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Introduction

Gene expression evolution
Around 160 years ago, Darwin revealed that natural selection can underlie the
evolutionary change of species over time. Since then, what is actually being
selected at the molecular level is of major importance for many areas of biology. Around 40 years ago, King and Wilson (King & Wilson 1975) proposed
that evolution can occur at two levels: gene sequence and gene expression.
Translating these two levels into the DNA sequence, selection can act upon
coding sequences that encode the protein, and regulatory sequences that regulate expression level of the protein.
While selection on protein coding sequence has been a subject of study for
decades, the evolutionary significance of gene regulatory evolution was not
widely recognized until recently (Prud'homme et al. 2007). Coding sequences
were thought to be the main source for adaptation. Technically, it was also
more straightforward to define a neutral null hypothesis when inferring selection on coding sequence. In contrast, it has been difficult to identify and annotate regulatory sequences. To circumvent this difficulty, the role of regulatory sequence has mostly been studied through the analysis of gene expression. However, gene expression is temporally and spatially dynamic, and
changes in gene expression involve variations in DNA, RNA, proteins, and
the environment. Identifying expression and regulatory divergence that are responsible for adaptation is therefore much more complicated than identifying
that of coding sequence divergence.
Nowadays, it has become increasingly clear that expression divergence often
plays a key part in adaptation and speciation (Mack et al. 2019; Romero et al.
2012; Wittkopp & Kalay 2012; Wray 2007). This has been supported by rapidly accumulating empirical studies which showed that changes in gene expression are responsible for changes relating to morphology, behavior, and
physiology. For example, in Drosophila, the pigmentation, which plays an
important role in crypsis, thermoregulation and mate choice, is associated with
gene expression regulation (Gompel & Carroll 2003; Gompel et al. 2005;
Hollocher et al. 2000; Kopp et al. 2000; Kopp & True 2002). In stickleback
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fish, the reduction of pelvic is suggested to be caused by changes in gene expression (Cresko et al. 2004; Marques et al. 2016; Morris et al. 2014; Shapiro
et al. 2004). In humans, lactose persistence, breast cancer, myocardial infarction, as well as many other disease risks are also correlated with gene expression variations (Bersaglieri et al. 2004; Glassberg et al. 2019; Olds & Sibley
2003; Swallow 2003; Tishkoff et al. 2007).
These studies have also promoted the view that some phenotypes are easier to
achieve via expression changes than via coding sequence changes. Changing
the encoded protein generally affects all cells at all times and at all places
where the protein is active, and as a consequence, has a great pleiotropic effect. Changes in protein coding sequence are suggested to evolve under a
strong selective constraint. As opposite, changing the level of gene expression
has a spatially and temporally circumscribed effect, depending on the cell
type, the developmental stage, the tissue, and the environment, which largely
minimizes the functional trade-offs and reduces the pleiotropic effect (Fraser
2011; Prud'homme et al. 2007; Romero et al. 2012; Wittkopp & Kalay 2012;
Wray 2007).
Gene regulation appears to evolve under tissue-specific pressures, depending
on tissue-specific biological process, tissue development, and tissue-specific
function (Romero et al. 2012). The rates of gene expression evolution among
tissues show substantial differences: brain is usually under the most selective
constraint, whereas testis usually shows an excess of divergence between species (Blekhman et al. 2008; Brawand et al. 2011; Consortium 2017). In addition, there is an enrichment of expression divergence on sex chromosomes
compared to autosomes (Blekhman et al. 2008; Brawand et al. 2011; Li et al.
2017).

The evolutionary significance of cis- and transregulatory changes
Regulatory changes can be broken up into cis- and trans-regulatory changes.
Cis-regulatory changes refer to sequence variation in cis-regulatory elements.
Cis-regulatory elements, such as insulator, promoter and enhancer, are
stretches of non-coding DNA sequences that located linearly or spatially close
to the gene involved. Trans-regulatory changes refer to changes in trans-regulatory factors. Trans-regulatory factors, such as transcription factors and
non-coding RNAs, are proteins or RNAs that are encoded by coding DNA
sequences. Trans-regulatory factors bind to cis-regulatory elements, and together, they form the genetic basis of gene expression regulation. Changes in
10

either of them can influence the binding affinity, and as a consequence, change
the level of gene expression.
While cis- and trans-regulations work together, they have different roles on
gene regulation. A single trans-regulatory factor binds to multiple cis-regulatory elements from multiple genes, and thus trans-regulatory variation affects
expression level of multiple genes. In contrast, a single gene may contain
many cis-regulatory elements with each having independent influence. Cisregulatory variation has thus only limited influence on one particular gene. As
a result, trans-regulatory variation is suggested to have a greater mutational
target and undergo stronger selective constraint, whereas cis-regulatory variation has less deleterious pleiotropic side effect, and consequently, plays an
important role in adaptation by bypassing the selective constraint (Mack &
Nachman 2017; Prud'homme et al. 2007; Wray 2007).

Cis-trans compensation and Dobzhansky-Muller hybrid
incompatibility
Previous studies show that cis- and trans-regulatory variations often influence
the same gene (Bell et al. 2013; Chen et al. 2015; Coolon et al. 2014;
Davidson & Balakrishnan 2016; Emerson et al. 2010; Goncalves et al. 2012;
Graze et al. 2009; Guerrero et al. 2016; Landry et al. 2005; Mack et al. 2016;
McManus et al. 2010; Schaefke et al. 2013; Tirosh et al. 2009; Wittkopp et
al. 2004; Zhuang & Adams 2007). When such influences have the same direction, cis- and trans-regulatory variations reinforce each other, leading to a
change in expression level more extreme than individual regulatory variation.
When such influences have the opposite direction, cis- and trans-regulatory
variations compensate each other, leading to a less extreme change than individual regulatory variation. Interestingly, the opposite direction has been
found to play a predominant role (Brawand et al. 2011; Goncalves et al. 2012;
Metzger et al. 2016; Romero et al. 2012; Takahasi et al. 2011; Verta et al.
2016). This reveals that the interactions of cis- and trans- regulatory variations
often compensate for one another and result in no or limited change on overall
expression level (Gilad et al. 2006; Lemos et al. 2008). Although individual
cis- or trans-regulatory variation destabilizes the gene expression, the compensated pair of cis- and trans-regulatory variations re-stabilizes it back.
Therefore, the conservation of gene expression can be maintained at the same
time as variations in regulatory sequences accumulate (Signor & Nuzhdin
2018).
The compensated pairs of cis- and trans-regulatory variations co-adapt within
species during evolutionary process (Mack & Nachman 2017), but such co-
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adaption gets disrupted during hybridizing, which consequently induces gene
mis-regulation in the inter-species hybrid. As being explained by the Dobzhansky-Muller model (Haerty & Singh 2006; Signor & Nuzhdin 2018), the
novel incompatible interaction between divergent cis- and trans-regulatory sequences can cause hybrid incompatibility and provide molecular basis for the
evolution of intrinsic post-zygotic reproductive isolation (Landry et al. 2005;
Mack et al. 2016; Tulchinsky et al. 2014). In addition, gene mis-regulation is
commonly observed in male-based genes of sterile hybrid, implying that it
might underlie hybrid male sterility (Gomes & Civetta 2015; Good et al. 2010;
Mack et al. 2016; Michalak & Noor 2003; Ranz et al. 2004; Sundararajan &
Civetta 2011; Turner et al. 2014).

