencing and allele-assignment errors, all of these reads should map to
the maternal allele. We found that 99.5% and 99.8% of reads from mitochondrial
genes mapped to the maternal allele in F1 hybrids between D. simulans and D.
sechellia and between D. melanogaster and D. simulans, respectively (Figure 4.26).

Additional validation of allele assignments is described in the main text.
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The exact data analyzed are provided in the Supplemental Material as Data set

4.5.9 Evaluating cis- and trans-regulatory changes

Spearman’s p was used to measure cis-regulatory divergence on a genomic scale in
the mel-mel, sim-sech, and mel-sim comparisons by assessing the correlation between
allele 1 and allele 2 read counts from F1 hybrids. It was also used to repeat the
analysis of overall expression divergence in each comparison using the mixed parental
samples. To test for statistically significant differences in p between mel-mel and
sim-sech and between sim-sech and mel-sim, we used bootstrapping. Specifically,
we sampled with replacement 4851 gene-specific read counts from the observed 4851
genes 10,000 times using R, calculated p in each case, and determined the 2.5% and
97.5% percentiles. Significant differences were inferred when these 95 percentiles did
not overlap.

Binomial exact tests with a null hypothesis of equal expression were used to iden-
tify significant expression differences between genotypes in the mixed parental pools
as well as significant differences in relative allelic expression in the F'1 hybrid samples
that indicate differences in relative cis-regulatory activity. An FDR of 5% was used
to determine statistical significance despite the fact that the P-values produced by
binomial exact tests when the null hypothesis is true are not uniformly distributed
as assumed by the FDR correction for multiple tests (Skelly et al., 2011). This is
because our simulations showed that the violation of this assumption had no effect on
the number of genes called significant in this study (Supplemental Material). To test
for the unequal allelic abundance between mixed parental and F1 hybrid samples that
would indicate trans-regulatory divergence, we performed Fisher’s exact tests with a

null hypothesis of equal expression by comparing read counts from genotype 1 and
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genotype 2 in the mixed parental sample to allele 1 and allele 2 in the corresponding
F1 hybrid samples. Each gene in each comparison was classified as ”conserved”, ”all
cis”, "all trans”, ”cis+trans”, "cisxtrans”, ”compensatory”, or ”ambiguous” based
on the results of the Fisher’s and binomial exact tests using the criteria described in
Figure 4.27. These same classifications were used previously in Landry et al. (Landry
et al., 2005) and McManus et al. (McManus et al., 2010). Fisher’s exact tests were
also used to test for significant differences in the proportion of genes with significant
differences between mel-mel and sim-sech and between sim-sech and mel-sim.

For each gene in each comparison, the total expression difference was calculated
as logs(genotype 1 read count/genotype 2 read count) from the mixed parental sam-
ple, and the cis-regulatory difference (”cis”) was calculated as logy(allele 1 read
count /allele 2 read count) from each of the F1 hybrid samples. The trans-regulatory
difference ("trans”) for each gene in each comparison was calculated as the differ-
ence between the total expression and cis-regulatory differences: logs(genotype 1 read
count /genotype 2 read count) - logy(allele 1 read count/allele 2 read count). %cis

(proportion of total regulatory divergence attributable to cis-regulatory changes) was

then calculated as — =L < 100.

|cis|+|trans|

4.5.10 Scripts and software used

All statistical analyses, down-sampling, and simulations were performed in R
(version 2.12.2 or version 3.0.1, CRAN). This code includes the use of fisher.test for
Fisher’s exact tests, binom.test for binomial exact tests, corr.test for Spearman’s p,
sample to randomly down-sample mapped reads and simulate mapped read counts
from a multivariate distribution, rhyper to randomly down-sample allele-specific read
counts, rbinom to simulate allele-specific read counts. Custom perl and R scripts used

in this work are included in Supplemental File 2.
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4.6 Data access

The sequencing data from this study have been submitted to the NCBI Sequence
Read Archive (SRA; http://www.ncbinlm.nih.gov/sra) under accession numbers

SRA052065 and SRP023274.
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4.8 Supplemental methods

4.8.1 Resequencing and genome assembly

Production of the zhr and z30 genomes was previously described in Coolon et
al. (Coolon et al., 2012). To construct the D. simulans tsimbazaza and D. sechellia

droSecl genomes, gDNA sequence reads from D. sechellia droSecl and D. simulans
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Tsimbazaza were aligned to the D. simulans and D. sechellia genome assemblies re-
spectively using BWA (Li and Durbin, 2009) (version 0.5.6). Each read was aligned
separately using default parameters, and SAM format files were generated using the
BWA sampe command. Alignment files were converted to BAM format, and VCF
files describing single nucleotide polymorphisms (SNPs) and indels were created us-
ing the SAMtools package (Li et al., 2009) (version 0.1.7a; modules view, sort, and
pileup). SNP and indel calls were filtered using the samtools.pl varFilter command
(as described at http://samtools.sourceforge.net /cns0.shtml) to retain SNPs and in-
dels with phred scale quality scores of 20 or higher.

The public reference genomes of D. simulans and D. sechellia were originally se-
quenced at a coverage depth of 3- and 5-fold, respectively. This low coverage left
large genomic regions unfinished. To close these gaps, we realigned gDNA sequences
to the SNP and indel corrected genomes. Unmapped read-pairs were assembled into
contigs with Velvet (Zerbino and Birney, 2008). Contigs whose ends both aligned
to the genomes were considered ”"gap spanning”, and extended 100 bp in each di-
rection. Velvet assembled contigs (including gap-spanning) were aligned to the D.
melanogaster reference genome (dm3) using LASTZ (Harris, 2007). Contigs that
aligned uniquely to D. melanogaster were retained as the ”extra genome”, and com-
prised 12.6 and 1.6 Mb of sequence from D. simulans and D. sechellia, respectively.
lifttOver coordinate files were assigned to extra-genome contigs using the axtChain,
chainNet, and netChainSubset utilities from the UCSC Genome Browser (Kent et al.,
2002). gDNA sequence reads were then remapped to identify SNPs and indels in the
extra genome, and genome sequences were rewritten accordingly

Despite our initial inbreeding, SAMtools identified residual heterozygosity at some

sites in each genotype. This complicates allele-specific RNA-seq when one of the al-
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leles segregating in strain 1 matches the allele that is invariant in strain 2. For
example, consider a site polymorphic for A and C in zhr, but fixed for C in Tsim-
bazaza. RNA-seq reads originating from the Tsimbazaza allele would align to genome
sequences for both strains, whereas reads originating from the zhr allele would be
align only to the zhr genome. To eliminate the impact of such sites on measures
of allele-specific expression, we changed such sites to the polymorphic genotype in
both strains using a custom Perl script (snp_compare_filter.pl), effectively making
these sites uninformative for allele assignment and producing comparison and strain
specific genomes.

These comparison- and strain-specific genome sequences were produced using a
custom Perl script (snp_adder.pl). This script sequentially rewrites the corresponding
genome with corrected SNP calls and indels. The positions of insertions and deletions
were recorded in custom liftOver chain files during the rewriting process. These
chain files allowed the conversion of genomic features between strains and reference
genomes using the UCSC Genome Browser liftOver tool (http://genome.ucsc.edu)

(Kent et al., 2002). All genome and chain files are available upon request.

4.8.2 Mapping sequencing reads to genes and alleles

We aligned each mate of the paired-end RNA-seq reads separately to the strain-
or species-specific genomes specific to each comparison using the MOSAIK aligner
(version 1.0.1384, http://bioinformatics.bc.edu/marthlab/Mosaik). For example, in
the mel-mel comparison, reads derived from zhr, z30, and the F1 hybrids from recip-
rocal crosses between zhr and z30 were each aligned to both the zhr and z30 genomes
that had been created specifically for the mel-mel comparison. Aligning reads to both
parental genomes prevents the biased mapping described in prior RNA-seq studies of

allele-specific expression (Degner et al., 2009; Stevenson et al., 2013). The following
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command line options were used for these alignments: -hs 13 -mm 0 -p 24 -mph 100
-act 20). The 13 base hash size (-hs 13) option allowed >99% of ambiguous base
containing regions to be seeded for alignment by MOSAIK. Reads aligning uniquely
with no mismatches to one or both genomes were considered "mapped reads” and
retained for analysis. After the initial 76 bp reads were aligned to both reference
genomes, reads that did not map to either genome were trimmed 13 bases from the
3 end using a custom Perl script (fastq_trimmer.pl) and again aligned using MO-
SAIK. This was repeated three times (sequence lengths 76bp, 63bp, 50bp, 37bp).
Any sequences that did not uniquely align after the final iteration were discarded.
Using the chain files created in the genome assembly process, we converted the
genome coordinates from the zhr, z30, droSecl, and Tsimbazaza genomes to the se-
quenced D. melanogaster dm3 coordinates using the liftOver utility from the UCSC
Genome Browser (Kent et al., 2002) (http://genome.ucsc.edu) and a custom Perl
script (convert.pl). Sequence reads were then filtered based on their alignment to a
previously identified set of constitutively expressed exons within the D. melanogaster
genome (McManus et al., 2010) using the intersectBed module of BEDTools (Quin-
lan and Hall, 2010), with reads not aligning to these regions discarded. Additionally,
overlapping regions in the constitutive exon set were removed using intersectBed
module of BEDTools and custom scripts. Gap files were produced for each com-
parison and combined using the mergeBed module of BEDTools to create one gap
file used for all comparisons. Sequences containing gaps in one or more genotypes
were excluded. Reads were assigned to alleles based on alignments to strain-specific
genomes using a custom Perl script (classify.pl). Because paired-end reads are de-
rived from a single transcript, each set of paired-end reads was treated as a single

read count regardless of whether one or both reads were mapped successfully.
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4.8.3 Pyrosequencing

To evaluate the reproducibility of expression measurements derived from our
RNA-seq data, we used pyrosequencing (Qiagen) to independently measure differ-
ences in total and allelic expression in the mel-mel and sim-sech comparisons. We
focused our validation efforts on the mel-mel and sim-sech comparisons because they
contained fewer divergent sites than the mel-sim comparison, making allele assign-
ments more challenging. For the mel-mel comparison, we analyzed new F'1 hybrid
and mixed parental cDNA libraries synthesized from the same RNA samples used
for Illumina sequencing, incorporating variation from technical replication. These
mixed parental libraries were constructed by pooling equal amounts of RNA prior to
cDNA synthesis. For the sim-sech comparison, we used RNA extracted from 4 bio-
logical replicate mixed parental (each containing 10 D. simulans and 10 D. sechellia
flies) and F1 hybrid (each containing 20 F1 hybrid flies) samples to synthesize cDNA
pools, incorporating variation from both technical and biological replication.

Pyrosequencing assays were developed for 10 genes in the mel-mel comparison and
18 genes in the sim-sech comparison (Table S6). Custom dispensation orders were
used for the pyrosequencing reactions and custom formulas were developed for calcu-
lating relative allelic abundance (Table S6). Both gDNA and ¢DNA were analyzed
in mixed parental and F1 hybrid samples in each case. cDNA was always synthesized
from total RNA using T(18)VN primers and SuperScript 1T (Invitrogen) according to
manufacturer recommendations. gDNA was extracted from an independent pool of
F1 flies for mel-mel and sequentially from the same homogenate of flies as the RNA
for each biological replicate of sim-sech using the protocol described in Wittkopp
(2011). For mel-mel, pyrosequencing reactions were performed in triplicate for both

the cDNA and gDNA samples. For sim-sech, single pyrosequencing reactions were
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performed on the cDNA and gDNA samples from each biological replicate.

