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Using Genomic Tools to Study Regulatory Evolution
Yoav Gilad

Abstract

Differences in gene regulation are thought to play an important role in speciation and adaptation.
Comparative genomic studies of gene expression levels have identified a large number of
differentially expressed genes among species, and, in a number of cases, also pointed to
connections between interspecies differences in gene regulation and differences in ultimate
physiological or morphological phenotypes. The mechanisms underlying changes in gene
regulation are also being actively studied using comparative genomic approaches. However, the
relative importance of different regulatory mechanisms to interspecies differences in gene
expression levels is not yet well understood. In particular, it is often difficult to infer causality
between apparent differences in regulatory mechanisms and changes in gene expression levels, a
challenge that is compounded by the fact that the link between sequence variation and gene
regulation is not clear. Indeed, in certain cases, gene regulation can be conserved even when
sequences at associated regulatory elements have changed. In this chapter, | examine different
genomic approaches to the study of regulatory evolution and the underlying genetic and epigenetic
regulatory mechanismes. | try to distinguish between hypothesis-driven and exploratory studies,
and argue that the latter class of studies provides valuable information in its own right as well as
necessary context for the former. | discuss issues related to study designs and statistical analyses
of genomic studies, and review the evidence for natural selection on gene expression levels and
associated regulatory mechanisms. Most of the issues that are discussed pertain to the general
nature of multivariate genomic data, and thus are often relevant regardless of the technology that
is used to collect high-throughput genomic data (for example, microarrays or massively parallel
sequencing).
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1. What Can We Learn from Genomic-Scale Comparative Studies of Gene
Regulation?

Genomic studies of gene regulatory phenotypes are only rarely hypothesis driven. There are
exceptions, for example studies that focus on a difference in phenotypes between
populations or species (e.g., 1), and use a genome-wide approach to query regulatory
differences that might explain the observed difference in phenotypes. However, most
comparative genomic studies of gene regulation are exploratory in nature. Thus, the results
of such studies cannot typically be evaluated by the standard metric of considering whether
a question was convincingly answered or a hypothesis provided further support. In addition,
most genomic studies focus on steady-state gene regulatory phenotypes (such as steady-state
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gene expression levels or transcription factor binding) and cannot, mainly due to
technological limitations, take into account the detailed spatial and temporal dynamics of
gene regulation. It is, therefore, important to consider the following question: What can we
learn from nonhypothesis-driven comparative genomic explorations of steady-state
estimates of gene regulatory phenotypes?

Comparative genomic regulatory studies typically address three general aims. First, they
provide a general description of variation in gene expression levels, or variation in
regulatory interactions, within and between populations. In itself, such a description is often
of no particular interest. However, these descriptions allow investigators to place hypotheses
regarding individual genes as well as appreciate observations of differences in regulatory
phenotypes between individuals, or across populations and species, in the appropriate
context. For example, consider the observation that 20% of the annotated genes in the
insulin/IGF-signaling pathway are differentially expressed between human and chimpanzee
livers (10). In order to assess the significance of this observation, it needs to be interpreted
in the context of overall genome-wide variation in gene regulation between species. In other
words, genome-wide data are required to test whether the observation that 20% of genes
annotated in the insulin/IGF-signaling pathway are differentially expressed between the two
species is indeed unexpected.

The second general aim of comparative genomic investigations of gene regulation is to
understand the relative importance of changes in different regulatory mechanisms, and the
associated evolutionary pressures, which shape gene regulatory variation within and
between species. Functional studies of individual genes are often able to link specific change
in regulatory mechanism with a shift in expression levels, which may underlie physiological
or morphological phenotypic variation. In some cases, these studies are also able to obtain
evidence for the action of natural selection on gene regulation, especially when a strong
prior hypothesis exists (for example, in the case of genes related to skin pigmentation and
their associated cis regulatory elements (2)). However, while studies of single genes
illustrate the connection between regulatory evolution and phenotypic variation, only
genome-wide explorations can offer a wide enough perspective to address the more general
question of the relative importance of changes in different molecular mechanisms to the
evolution of gene regulation. Similarly, genome-wide perspective is required to study the
overall impact of natural selection on gene regulatory differences within and between
species.

The third aim of comparative genomic studies is to develop specific hypotheses for follow-
up functional experiments, which are typically too demanding to be performed on a genome-
wide scale. For example, it can be shown, based on genome-wide comparative data, that it is
entirely unexpected (by chance) that 20% of the genes annotated in the insulin/IGF-
signaling pathway would be differentially expressed between humans and chimpanzees (10).
Thus, it may be reasonable to assume that the regulation of this pathway has evolved under
directional selection in either humans or chimpanzees (or both). The insulin/IGF-signaling
pathway might, therefore, be a promising candidate for subsequent functional studies and
analysis. For example, one might choose to proceed by considering interspecies differences
in the metabolic phenotypes associated with this pathway.
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Beyond these three aims, comparative studies of gene regulation are sometimes motivated
by general hypotheses, for example when used as tools to survey possible mechanisms that
might explain genetic associations (as in the context of genetic association studies of human
diseases (3, 4)). Comparative genomic investigations of regulatory response phenotypes (for
example, a response to infection) are another class of studies driven by a general hypothesis.

2. How to Compare Gene Expression Levels Across Species?

Comparative studies of gene expression levels involve related but somewhat different
challenges than those involved in studies of the regulatory mechanisms underlying variation
in gene expression levels. In what follows, | therefore discuss these classes of studies
separately. | begin with a discussion of comparative studies of gene expression levels.