Identification of genes influenced by cis- and transregulatory variations
Since cis-regulation only influences the gene that locates on the same chromosome, it has an allelic effect for individual that is heterozygous for the cisregulatory variation. Such allelic effect gives rise to allele-specific gene expression (ASE), which is defined as maternal and paternal alleles of a gene
being expressed at a different level (in diploid organisms). Since both alleles
are exposed to the same trans-regulatory factors and experience the same environmental conditions, ASE can in turn serve as a powerful tool to identify
genes with cis-regulatory effect. It must be noted that, ASE analyses are not
able to directly identify cis-regulatory variation itself. In addition, ASE analyses require heterozygous mutation in protein coding sequence to be able to
distinguish maternal and paternal alleles.
While cis-regulatory effect can be studied within species, the investigation of
trans- regulatory effect requires homozygous parents and their heterozygous
F1 hybrid. For genes that show differential gene expression between parental
species, the presence of ASE in hybrid indicates a cis-regulatory divergence
whereas the absence of ASE indicates a trans-regulatory divergence.

Studying natural populations
Crosses of inbred strains/species with substantially divergent genomes from
model organisms in lab settings are mostly used to study the role of cis- and
trans-regulation (Coolon et al. 2014; Emerson et al. 2010; Glaser-Schmitt &
Parsch 2018; Goncalves et al. 2012; Mack et al. 2016; McManus et al. 2010;
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Schaefke et al. 2013; Tirosh et al. 2009; Wittkopp et al. 2008). Such crosses
have small within- and large between-species divergence, which largely ensures the homozygosity of parental species and heterozygosity of their F1 hybrid.
However, non-model natural populations have not been fully investigated
(Tung et al. 2015; Wang et al. 2017). Apart from lacking convenient features
in lab organisms described above, studying natural populations is further challenged by having no complete knowledge of the phase, no replicates that have
precisely matched developmental stages and environmental conditions, and
frequent polymorphisms. Those limitations have led to a bias in favor of studying lab organisms, and it is still unclear if what is known can directly be
transferred to the wild. A broad view of regulatory evolution remains to be
formulated, which makes the studying of natural non-model organisms of critical importance.

The flycatcher system
The collared flycatcher (Ficedula albicollis) is a trans-Saharan migrant songbird. It breeds in deciduous and mixed coniferous forests in Europe and has
an estimated effective population size (Ne) of approximately 200,000
(Nadachowska-Brzyska et al. 2013). About less than one million years ago,
the collared flycatcher started diverging from its sister species, the pied flycatcher (Ficedula hypoleuca), which is likely due to occupying different habitat during the Pleistocene glaciations (SÆTRE et al. 2001).
These two species came into contact in a natural hybrid zone on the Swedish
islands of Öland in the Baltic Sea since roughly 60 years ago (Qvarnström et
al. 2010). Their naturally-occurring F1 hybrids show physiological dysfunction in several ways. First, they have low paring success. Hybrid males produce intermediate songs compared to their parental species, and such transgressive signals are found to be sexually unattractive by females of both parental species (Price & Wedell 2008; Svedin et al. 2008; Verzijden et al.
2012). Second, they have an elevated metabolic rate, which results in an expensive self-maintenance (McFarlane et al. 2016). Third, hybrid males have
severely reduced fertility due to fewer and malformed sperm compared to their
parental species.
The flycatcher species have been used extensively as a natural non-model organism to study the processes of speciation (Burri et al. 2015; Ellegren et al.
2012), molecular evolution (Bolívar et al. 2015; Bolívar et al. 2018), recombination rate evolution (Kawakami et al. 2017; Kawakami et al. 2014), gene
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expression evolution (Uebbing et al. 2016) and recently ASE (Wang et al.
2017; Wang et al. 2018). With such great amount of resources and data, the
flycatcher species are very good systems to be used to investigate gene regulatory evolution in the wild.

Conserved non-coding elements
With advances in sequencing technology, although the analysis of ASE has
become a key tool when studying regulatory evolution, it remains rather difficult to identify the regulatory sequence and to annotate the causal variation
that is responsible for ASE. Previous studies showed that, while a phenotypic
influence is found to be cis-regulatory, very often, the underlying genetic bases are still unclear (Clark et al. 2006; Drapeau et al. 2006; Marcellini &
Simpson 2006). Unlike coding sequence, which is classified as synonymous
and nonsynonymous substitution to reflect sequence variation with and without a phenotypic influence at the protein level, there is a lack of method to
distinguish cis-regulatory variation from noncoding DNA sequences alone,
for the vast majority of organisms (Rockman & Wray 2002; Wittkopp &
Kalay 2012).
To circumvent this difficulty, identifying cis-regulatory elements can be a
starting point. Analogous to the high conservation of coding regions relative
to surrounding sequences, functional non-coding sequence should also be conserved across evolution. The search for cis-regulatory elements can thus be
guided by patterns of sequence conservation (Harmston et al. 2013).
A majority of tested conserved non-coding DNA sequences, referred as conserved non-coding elements (CNEs), is found to be associated with changes
in expression level of neighbouring genes (De La Calle-Mustienes et al. 2005;
Harmston et al. 2013; Sanges et al. 2013; Shen et al. 2012; Visel et al. 2008;
Visel et al. 2009), and contribute to expression divergence relating to lineagespecific traits (Polychronopoulos et al. 2017). CNEs have therefore been suggested to act typically as cis-regulatory elements (Pennacchio et al. 2006;
Sanges et al. 2013; Visel et al. 2008). Following this, sequence variation at
CNEs can be used as a proxy for cis-regulatory variation.