Relative allelic abundance observed in the gDNA samples was used to normalize
measurements from the corresponding cDNA samples, as described in (Wittkopp,
2011). Following normalization, the mean logs-transformed ratio of relative allelic
expression reported by pyrosequencing for each gene was compared to the logs-
transformed ratio of relative allelic expression derived from the RNA-seq data using

a type 2 regression in R.

4.9 Supplemental note

When using binomial exact tests to identify significant differences in relative allelic
expression from RNA-seq data, p-values are not uniformly distributed when the
null hypothesis (p = 0.5) is true, violating an assumption of the widely-used false
discovery rate (FDR) correction for multiple testing (Skelly et al., 2011). To better
understand the non-uniformity of p-values when the null hypothesis (p = 0.05) is
true, we repeated and extended the simulations reported in Skelly et al. (Skelly et al.,
2011). We followed the same simulation strategy except that we did not add a noise
parameter. Specifically, we simulated allele-specific read count data by (i) sampling
total allelespecific read counts (allele 1 + allele 2) for 4851 genes (the number of
genes we examined for allele-specific expression) from a Poisson distribution with a
mean (lambda) of 10, 100, 200, 500, 1000, or 2000 reads; (ii) determining the number
of reads from one allele for each gene by drawing from a binomial distribution with
p = 0.5, and (iii) determining the p-value from a binomial exact test comparing the
reads from one allele to the total number of allele-specific reads in each case. As
shown in the figure at right, the uniformity of the null p-value distribution increased

with increasing total read counts.
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In our Dataset 2, the total number of read counts per gene ranged from 20 to
16165, with a median of 142. We repeated the simulation described above using the
observed number of total allele-specific read counts for the 4851 genes and found that
the distribution of p-values assuming the null hypothesis was true did indeed violate
uniformity. This is important because the FDR correction uses the assumption of
a uniform distribution when the null hypothesis is true to model the FDR based
on the observed distribution of p-values. To determine the impact of this non-
uniform distribution on the proportion of genes called significant using the g-value
= 0.05 cutoff we used, we artificially eliminated the over-representation of large,
non-significant p-values from the null model in the observed p-value distribution by
replacing all p-values>0.05 with an equal number of values drawn from a uniform
distribution (min = 0.05, max = 1). We did this for the dataset simulated assuming
the null hypothesis was true (top panels) as well as for the p-values observed in the
mel-mel comparison (bottom panels).

Next, we applied the FDR correction to the list of p-values from each dataset.
As shown in the figure at right for the observed p-values, g-values before (black)
and after (red) the redistribution of non-significant p-values are quite similar. The
largest difference in g-value was for p-values between 0.2 and 0.8. With the g-value
threshold (0.05) used in the paper, as well as for other qvalue thresholds up to 0.1,
the number of genes called significant using the FDR correction was unchanged by
the redistribution of non-significant p-values (see Table below). This suggests that
the non-uniformity of the BET null distribution has a negligible effect on the FDR
in our study. Furthermore, even if the FDR determined by the correction model
was slightly higher or lower than the true FDR, it is expected to deviate similarly

in all comparisons because the same number of total allele-specific read counts were
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considered in each case, resulting in the same null distribution. Based on these
results, we conclude that the non-uniformity of the BET null distribution does not

affect the comparisons of regulatory evolution across divergence times that we report.
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Figure 4.1: Studying regulatory evolution in the melanogaster group of Drosophila. Phylogenetic
relationships and estimated divergence times for the strains and species analyzed are shown. B,
Sequencing libraries for RNA-seq data were derived from mRNA isolated from each species and
strain as well as F1 hybrids from reciprocal crosses, in which the maternal and paternal genotypes
were reversed (e.g., S1S2 and S2S1). C, The percent sequence divergence observed in the regions of
the genome used to map RNA-seq reads (Y-axis) is compared to published estimates of divergence
time (X-axis). D, The proportion of reads from each gene that are allele-specific are shown for the
mel-mel (blue), sim-sech (red), and mel-sim (green) comparisons. Figure
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Figure 4.2: Expression divergence between genotypes and in F1 hybrids. A, Overall expression
divergence (1 - p) is shown for the mel-mel, sim-sech, and mel-sim comparisons in red, with the
data used for these calculations shown in Figure 4.10. Average differences in expression between F1
hybrids and each of the parental species are shown in blue, with the data used for these calculations
shown in Figure 4.12. Expression divergence between reciprocal F1 hybrids is included as a baseline
in green with the data used for these calculations shown in Figure 4.8. In this and all other figures,
results from each comparison are plotted using the genomic sequence divergence observed between
the genotypes involved (Fig. 4.1C). B, The proportion of genes showing evidence of significant
expression differences between genotypes (red), the average proportion of genes showing significant
expression differences between F1 hybrids and each parental species (blue), and the proportion
of genes with significant expression differences between reciprocal F1 hybrid genotypes (green)
are shown. C, The line-plots show expression differences for individual genes in the melmel, sim-
sech, and mel-sim comparisons plotted according to divergence time, with the 7,587 genes included
in Dataset 1 classified into nine groups depending on whether they showed increased, decreased,
or similar expression differences between mel-mel and sim-sech and between sim-sech and mel-
sim. The red line in each plot shows the median expression difference for genes in that class
for each comparison. The pie chart shows the relative frequency of genes in each class. D, The
proportion of genes showing expression levels in F1 hybrids consistent with additive inheritance
(red), dominant inheritance (green), misexpression (blue), or similar expression (purple) are shown
for each comparison. Data used to calculate these proportions are shown in Fig. 4.13. FError
bars in panel A show the 95% quantiles from 10,000 bootstrap replicates in which differences in
1 - p between mel-mel and sim-sech as well as between sim-sech and mel-sim were calculated for
each bootstrap replicate. The significance of the observed deviation from zero was determined by
comparing the observed value to the distribution of bootstrap values. In panels B and D, significance
was determined using Fishers exact tests. Significance of each comparison is indicated with one (p
< 0.05), two (p < 0.001), or three (p < le-4) asterisks.
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Figure 4.3: Evolution of cis- and trans-regulation. A, Overall differences (1 - p) in total expression
between genotypes (blue) and allele-specific expression in F1 hybrids (red) are shown for each com-
parison, with data used for these calculations shown in Fig. 4.18. Relative allelic expression in F1
hybrids provides a readout of relative cis-regulatory activity. B, For each comparison, the propor-
tions of genes with evidence of significant differences in total expression (blue), cis-regulation (red),
and trans-regulation (green) are shown. Data used to determine these proportions are shown in
Fig. 4.21. Significance tests used to identify differences in trans-regulation had different power than
those used to identify differences in total expression and cis-regulation, thus only the evolutionary
trends, not the proportions of significant genes, should be compared among these classes. Power
was comparable, however, in the tests for differences in total expression and relative cis-regulatory
activity summarized in this figure. C and D, The line-plots show expression differences (C) and
differences in relative cis-regulatory activity (D) for individual genes in the mel-mel, sim-sech, and
mel-sim comparisons plotted according to divergence time, with the 4,851 genes included in Dataset
2 classified into nine groups depending on whether they showed increased, decreased, or similar ex-
pression differences between mel-mel and sim-sech and between sim-sech and mel-sim. The red line
in each plot shows the median expression difference for genes in that class for each comparison.
The pie-charts show the relative frequency of genes in each class. E, The proportion of genes with
evidence of significant cis- and trans-regulatory changes (red) is compared to the proportion of
genes with evidence of cis- or trans-regulatory changes (blue). F, For genes with evidence of both
cis- and trans-regulatory changes, the frequency of genes with cis- and trans-regulatory changes
affecting gene expression in the same (cis+trans, red) and opposite (cistrans, blue) directions are
compared. G, The relative frequencies of genes with cis- and trans-regulatory changes in opposite
directions that do (blue) and do not (red) show evidence of misexpression in F1 hybrids are com-
pared. Error bars in panel A show the 95% quantiles from 10,000 bootstrap replicates in which
differences in 1 - p between mel-mel and sim-sech as well as between sim-sech and mel-sim were
calculated for each bootstrap replicate. The significance of the observed deviation from zero was
determined by comparing the observed value to the distribution of bootstrap values. Significance
was determined using Fishers exact tests in panels B, E and G and using binomial exact tests in
panel F. Significance of each comparison is indicated with either NS for non-significant (p >0.05) or
one (p < 0.05), two (p < 0.001), or three (p < le-4) asterisks. Comparable analyses for reciprocal
hybrids are shown in Fig. 4.17 and 4.20.
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Figure 4.4: Effects of cis-regulatory divergence. A, The percentage of total regulatory divergence
attributable to cis-regulatory divergence (%cis) is shown for the mel-mel, sim-sech, and mel-sim
comparisons. B, %cis is compared for sets of genes showing additive (A) and non-additive (NA,
dominant or misexpression) inheritance for each comparison. In all panels, notched boxplots show
the full range of values as well as the 25, 50, and 75th percentiles. Within both panels, the width of
the boxes are proportional to the number of genes represented. Statistical significance of differences
between median values connected with solid lines were determined using Mann- Whitney U tests
(* indicates p < 0.05, ** indicates p < 0.001, and *** indicates p < le-4). Comparable analyses
for reciprocal hybrids are shown in Fig. 4.22.
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Figure 4.5: Expression divergence in mammals, Drosophila and yeast. A, Expression similarity
(Spearmans p) was calculated using RNA-seq data from kidneys published in Brawand et al. (2011)
comparing human samples to those of eight other mammalian species and one bird. We chose
to analyze the data from kidney because it was most representative of all the tissues examined
(excluding testes). Divergence times in millions of years are as reported in Brawand et al. (2011).
B, Expression similarity (Spearmans p) was calculated for data described in this paper (light grey
circles circles) as well as data published in Suvorov et al. (2013) (open circles), McManus et al.
(2010) (grey circles), and Meisel et al. (2012) (black circles). Divergence times for mel-mel, sim-
sech, and mel-sim are as described in Fig. 4.1A. For all other comparisons, estimated divergence
times from Obbard et al. (2012) were used. C, Expression similarity (Spearman’s p) was calculated
using the data reported in Busby et al. (2011) for all pairwise comparisons of four yeast species.
Divergence times for these species are from et al. (2003). In all three cases, the black line connects
the average value of p for each divergence time sampled.
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Figure 4.6: Methodological overview. This figure summarizes the biological samples analyzed (blue
circles), the production of the raw sequencing data (green boxes), the bioinformatic methods (red
boxes) used to convert the raw data into datasets 1 and 2 (blue ovals), and analyses performed on
each of these datasets to examine patterns of regulatory evolution (blue boxes).
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Figure 4.7: Independent confirmation of relative allelic expression levels inferred from RNA-seq
data. Measures of total expression (A, B) and relative allelic expression (C) derived from RNA-seq
read counts in Dataset 1 (A) and Dataset 2 (B, C) were compared to measures of total expres-
sion (A, B) and relative allelic expression (C) determined using pyrosequencing. For the mel-mel
comparisons (red), cDNA samples analyzed by pyrosequencing were derived from the same RNAs
used for Illumina sequencing (i.e., technical replicates). For the sim-sech comparison (blue), RNA
samples extracted from new pools of flies (i.e., biological replicates) were analyzed by pyrosequenc-
ing. Coefficients of determination (R?) from type 2 regressions were used to compare expression
measurements based on RNA-seq and pyrosequencing.
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Figure 4.8: Total expression levels were similar between reciprocal hybrids. Total expression levels,
plotted as log2(total read count) for each gene, were compared between F1 hybrids from reciprocal
crosses for the mel-mel (A), sim-sech (B), and mel-sim (C) comparisons. Hybrid genotypes are
written as maternal genotype x paternal genotype. Spearmans p, which makes no assumptions
about normality, was used to compare the strength of the correlation in each case.
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Figure 4.9: Most significant expression differences between reciprocal hybrids are small in magni-
tude. Volcano plots are shown for the comparison of total expression between reciprocal hybrids in
the mel-mel (A), sim-sech (B), and mel-sim (C) comparisons. Statistical significance, represented
by logio(g-value), is plotted on the Y-axis and the expression difference, plotted as logs(reads from
hybrid 1/reads from in hybrid 2), is plotted on the X-axis. Hybrid genotypes are written as maternal
genotype x paternal genotype. The vertical red lines correspond a 1.25-fold expression difference,
whereas the horizontal red lines correspond to g-values with a false discovery rate of 0.05. Insets
show genes with the smallest g-values in more detail.
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Figure 4.11: Many small expression differences are statistically significant between genotypes. Vol-
cano plots are shown for the comparison of total expression between the zhr and z30 strains of D.
melanogaster (A), between D. simulans and D. sechellia (B), and between D. melanogaster (zhr)
and D. simulans (C). Statistical significance, represented by logi(q-value), is plotted on the Y-axis,
and the expression difference, plotted as logs(reads from genotype 1/reads from in genotype 2), is
plotted on the X-axis. The vertical red lines correspond to a 1.25-fold expression difference, whereas
the horizontal red lines correspond to g-values with a false discovery rate of 0.05. Insets show genes
with the smallest g-values in more detail.
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Figure 4.12: Expression differences between F1 hybrids and parental species increase with diver-
gence time. For each gene, expression levels, plotted as logs(read counts), are compared between
F1 hybrids (Y-axis) and each of the parental species (X-axis) for the mel-mel (A-D), sim-sech (E-
H) and mel-sim (I-L) comparisons. Hybrid genotypes are written as maternal genotype x paternal
genotype. Spearmans p, which makes no assumptions about normality, was used to compare overall