With the advent of massively parallel high-throughput sequencing technologies (“next-
generation” sequencing), inter-species comparisons of gene expression levels, while still not
straightforward, became more feasible. Prior to the availability of next-generation
sequencing technologies, genome-wide comparisons of gene expression levels relied solely
on DNA microarrays. Microarrays are still more cost-effective than sequencing for genome-
wide transcriptional profiling. Yet, with respect to inter-species comparisons, microarrays
fall short. The principal problem is that the collection of gene expression data using
microarrays relies on hybridization between the RNA samples being queried and the probes
on the arrays. Sequence mismatches between target RNA samples and the microarray probes
lead to attenuation of the hybridization intensity, and result in biased estimates of gene
expression levels (5). Interspecies comparisons of gene expression levels always involve the
hybridization of RNA samples with different sequences. The use of commonly available
commercial microarrays, each designed based on the sequence information of only one
species (typically, only model organisms and humans), is therefore problematic. Species-
specific and multispecies microarrays can be custom designed and used to compare gene
expression levels within and between species, without the confounding effects of sequence
mismatches on hybridization intensities (e.g., 12). However, the design and manufacturing
of such custom arrays is costly, and one can only design arrays for species for which a
sequenced genome is available. Moreover, each time another species is added to a
comparative study, a new array has to be designed and ordered, and the entire study
repeated. Ultimately, due to these considerations, sequencing is generally a more cost-
effective choice than microarrays for comparative genomic studies of gene expression
levels. Thus, in what follows, I mainly focus on methodological issues related to
comparative studies using sequencing.

2.1. Multispecies Comparisons of Gene Expression Levels Using RNAseq

Gene expression studies using RNA sequencing (RNAseq) are not free of challenges related
to the comparison of expression levels across different species. However, the solutions
typically lie in proper analysis of the data rather than in development of new empirical tools
(by no means do | intend to argue that all challenges involved in RNAseq data analysis have
been solved, only that there are fewer specific difficulties associated with comparative
studies when RNAseq is being used instead of microarrays, and most of the remaining
difficulties can be solved by proper and cautious analysis). The first set of challenges relate
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to the requirement of defining the transcriptome. This is necessary because comparisons of
estimates of expression levels can only be interpreted in the context of defined
transcriptional units (for example, comparison of the expression levels of exons, specific
transcripts, or genes). When RNA is being sequenced from a species for which a well-
annotated genome is available, RNAseq reads can simply be aligned to the previously
defined transcriptional units and expression levels can be estimated based on the number of
aligned reads. The problem is that there are only a few well-annotated genomes (such as the
human and mouse genomes), and even these are not perfectly annotated (indeed, studies
continue to find additional transcriptional units in the human and mouse genomes, such as
previously unrecognized exons—typically 5’ to annotated promoters and novel small RNAs

(6, 7).

If one is sequencing RNA from a species for which a sequenced genome is available yet is
not well annotated, there are two general alternatives for defining transcriptional units. First,
one can rely on the functional annotation of a closely related genome. Consider, for
example, a comparative study of gene expression levels among humans, chimpanzees, and
rhesus macaques using RNAseq. Sequenced genomes are available for all three species, yet
only the human genome is well annotated. Because the three species are closely related, it
may seem relatively easy to use the functional annotation of the human genome to define
theoretical transcriptional units in the two nonhuman primate genomes. The challenge,
however, is to accurately define orthology. If one is conservative (requires exceptionally
high sequence similarity) in defining orthology, a large fraction of transcriptional units may
be excluded from the analysis. On the other hand, if one defines orthology using relaxed
criteria (accepting even weak evidence for homology), falsely classified orthologous regions
will often lead to the inclusion of real transcriptional units in human, coupled to spuriously
defined transcriptional units in the nonhuman primates. This results in a bias toward
estimates of higher expression levels in humans compared to the other two species. Even if a
balance is achieved between the desire to include as many transcriptional units as possible
and the need to avoid falsely classified orthologous genomic regions, transcriptional units
that are specific to the nonhuman primates will never be included in an analysis anchored by
annotations based on the human genome. Thus, ultimately this approach will always result
in a certain bias. For example, exons that are being used frequently in alternatively spliced
transcripts in chimpanzees but not in humans might be excluded from a comparative
analysis based on functional annotation of the human genome (Fig. 1).

The second alternative is to use the alignment of the RNAseq reads to the available genomes
of all studied species in order to define, de novo, the expressed transcriptional units. This is
far from a trivial task, as it requires one to distinguish foreground expression levels from the
background (such as sequencing reads originating from unspliced introns). At the time this
chapter is being written, there are only a handful of algorithms for de novo definition of
transcriptional units from aligned sequencing data (e.g., 8), and their effectiveness is still
being debated. That said, this is an area of active research, and probably the most promising
way to proceed. Comparative gene expression studies that are based on de novo definition of
transcriptional units are not affected by biases due to preexisting functional annotations.

Methods Mol Biol. Author manuscript; available in PMC 2014 May 06.
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When a sequenced genome itself is not available, a third approach is to perform de novo
assembly of the transcriptome. This is the most difficult approach because it does not rely on
an alignment of the sequencing reads to a known genome. Currently, there is no effective
approach for performing de novo assembly of the transcriptome using RNAseq data. Such
approaches can in principle rely on successful existing algorithms for de novo assembly of
entire genomes (Chap. 5, of volume 1 of this book, ref. 54, where the biggest challenge is
typically to identify and resolve repeats. However, de novo assembly of the transcriptome is
challenging in a different way because one has to take into account the broad distribution of
copy numbers across transcriptional units (namely, the different expression levels). With
respect to comparisons of expression levels across species, data processed by using effective
de novo assembly of the transcriptome is expected to have the same properties as data
processed by de novo definition of the transcriptional units based on aligned RNAseq reads.
However, assembly of the transcriptome is an attractive approach because it allows one to
perform comparative RNAseq studies on any species, including species for which a
sequenced genome is not yet available. That said, with the rapid decrease in sequencing
costs and the corresponding increase in sequencing capacity, it might be reasonable to
expect that sequencing a new large (e.g., mammalian) genome may not be a prohibitive
enterprise in the near future.