Analyses of ASE
The ASE analyses, especially in natural organisms, are challenged by, e.g.,
mapping bias, overdispersion estimation, haplotype construction and read
14

counts dependency. Mapping bias is introduced when reads from both maternal and paternal alleles are aligned with a single genome reference since reads
from the allele that is least diverged from the reference genome had a larger
mapping opportunity, relative to the other allele (Stevenson et al. 2013). While
such inhomogeneous mapping can be remedied by making two reference genomes with each containing only maternal or paternal alleles (Quinn et al.
2014; Rozowsky et al. 2011; Van de Geijn et al. 2015), by removing biased
SNPs from simulation (Degner et al. 2009), or by introducing polymorphismaware aligners (Wu & Nacu 2010), mapping bias cannot be eliminated completely (Castel et al. 2015).
Overdispersion refers to the presence of greater variability in the data comparing to the theoretical expectation in a given statistical distribution. It is estimated by using multiple replicates. In RNA-seq analyses in general, overdispersion is introduced by both biological variation, such as genetically/environmentally non-identical replicates, and technical variations, such as nonidentical runs of libraries, sequencing error, and mapping bias. Ignoring overdispersion leads to a high false discovery rate, and thus, it is of particular importance to account for overdispersion when analysing RNA-seq. Extra-binomial and extra-Poisson distributions have been used extensively (Edsgärd et
al. 2016; Leon-Novelo et al. 2014; Mayba et al. 2014; Wang et al. 2017) to
study differential gene expression in many species, including plants (Steige et
al. 2015), Drosophila (Graze et al. 2012), birds (Davidson & Balakrishnan
2016) and humans (Glassberg et al. 2019; McCoy et al. 2017).
Estimating overdispersion in ASE detection when studying natural organisms
is not straightforward, due to the difficulty of obtaining natural replicates. To
circumvent this limitation, multiple heterozygous SNPs within a haplotype
can be used to estimate overdispersion (Rozowsky et al. 2011; Wang et al.
2017). This approach, however, relies on a known phasing for heterozygous
SNPs. With the exception of data from humans, most study systems do not
have sufficient phased data available.
Haplotype phase can be constructed by different methods. First, it can be inferred from linkage disequilibrium using preferably hundreds of individual
samples (Browning & Browning 2007; Menelaou & Marchini 2013). This
method however cannot reliably infer rare haplotypes as well as individual
haplotypes that may arise from recent recombination event (He et al. 2010;
Snyder et al. 2015). While pseudo-phasing (Mayba et al. 2014), which artificially builds a major allele by grouping larger read counts and a minor allele
by grouping smaller read counts, improves phasing at an individual level, it
can produce spurious ASE calls when genes have discordant read counts
(Wang et al. 2017). Read-backed phasing deduces physical haplotype conti-

15

guity. It uses heterozygous SNPs to join reads that share alleles into haplotypes, resulting in a high accuracy at individual phasing (McKenna et al.
2010).
Even with perfectly phased individual haplotype, a further difficulty can arise
from the fact that read counts from multiple neighbouring SNPs may be dependent since a single RNA-seq read can contribute to read counts at multiple
SNP positions. Although this is a natural result of linear transcription, such
dependency violates a common assumption of many statistical test that treats
read counts as independent observations. Taking together, overcoming these
difficulties is of critical importance, which enables the analysis of ASE and
allows an investigation of regulatory evolution in the wild.

16

Methods

All studies in this thesis used RNA-seq data from natural bird populations.
The field and lab work had been performed by collaborators. Paper I and Paper
II addressed challenges in ASE detection for natural organisms. Paper III and
Paper IV used the developed method in Paper II and studied molecular mechanisms and genetic determinants of regulatory evolution.

Sampling
In Paper I, collared and pied flycatchers were sampled from Öland and Uppsala, respectively (Uebbing et al. 2016). Five unrelated male individuals for
each species were dissected immediately in the field. Brain, kidney, liver,
lung, muscle, skin, and gonad were then isolated and stored in RNA-later at 80ºC. Paper II used the above samples but included 4 more unrelated female
collared flycatchers and 5 more unrelated female pied flycatchers. All female
individuals were processed with the same method.
In Paper IV, 5 male collared flycatchers were sampled on Öland during the
breeding season 2014. However, this time, individuals were held in aviaries at
the field nearby the sampling sites for at least two weeks prior to tissue dissection. Tissue samples were then placed in RNA-later at -80ºC until RNA
extraction. Five tissues of brain, heart, kidney, liver and left testis were studied. In Paper III, beside above samples, we also included 5 pied flycatchers
and 3 F1 hybrids between collared and pied flycatchers in the same place. All
individuals were processed with an identical method. Species and hybrid identity were identified by plumage score first (Qvarnström et al. 2010), and then
confirmed by single nucleotide fixed differences from the sequencing data.

RNA extraction, library preparation and sequencing
Tissues were homogenized, and total RNA was extracted according to the
manufacturer’s instructions. Illumina paired-end libraries for RNA-seq were
prepared. For Paper I and II, RNA-seq was generated by using an Illumina
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Genome Analyzer IIx for 100 sequencing cycles. For Paper III and IV, sequencing was performed on an Illumina HiSeq instrument, and a sequencing
library for the phage PhiX was included as 1% spike-in in the sequencing run.

Read mapping and SNP calling
We used the collared flycatcher assembly FicAlb1.5 (GenBank Accession:
GCA_000247815.2) as the reference genome, and the gene annotation was
obtained from Ensembl (http://www.ensembl.org) release 73. To reduce the
mapping bias towards the reference genome, all positions in the collared flycatcher genome that showed fixed differences between collared and pied flycatchers were masked, using SAMtools v.1.3 (Li et al. 2009).
For Paper I, TopHat v. 2.0.5 (Kim et al. 2013) with default settings was used
to map RNA-seq reads to the SNP-masked genome sequence, and for the rest
of studies, STAR v.2.5.1b (Dobin et al. 2013) was used. Only uniquely
mapped reads were used for further analyses.
For Paper I, genome re-sequencing data from the same individuals were obtained (Ellegren et al. 2012) and used in SNP calling by GATK v. 2.2 with
standard options (DePristo et al. 2011). SNPs that passed GATK standard
quality criteria were extracted and used in the phasing, by Beagle v. 3.0.4
(Browning & Browning 2007).
For Paper II, III, and IV, SNPs were called individually using GATK 3.5.0,
following the best practice with recommended parameter settings (Van der
Auwera et al. 2013). Differently, for Paper II, we combined reads from genome re-sequencing and RNA-seq in the SNP calling, and for Paper III and
IV, we used RNA-seq data only.