expression differences in each case.
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Figure 4.13: The proportion of genes showing misexpression in F1 hybrids increased with divergence
time of the parental genotypes. Differences in total expression between the F1 hybrid and each
parental species are compared in each panel. The difference in expression level is plotted for each
gene as logs (reads from hybrid) - loga (reads from parental genotype), with the difference from parent
1 shown on the X-axis and the difference from parent 2 shown on the Yaxis. Hybrid genotypes
are written as maternal genotype x paternal genotype. The Y=X line shown indicates an equal
difference between expression in the F1 hybrid and both parents. Each gene was categorized as
showing either conserved (light blue), additive (orange), underdominant (red), overdominant (blue),
or dominant with expression similar to parent 1 (purple) or parent 2 (green), as described in the
Methods. The pie-chart insets show the proportion of genes in each class. Interestingly, in the mel-
mel comparison (A, D), dominant expression patterns resembled the North American zhr strain
(parent 1) more than twice as often as they resembled the African z30 strain (parent 2). In the
sim-sec and mel-sim F1 hybrids, dominant regulatory alleles were distributed more evenly between
the two parental genotypes (B,E and C,F, respectively).
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Figure 4.14: The frequency of large expression differences between F1 hybrids and parental species
increases with divergence time. Volcano plots are shown for the comparison of expression levels
between F1 hybrids and each parent in the mel-mel (A-D), sim-sech (E-H), and mel-sim (I-L)
comparisons. Statistical significance, represented by logio(g-value), is plotted on the Y-axis and the
expression difference, plotted as logs(reads from parental genotype/reads from in hybrid genotype),
is plotted on the X-axis. Hybrid genotypes are written as maternal genotype x paternal genotype.
The vertical red lines correspond to a 1.25-fold expression difference, whereas the horizontal red
lines correspond to g-values with a false discovery rate of 0.05. Insets show genes with the smallest
g-values in more detail.
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Figure 4.15: Allele-specific sequence reads are accurately assigned to genotypes. Relative expres-
sion levels inferred from in silico mixed parental samples after computational assignment of reads
to specific alleles (Y-axis) were compared to relative expression levels determined using the sepa-
rately sequenced samples (X-axis) for the mel-mel (A, D, G), sim-sech (B, E, H), and mel-sim (C,
F, I) comparisons. In panels A-C, both allele-specific and shared reads from the mixed parental
samples were included. In panels D-F, only allele-specific reads from the mixed parental samples
were included. In panels G-I, the allele-specific read counts in Dataset 2 (i.e., after using hyperge-
ometric sampling to equalize power among comparisons) were used. Relative expression is plotted
as loga(reads from genotype 1/reads from genotype 2) in all cases. Coefficients of determination
(R?) from linear models were used to compare relative expression between true values and those
determined for in silico mixed samples.
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Figure 4.16: Relative allelic expression was similar between reciprocal hybrids. Measures of relative
allelic expression were compared for each gene between reciprocal hybrids for the mel-mel (A), sim-
sech (B), and mel-sim (C) comparisons. Coefficients of determination (R?) from linear models were
used to compare relative allelic expression between reciprocal hybrids. The nine genes identified as
having a statistically significant difference in relative allelic expression between reciprocal hybrids
are shown in red. logs(reads from allele 1/reads from allele 2) is plotted for each hybrid genotype. D-
I, Allelic expression levels, plotted as logs(allele-specific read counts) for each gene, are compared
for each allele in reciprocal hybrids for all three comparisons. Spearmans p, which makes no
assumptions about normality, was used to compare overall expression differences in each case.
Genotypes of reciprocal hybrids are written as maternal genotype x paternal genotype.



121

Figure S12
A. o012 7 B. 04 +
= 8
Q
1017 {\+/’/—+ = E *k
= NS =5 ke
° NS SE 03 7T
2 0.08 P -g
@ So
o o .2
3 ] -
> 0.06 7 N 5 %02+ wxk
© 4 - _—
5 NS 52 — -
o 4 B )
5 0.04 Tk g <
@ -3 1
g ~P1vsP2 ] 01 ~Parental difference
X 0.02 7 “=A1vsA2 a = -=cis
2 ~~trans
0 ‘mel-mel f ' s/‘m-se:ch f i mel-sim ! 0 mel-mel f f sim. s&ch ! t Emel-sr'm !
1 4 5 6 7 0 1 2 3 4 5
Sequence divergence (%) Sequence divergence (%)
17 1 0.07 T
¢ 09 | * D. | - E. 2 “ Misexpressed NS
} g 09 l £ 2006  uNotmi
1 =) 1 27 “Not misexpressed
” g,O.B g € 0.8 P 35
25077 g5 07 1 8 2 005 1
2% 06 | 58 06 58
5 E, . cg s g 0.04
S%05T “cis and trans % i 05 T u cis+trans 5 4
'E 204 1 “cis or trans 25 047  cisXtrans '*g § 0.03
a @ o2
ggo3y &g 037 ‘?‘.g 0.02
302 f 3 02T 2
0.01
01 1 01
0 - 0 ) : 0
mel-mel sim-sech mel-sim mel-mel sim-sech mel-sim

Figure 4.17: Evolution of cis- and trans-regulation. A, Overall differences (1 - p) in total expression
between genotypes (blue) and allele-specific expression in F1 hybrids (red) are shown for each com-
parison. Relative allelic expression provides a readout of relative cis-regulatory activity. Data used
to calculate Spearmans p are summarized in Figure 4.18. B, For each comparison, the proportion
of genes with evidence of significant differences in total expression (blue), cis-regulation (red), and
trans-regulation (green) are shown. Data used to determine these proportions is shown in Figure
4.21. C, The proportion of genes with evidence of significant cis- and trans-regulatory changes
(red) is compared to the proportion of genes with evidence of cis- or —it trans-regulatory changes
(blue). D, For genes with evidence of both cis- and trans-regulatory changes, the frequency of genes
with cis- and trans-regulatory changes affecting gene expression in the same (cis+trans, red) and
opposite (cisXtrans, blue) directions are compared. E, The relative frequencies of genes with cis-
and trans-regulatory changes in opposite directions that do (blue) and do not (red) show evidence
of misexpression in F1 hybrids are compared. Error bars in panel A show the 95% quantiles from
10,000 bootstrap replicates. Comparable analyses for reciprocal hybrids are shown in Figure 4.3.
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Figure 4.18: Differences in cis-regulatory activity increase with divergence time more rapidly than
differences in total expression. For each of the 4851 genes in Dataset 2, total expression levels,
plotted as loga(read count), are compared between the zhr and z30 strains of D. melanogaster (A),
between D. simulans and D. sechellia (B), and between D. melanogaster (zhr) and D. simulans (C).
Levels of allele-specific expression, plotted as logs (allele-specific read count), are compared between
allele 1 (X-axis) and allele 2 (Y-axis) for each F1 hybrid from the mel-mel (D,G), sim-sech (E,H)
and mel-sim (F,I) comparisons. Hybrid genotypes are written as maternal genotype x paternal
genotype. Spearmans p, which makes no assumptions about normality, was used to measure the
overall expression similarity between genotypes in each case.
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Figure 4.19: Differences between gene sets used to analyze total and allele-specific expression data.
Box-plots summarize the distributions of total expression differences (A) and sequence divergence
(B) for the 7587 genes in Dataset 1 and the 4851 genes in Dataset 2 for the mel-mel (MM), sim-sech
(SS), and mel-sim (MS) comparisons. The notched box-plots show the full range of values as well
as the 25, 50, and 75" percentiles.
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Figure 4.20: Evolutionary trajectories for expression divergence of individual genes. The line-plots
show differences in total expression (A) and cis-regulatory activity (B) derived from Dataset 2 for
individual genes in the mel-mel, sim-sech, and mel-sim comparisons plotted according to divergence
time. As described in the main text, genes were classified into nine groups depending on whether
they showed increased, decreased, or similar allele-specific expression differences between mel-mel
and sim-sech and between sim-sech and mel-sim. The red line in each plot shows the median
difference in cis-regulatory activity for genes in that class for each comparison. The pie-chart shows
the relative frequency of genes in each class.
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Figure 4.21: The relative contributions of cis- and trans-regulatory changes to expression diver-
gence change with divergence time. For each gene, relative expression between parental genotypes,
plotted as logs(reads from parent 1/ reads from parent 2) on the X-axis, is compared to relative
allele-specific expression in F1 hybrids, plotted as logs(reads from allele 1/ reads from allele 2)
on the Y-axis. Hybrid genotypes are written as maternal genotype x paternal genotype. Each
gene was categorized as showing either conserved cis- and trans-regulation (yellow, conserved),
only cis-regulatory differences (black, all cis), only ¢rans-regulatory differences (red, all trans), cis-
and trans-regulatory differences with no expression difference between parental genotypes (orange,
compensatory), or cis- and trans-regulatory differences with effects on expression in the same (blue,
cis + trans) or opposite (green, cis X trans) directions, as described in the Methods and Table S5.
Genes with results from significance tests inconsistent with any of these categories (see Methods)
were classified as ambiguous (grey). The pie-chart insets show the proportion of genes in each
class, for each comparison. The slopes reported in each panel are from a linear regression model
fitted to the corresponding dataset. A larger slope indicates a larger contribution of cis-regulatory
divergence to total expression divergence.
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Figure 4.22: Effects of cis-regulatory divergence. A, The percentage of total regulatory divergence
attributable to cis-regulatory divergence (%cis) is shown for the mel-mel, sim-sech, and mel-sim
comparisons. B-D, %cis is compared among sets of genes with different levels of total expression
differences, reported as the absolute value of the logs(reads from genotype 1/ reads from genotype
2) ratio, for the mel-mel (B), sim-sech (C), and mel-sim (D), comparisons. E, %cis is compared for
sets of genes showing additive (A) and non-additive (NA, dominant or misexpression) inheritance
for each comparison. In all panels, notched box-plots show the full range of values as well as the
25, 50, and 75" percentiles, with the width of the box-plots proportion to the number of genes in
each class. Analyses comparable to panels A and H using reciprocal hybrids are shown in Figure