For the remainder of the chapter, when issues pertaining to RNAseq studies are discussed, it
is assumed that the analysis is being performed using the final dataset of reads that map to a
defined set of transcriptional units (regardless of the method used). For simplicity of writing,
I will also henceforth refer generally to “genes” as examples of transcriptional units. It
should be kept in mind, however, that RNAseq data can be used to study the expression
levels of any transcriptional unit, including individual exons, alternatively spliced
transcripts, small RNAs, etc.

2.2. General Issues in Design of Comparative Gene Expression Studies

Genome-wide investigations of gene regulation need to take into account a large number of
potential confounding sources of variation. These can be technical, such as variation in
sample quality and batch effects, or biological, such as variation due to sex, age, and
circadian rhythm. Comparative studies of gene expression levels are arguably even more
sensitive to confounding effects because of the large number of physical, morphological,
and environmental differences between species. Differences in diets, for example which may
be unavoidable in a study of multiple species, can affect gene regulation.

One of the main goals of comparative studies of gene expression levels is to understand
interspecies genetically regulated differences. However, in many multispecies studies, the
environmental and genetic components affecting gene regulation are completely confounded
and cannot be distinguished. Similarly, differences in developmental trajectories, organ size,
cellular composition, and life histories may all be inherently confounded with genetic effects
in a multispecies comparative study.

To some extent, many of these differences can be sidestepped by limiting the investigation
to model organisms that can be kept in the lab. In that case, one can often ensure that tissue
samples are staged, namely, that samples are being collected from individuals of the same
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age and sex, who have experienced similar life histories, and that sample collection
procedures are identical across individuals, regardless of species. In contrast, studies of non-
model species can almost never obtain staged tissues, as in most cases the sample collection
is opportunistic in nature (for example, when collecting samples from nonhuman apes that
died in accidents, fights, or due to other natural causes).

As a result, observations from comparative studies of gene regulation, especially of non-
model organisms, should be interpreted with caution. Some patterns are likely robust with
respect to the uncontrolled aspects of the study designs, and these can readily be interpreted.
For example, it is reasonable to assume that interspecies differences in the environment and
life histories experienced by donor individuals will result in perturbation of gene regulation
and lead to increased variation in gene expression levels across species. Thus, patterns of
similarity (namely, low variation) of gene expression levels between individuals, regardless
of species, are probably robust with respect to environmental effects. One can conclude,
therefore, with considerable confidence that such patterns are genetically (or epigenetically)
controlled (Fig. 2, top panels).

In contrast, the observation of interspecies differences in gene expression levels (Fig. 2,
bottom panels) may always be difficult to interpret, as environmental and genetic
explanations can be completely confounded. Arguably though, in some cases, the
mechanism underlying the observation of a regulatory difference between species is of less
importance as long as the difference is indeed between the species rather than between the
specific sampled individuals. In that case, care needs to be taken to ensure that a sufficient
number of individuals have been sampled to obtain a relatively stable estimate of gene
expression levels in the entire species, given specified conditions. Perhaps surprisingly, the
number of required individuals to satisfy this criterion can often be quite modest (on the
order of a dozen individuals (11); Fig. 3).

2.3. General Issues in the Analysis of Comparative Gene Expression Data

The challenges involved in the analysis of genome-wide gene expression data are common
to nearly all multivariate high-throughput studies, and are not specific to comparative
genomics studies. General topics in multivariate analysis are discussed in Chap. 3, Volume 1
(ref. 55) as well as covered in more detail in many dedicated textbooks. Similarly,
approaches for modeling gene expression levels based on microarray or sequencing data are
discussed elsewhere in detail (e.g., 7, 9, 10). Here, | focus on three particular issues: first, on
normalization of gene expression datasets; second, on the relationship between gene length,
absolute expression level, and the power to detect differences in gene expression levels, as it
pertains to RNAseq data; and third, on the arbitrary nature of the choice of statistical cutoffs.

Normalization—Normalization of gene expression datasets can be performed in a number
of ways (e.g., linear shifts, nonlinear extrapolations, median corrections based on
smoothing). Microarray studies routinely use a normalization step as part of the low-level
analysis of the data. In contrast, most recently published RNAseq studies (including two
early studies from my own group) have standardized read count based on transcript length
and the total number of sequenced reads in each sample, but have not normalized the
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sequencing data across samples prior to modeling gene expression levels. In this section,
rather than explore particular approaches for normalization, | discuss the reasons for which
it is necessary to apply a normalization step to RNAseq data (see refs. 39-41 for details on
different normalization approaches).

A normalization step is generally required in genomic studies of gene expression levels to
correct for purely technical differences among data from different samples, such as
differences in overall RNA quantity and/or quality, sample processing, and batch effects.
Arguably, most of these effects can be taken into account in an RNAseq study by correcting
gene-specific read counts by the total number of reads sequenced in each sample. Note that
this standardization step relies on the assumption of no interacting technical confounding
effects, which may or may not be a reasonable assumption. Since | proceed by arguing that
normalization is needed, | shall not continue to discuss the validity of this assumption.

A correction based on the total number of sequenced reads, however, cannot account for
differences in the distribution of gene expression levels across samples (12, 13). This is a
property that we did not need to consider in microarray studies. In contrast to microarrays,
where each RNA type hybridizes (we can assume—independently) to a dedicated probe,
estimates of gene expression levels using RNAseq are based on the proportion of reads that
are sequenced from each gene relative to the total number of sequenced reads in a sample.
As the total number of reads sequenced from a given sample is limited, by definition, the
range and distribution of gene expression values affect how often genes with a given
absolute expression level are being sampled (because the fractions of reads mapped to
individual genes must sum to one in each sample). For example, assume that the number of
genes expressed in livers and kidneys is identical, but in livers all genes are expressed at low
to moderate levels while in kidneys a few genes are expressed at extremely high levels and
all other genes at low to moderate levels. In that case, for a given number of RNAseq reads
per sample (and when reads are sampled at random), the probability that a lowly expressed
gene will be represented is higher in the liver than in the kidney. Normalization of RNAseq
data is, therefore, necessary to take these differences into account.