The Bayesian negative binomial (NB) approach
The Bayesian NB approach was among one of the first methods that allowed
the estimation of overdispersion when testing for ASE at an individual level.
It calculated overdispersion using a Bayesian solution and tested for ASE using generalized linear mixed mode framework.
Let Yijp be the read counts from allele p (p = 1, 2) at SNP j (j = 1, …, J) in
transcript i. Assuming a NB distribution for Yijp, there is
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Yijp ~ NB(μijp, φi),
where φi is the overdispersion parameter. In line with extra Poisson distribution, it can also be denoted as

Yijp ~ NB(μijp, σ2ijp),
where σ2ijp = μijp + φiμ2ijp. The negative binomial distribution has the probability mass function
,

=

=
+

=

(
(

1
+1

(Robinson & Smyth 2007),
( ), where
hood

and

,
1+

.

+

is calculated by maximizing a weighted likeli)=

(

) is the individual likelihood,
( ).
is the weight given to

)+
(

(

),

) is the averaged likelihood,

This weighted likelihood can be interpreted as an approximate empirical
( ) as the prior distribution and
( ) as
Bayesian solution with the
the posterior distribution for . While is fixed for all genes in Robinson
and Smyth 2007, it was flexible in the Bayesian NB approach for each transcript, depending on J. It was an important and necessary extension for the
ASE detection since different transcripts contained different number of SNPs.
We defined =
and
= 2×J-2, where
was residual degrees of freedom when estimating . Such data-driven allowed the weight to vary flexibly among transcripts based on the potential statistical reliability of individual
estimation. For example, when J is comparatively large (e.g., J = 4), the indi( ) is prioritized over the common likelihood
vidual likelihood
( ) because is less than one ( = 0.5). On the other hand, if J = 2,
( ) is prioritized over
( ) due to = 1.5. After fitting the
then
NB model, null hypothesis that two alleles have equal expression can then be
tested.

RPASE approach
RPASE consisted of two steps: (i) GATK read-backed phasing and (ii) extrabinomial exact test for ASE. Read-backed phasing deduces a physical phase
of SNPs. While it enables the extension of ASE detection from individual
SNPs to multiple SNPs within a haplotype, it introduces dependency between
read counts since haplotype phase is produced by joining reads that shared
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SNPs. The outcome of phased regions was referred as phased blocks, forming
a basic unit of the ASE test.
Comparing to binomial test, extra-binomial test takes a greater variability in
the data, i.e. overdispersion, into consideration, where overdispersion is calculated by having a random probability of success. Let a random variable yi
has
yi ~ Binomial ( , ),
+
,
and
are two allelic summed
where =
counts from the ith phased block, and pi is the probability of success. Allowing a random effect in pi, we have
=
where
ity

(0,

’s were iid
( ;

,

,

,

(1)

). Conditional on

) = Pr(
=

∗

=
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∗

∗

has a marginal probabil-

)
| )

=

(1 −

=

,

(2)

)

.

It describes the probability of observing out of , where (*) is the
standard normal density. Overdispersion is calculated by 32-point Gaussian
quadrature technique (Pawitan 2001).
As a next step, we addressed the dependency of read counts. Let
∗ represented the sth minimum counts in a phased block that has r SNPs (1 ≤ ≤ ),
we then have
=y
=

,
−

=

,
,

=

−

,

=1
,
>1

(3)

with
∗ referring to the stratum counts for the sth stratum. Under the null
hypothesis of no ASE, i.e., allelic frequency ( / ) of 0.5, the probability
mass function can be constructed as
=∑ ∏

;

,

,

,
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where
Ω = Ω , Ω , … Ω∗ … ,
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(5)
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= 0.5,
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;
,
,
denotes the
probability of observing
in the sth stratum from the normal binomial
distribution as defined in Equation 2.
Finally, we calculated the exact p-value. Using the probability mass function
defined in Equation 4, the exact p-value for the ith phased block is
=∑

( / )

(8)

or
=1−∑

( / ),

depending on whether the observed allelic frequency
than 0.5.

(9)

is larger or smaller

Above algorithm is implemented in the R package RPASE, which can be
download and installed from Github
(https://github.com/wangmi811/RPASE).

Simulations and comparison with other method
To evaluate the performance of the developed ASE methods, we simulated
multiple datasets under a variety of scenarios with 8% of genes to be true positives. For genes without ASE, we simulated read counts with a mean allelic
frequency of 0.5, and for genes with ASE, we simulated different allelic frequencies. We simulated 1000 genes in each scenario and repeated each simulation 100 times. Average true positive rate and false discovery rate were calculated accordingly.
RNASeqReadSimulator (http://alumni.cs.ucr.edu/~liw/rnaseqreadsimulator.
html) was used to simulate paired-end RNA-seq reads for Paper II. We varied
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SNP density, allelic frequency, overdispersion, coverage and sequencing error
to investigate the performance of RPASE.
As independent validations, the developed ASE methods were compared to
MBASED (Mayba et al. 2014), which is to our knowledge the only published
method that allows for individual phasing before detecting ASE. MBASED
has two mode: phased mode and unphased mode. With phased mode, a known
phase is required. With unphased mode, it performs pseudo-phasing. As suggested by Mayba et al. (2014), major allelic frequency > 0.7 and Benjamini
Hochberg-adjusted p-value < 0.05 are used as significant thresholds when
identifying ASE. In Paper I, MBASED was run in phased mode and compared
with Bayesian NB approach, and in Paper II, both phased mode and unphased
mode were compared with RPASE.