4.4.

mel-mel sim-sech mel-sim

5

] | |

01 12 233 34 >4
abs(log,(zhr/z30))

)|

01 12 23 34 >4
abs(log,(zhr/z30))

%cis

100 T
80
60
40

20 +

126

A NA
mel-mel

01 12 23 34 >4
abs(log,(sim/sec))

01 12 23 34 >4
abs(log,(sim/sec))

A NA A NA

sim-sech

mel-sim

01 12 23 34 >4
abs(log,(mel/sim))

B

[]

mn

6-1 1‘-2 5-3 3-4 ;4
abs(log,(mel/sim))




127

Table S1. Summary of sequencing depth for RNA-seq and gDNA.
cDNA | gDNA
Single genotypes |
D. melanogaster (zhr) 16464075 | 27051150%*
D. melanogaster (z30) 21806797 | 25863911
D. simulans (sim) 18006673 | 31859837
D. sechellia (sech) 15817452 27706737
F1 hybrids
zhrXz30 31432754
z30Xzhr 31439998
simXsech 19787136
sechXsim 20059660
zhrXsim 23929242
simXzhr 25875801

*This dataset was supplemented with an additional 15692412 single end reads from D. melanogaster zhr gDNA.

Figure 4.23: Summary of sequencing depth for RNA-seq and gDNA.
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Table S2. Accuracy of mapping maternally inherited mitochondrial alleles in interspecific F1 hybrids.
Hybrid cross # correct |Total # (% correct

D. simulans Tsimbazaza X D. sechellia droSec1 6141 6173 99.48

D. sechellia droSec1 X D. simulans Tsimbazaza 11776 | 11837 99.48

D. melanogaster zhr X D. simulans Tsimbazaza 41367 | 41414 99.89

D. simulans Tsimbazaza X D. melanogaster zhr 21561 21599 99.82

Figure 4.24: Number of genes suitable for quantifying total expression in each genotype.
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Jeorrection factor of 0.86 was used for peaks produced by incorporation of A, as recommended by the manufacturer.

Table S3: Pyr assays for quantification of allelic expression ratios |

mel-mel | | I
Gene {Biotin |Forward primer Reverse primer Pyro primer Sequence to analyze® Dispensation’  |Fomula (zhr/z30)*
CG12819 F  \GAGCAATGACGACTCAAGTGAGA |GGCCGCTTCGCTCAATTTA KTACTTTG GTTTTTGGGC TTICTCTGT _ |cTGTcACTG  (GI+T2)/T1
CG17530 (R AACTTTTCTCAAGGGACAGGATTA ATCCGC. " ISAATCAAC TGACCATTGC GGATTTCA _ [tCGIATCACT _C1/G1
CG18444 F 'ACTGCGCTGCAGGGAGAT TTGGATGGCCGCATTGTC ATGGCCGCATTGTCG iGYGGCTCT GCTACCACCA TCAGCAGCT [aGCTaGCTCTG ICT/T1
CG6253 [F ACCGCTTCAAGCTGCGTTATG TGGTGCGCTTCTTCAGTGTG CAGCTTGTTGCGCTG RCGCTTGG CATAACGCAG CTTGAAGC [cAGICGCTGC _|(A1*0.86)/G1
CG6906 IR 'TCCCAGATTGACCGCAAAG TCGCCCAGTGGAAGTGGAT AAAGGCAAGAGCGTTA  JAYATGACC AATCCACTTC CACTGGGCG |gATCgATGAC TI/CI
CG7269 F AGGGGTGCCCACCACAAT AAAGG, GAA [gCTgATGTGT (TI/Cl
CG7874 F GTGGCCAGAGGTTCGAGC CTTCAGCTCCCGCTTGAT CTCCTGTCCGGGCAC RATCTGCG TCCAGTCATA GCGCCAGC ~ [cAGACTCTGC [(A1%0.86)/(G1+(A2*0.86))
CG9089 R |GCGTGGCCATTGGACTTAG CCAACGATACCTCCAAAGGATCT {CCATTGGACTTAGCCTT  {YGAGGGAG ATCCTTTGGA GGTATCGT _|aCTaGAGAGAT [C1/T1
CG9497 R CCTTTTCCTGCGGTGCCT CGAGAAGATCGGCAAGTACATG [GTTCCAAGTTGGCCC KCTGATTT TGCATGTACT TGCCGATC ~ [aTGaCTGA TI/GI
CG9916 iF GAAACCCAACATGTCTATTGAAAA | 5CAAAAGCAACAGC AACATTGC [eCTaGATGC __ {T1/C1
sim-sec B
Gene Biotin [Forward primer Reverse primer Pyro primer to analyze is [Fomula (sim/sec)
CGl644 [F TTCTGCGAACCCATTGTGTC ATCCGGCTCTGATCAAGCG AGACGACTGATCCCAC TTGYGACACA ATGGGTTCGC AGAACCT aTTTGCTaGAC |C1/T4
CG2233 IR AAGGGACCGGGAAAATTGT AACACCCTCTTCGCCAGACT AAAGGCGGGAAACTC GWGGAGTCTG GCGAAGAGGG TGTTCC |cGATcGAGTC [TI/Al
CG3209 F TGTGCGATGTGTGGTACCTG CACTC i} GI/TI
CG4703 "F CTCGTTCGCCGGTGGTAA GAAATCTCAAGGGGATGTGC CCCTGTATCTGGGACC RCTTCTCTCC TTTGGAAACG ATGCCC ™ [fAGICTCTCT  [GI/AT
CG4783 IF GGCACGAAAAACCAGAAATC ATCCGAAAGTTTGGAGCTCA GTCGTACAATCCCACATA IMGATTTCTGG TTTTTCGTGC CAACTG _ |gACtGATCTG _|CI/Al
CG4797 IR ICACTCATTTTGGCCGGCTATA CGCGACTACTTGGTTACATAAAGCTTTGGCCGGCTATAATG  [TASTTCAAGT TGTTTAGTTC AAGTTGTT |cTACGaTCAG |G1/C2
CG5269 F CAATCAAAAGTTCCAGCCTACA GCTGGAA {GCTaGCATA __[T2/C1
CG6201 R GTATTCCGCTTGGGTCGTACTG CACACAATGCCGCACTTCT GCTGGATCGCCCAGG GYGGCGCTAA TCCCCTCGTG ATCGATC [cGCTaGCGCT [T1/C2
CG7702 R ACTGCTGATCTTGCCGATGT TTTCCGTTTTCGGCTTCA AAGAAACACGCGCGA RTGCTGAAGC CGAAAACGGA AACGTT [tAGCTGCTGA [A1/G1
CG7923 IR TGTCGACGGAGCTGAGCAAT AGCCACACTCCATATAGCGAAGATACCGATGGCAGGAAA MTGRAGCTGG TATGGTTCAATATAGT  tACgTGAGCT |A1/CI
CG9009 F GTCGGGCTTTTGGAGATTGAA | TTCGCCCAAATGCGAGAT  ITGCCAGCGCCGCTTT YGCCGTTCGT CTGCAGACCAAGTTCA  aCTaGCGTCG _[T1/Cl
CGY9673 'R 'CGTATCCGGCTTCCCATT TGCATC
[CG10877 F IAAAACTTTCCACACACATCATACA [TGGTTCTTTTTTGTTGCTACTTGT ;TGTGGGTCAACTAATCTG | TMGCCAGTAC ACA cTACtGCAGT [A1/C2
CGI0916 R AGCTCAGTATCCATAGGGACGTAG |GTCATTTGTGGGTGCAGTTTCT _ TGGAAGGTACCGGCG SAGAAGTCRC AGAAACTGCA CCCACA [aCGIAGAGTC [Ci/Gi
CG11391 'R :GTAGAGACTGGCGATTGTTTTGTG |[TTGGCCTACGGTTGCTTG GTTGACGGCGTGAAA YGGAGTTCCG TTGAACAAGC AACCGT |aCTaGAGTCG [TI/CI
CG11407 R TCCGATGGACAGATGTGG TGATCGCAAGATCTGGAGC CAGATGTGGGTCAAAGTAG|YATTCCAATT GGTCTCCGCT CCAGAT ~ [eCTgATCATG [T1/Cl
CG15883 (R AAATTACGAGGCGATAGTTCCG  |GACACGTGCGACTATCCATACCT |GCCCTTAAAATAACACTG KAGAATCAGG TATGGATAGT CGCACG  [aGTcAGATCA T1/G1
CGI7186 F ATGCGGAGGAAACACGATAC ATTCATTCGGCATCAACTGG TTTGCACAACCTCAAT TTGYGCCTGG CTTTITGCTT GCATCTTG [cTTTGCTaGCT [T4/C2
"Tndicates whether the Forward (F) or Reverse (R) primer was bi

Sequence immediately following the 3" end of the Pyro primer. Sites used to differentiate the two alleles are indicated with TUPAC ambiguity codes.

Order of nucleotides added to P ing reaction. Lowercase bases are not expected to be incorporated and serve as controls. Peak heights resulting from incorporation of the bases in bold were
used to calculate relative allelic expression.

Figure 4.25: Number of genes suitable for quantifying allele-specific expression in each genotype.
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Table S4. Number of genes suitable for quantifying total expression in each genotype.

