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Understanding lineage-specific biology through compara-
tive genomics.

Name: Yang Li
College: St Cross College
Degree: Doctor of Philosophy
Term: Trinity 2014

Abstract
A major challenge in biology is to identify how different species arose and ac-
quired distinct phenotypic traits. High-throughput sequencing is transforming
our understanding of biology by allowing us to study genomes and cellular pro-
cesses at genome-wide levels. Only a decade subsequent to the publication of
the first human genome draft, genome assemblies of hundreds of organisms have
been produced. Yet, genome analysis remains challenging and advances have
lagged far behind our sequencing abilities and other technological advances. The
next generation of comparative genomicists must therefore understand, invent
and apply a wide number of computational tools in order to study biology in the
most efficient manner and in order to pose the most interesting questions. This
thesis spans areas covering evolutionary genomics, gene regulation, and compu-
tational methods development. A major aim was to understand how genetic
variation contributes to variation in phenotypic traits. This was approached
using a large variety of evolutionary and comparative genomics tools. In par-
ticular, high-throughput sequencing datasets were analysed to study single-cell
transcriptomics, gene duplications, gene architecture evolution, and alternative
splicing. Additionally, in cases where off-the-shelf analysis tools were inexistent,
novel pipelines and programs were designed and implemented to solve algorith-
mic problems such as scaffolding genome assemblies and short-read mapping onto
small exons.
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1 Chapter 1: Introduction

Physical appearance, behaviour, and susceptibility to diseases are traits off-

spring inherit from parents. This simple observation embodies the founding prin-

ciples of genetics. In 1944, DNA was first suggested to be an essential molecule

to heredity (Avery et al., 1944); today we know that DNA is fundamental to life

and is shared among all living organisms. All living organisms share a common

origin, and there is overwhelming evidence that accumulation of genomic changes

throughout evolutionary time played a major role in today’s biodiversity. Nev-

ertheless, how genomic variation directly contributes to variation in phenotypic

traits remains under active investigation.

My thesis explores protein coding gene variation in terms of sequence, intron-

exon architecture and copy number. A major aim of my work has been to use

high-throughput sequencing data to understand how evolutionary forces shape

past and contemporary genomes. Another major aim of my work has been to

develop analysis approaches for high-throughput sequencing data. Though very

different in nature, these subjects are increasingly becoming essential aspects of

research in genomics.

Owing to the varied types of analyses presented in this thesis, I will briefly

describe some biological and computational concepts in this introduction, leaving

more complex and technical discussions that is relevant to each study to their

appropriate chapters. In particular, I provide an overview of important mecha-

nisms that underlie phenotypic evolution, followed by a description of relevant

computational approaches.
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1.1 Evolutionary genomics

Genome evolution is governed by four major evolutionary forces: mutation,

recombination, drift and selection. These forces constantly act on the genome

over time. Although my work focuses on genomic differences that underlie pheno-

typic variation between (possibly distantly-related) species, an understanding of

evolutionary changes at the population level is required. Indeed, within-species

variation lies at the root of species divergence, and only variants that survive the

early polymorphic stage and reach fixation will contribute to variation among

species (Lynch, 2007).

Spontaneous mutations in the germline of an individual can be carried over

to the genomes of offspring and introduce new alleles (i.e. variants) to the pop-

ulation. These alleles can increase, decrease, or remain stable in frequency over

time. In rare cases, new alleles can become fixed in the population, i.e. reach a

frequency of 100%. Over time, alleles that increase reproductive fitness are more

likely to increase in frequency and to be fixed in the population (positive selec-

tion), while deleterious alleles tend to decrease in frequency and to be purged

from the population (purifying selection). However, most new alleles tend not

to affect reproductive fitness or to have small effects: they are effectively neutral

and are thus expected to disappear from the population eventually. Nevertheless,

due to random sampling of alleles in a finite population, most alleles (including

slightly deleterious and neutral ones) can become fixed, by chance alone. This

phenomenon is known as genetic drift.

The strength of genetic drift heavily depends on (effective) population size.

This is because the variance associated with random sampling of alleles depends

on the total number of individuals with offspring in a population. If the pop-
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ulation size is small enough, genetic drift can dominate weak selective forces,

resulting in a situation in which the genetic landscape of a population evolves

nearly entirely randomly (Ohta, 1973; Kimura, 1983). This is an important con-

cept that I have borne in mind when interpreting results from my analysis of

East African cichlid species (Chapter 3) that have small population sizes.