Differential gene expression analyses, tissue-specificity
estimation and Gene Ontology analyses
We investigated differential gene expression (DE) by using the DEseq2 package (Love et al. 2014). Following the recommended pipeline, the output from
HTseq v0.6.1 with default settings (Anders et al. 2015) were fed to DEseq2.
For each tissue separately, DE analyses were based on pair-wise contrast, i.e.
collared vs. pied flycatchers, collared flycatchers vs. F1 hybrids, and pied flycatchers vs. F1 hybrids.
Tissue-specificity was estimated by using transcripts per million (TPM),
where TMP was calculated using RSEM 1.2.29 (Li & Dewey 2011) after
STAR mapping. For each tissue in each species separately, we calculated tissue-specificity index τi for each gene i following (Yanai et al. 2005):
( )
∑
1−
(
)
,
τ =
−1
where
is the TPM value for gene i in tissue t, and
is the maximum
TPM value across the total number of k tissues for the ith gene.
Flycatcher Gene Ontology (GO) annotations were retrieved from Ensembl 73.
We tested the enrichment of GO terms by using topGO package in R. Benjamini Hochberg-adjusted p-value < 0.05 was used to determinant whether test
results were significant or not.
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Identification of CNEs
We identified conserved element (CE) using phastCons (Siepel et al. 2005)
with whole-genome alignments, phylogenetic model and parameters from
(Craig et al. 2018). Conserved non-coding elements (CNEs) were later identified as CEs with no overlap with protein-coding sequence, RNA genes, or
pseudogenes. We then assigned CNEs to the nearest gene based on the physical distance between the CNE and the transcription start site (TSS) of a gene.

Estimation of distribution of fitness effects (DFE), ωa,
α, and ω
We grouped genes with ASE into an ASE group and genes without ASE into
a control group. Then, we tested if the strength of selection in cis-regulatory
elements and coding sequences differed between the two groups. DFE-alpha
v2.16 (Eyre-Walker & Keightley 2009) was used. It fits a gamma distribution
by comparing the folded site frequency spectrum (SFS) for sites under selection to those that are putatively neutral, and the strength of purifying selection
is estimated based on the shape and mean of the gamma distribution. For cisregulatory elements, we considered CNEs located 2 kb upstream of TSS
(CNE_2kb) as selected sites and non-conserved sequence in 2 kb upstream of
the TSS (nonCNE_2kb) as the neutral reference. For coding sequences, we
considered 0-fold degenerate sites as selected sites and 4-fold degenerate sites
as the neutral reference.
Baseml program in PAML 4.9e (Yang 2007) and sequence alignments between collared flycatcher, zebra finch and chicken (outgroup) were used to
estimate the divergence for the collared flycatcher lineage. We calculated ωa
as the rate of adaptive substitution relative to neutral divergence, α as the proportion of adaptive substitution, and ω as the ratio of divergence for cis-regulatory elements and coding sequence separately.
95% confidence intervals for the DFE, ωa and α were generated by bootstrapping genes for 200 times with replacement. After calculating the standard error of the bootstrapped distribution, confidence intervals were defined using
the 2.5th and 97.5th percentiles of the Student’s t-distribution. We then conducted randomization test following (Eyre-Walker & Keightley 2009) to test
differences in the DFE, ωa and α between the ASE and control groups.
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Regression analysis
To investigate what features determinate whether a gene showed ASE or not,
we gathered data that have previously been suggested to affect cis-regulatory
variation and performed logistic regression analyses. Presence or absence of
ASE (1 or 0) was used as the response variable. Recombination rate, density
of functional sites, local mutation rate, the number of protein-protein interactions (PPI), tissue specificity (τ), gene expression level, and gene length were
used as explanatory variables. Among them, recombination rate, the density
of functional sites, and mutation rate were selected to represent variables relating to genomic background. The others were used to represent gene-specific
functions and features.
We obtained recombination rate in cM/Mb for non-overlapping 200 kb from
(Kawakami et al. 2014) and assigned gene-wise recombination rates by mapping gene to its corresponding 200 kb window. The density of functional sites
was calculated as the density of exons and CNEs. Synonymous substitution
rate (dS) from (Bolívar et al. 2015) was used as a proxy for local mutation rate.
PPI was obtained from (Uebbing et al. 2015). Tissue specificity (τ) was calculated as mentioned above. Gene expression level was computed as a mean
of TPM. Gene length was obtained from Ensembl gene annotation. All variables were centered and scaled in logistic regression analyses.
We used stepwise regression based on the Akaike Information Criterion to
find the best-fit model. To calculate model accuracy, we randomly split the
data into training set (80%) and predict set (20%). Estimated coefficients from
the best-fit model by the training set were used to predict the presence or absence of ASE in predict set. Model accuracy was calculated as the proportion
of genes in the predict set having the correct prediction.
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Research Aims

The main objective of this thesis was to develop methods that enabled the
analysis of allele-specific gene expression in natural non-model organisms
and provided insights into molecular mechanisms and genetic determinants of
gene expression evolution. The specific aims of each of these papers were:
Paper I ̶ Develop a Bayesian model that allowed for ASE detection with
individual-based gene-level resolution and investigate the prevalence of ASE
in wild populations.
Paper II ̶ Develop a computational pipeline that incorporate individual phasing when testing for ASE.
Paper III ̶ Study the determinants of the conservation of gene expression
and explore the relationship between cis- trans compensation and hybrid incompatibilities.
Paper IV ̶ Investigate the evolutionary processes and molecular mechanisms
that underline cis-regulatory evolution
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Summary of papers