Dataset # genes > 20 reads
Parental genotypes

D. melanogaster zhr! 8928
D. melanogaster zhr? 8924
D. melanogaster z30 9239
D. simulans Tsimbazaza® 9262
D. simulans Tsimbazaza* 9254
D. sechellia droSec1 8981
F; hybrids

D. melanogaster zhr X D. melanogaster z30 9223
D. melanogaster zZ30 X D. melanogaster zhr 9050
D. simulans Tsimbazaza X D. sechellia droSec1 8541
D. sechellia droSec1 X D. simulans Tsimbazaza 8546
D. melanogaster zhr X D. simulans Tsimbazaza 9314
D. simulans Tsimbazaza X D. melanogaster zhr 9239

Mixed parental samples

D. melanogaster zhr and D. melanogaster z30 8700
D. simulans Tsimbazaza and D. sechellia droSec1 8703
D. melanogaster zhr and D. simulans Tsimbazaza 8594
All samples 7660

‘when compared to z30
2when compared to D. simulans
3when compared to D. sechellia
“when compared to zhr

Figure 4.26: Accuracy of mapping maternally inherited mitochondrial alleles in interspecific F1
hybrids
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Table S5. Number of genes suitable for quantifying allele-specific expression in each genotype.
Comparison # with <10% mapping # (A1+A2) >20 #in aII.three per #in a”. # "imprinted" Final number
to wrong allele comparison comparisons
mel-mel
parents vs hybrid 1 6170
parents vs hybrid 2 6064
hybrid 1 vs hybrid 2 6149 6
parents 12433 6028 5042 5036
sim-sech
parents vs hybrid 1 7407
parents vs hybrid 2 7430
hybrid 1 vs hybrid 2 7345 0
parents 12326 7303 5042 5036
mel-sim
parents vs hybrid 1 8454
parents vs hybrid 2 8367
hybrid 1 vs hybrid 2 8757 1
parents 13279 8334 5042 5036

Figure 4.27: Criteria for assigning genes to

regulatory evolution classes.
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Table S6. Criteria for assigning genes to regulatory evolution classes.

Classification Fisher exact test' [Binomial exact test? Fisher exact test | Additional criteria
conserved P1=P2 Al=A2 P1/P2=A1/A2 (N/A

allcis  P1#P2  A1#A2  [PI/P2=Al/A2 INA

all trans P1#P2 Al=A2 P1/P2 £A1/A2 N/A

cisttrans P1 #P2 Al £A2 P1/P2 £A1/A2  [log2(P1/P2)/log2(A1/A2) > 1
cisXtrans P1 #P2 Al £A2 P1/P2 £A1/A2  {log2(P1/P2)/log2(A1/A2) <1
compensatory {P1=P2 Al £A2 P1/P2 #A1/A2 N/A

ambiguous P1#P2 Al=A2 P1/P2=A1/A2 N/A

ambiguous P1=P2 Al #A2 P1/P2=A1/A2 N/A

ambiguous P1=P2 Al=A2 P1/P2 #A1/A2 (N/A

'Compares expression between parental genotype 1 (P1) and parental genotype 2 (P2).

|2)Compares expression between allele 1 (A1) and allele 2 (A2) in F, hybrids.

Figure 4.28: Pyrosequencing assays for quantification of allelic expression ratios.



CHAPTER V

Sex- and tissue-specific differences in gene regulation
between Drosophila pseudoobscura and its closely-related
subspecies D. p. bogotana

5.1 Abstract

Gene expression is regulated by a complex interplay between cis-regulatory se-
quences and trans-acting factors. This process not only determines overall levels of
gene expression, but is also responsible for governing gene expression patterns that
result in tissue differentiation. To date, several studies in Drosophila have shown
various properties of regulatory divergence both within and between species, but
much of this work is restricted to whole fly tissues. Furthermore, most of these
studies have used females so that cis-regulatory divergence could be assessed on the
X-chromosome. Here we measure total and allele-specific gene expression between
D. pseudoobscura and its closely-related subspecies D. p. bogotana for female and
male carcass and gonad tissues. Studying regulatory divergence in female and male
carcass and gonad tissues is revealing not only for sex-specific differences but also
for tissue-specific differences. Because of their incipient speciation, these differences

are particularly relevant for gonad tissues whose gene expression patterns may drive
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Stevenson, K.R., Nyberg, K.G., Coolon, J.D., Machado, C.A., Wittkopp, P.J. Sex- and tissue-specific differences in
gene regulation between Drosophila pseudoobscura and its closely-related subspecies D. p. bogotana, in prep
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hybrid incompatibilities. Overall we find extensive differences in inheritance pat-
terns and regulatory divergence between sexes and tissues. We also find that gene
expression diverges more quickly for sex-biased genes, although the strength of this
divergence is highly dependent on the tissue type. This work illustrates how mea-
sures of regulatory divergence using whole flies can mask complexity in individual

tissues.

5.2 Introduction

Understanding differences in gene expression and the regulatory mechanisms gov-
erning them is essential in studying the emergence of phenotypic variation both
within and between species. Gene expression at the level of transcription is regu-
lated by trans-acting factors and the cis-regulatory sequences to which they bind. cis-
and trans-acting changes affecting gene expression can be elucidated by comparing
gene expression in parental samples and their F1 hybrids in which trans-regulatory
variation is controlled by the presence of both parental alleles (Cowles et al., 2002).
Differences in allele-specific expression in F1 hybrids indicate cis-regulation of a gene,
whereas differences in gene expression between parental samples not present in F1
hybrids indicate trans-regulation of a gene (Wittkopp et al., 2004). Recently, many
studies have expanded these inferences to include all expressed genes using a tech-
nique known as RNA-seq, which has allowed genome-wide patterns of regulatory
divergence to be identified (Wilhelm et al., 2008; Graze et al., 2009; McManus et al.,
2010; Coolon et al., 2012; Graze et al., 2012; Coolon et al., 2014).

Differences in the regulation of gene expression are responsible not only for pheno-
typic diversity between species but also for the differentiation of tissue types within

an organism. Although inheritance patterns of gene expression and regulatory di-
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vergence have been studied extensively in Drosophila, much of this work measured
gene expression from whole fly samples. While gene expression divergence has been
studied in different tissues in Drosophila (Assis et al., 2012), the regulation of gene
expression across different tissues remains poorly understood. Additionally, female
samples have been the primary focus of this work because the presence of both
parental copies of the X-chromosome allows regulatory divergence to be assessed for
X-linked genes. Thus our understanding of how genes are regulated differentially in
females and males remains is lacking.

As one of the classical species of Drosophila studied by Theodosius Dobzhan-
sky, D. pseudoobscura is an ideal model organism in which to study gene expression
(Dobzhansky, 1936). Dobzhansky also discovered a subspecies of D. pseudoobscura
in the highlands of Bogota, Columbia, which he named D. p. bogotana. Because of
its distal and very high location, it is geographically isolated from the nearest pop-
ulation of D. pseudoobscura (Ayala and Dobzhansky, 1974). These species diverged
80,000-230,000 years ago (Schaeffer and Miller, 1991; Jenkins et al., 1996; Wang
et al., 1997; Alvarez et al., 2002), which represents an intermediate divergence time
point to two pairs previously reported in a study of regulatory divergence within and
between species of Drosophila (Coolon et al., 2014). Despite this divergence and lit-
tle or no gene flow between these species (Powell, 1983; Wang and Hey, 1996; Wang
et al., 1997; Machado et al., 2002; Machado and Hey, 2003), they can interbreed
and produce viable F1 hybrids, although D. p. bogotana females crossed with D.
pseudoobscura males produces sterile F1 hybrid males (Prakash, 1972). This hybrid
incompatibility, when taken together with almost no evidence of gene flow and ge-
ographic isolation from the most closely related species D. pseudoobscura, suggests

that these species may be in the process of speciation.
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In the work presented here, we expand on previous studies by inferring both the
mode of gene expression inheritance as well as gene regulatory mechanisms between
D. pseudoobscura and the closely-related subspecies D. p. bogotana. This inference is
drawn not only for females and males of these species, but also for sex-specific carcass
and gonad samples, allowing us to test sex- and tissue-specific differences in gene
expression variation. We find an enrichment of trans-regulation in carcass samples
compared to gonads, which is consistent with previous work in comparable whole fly
tissues (McManus et al., 2010; Suvorov et al., 2013; Coolon et al., 2014). We also
measured total and cis-regulatory gene expression divergence to determine whether
or not expression of X-linked genes is diverging faster than autosomal genes, known
as the faster-X effect (Charlesworth et al., 1987). While we found no evidence of
this, the neo-X chromosome in male carcass samples showed lower than expected gene
expression divergence, and sex-biased genes showed elevated levels of gene expression
divergence, consistent with previously reported results from microarray and RNA-seq
experiments (Jiang and Wong, 2009; Assis et al., 2012). These data show important
differences between sexes and tissue types, and illustrate the extent to which whole
body experiments can mask the complexity of gene expression variation present in

different tissues.

5.3 Results and Discussion

5.3.1 Measuring Drosophila pseudoobscura and D. p. bogotana sex- and tissue-specific gene
expression

To study the effects that both different sexes and tissue types have on inferences
of regulatory divergence, we sequenced poly(A)-selected RNA from female and male
carcass and gonad tissues for parental species D. pseudoobscura (TL) and D. p.

bogotana (Torol) and their F1 hybrids resulting from crossing TL femalesxTorol
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males (H6) (see Materials and Methods). We also sequenced genomic DNA from
the parental TL and Torol strains, identified single nucleotide variants and inser-
tions/deletions (indels) relative to the reference genome of D. pseudoobscura (Fly-
Base), and incorporated them into this genome to create TL- and Torol-specific
genomes (Figure 5.1; see Materials and Methods).

Annotated exons from the sequenced strain of D. pseudoobscura were then ex-
tracted from the TL- and Torol-specific genomes and aligned, resulting in 137,784
coding-sequence differences between these species, or roughly 0.6% coding sequence
divergence. This level of sequence divergence is intermediate to within and between
species data previously reported, making it possible to distinguish between the TL
and Torol alleles (Coolon et al., 2014). gDNA realigned to these species-specific ex-
omes showed high levels of mapping to the correct species (Figure 5.7), and levels of
sequence divergence were also consistent between chromosomes (Figure 5.8A). These
exomes were then used to quantify total and allele-specific gene expression from the
RNA-seq data using methods previously outlined (Coolon et al., 2012, 2014) as well

as those described in the Materials and Methods.

5.3.2 Inheritance patterns for gene expression are most similar within male tissues
but differ significantly between sexes and tissue types

To assess the level to which the inheritance of gene expression differed between
sexes and tissue types, estimates of total expression from parents and F1 hybrids
were used to categorize genes into five mode of inheritance classes: similar (consis-
tent expression between parents and F1 hybrids), dominant (F1 hybrid expression
more closely resembling TL or Torol expression), additive (F1 hybrid expression
intermediate to both parental levels of expression), overdominant (F1 hybrid expres-

sion greater than both parental levels of expression), and underdominant (F1 hybrid
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expression less than both parental levels of expression) (Figure 5.2). We used 1.25-
fold differences in total expression as a threshold to determine these classes (Gibson
et al., 2004) (see Materials and Methods).

To determine the degree of similarity between this categorization and sex-by-tissue
type, Cramers V was calculated comparing female and male carcass (Figure 5.2A B),
female carcass and ovaries (Figure 5.2A C), male carcass and testes (Figure 5.2B,D),
and ovaries and testes (Figure 5.2C,D). Bound between [0,1], high levels of Cramers
V indicate greater differences between samples. While G-tests rejected the indistin-
guishability of these relationships at a high level of statistical significance, likely due
to large sample sizes in the contingency tables (p-value <2.2e-16), comparing female
carcass to ovaries showed the most striking differences (V = 0.62), while male carcass
and testes were the most similar (V= 0.10). Between-sex comparisons for carcass
and gonad tissues showed intermediate levels of similarity, reflecting sex-specific dif-
ferences in gene expression inheritance (V = 0.37 and 0.31 for carcass and gonads,
respectively). These results show that inferences of the patterns of inheritance for
gene expression are moderately different in sex-specific carcass and gonad tissues,
least different between male carcass and testes, and most different between female

carcass and ovaries.