Though most spontaneous mutations within an individual are never fixed

in a species, it is clear that the genomes of even closely-related species differ

greatly. These differences are rare exceptions that have accumulated over mil-

lions of years. Most differences were once neutral or near neutral alleles (effec-

tively neutral; Ohta (1973)) that have no phenotypic effects and became fixed by

chance. However, some fixed mutations do generate phenotypic variation. In the

remainder of this section, I describe genetic mutations that impact phenotype.

Furthermore, I describe several genomic changes that show signatures of posi-

tive selection because they are generally assumed to impact phenotype. This,

of course, does not exclude the possibility that effectively neutral or deleterious

mutations contribute to phenotypic diversity (but these have proved to be much

harder to find or show).

1.1.1 Gene duplications and family expansions

Gene duplication is a major evolutionary mechanism that can generate molec-

ular diversity (Ohno, 1970), and can occur in several distinct ways. Gene dupli-

cates can result from chromosomal regions being duplicated in tandem (Eichler

and Sankoff, 2003; Fan et al., 2008) which are caused by unequal cross-overs or

replication slippage (De Grassi and Ciccarelli, 2009). They can be produced from

complete duplications of the genome (Holland et al., 1994; Meyer and Schartl,

1999; Dehal and Boore, 2005), and through retrotransposition by which copies
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of the retrotranscribed gene are inserted within the genome at other locations

(Xing et al., 2006; Ewing et al., 2013).

Following duplication, genes may be more prone to random genetic drift and

may then be subject to adaptive pressures that reflect species-specific biology. A

priori, newly duplicated genes have redundant functions (except those without

regulatory elements), and their trajectories (even those that reach fixation) gen-

erally follow the route of non-functionalization (Han et al., 2009). However, some

acquire non-redundant functional roles and are retained in the genome. Gene

duplicates that have been retained over a long evolutionary period are expected

to have acquired diverse functional roles. Redundant copies may acquire muta-

tions that alter protein structure and function. Gene duplicates may therefore

acquire a completely novel function (Neofunctionalization; Ohno (1970)). Dupli-

cated genes may also maintain ancestral function and acquire novel expression

patterns. For instance, novel genes, including duplicates, are often found to be

first expressed in testes of mammals, and are predicted to then slowly acquire

expression in other tissues (Kaessmann, 2010; Assis and Bachtrog, 2014). Fur-

thermore, ancestral functions can be divided between the duplicated and original

copies of a gene, a process known as subfunctionalization (Ohno, 1970). A simple

model for subfunctionalization is the duplication-degeneration-complementation

model which proposes that degenerative mutations in one copy are buffered by

the presence of the other copy. The accumulation of buffered mutations in both

copies therefore leads to a scenario in which the ancestral gene function is divided

between the two copies (Stoltzfus, 1999).

Among genes with retained copies that appear to have been repeatedly dupli-

cated in animals, are those that encode visual pigments in insects and vertebrates
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(Yuan et al., 2010; Rennison et al., 2012), venoms in snakes, platypus and mol-

lusks (Chang and Duda, 2012), olfactory and gustatory receptors in insects and

mammals (Robertson and Wanner, 2006; McBride, 2007). The Hox gene family

of transcription factors that regulate animal development (Barten et al., 2001;

Nikolaidis et al., 2005; Laun et al., 2006; Pearson et al., 2005a) has also undergone

repeated duplication events. The Hox family is well studied and one of the most

celebrated example of gene family expansion with clear phenotypic consequences.

Hox genes are homeobox transcription factors that have key roles in patterning

the antero-posterior axis of animals (Pearson et al., 2005b). Their duplication

and subsequent evolution have substantially contributed to the large diversity of

morphological phenotypes in arthropods and chordates (Carroll, 1995). Analysis

of Hox-like clusters revealed that multiple paralogous clusters are present in ani-

mals: the Hox cluster (Pearson et al., 2005a), the ParaHox cluster (Brooke et al.,

1998) and NK clusters (Kim and Nirenberg, 1989). These clusters likely orig-

inated from successive duplications that trace back to an ancestral proto-Hox

cluster predating the cnidarian-bilaterian transition (Garcia-Fernandez, 2005).

Duplications and subsequent evolution of Hox and Hox-like clusters represent

one example of gene family expansion that played an instrumental role in animal

phenotypic variation.

1.1.2 Non-synonymous substitutions

Non-synonymous substitutions are known to impact phenotypic traits, pos-

sibly by altering protein function. They arise when point mutations alter amino

acids encoded in exonic regions. Analyses of coding sequence differences be-

tween Drosophila species and between primates estimated that over 40% and

10–20% of non-synonymous substitutions were adaptive during Drosophila and

primate evolution, respectively (Clark et al., 2003; Eyre-Walker, 2006; Boyko
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et al., 2008; Messer and Petrov, 2013). These percentages vary greatly probably

owing to differences in effective population size and population history. Nev-

ertheless, because of the prevalence of adaptive non-synonymous substitutions,

they are widely believed to affect phenotypic variation (Evans et al., 2004; Dorus

et al., 2004; Bustamante et al., 2005).