Paper I ̶ Bayesian inference of allele-specific gene
expression indicates abundant cis-regulatory variation in
natural flycatcher populations
A powerful approach to study molecular mechanism of gene expression evolution is the analysis of ASE, which is used widely to investigate cis-regulatory effects (Arnoult et al. 2013; Chen et al. 2015; He et al. 2010; Pastinen
2010; Steige et al. 2015; Yan et al. 2002). Crosses of inbred organisms from
lab settings largely benefit ASE analysis with good statistical power since inbred lines have small within- and large between-species genetic variation, a
sufficient number of replicates, and complete knowledge of the phase. Such
methodological advantages have led to a bias in favor of studies on lab organisms (Emerson et al. 2010; Glaser-Schmitt et al. 2018; Goncalves et al. 2012;
Mack & Nachman 2017; McManus et al. 2010; Schaefke et al. 2013; Tirosh
et al. 2009; Wittkopp et al. 2004; Wittkopp et al. 2008), and natural populations of non-model organisms are rarely investigated (Tung et al. 2015; Wang
et al. 2017). Therefore, it remains to be explored whether findings in lab settings can be directly transferred to the wild.
To overcome these limitations and study natural organisms, we developed a
novel Bayesian negative binomial (NB) approach to detect ASE. Relying on
known individual haplotype phase, this approach used multiple heterozygous
SNPs within a gene, allowed for overdispersion, calculated a weighted likelihood that captured both gene-wise variation and overall variation, and tested
for ASE by an approximate empirical Bayesian solution.
We evaluated the performance of the Bayesian NB approach by (i) simulating
multiple data sets under a variety of scenarios, (ii) applying it to a public data
set, and (iii) comparing it with another ASE method. Simulation revealed that
average true positive rate increased with the number of SNPs, read coverage,
and in particular, allelic imbalance. On the other hand, the average false discovery rate was below 0.015 across all tested scenarios. As an independent
validation, Bayesian NB approach was applied to an RNA-seq data set from
human (Rozowsky et al. 2011) and compared to another ASE detection
method called MBASED (Mayba et al. 2014). We found a considerable
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amount of overlap of detected ASE genes in the tested dataset. Taken together,
those results indicated that the Bayesian NB approach was a valid method and
had powerful control over noise and variation when testing for ASE.
We then used the Bayesian NB approach to study ASE in collared and pied
flycatchers. We found that ASE was prevalent, and there were around 7% of
genes showing ASE in at least one individual and tissue. Different tissues had
different percentage of ASE genes. While many ASE genes were detected in
only one tissue or individual, there were 64 ASE genes that were detected in
more than one individual-tissue combination. Among those multiple occurred
ASE genes, it was more common to have the same individual showing ASE
in multiple tissues than multiple individuals showing ASE on the same tissue,
highlighting the nature of sequence variation in cis-regulation. No particular
functionality was found for ASE genes since no significant GO term was enriched.
Note, most of the detected ASE genes showed a major allelic frequency larger
than 0.9, reflecting that the power was heavily biased towards an extreme allelic imbalance. This suggested that the estimated ASE percentages in flycatcher populations were likely to be underestimated since subtler allelic imbalance was remained undetected. One important explanation was that sequencing coverage was too low, which prevented ASE detection in lowly expressed genes. In addition, with only a few individuals per species under
study, it was a challenge to infer phase from linkage disequilibrium, where
preferably, hundreds of individual samples are usually required (Browning &
Browning 2007; Menelaou & Marchini 2013). Greater sequencing depth with
more sampled individuals could be a possible approach to properly address
this issue in the future.

Paper II ̶ RPASE: individual based allele-specific
expression detection without prior knowledge of
haplotype phase
While recent developments in sequencing technologies allowed the ASE investigation for whole genome at increasingly fine resolution (Edsgärd et al.
2016; Leon-Novelo et al. 2014; Mayba et al. 2014), several technical issues
remained to be addressed in the ASE analysis, especially when studying natural organisms. The first one was mapping bias. Mapping bias occurred when
reads from two alleles were aligned with a single reference genome. Although
many published methods have attempted to solve the issue (Degner et al.
2009; Quinn et al. 2014; Rozowsky et al. 2011; Van de Geijn et al. 2015; Wu
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& Nacu 2010), mapping bias cannot completely be eliminated (Castel et al.
2015). Thus, downstream statistical models that can account for extra variations, manifesting as overdispersion, are of particular importance when testing
for ASE. Since overdispersion was estimated from multiple replicates, the second challenge was the difficulty of obtaining wild replicates. Using multiple
heterozygous SNPs within a gene was an alternative way to investigate individual ASE (Rozowsky et al. 2011; Wang et al. 2017). This approach, however, introduced a third challenge since it required a known individual haplotype phase.
To overcome these difficulties and to enable ASE detection within individual
organisms, we developed a computational pipeline called RPASE (Readbacked Phasing-based ASE detection). RPASE first used Genome Analysis
Toolkit’s read-backed phasing to construct individual haplotype, and then, it
performed a tailored extra-binomial exact test that allowed for overdispersion
and dependency when aggregating multiple SNPs within individual haplotype. RPASE took (i) the mapped RNA-seq reads from a single individual,
and (ii) a list of SNPs from the same individual as the input data and produced
gene-wise p-value for ASE detection.
We evaluated the performance of RPASE by simulating RNA-seq reads data
over a range of key parameters. Simulation showed that haplotypes could be
constructed correctly for all genes at all settings, reflecting a high accuracy of
read-backed phasing. Detection power increased with increasing coverage, increasing SNP density, and decreasing overdispersion, and RPASE had robust
control over false discoveries under all simulated scenarios.
We further assessed the performance of RPASE by comparing it with
MBASED (Mayba et al. 2014). We applied both methods to a public ENCODE dataset from human. When phasing information was available, two
methods produced largely concordant ASE results, which served as further
support that RPASE had a valid way to circumvent reads dependency. When
phasing information was not available, RPASE had a better performance, and
MBASED appeared to have spurious ASE calls.
Finally, RPASE was applied to four bird species: collared flycatcher, pied flycatcher, zebra finch and chicken. Our analyses revealed a potentially rich landscape of ASE in those wild birds, demonstrating how RPASE enabled the indepth ASE analysis with individual-based gene-level resolution.
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Paper III ̶ Gene regulatory evolution in natural
flycatcher populations is highly tissue-specific and
shows distinctive patterns in the testis
Gene expression evolution at the transcription level can be broken up into
evolutionary changes in cis- and trans-regulatory sequence (Fraser 2011;
Prud'homme et al. 2007; Romero et al. 2012; Wittkopp & Kalay 2012; Wray
2007). Recent evidence suggests that cis- and trans-regulatory changes often
modify genes expression in opposite directions with reciprocal effect, i.e., they
compensate each other and result in no or little change on overall expression
level (Johnson & Porter 2000). Such cis-trans compensation stabilizes gene
expression and maintains a conservation of gene expression (Mack &
Nachman 2017).
However, accumulation of such compensatory changes can cause incompatible interactions between regulatory changes in divergent species when hybridizing, and thereby introducing mis-expression in hybrids and gives rise to hybrid dysfunction. This is known as Dobzhansky-Muller hybrid incompatibilities (Haerty & Singh 2006; Mack & Nachman 2017; Signor & Nuzhdin 2018).
To gain insight into the molecular mechanisms underlying gene expression
evolution, we analysed gene expression from two flycatcher species as well
as their naturally-occurring F1 hybrids. Phylogenetic analysis of mtDNA sequences revealed that all F1 hybrids were from a cross between a female pied
flycatcher and a male collared flycatcher.
Differential gene expression analysis between pure species indicated that gene
expression evolution was tissue-specific. The tissues that showed the highest
number of differentially expressed (DE) gene were testis (1031), followed by
heart (160), liver (311), kidney (537), and brain (55). In addition, different
tissues showed a different set of DE genes, suggesting either tissue-specific
genes were differentially expressed, or broadly expressed genes were regulated in a tissue-specific way. Moreover, a broad Fast-Z effect was observed
since the proportion of DE genes in Z-link genes was higher than that of autosomal genes in all tissues.
Mis-expression in F1 hybrids, defined as an expression level in hybrids being
either lower or higher than in any of the parental species, was found to be
common, especially in brain, heart, kidney, and liver. This result suggested
that Dobzhansky-Muller hybrid incompatibilities were widespread in these
tissues. Interestingly, while testis showed the highest number of DE genes
among tissues, it showed no clear evidence of mis-expression. It was therefore
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unlikely that incompatible interactions between regulatory changes explained
the observed sterility in F1 hybrids.
When combining DE and ASE analysis, we found a significant association
between DE and ASE in both parental species as well as in F1 hybrids for
kidney and liver. However, for testis, DE was only associated with ASE in F1
hybrids. In addition, by using conserved non-coding elements (CNEs) located
either 5 kb upstream or in introns as proxy for cis-regulatory regions, we found
that genes with fixed CNE differences had significantly higher expression divergence between species than genes without fixed CNE differences, specifically in testis. Taken together, those evidence demonstrated a critical role of
tissue-specific regulatory mechanisms in gene expression evolution. While
mis-expression in F1 hybrids was widespread, there was no such evidence for
testis. Instead, cis-regulatory changes might underlie the rapid expression divergence in testis.