Power to detect differentially expressed genes—Another important property of
RNAseq data is that the number of sequence reads that map to a particular gene tends to be
roughly proportional to the expression level of the gene multiplied by the gene’s length (14).
Thus, long genes tend to be represented by more sequence reads than short genes expressed
at the same level. As a result, estimates of expression levels based on RNAseq data, though
they are standardized by gene length, tend to be less variable for long genes than for shorter
genes (or transcripts, or exons—this property is not specific to a particular class of
transcriptional units). The ability to identify differentially expressed genes between samples
is, therefore, strongly associated with the length of the transcript. Moreover, when overall
sequence coverage is increased, the corresponding increase in the power to detect
differences in expression levels across samples is also associated with gene length because
the corresponding increase in the number of reads is greater for long than for shorter genes.
Microarray data are not susceptible to this complex interaction between gene length and the
power to detect differences in expression levels because all probes on the array are typically
of the same length.

Methods Mol Biol. Author manuscript; available in PMC 2014 May 06.
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Since one of the most attractive features of RNAseq is the ability to assay the expression of
entire transcriptional units, it may be undesirable to account for this length bias by
restricting the analysis to subsections of genes (such as the first n base pairs of 3" UTRS).
The association between gene length and the power to detect expression differences may,
therefore, be a constant property of RNAseq studies, and its bias on downstream analyses
needs to be considered (15). For example, ranking or testing for functional enrichments (for
example, by using gene ontology annotations) among genes that are classified as
differentially expressed between species based on RNA-seq data might result in the spurious
identification of enriched pathways or functional annotations that include mainly longer
genes.

For that reason, analyses aimed at assessing whether an observation of an enrichment of
regulatory differences in a particular pathway or a biological process is unusual need to take
into account a background of matching gene lengths or at least a background of matching
estimated expression levels. Consider again the observation that 20% of the annotated genes
in the insulin/IGF-signaling pathway are differentially expressed between human and
chimpanzee livers. In contrast to our simplified discussion above, because of the power-
related considerations, it is not appropriate to estimate whether this observation is indeed
unexpected by simply considering the overall fraction of differentially expressed genes
between the two species. Instead, a proper null expectation should be developed by
considering inter-species differences in expression levels in a proper background of genes
with similar length as the genes in the insulin/IGF-signaling pathway (15). Alternatively,
one can develop a null expectation by sampling at random subsets of n genes—where n is
the number of genes in the insulin/IGF-signaling pathway while maintaining a similar
distribution of expression levels.

The choice of statistical cutoffs—Genome-wide studies typically use statistical cutoffs
to sort genes into different classes, for example to classify genes as differentially expressed
between cases and controls. In many contexts, especially when genome-wide studies are
used to develop hypotheses for further testing (which typically involve functional
experiments that are time consuming and costly), minimizing the number of false positives
is nearly the only guiding principle behind the choice of a statistical cutoff. However,
comparative studies of gene regulation are often exploratory, and, as such, one of the goals
is typically to describe biological processes and pathways that are enriched among different
classes of genes, such as those that are differentially expressed between species. The
challenge is to provide a description of such patterns that does not rely on the exact choice
of the statistical cutoff.

While the choice of cutoffs is nearly always arbitrary, it is often possible to guide it by using
prior information regarding related properties of the data. For example, consider
“housekeeping” genes (the definition of “housekeeping” genes is controversial, but for the
purpose of this discussion, assume that we have an established list of true “housekeeping”
genes). A reasonable assumption might be that housekeeping genes will be underrepresented
among differentially expressed genes between species. In that case, one approach is to
choose a cutoff with which the overall number of genes classified as differentially expressed
is maximized while the number of housekeeping genes classified as differentially expressed
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is minimized. When two or more genomic datasets are combined, the opportunity to
leverage information to guide the choice of statistical cutoffs increases. Consider the
combination of a transcription factor ChlPseq dataset with genome-wide estimates of gene
expression levels following perturbation of the same transcription factor dosage. Two
cutoffs need to be chosen: one to classify transcription factor promoter binding events in the
ChlIPseq data and one to classify differences in gene expression levels following the
perturbation of the transcription factor dosage. In choosing these cutoffs, the prior
expectation of enrichment in overlap between the two sets of observations can be leveraged.
Indeed, true regulatory targets of the transcription factor are expected to be differentially
expressed, as well as have the transcription factor bound to their promoters.

Regardless of the type of analysis used or the ability to use prior information to guide the
choice of statistical cutoffs, the order of p-values rarely changes. For that reason, an analysis
that indicates that the conclusions are robust with respect to a wide range of arbitrary
choices always reinforces the study. One way to achieve this is to perform the entire analysis
using a range of alternative cutoffs. A more formal way to test specific properties of interest
is to use approaches, such as “gene set enrichment analysis” (16), which rely on the order of
p-values rather than on specific choices of cutoffs. Using these approaches, one can explore
the overall dependence between the choice of cutoff and the examined property of the data
(such as an enrichment of differentially expressed genes in a particular pathway).

Strong conclusions can only be based on properties that are demonstrably robust with
respect to the choice of statistical cutoffs. For example, the specific number of genes
classified as differentially expressed between species obviously depends on the choice of a
statistical cutoff. However, the property that the fraction of genes classified as differentially
expressed between humans and chimpanzee is smaller than between either humans or
chimpanzees, and the more distantly related rhesus macaques, is robust with respect to the
specific choice of cutoff (11, 12).

3. What Have We Learned from Comparative Genomic Studies of Gene

Expression Levels?

At the time this chapter is being written, comparative studies of gene expression levels are
still mostly limited to exploration of variation in gene regulation within and between
species. A large number of specific hypotheses have been raised based on the existing
studies, but only a few have been followed up. We are still working toward a better
understanding of the evolutionary forces that shape gene regulatory phenotypes, and this has
still remained the focus of most comparative studies of gene expression levels.