Most non-synonymous substitutions have unknown consequences on protein

function. However, genome-wide scans revealed several interesting proteins with

positively selected sites and known function (Clark et al., 2003; Nielsen et al.,

2005; Kosiol et al., 2008). For examples, genes involved in immunity and sensory

perceptions tend to harbour positively selected sites (Kosiol et al., 2008). These

findings are somewhat expected because immune defence responds to changing

viral and bacterial populations, and interestingly, some of these sites are located

within protein domains predicted to bind viruses (Kosiol et al., 2008).

Another interesting example of a positively selected gene is Foxp2. Human

Foxp2 differs by the substitution of two amino acids compared to its chimpanzee

ortholog. Comparative analyses suggest that these two substitutions occurred in

the human lineage and subsequently reached fixation (Zhang et al., 2002; Enard

et al., 2002). Interestingly, one mutation in Foxp2 is associated with speech and

language deficits in human. Furthermore, the two human-specific amino acids al-

ter Foxp2 function by altering its transcriptional targets (Konopka et al., 2009).

Therefore, these two substitutions may have contributed to the emergence of

human language.
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1.1.3 Gene expression and alternative splicing evolution

Gene regulatory evolution

Evidence increasingly suggests that non-coding mutations rather than muta-

tions in coding regions underlie differences between closely related species (Wit-

tkopp et al., 2004; Prud’homme et al., 2006, 2007). These non-coding mutations

are believed to impact phenotypes by their effects on gene expression. In mam-

mals, gene regulation evolves under tissue-specific selective pressures (Blekhman

et al., 2008; Brawand et al., 2011), which is consistent with the idea that natural

selection can act on diverse organ phenotypes through changes in tissue-specific

gene regulation. According to models of gene expression level evolution, over

10% of all genes evolved under directional positive selection (i.e. preferential

fixation of alleles increasing or decreasing expression levels to an optimum) in

humans and other mammals (Gilad et al., 2006; Blekhman et al., 2008). Us-

ing population genetics data, positively selected mutations were found to affect

gene regulation more often than they affect protein sequences (Kudaravalli et al.,

2009; Fraser, 2013), which suggests an important role of gene regulatory changes

on phenotypic evolution.

In an elegant study from the coelacanth genome project, Amemiya et al.

(2013) identified a regulatory region that is proximal to the Hox-D cluster and

conserved in tetrapods and coelacanth, but not in ray-finned fish. Hox-D is in-

volved in the formation of digits in tetrapods (Montavon et al., 2011), which

motivated Amemiya and colleagues to study the regulatory roles of the region

they identified. Interestingly, the sequence of this region was shown to drive

reporter expression in a limb-specific pattern in a mouse transgenic assay. The

developmental regulation of limb part was therefore likely derived from a regu-
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latory element present in the common ancestor of coelacanth and tetrapods.

There exist several other examples of gene regulatory evolution that con-

tributed to phenotypic changes. Prud’homme and colleagues (2007) studied

colour pigments divergence at the tip of male wings in several Drosophila species.

Remarkably, differences in cis-regulatory sequence were found to cause expression

level differences across Drosophila species, which in turn resulted in variation in

wing colouration. Other examples include gene expression evolution that are

associated in differences in stickleback pelvic morphology (Shapiro et al., 2004),

and immune response (Tournamille et al., 1995) and dietary habits in human

(Perry et al., 2007).

Alternative splicing evolution

Despite clear evidence that non-coding (cis-regulatory) changes play impor-

tant roles in phenotypic diversity, some argue that variation in gene expression

is unlikely to account for a large proportion of phenotypic variation across verte-

brates because gene expression is largely conserved (Barbosa-Morais et al., 2012).

Moreover, protein expression levels in primates evolve under even stronger evolu-

tionary constraint than mRNA levels (Khan et al., 2013), further suggesting that

other evolutionary mechanisms, such as changes in alternative splicing patterns

(Barbosa-Morais et al., 2012; Merkin et al., 2012), likely played a greater role in

phenotypic diversity than previously thought.

Alternative splicing (AS) is recognised to be a major player in generating

protein diversity (Graveley, 2001; Brett et al., 2002; Hiller et al., 2004). AS

allows novel exonic regions or splicing patterns to be tested within existing tran-

scripts at low frequencies (Modrek and Lee, 2003). The inclusion of these novel
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transcriptional events may then increase through genetic drift or through pos-

itive selection in the case they confer a fitness advantage. Moreover, because

alternative splicing can also be regulated in a tissue-specific and organ-specific

manner, these changes allow existing proteins to be expressed in a new spatial

and temporal context. Additionally, the alternate usage of exons can contribute

to gene regulation by inducing nonsense-mediated decay (Cuccurese et al., 2005),

and by affecting the stability or translation of protein-coding mRNAs (Kelemen

et al., 2013).