Paper IV ̶ Cis-regulatory variation and allele-specific
expression in the collared flycatcher (Ficedula
albicollis) genome
The evolutionary significance of genetic variation in cis-regulatory elements
(cis-regulatory variation) has become increasingly clear with recent genomescale analyses (Crowley et al. 2015; He et al. 2012; Kita et al. 2017; Mack et
al. 2016; Metzger et al. 2016; Santos et al. 2014; Steige et al. 2017). Such
variation has been shown to provide a rich source of material for phenotypic
changes, adaptation, and speciation (Mack & Nachman 2017; Signor &
Nuzhdin 2018).
However, evolutionary processes and molecular mechanisms underlying cisregulatory variation remain to be explored for most organisms. Like sequence
variation in coding region, cis-regulatory variation is expected to be affected
by mutation, drift, selection and recombination. While weak purifying selection has been found to act on a large amount of cis-regulatory variation in C.
elegans, Drosophila, plants, and human (Fay & Wittkopp 2008; Josephs et al.
2017; Naidoo et al. 2018; Rockman et al. 2010), the relative importance of
drift and selection on cis-regulatory variation remains largely unknown for
most organisms.
Moreover, the molecular determinants for whether a gene contains cis-regulatory variation and shows ASE is also unclear. In yeast, it has been found that
genes that are dosage-sensitive experience stronger constraint on expression
variation than genes that are not dosage-sensitive, due to the role of protein30

protein interaction in a regulatory network (Birchler & Veitia 2012; Lehner
2008; Metzger et al. 2015). In plants, genes whose expression level are influenced by cis-regulatory variation, are also found to have an excess of transposable element insertions (Hollister & Gaut 2009; Hollister et al. 2011;
Steige et al. 2015). Those findings suggested that gene-specific functions and
features may determine whether a gene can be influenced by cis-regulatory
variation and show ASE. However, in C. elegans, background selection is
found to be the predominant force that shapes the evolution of regulatory sequences (Rockman et al. 2010). In that case, the determinants can be features
from much board, genome-scale background, such as local mutation rate, the
density of target sites for selection, and local recombination rate. The relative
importance of gene-specific functions versus genome-scale features is also
unclear for most organisms.
Additionally, while sequence variation in coding sequence can be grouped
into nonsynonymous and synonymous substitution, it is difficult to distinguish
cis-regulatory variation from neutral variation at non-coding DNA sequences
(Rockman & Wray 2002; Wittkopp & Kalay 2012). Such difficulty may explain why we have a limited understanding of cis-regulatory evolution.
In this study, we used conserved non-coding elements (CNEs) that immediately flank genes as a proxy for cis-regulatory elements, and accordingly, used
sequence variation in CNEs as a proxy for cis-regulatory variation. Depending
on whether a gene showed ASE or not, we combined genes into an ASE and
a control group. We then tested if the strength of selection in cis-regulatory
elements and genes differed between the ASE and control groups by using
DFE-alpha v2.16 (Eyre-Walker & Keightley 2009).
We found that cis-regulatory variation for genes that showed ASE were subject to weaker purifying selection and less frequent positive selection, compared to genes that did not show ASE. In contrast, we did not find such a
difference between the two groups for sequence variation in coding sequence.
These results indicated that patterns of selection acting on regulatory and coding sequences could be uncoupled and, as a result, the evolution of gene expression and coding sequences could occur independently.
We further found that gene-specific features and functions, such as the number
of protein-protein interactions, gene expression level, polymorphic transposable elements, and tissue specificity, other than the genome-scale features in
the background, were stronger predictors for ASE (model accuracy 0.69). In
addition, our results also showed that gene expression was regulated under
tissue-specific manner, where tissues differed in which genes showed ASE,
the proportions of ASE, patterns of selection acting on cis-regulatory elements, and determinants of ASE.
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Collectively, in this study, we investigated evolutionary processes and molecular mechanisms underlying cis-regulatory variation. With the technological
advances in many areas, the evolution of cis-regulatory variation can be studied in more organisms in more details, and ultimately, a comprehensive picture of gene expression evolution will emerge in the near future.
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Conclusions and future prospects