In the first large-scale study to investigate natural variation in gene regulation, Oleksiak et
al. (17) compared gene expression levels in heart ventricles from 18 individual
postreproductive males from three populations: two of Fundulus heteroclitus (a salt-water
fish) and one of its close relative, F. grandis. Despite low migration rates between the two
conspecific populations and across the species boundary, fewer than 3% of the 907 genes
surveyed were classified as differentially expressed between populations. An order of
magnitude more genes were found to be differentially expressed between individuals within
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populations. In other words, there was little evidence of population structure at the genome-
wide expression level. In addition, patterns of variation between populations were
inconsistent with the neutral prediction that phenotypic divergence should scale with genetic
distance. Instead, gene expression profiles were more similar for the southern F. heteroclitus
and F. grandis populations, suggesting that adaptation to different temperatures, rather than
genetic drift, drove the differentiation.

Rifkin et al. (18), who studied gene expression variation during Drosophila metamorphosis,
took a more explicit quantitative genetic approach to study selection pressures acting on
gene regulation. They measured average levels of gene expression in four strains of the
cosmopolitan species D. melanogaster and one strain each of D. simulansand D. yakuba at
the start of metamorphosis. To identify genes whose regulation evolves under different
selective pressures, Rifkin et al. analyzed the gene expression data using a system of related
linear models corresponding to the expectations under three different evolutionary scenarios.
Using this approach, they could not reject overall low variation for 44% of the expressed
genes, could not reject species-specific gene expression patterns for 39% of the genes, and
could not reject a model consistent with neutrality for the remaining 17% of genes. They
interpreted these results to indicate a dominant signature for stabilizing selection in gene
expression evolution with smaller, but important, roles for directional selection and neutral
evolution, respectively.

In contrast to Rifkin et al., Lemos and colleagues (19) explicitly tested a null neutral model
of gene expression evolution by making two key assumptions about variance in gene
expression. First, they used estimates of mutational variance in other quantitative traits as a
measure of the mutational variance that might be affecting gene expression. Second,
following Lynch (20), they assumed that environmental variance was half the within-
population variance—i.e., that broad-sense heritability of gene expression patterns was at
most 50%. Using these estimates and based on the neutral model of Lynch and Hill (21),
they calculated the minimal and maximal rates of gene expression diversification that would
be consistent with neutrality (i.e., evolution without constraint).

Lemos et al. (19) used their approach to perform a meta-analysis of available gene
expression datasets from multiple species, and found that the overwhelming majority of
genes in all datasets exhibited far less between species variation than expected under a
neutral model. They interpreted this pattern to be the result of stabilizing selection acting on
within-species gene expression. In fact, Lemos et al. (19) estimated that even if the
mutational input to gene expression were two orders of magnitude lower than they had
assumed, levels of between-population differentiations in gene expression would still be
inconsistent with neutrality. Only in comparisons between mouse lab strains did an
appreciable number of genes evolve in a manner consistent with neutrality.

The conclusions of Lemos et al. were supported by several studies that directly measured the
mutational input of variation in gene expression levels per generation in a number of model
organisms (22—-24). Mutational input can be estimated by measuring the variance for a
phenotypic trait among a set of initially homogeneous lines maintained with minimally sized
populations for many generations. Natural selection is at its weakest under such conditions
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because genetic drift in such small populations is extremely fast. In an extreme case, when a
single, randomly chosen individual propagates each line, the only mutations which can be
selected against are those that kill the organism before reproduction or that eliminate fertility
altogether. Otherwise, most mutations will be effectively neutral and will quickly either drift
to fixation or be lost. As different lines fix different random mutations, the lines drift apart.
Variation between lines can then be used to estimate the mutational variance.

These mutation accumulation studies (22—24) provided the first direct estimates of
mutational variance in gene expression levels. When comparative gene expression data were
analyzed in the context of these estimates (by applying a similar modeling approach to the
one used by Lemos et al.) in all systems studied to date, it was concluded that stabilizing
selection places severe bounds on gene expression divergence.

3.1. Gene Expression in Apes

Understanding phenotypic evolution in primates is typically more difficult than in model
organisms because key experiments often cannot be performed to distinguish between
competing hypotheses or to estimate important parameters. Moreover, material is often
scarce, leading to largely unknown and uncontrolled environmental variance between
samples. These limitations are particularly problematic for dynamic, environmentally
sensitive traits, like gene expression.

Perhaps due to the these difficulties, the first few studies that examined the selection
pressures that shape gene expression profiles in humans and our extant close evolutionary
relatives resulted in somewhat conflicting conclusions (19, 15). However, more recent work
on interprimate comparisons of gene expression levels, focusing on patterns of the data that
should be robust with respect to the uncontrolled aspects of the study design, indicates that,
for most genes, there is little evidence for change in expression levels across primate
species. These observations are consistent with widespread stabilizing selection on gene
regulation in primates, in agreement with the observations in model organisms (18, 24, 26,
27).

Nonetheless, a subset of genes whose regulation appears to have evolved under positive
(directional) selection in the human and chimpanzee lineages was identified. Intriguingly,
among this set of genes, there was a significant excess of transcription factors in the human
lineage. In addition to the rapid evolution of their expression, genes encoding transcription
factors have also been shown to evolve rapidly in the human lineage at the coding sequence
level (28). Together, these findings raise the possibility that the function and regulation of
transcription factors have been substantially modified in the human lineage, a change that
could have propagated to many downstream targets over a short evolutionary time frame.
Interestingly, the opposite finding has emerged from studies of closely related Drosophila
species, in which the expression levels of transcription factors appear to evolve more slowly
than the expression levels of genes encoding other types of proteins (18, 22).
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4. How to Compare Regulatory Mechanisms Across Species?

Beyond comparisons of gene expression levels across species, there is a great interest in
understanding the underlying regulatory mechanisms. Specifically, we still know little about
the relative importance of changes in different regulatory mechanisms to inter-species
differences in gene expression levels. Genomic technologies, in particular since the advent
of next-generation sequencing techniques, allow us to characterize genome-wide variation in
a larger number of genetic and epigenetic regulatory mechanisms and regulatory
interactions.