5.3.3 Carcass tissues are enriched for genes regulated only in trans, while gonads are
enriched for genes regulated only in cis

Differences in gene expression are caused by cis- or trans-acting changes, or a
combination of both. To determine the extent that differences in gene regulation
can be explained by sex and tissue type, estimates of allele-specific expression were
used to categorize each gene into five types of regulatory change impacting their

expression: cis, trans, cis&trans, conserved, and ambiguous (Figure 5.3). These
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differences were determined by a series of hierarchical binomial and Fishers exact
tests as previously outlined (McManus et al., 2010; Coolon et al., 2012, 2014) and
described in Materials and Methods.

As was the case for the mode of inheritance, the strength of the association be-
tween sex or tissue type and the different classes of regulatory divergence was deter-
mined using Cramers V. Unlike mode of inheritance, regulatory divergence catego-
rization seems to be more similar between sexes (V = 0.12 and 0.15 when comparing
sexes across carcass and gonads, respectively). However, within each sex, the type
of tissue had a larger effect on the regulatory divergence classification (V = 0.33 and
0.28 when comparing tissues across females and males, respectively). Like mode of
inheritance, the indistinguishability of these tested relationships was rejected at a
high level of statistical significance, indicating the clearest differences between tissue
types (G-test; p-values <2.2e-16).

Interestingly, the proportion of genes experiencing trans-acting changes at the level
of gene expression were enriched in female and male carcass samples, which could
in part be attributable to the presence of morphological differences between tissues
of the parents that cannot be observed in F1 hybrids (McManus et al 2010). This
might also explain the relative depletion of such genes in the gonad samples, where
regulatory divergence is dominated by cis-acting changes. This is also consistent
with higher levels of sequence divergence in gonad-specific genes relative to other
genes (Figure 5.8B; (Assis et al., 2012)).

Genes with additive gene expression inheritance have been previously shown to
have increased percentages of total regulatory divergence explained by cis-acting
changes (%cis; (Lemos et al., 2008; McManus et al., 2010)), although this pattern

does not always seem to hold (Coolon et al., 2014). This relationship arises because
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of the assumption that each parental allele is independently expressed, contributing
equally to total levels of expression in F1 hybrids. We observed this expected rela-
tionship in gonad tissues (Wilcoxon rank sum test: p-value = 1.11e-13 and 5.68e-23
for ovaries and testes, respectively) (Figure 5.4C,D) but not in carcass tissues (Figure
5.4A B), although the distributions of %cis among additive and non-additive gene
expression inheritance were significantly different in female but not male carcass

tissues (Wilcoxon rank sum test: p-value = 1.85e-34 and 0.09, respectively).

5.3.4 No faster-X effect, but sex-biased genes show increased levels of gene expression
divergence

To determine whether or not the expression of X-linked genes evolves more quickly
than autosomal genes (faster-X effect) in a sex- and/or sexXtissue-specific manner,
total expression divergence was calculated between both alleles in parents for female
and male carcass, ovaries, and testes (Figure 5.9; see Materials and Methods). Over-
all, there appears to be no faster-X effect for total expression divergence, which is
consistent with findings from Meisel et al., who observed this phenomenon in head
samples but not when measuring gene expression in the whole fly (Meisel et al.,
2012). Because the D. pseudoobscura lineage has acquired a neo-X chromosome that
is ancestrally an autosome, we measured expression divergence on this chromosome
but found no significant faster-X effect, which is also consistent with previously re-
ported findings (Meisel et al., 2012). On average, male samples for both tissues
showed higher levels of total expression divergence, which is consistent with previous
work (Jiang and Wong, 2009), while neo-X-linked genes in male carcass showed less
divergence than expected. This slower-X effect disappears in testes, but we cannot
rule out this slower-X effect in other tissues of the carcass, and because it does not

occur in gonads, it may not be biologically relevant. Because we measured allele-
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specific expression in female carcass and ovaries of F1 hybrids, we can also look at
the level of expression divergence being driven by cis-regulation for X-linked genes
in female samples (Figure 5.10). While showing overall less expression divergence,
there appears to be no significant expression divergence in cis for female carcass and
ovary samples.

To test for differences in gene expression divergence between sex-biased genes, we
separated genes showing at least a two-fold difference between sexes in both carcass
and gonad tissues (see Materials and Methods). Sex-biased genes in carcass sam-
ples showed almost no faster-X effect compared to non-biased genes (Figure 5.5).
However, sex-biased genes did show greater total expression divergence in female
carcass samples compared to those in males (Figure 5.5A B). While ovaries showed
no differences in expression divergence between sex-biased and non sex-biased genes,
testes showed greater total expression divergence for female-biased genes compared
to male-biased and non sex-biased genes (Figure 5.5C,D). This is consistent with
previous work showing that sex-biased genes have elevated levels of expression diver-
gence in the opposite sex (Jiang and Machado 2009). As above, we also measured
cis-regulatory expression divergence to determine its contribution to total expres-
sion divergence (Figure 5.6). Specifically, for the pattern of increased divergence
in female-biased genes in testes, it appears that this signal is not being driven by
cis-regulation (Figure 5.6B). In all cases, significant differences in expression di-
vergence between sex-biased and non sex-biased genes were determined based on
non-overlapping intervals defined by bootstrapped 2.5 and 97.5"" percentiles (see

Materials and Methods).
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5.4 Conclusions

In summary, this work shows that patterns of inheritance for gene expression as
well as regulatory divergence differ between sexes and across tissues. Interestingly, we
observed the most striking differences in female carcass samples, which are similar to
female whole body samples except lacking reproductive tissue. Female whole flies are
among the most popular sex and tissue types in gene expression studies of Drosophila,
largely due to it being an easy tissue to collect and the fact that females have both
allelic copies of X-linked genes, which allows for their regulatory divergence to be
classified.

We found an enrichment of trans-regulation in carcass compared to gonad tissues
between these species. This observation has previously been reported in a study
of gene regulation between species using whole fly tissues (McManus et al., 2010).
Although the species studied here are outwardly morphologically indistinguishable,
this signal is likely caused by differences in tissue sizes or the incomplete removal of
gonad tissues from the carcass. More studies are needed that measure total and allele-
specific gene expression in additional tissues such as heads, accessory glands, and fat
bodies so their individual contributions to regulatory divergence can be ascertained.

We did not observe strong differences in gene expression divergence between X-
linked and autosomal genes, as has been previously reported but for more divergent
species (Meisel et al., 2012). We did however find increased gene expression diver-
gence for sex-biased genes, which showed the expression of female-biased genes to be
more divergent than male- and non-biased genes in testes.

Additionally, these species could be used to determine the relative contribution

of cis- and trans-acting changes to the process of speciation, which is not well un-
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derstood. These species are ideal to study the speciation process due to their lack
of gene flow and postzygotic reproductive isolation, and further work may help to
reveal the gene regulatory basis of their hybrid incompatibility. Interestingly, we
found 75 genes expressed in testes that showed misexpression consistent with ge-
nomic imprinting between F1 hybrids of reciprocal crosses, although, of the 51 that
had clear D. melanogaster orthologs, 22 were annotated on chromosomes X and 3L
in D. melanogaster, which are the X and neo-X chromosomes in D. pseudoobscura,
respectively. Such genes would necessarily show patterns of genomic imprinting be-
cause of hemizygosity of X-linked genes in males. Also, because D. melanogaster are
not known to imprint their genomes (Coolon et al., 2012), the remaining 29 genes are
difficult to interpret and show no relevant molecular functions or biological processes
involved in reproduction. This set also did not include the known hybrid sterility
locus Overdrive on the neo-X chromosome, which is necessary, but not sufficient, for
F1 hybrid male sterility and segregation distortion (Phadnis and Orr, 2009). We
could not assess the likelihood of this gene being imprinted because it is hemizygous
in males, and it was not expressed in female samples. Total expression of Overdrive
in testes was consistent with both cis- and trans-acting changes, as well as dominant
gene expression inheritance favoring the D. p. bogotana maternal allele in the H5
hybrid direction, which produces sterile males. More work is needed to discern the

gene regulatory basis of hybrid incompatibilities involved in speciation.

5.5 Materials and Methods

5.5.1 Fly strains, rearing, and collections

Reciprocal hybrid crosses were set up between inbred lines of Drosophila pseu-
doobscura (TL) and D. p. bogotana (Torol). TL was inbred five generations from

stock #14011-0121.38 with the TreeLine inversion from the Drosophila Species Stock
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Center at the University of California, San Diego. Inbreeding of Torol was previ-
ously described (Machado et al. 2002). In all analyses, H5 refers to hybrid progeny
of D. pseudoobscura males and D. p. bogotana females; H6 refers to hybrid progeny
of D. pseudoobscura females and D. p. bogotana males. Parental and hybrid crosses
were kept in incubators at 20°Con a cornmeal-molasses-yeast medium. Ten virgin
individuals for each line (TL, Torol, H5, H6) were aged seven days, and ovaries and
testes (without male accessory glands) were isolated from carcasses in 1xPBS and
frozen in liquid nitrogen.Frozen tissue was then ground with a pestle, and total RNA
was extracted using standard Trizol protocols (Life Tech #15596-026) and cleaned

via ethanol precipitation.

5.5.2 Library preparation and Illumina sequencing

Total RNA was quantified fluorometrically using a Bio-Rad Experion RNA Std-
Sens kit (Bio-Rad #700-7103) and subsequently used (200ng/sample) to construct
poly(A) RNA-Seq libraries using the TruSeq RNA Sample Prep Kit v2 (Illumina
#RS-122-2001). Libraries were multiplexed four per lane on an Illumina HiSeq1000
to generate 101-base paired-end reads. Sequencing was performed at the University

of Marylands Institute for Bioscience and Biotechnology Research Sequencing Core.

5.5.3 Building parental exomes from D. pseudoobscura and D. p. bogotana gDNA

To determine homozygous genotypes in the TL (D. pseudoobscura) and Torol
(D. p. bogotana) inbred lines, gDNA from each line was independently aligned to
the latest build of the D. pseudoobscura reference genome (dpse-all-chromosome-
r3.1; FlyBase) using Bowtie 2 ((Langmead and Salzberg, 2012); see Supplemental
Methods). Even though the gDNA sequencing effort of Torol represented paired-

end reads, mates were concatenated to represent a list of single-end reads to match
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the sequencing effort of TL gDNA. Reads that failed to align were trimmed in three
iterations, removing 13 bases from the 3 end in an effort to rescue error-prone reads or
those with low-quality ends, and the alignment results from each trimming iterative
were combined to form the set of all aligned reads. To avoid possible amplification
bias, PCR duplicates were removed using SAMtools (Li et al., 2009).

After formatting the alignment files using Picard (http://picard.sourceforge.net/),
we applied the HaplotypeCaller walker from the Genome Analysis Toolkit (GATK;
(McKenna et al., 2010)) for base quality score recalibration and local realignment
of insertions and deletions (indels) to detect SNPs and indels. Although it is rec-
ommended to recalibrate base quality scores based on a set of known polymorphic
sites, such a database does not exist for D. pseudoobscura, so instead high-quality
SNPs and indels were chosen using standard hard filtering parameters (see Supple-
mental Methods) on which base quality scores were recalibrated. This process was
repeated for three iterations, upon which the mean and accuracy of quality scores
converged and a final set of variants was called based on the GATK Best Practices
recommendations (DePristo et al., 2011; Auwera et al., 2013).