Evolutionary change in gene expression is an important contribution to phenotypic variation, adaptation, and speciation. Understanding the molecular basis and the forces governing its change are major research topics in biology.
A powerful approach to study regulatory evolution is the analysis of allelespecific expression (ASE). A large majority of developed methods for ASE
detection are designed for studying model organisms from lab settings,
whereas there is a paucity of methods for studies using natural populations.
The difficulty of sampling identical wild replicates, a highly frequent polymorphism in the natural population, and a lack of necessary genomic
knowledge for natural organisms can contribute to the methodological bias.
In this thesis, two methods for ASE detection are developed, which enable the
analysis of ASE in natural organisms. The first method is called Bayesian NB
approach and is among one of the first methods that allows for ASE detection
at an individual level with the estimation of overdispersion. Relying on the
given phasing knowledge, Bayesian NB approach aggregates multiple SNPs,
estimates overdispersion, and tests for ASE using negative binomial distribution with an approximate empirical Bayesian solution. A known phasing is
critical for Bayesian NB approach, however inferring phasing from a few wild
individuals is difficult.
The second method is called RPASE (Read-backed Phasing-based ASE detection), which is developed with a main advantage that no phasing knowledge
is required in advance anymore. RPASE preforms physical phasing based on
Genome Analysis Toolkit’s read-backed phasing, which has a high accuracy
with individual phasing resolution. However, due to a nature of physical phasing, which ultimately results from linear transcription of individual alleles,
such phasing induces a dependency of read counts. RPASE addresses the dependency issue by designing a tailored extra-binomial exact test, which dissects the dependency by reads stratification and in the meanwhile estimates
overdispersion and tests for ASE.
The performance of both methods is assessed by simulating a variety of datasets over many key features. They are also applied to public datasets and
compared with other ASE detection method. Those evaluations indicate that

33

both methods are valid approaches with good ASE detection power and robust
control for variation.
PRASE is used later to investigate the molecular mechanisms and evolutionary significance underling gene expression evolution. Incompatible interactions between divergent regulatory sequences are observed extensively in F1
hybrids, indicating a widespread cis-trans compensation during gene expression evolution. Tissue-specific regulatory mechanism is found to be critical.
Testis, in particular, shows a different pattern compared to other tissues. It has
a highest expression divergence among tissues but no clear signature of misexpression. Instead, cis-regulatory changes appear to play an important role.
These results illustrate that selective constraints associated with pleiotropic
effects can be circumvented by a tissue-specific manner of regulatory evolution.
In addition, cis-regulatory sequences of genes with ASE show a larger proportion of slightly deleterious mutations and weaker signatures of positive selection than genes without ASE. No such differences are observed for coding
sequences. Therefore, patterns of selection that act upon regulatory and coding
sequences can be uncoupled and occur independently.
In the future, I think, machine learning has the potential to dramatically further
our understanding about evolution. With rapidly decreasing costs of highthroughput sequencing and developments of massively parallel technologies,
we produce ever increasing amounts of data at a higher sequencing depth and
from more dimensions. These dimensions include genome, transcriptome,
proteome, epigenome, phenotypic measurements, ecological properties, and
so on. To investigate evolutionary questions at an unprecedented scale and to
provide a comprehensive view, there is a need to combine all data together.
Traditional statistical approaches, like those that are mentioned in this thesis,
are far from sufficient when facing large data sets. Machine learning approaches, such as support vector machine, decision tree, neural network, and
deep learning are beginning to be applied in many fields of biology. Ongoing
methodological developments and emerging applications promise an exciting
future.
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Svensk Sammanfattning

Evolutionära förändringar i genuttryck kan bidra till fenotypisk variation, anpassning och artbildning. Att förstå den molekylära bakgrunden till dessa förändringar och de evolutionära krafter som styr dem är viktiga biologiska
forskningsämnen. Ett effektivt sätt att studera hur genreglering evolverar är
att analysera allelspecifikt uttryck (förkortat ASE, allele-specific expression).
De flesta metoder för ASE-detektering är utformade för att studera modellorganismer i labmiljö, medan det finns få tillgängliga metoder för naturliga
populationer. Svårigheten med replikat, hög genetisk variation och brist på
nödvändiga genomiska redskap i naturliga populationer är bidragande orsaker
till detta.
I denna avhandling utvecklas två metoder för ASE-detektering som möjliggör
analys av ASE i naturliga populationer. Den första metoden kallas Bayesian
NB approach och är en av de första metoderna för ASE-detektering på individnivå som uppskattar överdispersion. Givet att de individuella kromosomernas sekvens (fas) är känd, fogar metoden samman flera enbaspolymorfier,
uppskattar överdispersion och testar för ASE genom att använda en negativ
binomialfördelning med en approximativ empirisk Bayesiansk lösning. Korrekta kromosomfaser är kritiska för denna metod, men det är svårt att etablera
fasen för polymorfier då analysen baseras på ett begränsat antal vilda individer.
Den andra metoden kallas RPASE (Read-backed Phasing-based ASE detection). Metoden har fördelen att den inte kräver kännedom om kromosomfaserna på förhand. RPASE utför fysisk fasning baserat på Genome Analysis
Toolkit’s ”read-backed phasing”, som har hög precision på kromosomfasning
på individnivå. Eftersom kromosomfasning i slutändan är en linjär transkription av individuella alleler på många olika positioner, medför detta ett beroende
av antalet sekvensläsningar som finns tillgängligt. RPASE hanterar detta genom att inkludera ett extra-binomialt exakt test som kvantifierar beroendet genom stratifiering av läsningar och under tiden uppskattar överdispersion och
testar för ASE.
Båda metodernas prestanda utvärderas genom simulering av en rad dataset
med olika egenskaper. Metoderna tillämpas också på publika dataset och jämförs med andra ASE-detekteringsmetoder. Dessa utvärderingar indikerar att
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båda metoderna är användbara för att detektera ASE och att de är robusta genom att de inkluderar kontroll för variation.
RPASE används senare för att undersöka molekylära mekanismer och evolutionära konsekvenser av förändringar i genuttryck. Inkompatibla interaktioner
mellan divergerande regulatoriska sekvenser observeras i stor utsträckning i
F1-hybrider, vilket indikerar en utbredd cis-trans-kompensation under evolutionen av genuttryck. Vävnadsspecifika regulatoriska mekanismer visade sig
vara kritiska. Speciellt testikelvävnad visade ett avvikande mönster jämfört
med andra vävnader. I testiklar observerades störst variation i genuttryck men
inget tydligt tecken på feluttryck. I stället verkade cis-regulatoriska förändringar spela en viktig roll. Dessa resultat illustrerar att selektiva begränsningar
förknippade med pleiotropa effekter kan undvikas genom att regulatorisk evolution kan vara vävnadsspecifik.
Dessutom visar analyserna att cis-regulatoriska sekvenser hos gener med ASE
har en större andel ofördelaktiga mutationer och svagare tecken på positiv selektion än gener utan ASE. Inga sådana skillnader observerades för de kodande sekvenserna. Därför kan selektionskrafter som verkar på regulatoriska
respektive kodande sekvenser vara okopplade och verka oberoende av
varandra.

Translated to Swedish by Linnéa Smeds and Niclas Backström
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