It is important to note at the onset of this discussion that genomic studies can only rarely be
used to directly test for causality. Much more often, the inference of causality (for example,
between changes in a regulatory mechanism and ultimate differences in gene expression
levels) relies on the observation of correlations on a genome-wide scale. Statistical
correlation in itself, however, does not provide strong evidence for causality, and, in any
case, provides no information for the direction of causality. Instead, most often, inference of
causality in comparative studies of gene regulation relies on prior functional knowledge of
regulatory mechanisms. For example, enhancer transcription factors are known to bind to
promoters of genes, precipitate the assembly of the transcriptional machinery at those
promoters, and increase the rate of transcription of the associated genes. Based on this
proposed mechanism (which is strongly supported by a large body of independent studies),
one may be able to infer causality in a genome-wide study that correlates variation in
genome-wide transcription factor binding at promoters and variation in gene expression
levels.

4.1. Leveraging Different Sources of Information

Because inference of causality almost always relies on prior information, genome-wide
studies of regulatory mechanisms should aspire to build the strongest possible independent
“circumstantial case” for a relationship between variation in regulatory interactions and
changes in gene expression levels. This can often be done by combining different sources of
genome-wide information. For example, consider the task of identifying the direct
regulatory targets of a transcription factor. To do so, empirical studies typically use one of
the two main approaches: (1) expression profiling following a perturbation of the
transcription factor dosage or (2) chromatin immunoprecipitation followed by sequencing
(ChlP-seq) using a specific antibody against the transcription factor.

In the first approach, the dosage of the transcription factor is perturbed in cells or in model
organisms by a treatment of either overexpression or knockdown (using, for example,
siRNA technology (29, 30)) of the transcription factor. Following the treatment, the
expression profiles of a large number of genes are studied in order to identify the genes
whose regulation has been affected by the perturbation of the transcription factor dosage
(29). Typically, a large number of genes—often several thousands—are found to be
differentially expressed in such experiments (30, 31). However, it is clear that not all the
differentially expressed genes are directly regulated by the transcription factor whose dosage
was perturbed. Indeed, a large proportion of the genes are expected to be secondary targets
(i.e., regulated by genes that are themselves directly regulated by the transcription factor). In
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addition, a change in the dosage of a transcription factor often affects the cellular
environment in ways that may trigger larger changes in the gene expression profiles, not
directly related to the regulatory effects of the perturbed transcription factor (30).

In order to identify the subset of direct transcriptional targets among all the differentially
expressed genes, computational predictions of the transcription factor-binding sites are often
used. Namely, a gene is considered as a direct regulatory target only if it is differentially
expressed following the perturbation of the transcription factor and the binding motif of the
transcription factor can be found within the gene’s putative promoter (30, 31). The problem
is that computational searches for transcription factor-binding sites are known to have a high
error rate (32). In particular, since transcription factor-binding sites are short (6-12-mers), a
large number of false positives are expected. In addition, it is unclear how to assign
significance to the identification of transcription factor-binding sites based on a single
sequence (32).

An alternative approach is to use ChiPseq (33) to directly identify all the sites in the genome
to which the transcription factor binds (e.g., refs. 34, 35). In these experiments, sequencing
is used to measure the abundance of chromatin that is first precipitated along with the
transcription factor of interest. The goal is to identify genomic regions with peaks of aligned
sequencing reads, which correspond to regions putatively bound by the transcription factor.
When the transcription factor-binding locus is in proximity to a known gene, it is assumed
that the gene is being regulated by the transcription factor (35, 36). However, even if the
antibody against the transcription factor is highly specific and the number of falsely
identified binding events is assumed to be small (37), it is unclear how many binding events
reflect a true biological function. Namely, it is unclear how often a transcription factor can
bind to genomic regions near genes without participating in the regulation of those genes.

Thus, ChiPseq and dosage perturbation experiments, considered one at a time, suffer from
high false-positive rates due to the nonspecificity of the antibody, random binding of the
transcription factor in the case of the ChiPseq experiment, or the ripple effect of knocking
down a transcription factor in the siRNA experiments. Considered together, however, these
approaches enable the reliable identification of genes whose promoter regions are bound to
by the transcription factor and whose regulation is affected by the perturbation of the
transcription factor dosage. In other words, using this paradigm, one can build a strong
circumstantial case for classifying direct regulatory targets of a specific transcription factor.

4.2. Statistical Challenges in Comparative Studies of Gene Regulation

Most of the statistical challenges involved in genomic studies of gene regulatory
mechanisms are related to the multivariate nature of the data. In many ways, therefore, these
issues are similar to the ones reviewed above for comparative studies of gene expression
levels. For example, effective study designs are still required to test the hypothesis that the
variation of regulatory mechanisms between species is significantly larger than the variation
between individuals within a species (this seems worth mentioning because a few recent
comparative studies of regulatory mechanisms have reported interspecies variation without
including independent biological replicates within species).

Methods Mol Biol. Author manuscript; available in PMC 2014 May 06.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Gilad

Page 14

Similarly, investigations of regulatory mechanisms also rely on mostly arbitrary choices of
the statistical cutoffs used to classify the observed patterns. As in most genome-wide
studies, regardless of whether the choice of cutoffs is guided to some extent by prior
information, the main goal is typically to keep false positives to a minimum. However,
comparisons of regulatory mechanisms between species are in that sense more complex
because controlling the rate of false negatives is a crucial factor as well. The principal issue
is that the data supporting a regulatory mechanism need to be interpreted in the context of
each sample (or each species) before variation across samples (or species) can be
characterized.