After homozygous SNPs and indels were called for the TL and Torol inbred lines,
their genomic coordinates were converted into coordinates corresponding to a list of
annotated exons (FlyBase) and were incorporated into the D. pseudoobscura refer-
ence exome using custom Perl scripts, masking heterozygous sites (convertVCF.pl
and vef2fasta.pl, respectively). Each newly-made TL and Torol exon was then pair-
wise aligned using Fast Statistical Alignment (FSA; (Bradley et al., 2009)) to find
sequence gaps between these lines, which were also masked. These alignments al-
lowed for the identification of 137,784 coding sites that differentiate the TL and Torol

alleles, or roughly 3 differentiating sites per 500 coding bases (137,784 / 23,988,953).
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5.5.4 Quantifying total and allele-specific gene expression

To determine levels of total and allele-specific gene expression in each sample,
both mates from the set of paired-end reads from each sample were independently
aligned to the TL- and Torol-specific exome using Bowtie ((Langmead et al., 2009);
see Supplemental Methods). For mates that failed to align uniquely and/or had at
least one mismatch against both exomes, 13 bases were trimmed off the 3 end of each
mate, and this process was repeated four times (get_trim reads.pl). Upon combining
the separately aligned mates after the iterative trimming, each sample would have
four sets of alignments: first mates that aligned to TL, first mates that aligned to
Torol, second mates that aligned to TL, and second mates that aligned to Torol.
Combining mates created 16 different outcomes for each read, which were parsed to
assign each read to the TL or the Torol allele if a read aligned uniquely to one but
not the other allele. In the event that each read aligned equally well to both alleles,
a read was assigned to a separate category called both which, when summed with
the allele-specific counts, represents the total level of expression. Mate pairs that
spanned multiple exons were only counted once for overall levels of gene expression,
as were mate pairs that aligned within a single exon. These classifications were
performed using custom shell and Perl scripts (characterize.sh and classify.pl).

Using the same logic, individual parental gDNA samples were subjected to the
same pipeline and levels of total and allelic abundance were estimated. As expected,
nearly all genes in each individual sample showed very low counts of sequence reads
mismapping to the other species (Figure 5.7). We generated a reliable set of genes
from the set of 16,756 annotated genes (FlyBase) from which to measure expression
by the following criteria: (1) at least 20 allele-specific reads mapped when combining

parental gDNA samples (pruning the list down to 13,695 genes), and (2) at least 99%



147

of all mapped reads to a gene were to the correct species (further pruning the list to
11,829 genes). This also allowed us to control for imperfect mappability within and

between these species exomes (Stevenson et al 2013).

5.5.5 Normalizing total and allele-specific read counts across samples

Because samples are sequenced to different depths and can have different numbers
of total mapped reads, we downsampled all samples to that with the lowest number
of mapped reads. In this case, it happened to be the male carcass tissue of F1 hybrids
as a result of crossing Torol females to TL males (H5), where we successfully mapped
16,909,573 sequence reads. The reduction as a percentage of the total mapped reads
ranged from 7.6% to 52% across all samples. To normalize each sample to the one
with the fewest total mapped reads, a random draw from Fishers central multivariate
hypergeometric distribution was taken from the number of reads matching the TL
and Torol alleles, as well as those mapping equally well to both, for each of the 16,524
genes with annotated exons. This is analogous to drawing a subset of marbles from
an urn, where each marble is one of 49,572 (16,524 x3) different colors, and then
counting the number of marbles matching each of these colors. This strategy was
implemented using a modified version of the R package BiasedUrn (CRAN) and is
similar to that used in Coolon et al. (2014).

After equalizing the total mapped read counts across all samples, because of
differing expression levels between samples, there could be different levels of allele-
specific expression for any particular gene across samples. To normalize this gene-
specific effect, TreeLine and Torol parents and each individual F1 hybrid sample
made from reciprocal crosses were downsampled separately for each sex- and tissue-
specific sample. For example, to look at allele-specific expression in the ovary after

crossing TL females with Torol males, the minimum number of allele-specific reads
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was found for each gene across the TL and Torol ovary samples, as well as that of
the H6 ovary. To normalize allele-specific counts within this comparison, a random
draw from the hypergeometric distribution was taken from the minimum number
of allele-specific reads from each gene across these three samples. This process was
repeated for each sex- and tissue-specific comparison and is also similar to that used
in Coolon et al. (Coolon et al., 2014). In addition, the F1 hybrids from reciprocal
crosses were also normalized in the same manner for female and male carcass and

gonad tissues.

5.5.6 Mode of inheritance and regulatory divergence classification

To determine the mode by which each genes level of expression is inherited for
each sample, the normalized total expression values for parents and their F'1 hybrids
were compared using the logic outlined in Gibson et al. (Gibson et al., 2004). Genes
were said to be expressed if the sum of the both parents and the hybrid levels
of expression met or exceeded 20 sequence reads. The cutoff to claim expression
differences between parents and hybrids was 1.25-fold. Genes with no expression
differences when comparing each parent to their F1 hybrids were classified as similar.
Genes whose F1 hybrid expression levels were similar to one parent but not the other
were said to be dominant with respect to the similar parent. Genes whose F1 hybrid
expression levels were different from each parent and intermediate between parents
were classified as additive, while those with F1 hybrid expression levels greater than
that in both parents or less than that in both parents were classified as over-dominant
and under-dominant, respectively.

To characterize the manner in which each genes level of expression is regulated,
the normalized allele-specific expression values for parents and their F'1 hybrids were

compared using a series of hierarchical exact tests. Genes were considered for this
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test if the sum of both alleles in parents and hybrids separately met or exceeded
20 sequence reads. Allele-specific differences between parents as well as between
both alleles in F1 hybrids were determined using binomial exact tests, correcting
for multiple comparisons by controlling the false discovery rate (FDR; (Benjamini
and Hochberg, 1995)) to 5%. Fishers exact test was used to determine allelic differ-
ences in expression between parents and hybrids, also controlling the FDR to 5%.
Because each parental allele experiences the same set of trans-acting factors in F1
hybrids, differences in allele-specific expression indicate cis-regulation, assuming that
the parental alleles are also differentially expressed. This regulation occurs solely in
cis when the parental and F1 hybrid allelic abundances are statistically similar. In
contrast, equal allelic expression in F'1 hybrids coupled with differences in expression
of parental alleles indicate trans-regulation. This regulation occurs solely in trans
when the parental and F1 hybrid allelic abundances are statistically different. These
two types of gene regulation can also co-occur. Genes with conserved regulation oc-
cur when expression of the parental alleles and those in the F1 hybrid are all similar.
Results of these tests with no clear biological interpretation of the significance tests
are ambiguously regulated. G-tests and Cramers V were calculated using R 3.0.2

using the packages Deducer and Isr, respectively.

5.5.7 Determining sex-biased and sex tissue-specific genes

Genes that showed a two-fold or greater total expression (parent 1 + parent
2 + hybrid) difference between sexes were classified as sex-biased, and this was
determined separately for carcass and gonad samples. Testis- and ovary-specific
genes were classified as those not expressed in both testes and ovaries, with an

additional filter removing genes in their respective sex-specific carcass tissues.
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5.5.8 Total and cis-regulatory expression divergence

To determine the percentage of total regulatory divergence attributable to cis-
regulatory changes (%cis), we calculated the relative contributions of both cis- and
trans-regulation to total expression divergence. Total expression divergence was mea-
sured as log, (parental allele 1) /(parental allele 2) for the parental samples, while cis-
regulatory expression divergence was measured as log,(parental allele 1)/(parental
allele 2) in F1 hybrid samples. Because total expression divergence represents the
sum of the respective cis- and trans-regulatory components, trans-regulatory expres-
sion divergence was calculated by subtracting the cis-regulatory component from
total expression divergence. It then follows that %cis = % x 100.

To calculate total- and cis-regulatory expression divergence across all expressed
genes within a sample, we used Spearmans p comparing alleles in the parental samples
and F1 hybrids, respectively. Bootstrapped confidence intervals for estimates of
p were obtained by sampling the same number of genes with replacement 10,000
times, calculating p each time and using the 2.5"* and 97.5"* percentiles from this

distribution. As a representation of expression divergence, measures of 1 — p are

reported.

5.6 Supplemental Methods

GATK hard filtering parameters:

(1) SNPs filterExpression QD < 2.0 || FS > 60.0 || MQ < 40.0 ||
HaplotypeScore > 13.0 || MappingQualityRankSum < -12.5 ||
ReadPosRankSum < -8.0”

(2) indels —filterExpression "QD < 2.0 || F'S > 200.0 || ReadPosRankSum < -20.0”
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Bowtie2 parameters for gDNA-seq alignments:

bowtie2 -f -p 12 —very-sensitive

Bowtie parameters for RNA-seq aligmnets:

bowtie -q -p 12 -v 0 -m 1
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Figure 5.1: Experimental design. D. pseudobscura females were crossed to D. p. bogotana males,
producing fertile female and male F1 hybrid offspring. gDNA was sequenced from parental samples
for building species-specific genomes, and RNA was sequenced from female and male carcass and
gonad tissues from parental samples as well as F1 hybrids. Photos of D. pseudobscura were taken
from FlyBase (provided by Nicolas Gompel), and drawings of female and male reproductive tissue
were also taken from FlyBase (Patterson 1943).
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Figure 5.2: Mode of inheritance differs between sexes and tissues. Mode of inheritance classes were
determined for female carcass (A), male carcass (B), ovaries (C), and testes (D). The inset pie
charts show the different classes relative contribution to mode of inheritance.
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Figure 5.3: Regulatory divergence classification differs between sexes and tissues. Regulatory di-
vergence classes were determined for female carcass (A), male carcass (B), ovaries (C), and testes
(D). The inset pie charts show the different classes relative contribution to regulatory divergence.