For example, consider a genome-wide comparative study of histone modifications using
ChlPseq, namely, a study aimed at characterizing similarities and differences across species
in the locations of these epigenetic markers. This may be of interest in order to study the
extent to which interspecies variation in gene expression levels can be explained by changes
in histone modification profiles. The first step in such a study is to identify all the genomic
regions, which are associated with histone modifications, in each species. The
characterization of such genomic regions is based on statistical analysis of the data. In the
ChlIPseq example, the goal is to identify peaks of aligned sequencing reads, which are
indicative of enriched chromatin that is associated with histone modifications. In principle,
once genomic regions associated with histone modifications are identified in each species
independently, a comparison across species can be performed. Here, however, it becomes a
bit more challenging.

Typically, one would tend to choose stringent statistical cutoffs to identify peaks of
sequencing reads in each species independently, namely, choose such cutoffs that minimize
the false positive rate. However, such an approach, while controlling the rate of falsely
identified genomic regions associated with histone modification in each species, results in a
high rate of spuriously identified differences in this epigenetic regulatory mechanism
between species. For example, assume that associations with histone modifications are
classified, in each species independently, at an FDR < 0.05 (this would typically refer to the
expected proportion of peaks with similarly strong evidence in a negative-control ChlPseq
experiment). In that case, an observation of a genomic region associated with histone
modifications at an FDR = 0.049 in one species and an FDR = 0.051 in the other species
would be considered as evidence for an interspecies difference in histone modifications at
this genomic region. Clearly, this would be a problem.

To minimize the number of falsely identified interspecies differences in regulatory
mechanisms, one should leverage information from all samples. This can be done using a
number of different Bayesian approaches. In its simplest form, such an analysis (although
not strictly Bayesian) could use the application of two statistical cutoffs. Considering the
example of histone modifications, one can assume that conditional on observing an
associated genomic region with high confidence in one species (namely, using a stringent
cutoff) the orthologous site in a closely related speciesis also likely to have the modification.
Accordingly, one can relax the statistical cutoff for the classification of such secondary
observations. Although the choice of statistical cutoffs may still be arbitrary, the
distributions of FDR values can be used as a guide, especially with respect to the choice of
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the second cutoff (Fig. 4). The two cutoff approach uses information across all studied
species to increase the power to detect histone modification in any species. This approach is,
therefore, conservative with respect to identifying differences across species.

5. What Have We Learned from Comparative Studies of Regulatory

Mechanisms?

Comparative studies of genetic mechanisms

In contrast to the relative abundance of comparative gene expression data from multiple
species, there are far fewer genomic-scale comparative datasets of regulatory mechanisms.
At the genetic level, the largest comparative study of regulatory mechanisms to date is that
of Schmidt and colleagues (38), who used ChlPseq to compare the genomic locations of
binding sites of two transcription factors (CCAAT/ enhancer-binding protein alpha and
hepatocyte nuclear factor 4 alpha) in the livers of five vertebrate species (human, mouse,
dog, short-tailed opossum, and chicken). Schmidt and colleagues found that most
transcription factor-binding locations are species specific, and that orthologous binding
locations present in all five species are rare. Quite often, the sequences of orthologous
binding loci were identical across species, even when the binding event was inferred to have
been lost in one species. On the other hand, in many cases, there was no evidence for
conservation at the sequence level even when the location of the transcription factor binding
was shared across species.

These observations suggest that interspecies differences in genetic regulation by
transcription factors are widespread. However, it should be noted that Schmidt and
colleagues did not analyze their data by leveraging information from all species, but rather
classified binding events independently in each species. As a result, their analysis was not
conservative with respect to classifying differences in binding across species. It is
reasonable to assume that to some extent this study overestimated the proportion of
differences in binding locations between species.

There are a few other—somewhat smaller in scale—published comparative studies of
transcription factor-binding locations across species (39-43). These studies, quite
intuitively, suggest that the level of divergence in binding locations largely depends on the
specific transcription factor that is being studied (as well as on the evolutionary distance
between the species). Most of the comparative ChlPseq studies published to date have not
yet been coupled with genome-wide characterization of interspecies gene expression
differences. As a result, we still do not have an estimate of the relative importance of
changes in transcription factor-binding locations to overall gene expression differences
between species. That said, a property that emerges from this collective body of work is that
we currently find very little correlation between divergence of inferred transcription factor-
binding sites and differences (or similarities) in the observed transcription factor binding. In
other words, without additional information, the study of conservation of individual binding
sites across species is not very informative with respect to predicting conservation of
transcription factor-binding locations.
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Comparative studies of epigenetic mechanisms

Parallel surveys of interspecies differences in genetic and epigenetic regulatory mechanisms
may provide context that allows us to better appreciate the relationship between differences
in transcription factor binding and sequence changes at transcription factor-binding sites. To
date, however, genome-wide comparative studies of epigenetic mechanisms have not yet
been coupled with other sources of data.

Studies of one class of epigenetic marker, DNA methylation, have suggested that the role of
DNA methylation in tissue-specific gene regulation is generally conserved. For example,
after identifying tissue-specific differentially methylated regions (T-DMRs (44)) in a
number of tissues in mice, Kitamura and colleagues were able to use the methylation status
in orthologous human regions to distinguish between the corresponding human tissues (45).
In turn, Irizarry and colleagues (46), who studied genome-wide DNA methylation patterns
in spleen, liver, and brain tissues from human and mouse, reported that 51% of T-DMRs are
shared across both species. However, there also are a large number of potentially functional
differences in methylation levels across species. In particular, in primates, Gama-Sosa and
colleagues (47) found that relative methylation levels within tissues generally differ between
species, with the exception of hypermethylation in the brain and thymus, which were
observed regardless of species. In addition, Enard and colleagues (48), who compared
methylation profiles of 36 genes in livers, brains, and lymphocytes from humans and
chimpanzees, reported significant interspecies methylation level differences in 22 of the 36
genes in at least 1 tissue.

A somewhat different picture may be emerging from comparative studies of a different class
of epigenetic markers, histone modifications. Characterization of several types of histone
modifications on human chromosomes 21 and 22, and the syntenic chromosomes in mouse,
indicated that the genomic locations of these epigenetic markers at orthologous loci are
strongly conserved, even in the absence of sequence conservation (39, 49). Interestingly, the
conservation of histone modification patterns was highest in genomic regions proximal to
annotated orthologous genes.

With few exceptions, however (e.g., with respect to DNA methylation, ref. 50), genome-
wide comparative studies of epigenetic regulatory mechanisms have also not yet explored
the extent to which changes in specific regulatory interactions underlie inter-species
differences in gene expression levels. As a result, we still cannot assess the relative
importance of changes in different genetic and epigenetic regulatory mechanisms to overall
regulatory evolution. This status might change rapidly because the main limitation for
performing high-throughput investigations of epigenetics markers was technological.
Massively parallel sequencing technologies now facilitate comparative epigenetic studies
using genome-wide protocols, such as MeDIP and ChiIPseq.

6. Summary and Additional Topics

We have gained important insights from comparative genomic studies of gene expression
levels. We established that the regulation of most genes evolves under stabilizing selection
(51, 52) and described variation in gene expression levels within and between species with
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sufficient details so that we can now use empirical approaches to identify genes whose
regulation likely evolved under directional selection (53). These would be promising
candidates for further functional studies. Current efforts are moving beyond the
investigation of interspecies variation in gene expression levels to studies of the underlying
regulatory mechanisms. In that respect, | did not mention in this chapter many of the types
of datasets that are currently being collected, such as measures of chromatin accessibility
(using DNase hypersensitive sites, for example), different markers of enhancer elements
(such as the cofactors p300 and mediator), maps of nucleosome positions, and expression
levels of small regulatory RNA classes. Once we combine different sources of comparative
genomic data into a unified model of gene regulation, we should obtain power to truly
dissect the genetic and epigenetic architecture of gene regulatory evolution.

7. Exercises

1. You are ready to design a large study to compare gene expression between species
using RNAseq. You know that you need to take into account a large number of
possible biological and technical effects, but then you also learn that a certain
physical environment (such as temperature, humidity, amount of light, etc.) might
affect your results. You, therefore, decided to design a pilot experiment to test the
effect of this physical environment on the measurements of gene expression level
using your platform of choice. Your design should not rely on the availability of
“gold standards” (namely, you are not able to obtain samples for which the
differences in gene expression are known, neither a priori nor by using additional
techniques).

a. Explain the study design that allows you to test for the effects of the
physical environment of choice.

b. What are the expected results if the physical environment of choice has no
effect on the measurement of gene expression levels?

c. What are the expected results if the effect of the physical environment of
choice is random? In that case, how will you take this information into
account when you design the larger study?

d. What are the expected results if the physical environment of choice is
nonrandom? In that case, how will you take this information into account
when you design the larger study?

2. Design a study that will allow you to compare genome-wide RNA decay rates
across species, using RNAseq (using a chemical agent that stops transcription in the
cell).

a. Explain your study design.

b. As part of the low-level analysis of your data, do you need to perform a
normalization step? If so, how would you normalize your data?

c. Explain, in general terms, how would the data be analyzed to estimate
gene-specific RNA decay rates.
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Page 22

RNAseq data from human and chimpanzee liver samples are plotted along the Vanin-family protein 3 (VNN3) gene region. The
human gene structure is provided below each plot and indicates that there are seven annotated exons in this genes (there is no
independent annotation of the chimpanzee genome). The arrows indicate a cluster of sequencing reads that does not correspond
to any part of the human gene model. A de novo definition of transcriptional units clearly classifies this as an additional exon.

Arguably, there is yet another unannotated exon at the 5” end of the region.
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Fig. 2.

Comparative liver gene expression profiles in primates (data from Blekhman et al. 2008). In all panels, the mean (xs.e.m) log
gene expression level (y-axis) of six individuals from each species (x-axis) is plotted relative to the human value (which was set
to zero). Top panels: Though Blekhman et al. did not obtain staged tissues—the samples were collected opportunistically during
postmortem procedures; the expression levels of each of these four genes are remarkably constant across individuals and species
(importantly, these four genes are expressed at moderate to high levels, so the observed interindividual low variation is not due

to lack of expression). Technical or environmental explanations for these patterns are unlikely. It is, therefore, reasonable to
assume that the expression levels of these genes are tightly regulated (indeed, Blekhman and colleagues argue that the regulation
of these genes has likely evolved under stabilizing selection in primates). Bottom panels: These genes have similar expression
levels in chimpanzees and rhesus macaques, and a significantly different expression level in humans. In these four cases,
explanations based on interspecies genetic or environmental differences are completely confounded.
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Fig. 3.

Examples of strong concordance between expression levels megsured using the multispecies arrays from Blekhman et al., 2008,
and using the RNAseq data from Blekhman et al., 2009. Six genes are displayed, chosen at random from the data of Blekhman
et al., 2008, conditional only on a significant (FDR < 0.05) difference in gene expression level between humans and
chimpanzees (expression levels in the rhesus macaques were not considered for the selection process). For each gene, the
expression estimate (mean + s.e.m) from the multispecies array (left ) and normalized expression level (mean + s.e.m) from the
RNAseq data (right ) are shown for each species (H human, C chimpanzee, R rhesus macaque). Each study used different
individual samples, yet the patterns are consistent across studies, suggesting that the relative estimates of gene expression levels
based on six individuals from each species are mostly stable.
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Fig. 4.

Example of how a distribution of FDR values can guide the choice of statistical cutoffs. (a) All ChlPseq peaks with FDR < 20%
from a genomic study of histone modification in cell lines from three primate species; the chosen stringent 2% FDR cutoff is
indicated with a dashed line. (b) Enrichment peaks with FDR < 20% in each species, which also overlap peaks with FDR < 2%
in any of the other species; the chosen relaxed 5% FDR cutoff for a secondary observation is indicated with a dashed line.
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