155

female male

carcass
0 20 40 60 80 1

% cis
N
o

gonads
0 % % © ® 10

addlitive non-acljditive addl:tive non-a(liditive

Figure 5.4: %cis for additively and non-additively inherited gene expression consistent with expec-
tation in gonad but not carcass tissue. Violin plots showing distributions of %cis for genes with
additive and non-additive gene expression inheritance for female carcass (A), male carcass (B),
ovaries (C), and testes (D).
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Figure 5.5: X-linked and autosomal female-biased genes show higher total expression divergence
than male-biased and non biased genes in testes. Estimates of total expression divergence for female
carcass (A), male carcass (B), ovaries (C), and testes (D). Male-biased (blue), female-biased (pink),
and non-biased genes were determined using 2-fold differences in male vs. female total expression
in respective tissues. Dots represent overall estimates of total expression divergence as measured by
1-Spearman’s p, and whiskers represent bootstrapped 2.5t and 97.5"" percentiles. Non-overlapping

intervals indicate statistical significance at o = 5%.
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Figure 5.6: Male-biased autosomal genes show elevated gene expression divergence driven by cis
in carcass samples but not gonads. Estimates of cis-regulatory expression divergence for female
carcass (A) and ovaries (B). Male-biased (blue), female-biased (pink), and non-biased genes were
determined using 2-fold differences in male vs. female total expression in respective tissues. Dots
represent overall estimates of cis-regulatory expression divergence as measured by 1-Spearman’s
p, and whiskers represent bootstrapped 2.5 and 97.5'" percentiles. Non-overlapping intervals
indicate statistical significance at o = 5%.
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Figure 5.7: D. pseudoobscura and D. p. bogotana gDNA mismapping rates are very low across
chromosomes. Genes were arranged according to their chromosomal locations and the proportion
of reads mismapping to the other species was plotted. Genome-wide levels of sequence divergence,
measured as the percent of coding bases that could differentiate these species in each gene, were
also plotted along each chromosome. Loess lines fitting this data are plotted in red.
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Figure 5.8: Testis- and ovary-specific genes show slightly higher levels of sequence divergence. The
distribution of sequence divergence estimates separated by chromosome (A) as well as for genes
expressed only in testes (blue), ovaries (pink) and all remaining genes (white) (B).
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Figure 5.9: neo-X shows slower-X effect in male carcass samples but not testes. Estimates of
total expression divergence for female carcass (A), male carcass (B), ovaries (C), and testes (D).
Dots represent overall estimates of total expression divergence as measured by 1-Spearman’s p,
and whiskers represent bootstrapped 2.5 and 97.5"" percentiles. Autosomal-wide total expression
divergence is plotted as a red solid line, and its percentiles as red dashed lines. Non-overlapping
intervals indicate statistical significance at o = 5%.
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Figure 5.10: No elevated cis-regulatory expression divergence on X chromosomes in female samples.
Estimates of cis-regulatory expression divergence for female carcass (A) and ovaries (B). Dots
represent overall estimates of cis-regulatory expression divergence as measured by 1-Spearmans p,
and whiskers represent bootstrapped 2.5 and 97.5"" percentiles. Autosomal-wide cis-regulatory
expression divergence is plotted as a red solid line, and its percentiles as red dashed lines. Non-
overlapping intervals indicate statistical significance at o = 5%.



CHAPTER VI

Discussion

6.1 Dissertation summary

As T have shown in my dissertation, the regulation of gene expression is an impor-
tant aspect of biology to study, as it is one of the main drivers of phenotypic diversity
and biological complexity. Since gene expression is known to vary considerably both
within and between species, deciphering the cis- and trans-regulatory mechanisms
behind these differences can answer questions about how evolution has shaped gene
regulation. Species of the Drosophila lineage represent a model system in which to
study these phenomena, as many of them can interbreed to produce viable F1 hy-
brids that are typically easy to rear and mature relatively quickly. Perhaps more
importantly for the work presented here, the genomic resources for many Drosophila
species are among the best available. These resources, along with the advent of
high-throughput sequencing technologies, has enabled studies of the regulation of
gene expression to be extended from genes of interest on the order of dozens to all

expressed genes in the genome.

6.1.1 Chapter I1

The study of gene regulation across the expressed genome relies heavily on the

ability to accurately measure both total and allele-specific levels of gene expression
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from next-generation sequencing data types such as RNA-seq, an endeavor to which
I have dedicated much of my thesis work. The bioinformatic resources available
for quantifying total levels of gene expression from RNA-seq data are abundant,
whereas comparable methods to quantify allele-specific expression (ASE) currently
lag far behind. Initially, RNA-seq data known to harbor allelic variation was aligned
to a single reference genome, often very similar to one or both alleles represented in a
sample. This was shown to produce measures of ASE that were systematically biased
toward the allele closest to that represented by the reference genome. In chapter
IT, T identified a major source of this bias to be the inability to allow sufficient
mismatches in highly-polymorphic regions of the genome. Another source of bias
stemmed from the inability to uniquely map sequence reads to regions of the genome
that were either highly-repetitive (low sequence complexity) or shared substantial
sequence with other regions (paralogs or pseudogenes). This work advanced our
understanding of bioinformatic strategies to accurately quantify ASE from RNA-
seq data and granted me the confidence to pursue to do so in subsequent chapters,
answering interesting biological questions about how the regulation of gene expression

has evolved both within and between species.

6.1.2 Chapter III

These methods, even when applied correctly, are not without caveats. Because
of the extremely high-throughput nature of RNA-seq, measuring all expressed genes
simultaneously and testing for statistically-significant differences between samples
invariably poses the problem of false discovery; that is, the rate at which the null
hypothesis no difference in gene expression is incorrectly rejected is non-negligible.
A good example of this is represented by chapter III in which we putatively found

genomic imprinting in D. melanogaster, an epigenetic phenomenon whereby the ma-
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ternal or paternal allele is silenced. Although there was almost no evidence of genomic
imprinting in D. melanogaster, when I compared differential ASE profiles between
F1 hybrids resulting from reciprocally crossing two strains, I found a little over 100
genes whose ASE profiles were consistent with genomic imprinting. Upon further
inspection, using both bioinformatic and experimental techniques, these genes were
found to be clustered in the genome, and this signal was due to lowly-segregating
heterozygous deletions in the strains of D. melanogaster that were used in this study.
This cautionary tale underscores the importance of validating signals using alterna-

tive strategies, especially in the age of high-throughput genomics.

6.1.3 Chapter IV

With this in mind, in chapter IV I set out to test the hypothesis that, as species
diverge, cis-regulatory divergence explains a larger proportion of the total regulatory
divergence. I did this by characterizing regulatory divergence patterns across diver-
gence times ranging from 0.01-2.5 million years ago in one intraspecific comparison
in D. melanogaster and two interspecific comparisons between D. simulans and D.
sechellia and between D. melanogaster and D. simulans. Although this hypothesis
was confirmed, the proportion of expression divergence explained by cis-regulation
did not seem to increase linearly over time. This work represented one of the few syn-
theses of gene regulation across multiple divergence times and laid the groundwork

for studying the rate and manner in which gene regulation evolves.

6.1.4 Chapter V

Finally, knowing that gene regulation is the primary way in which tissues are
differentiated within an organisms, I hypothesized that gene regulatory patterns

differ across tissues. In the previous work presented here, I measured gene expression
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from whole fly samples that had been ground with a pestle, thereby mixing all of
the different tissue types. Such a procedure is neither possible nor defensible in
eukaryotes such as mice and human, both for ethical and practical reasons, as well
as that stated in my hypothesis. Additionally, the work presented earlier focused
only on female samples, mainly because X-linked genes in males are hemizygous,
lacking the paternal allele and precluding classification of gene regulation. In chapter
V I measured total and allele-specific gene expression in female and male carcass
and gonad tissues between D. pseudoobscura and its closely-related subspecies D. p.
bogotana, which are outside the melanogaster subgroup of Drosophila and a popular
model system to study incipient speciation. Because these species display a mild
hybrid incompatibility, gene regulation in the reproductive tissue as compared to the
remaining tissues is likely to reveal complex patterns. As I hypothesized, I found
extensive differences in patterns of both the inheritance of gene expression as well as
gene regulation. This work demonstrates that differences in gene regulation, when
integrated over all tissues as in whole fly samples, can be masked, while tissue-specific

inferences can reveal the complexity of gene regulation in an organism.

6.2 Reflections

All of the work presented in my dissertation was toward the effort of disentangling
the evolution of gene regulation in Drosophila. While I feel strongly that I accom-
plished this, there are certainly additional improvements that could be used to refine
these inferences that I would strive to implement were I to stay an additional five
years. First, for simplicity as well as lack of available bioinformatics tools, we tend
to simplify measures of allele-specific gene expression based on reads stemming from

a simplified genetic locus such as an exon or a gene. However, we know that even
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in Drosophila gene expression is regulated by alternative splicing, producing tran-
scripts that contain different exons of the same gene (reviewed in (Graveley, 2001).
For this reason, there has been a great effort to estimate the abundance of these
different transcripts, and one popular bioinformatics tool that does this is called
Cufflinks (Trapnell et al., 2010). While it is beyond the scope of this dissertation
to describe Cufflinks in detail, suffice it to say that it is one of the most popular
tools for quantifying transcript abundance, though it lacks the ability to do this in
an allele-specific manner. The ability to use sophisticated transcript abundances to
quantify ASE would represent a significant advance in the field of transcriptomics.
In the bioinformatics pipeline I developed for my dissertation, one stage consisted of
labeling each sequence read according to the allele that it most closely resembles. I
believe one could use Cufflinks in an allele-specific manner by separating sequence
reads into those that are allele-specific and consider them separately in the Cufflinks
pipeline, which would then give independent measures of allele-specific transcript
abundance. Examining gene expression at the level of allele-specific transcripts has
the potential to reveal even more complexity of gene regulation within and between
species.

One area where I lack the expertise but would enjoy seeing more emphasis placed
is allele-specific proteomics. A major critique of studies of gene expression at the level
of transcription has been the lack of correlation between changes in transcript abun-
dance and their translation into proteins (Foss et al., 2011). More recent work has
suggested that this correlation is better than previously thought and poor normal-
ization may have been responsible for the lack thereof (Albert et al., 2014; Li et al.,
2014). This technique has already been demonstrated for 643 allele-specific proteins

between Saccharomyces cerevisiae and S. bayanus analyzing liquid chromatography-
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coupled mass spectrometry data (Khan et al., 2012), but such analyses have yet
to be performed in Drosophila species. Analyses of this kind would be important
in determining whether or not the observed transcriptional regulation among genes
translates to the level of proteins.

Lastly, as genomic resources increasingly become available for different species,
I see the field of regulatory evolution expanding to study more and more divergent
species pairs. Such studies could be used to test the generalizability across different
taxa of the observed increase in the proportion of regulatory divergence attributable
to cis-regulatory changes as divergence time increases. Although such work is limited
by the ability of species pairs to form viable F1 hybrid offspring, a limit we have
practically exhausted in the melanogaster subgroup, there are other organisms that
have divergence times much greater than those in the Drosophila genus and are still
able to interbreed. The Saccharomyces genus arose between 10 and 20 million years
ago, spanning an evolutionary time an order of magnitude great than that studied
between Drosophila species (reviewed in (Hittinger, 2013). All seven of the natural
species in this genus are able to interbreed to form viable F1 hybrids, which would
provide a great system in which to study the evolution of gene regulation on an even
greater timescale.

While studying gene expression at the level of transcription provides a window
into what functions are being carried out in an organism, it is certainly not the
end of the line. After transcripts are exported from the nucleus and translated
into proteins, those enzymes proceed to carry out cellular processes that produce
metabolites, all of which contribute to an organisms physiology. In the very near
future, previously low-throughput methodologies in proteomics and metabolomics

will catch up to genomics, and new challenges of how to integrate all of these data,
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how to visualize them, how to meta-analyze them, how to interpret them, and how
to store them will be at the forefront of science. How evolutionary biology will fit
into this paradigm will be something I follow with great interest.

One of the most important lessons I have learned spending the last five years in
the field of genomics is the importance of checking, and double-checking, and cross-
validating, and then checking again all results from high-throughput analyses, all
to make sure that the findings we report are credible. It can be very tempting to
report something without such rigor, especially if that finding has not been previously
reported, but sometimes this can be for a very good reason: it may not actually be
true. Sometimes, if one searches hard enough for a signal in ones data, it is bound
to show up somewhere just by chance. In an age where the size of data increases
at an alarming rate, while the cost to generate it continues to plummet, this is an

especially important lesson to keep in mind.
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