Unlike gene expression levels, alternative spliced events in mammals are gen-

erally species-specific (Pan et al., 2005; Takeda et al., 2008). Notably, profiles

of alternative splicing events tend to be more strongly related among different

tissues from the same species than they are among the same tissue from different

species, even when comparing chimp and human organs that diverged only 6

million years ago (Barbosa-Morais et al., 2012). These results can be interpreted

as evidence for a high turnover of alternative splicing events, which provides a

large number of novel transcripts for natural selection to operate on.

Many lineage-specific splicing events may be solely driven by noisy splicing

and do not underlie functional differences (Pickrell et al., 2010b). However,

some AS events are expected to generate multiple functional isoforms from single

genes (Xing and Lee, 2006). In primates, a recent study (Reyes et al., 2013)

identified 3,800 AS exons from 1,643 genes that show conservation of tissue-

dependent usage patterns (which corresponds to nearly 10% of all multi-exonic

genes). Therefore, it is clear that alternative splicing possesses functional roles

and that evolutionary changes affecting exonic splicing patterns can generate

phenotypic innovations.
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1.2 Genome projects and Next-generation sequencing

Modern sequencing technologies are revolutionising the field of genetics. Like

PCR (polymerase chain reaction), which is now considered to be indispensable

to molecular biology research, high-throughput sequencing is changing the way

biologists study genetics. Owing to the constant decline of sequencing costs, de-

coding the genome of most living organisms is now possible at a modest price.

However, one major limitation of high-throughput sequencing (compared to older

sequencing methods with much lower throughput) is the short length of the reads

produced (typically ≤ 100bp). Although read lengths are steadily increasing (e.g.

∼250bp with MiSeq, multiple kbs with PacBio, and up to 10kb with Moleculo;

Kuleshov et al. (2014)), a large number of sequencing runs still produce read sizes

of 39 to 100bp. High-throughput sequencing therefore produces new challenges

for sequence analysis particularly in alignment and assembly of short reads.

Genome projects have occupied the time of a large number of genomicists in

the early 2000s. Since the completion of the human genome project, the genomes

of hundreds of animals have been assembled and analysed yielding a wealth of

biological insights. Nevertheless, perhaps owing to the rapid maturation of se-

quencing technology, most researchers have moved from genome analysis to the

study of molecular machinery, population history, and human disease. Yet much

remains to be learned about the genomic basis of specific morphological traits

and environmental adaptations.

Indeed, the genome of newly sequenced species are now being used to study

specific evolutionary phenomena. To name but a few, just last year genome

projects yielded insights into avian influenza virus hosts from duck (Huang et al.,

2013), turtle-specific body plan development from the softshell and green tur-
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tles (Wang et al., 2013), echolocation from bats (Parker et al., 2013), parasitism

from tapeworms (Tsai et al., 2013), bilaterian evolution from spiraleans (Simakov

et al., 2013), and vertebrate evolution from lamprey (Smith et al., 2013) and

coelacanth (Amemiya et al., 2013).

Despite the large number of successful genome projects, completing a genome

project is far from routine and often requires a large amount of resources. From

start to finish, a genome project generally takes several years (the reference

genome of the zebrafish took over 10 years to be finalised), and depends on

the collaboration of several dozens of researchers. Most genome projects follow

different strategies to obtain a genome assembly, to annotate the genome, and to

infer the evolutionary history of diverse elements using comparative genomics. In

this section, I share some of my personal experience on these topics from several

genome projects.

1.2.1 Genome assembly

The genome assembly of a species is a representation of the DNA sequences

that collectively make up its genetic material. The assembly is the most im-

portant part of a genome project as most downstream analyses benefit from a

high-quality assembly (I describe three metrics for quality later on). To sequence

a genome, DNA must be extracted from the tissue of one or more individuals,

and the tissue is selected according to ethical or practical concerns. For exam-

ple in humans, DNA can be extracted from white blood cells, sperm, or saliva

(Lander et al., 2001).

To improve assembly quality, several measures can be taken. For example,

polymorphism within sequenced DNA has been a long-standing issue for genome
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assemblers (Aparicio et al., 2002; Huang et al., 2012). This is owing to most as-

semblers’ internal representation of the genome as a graph. Because this graph

must first recapitulate each possible haplotype (see Figure 1) and is only then

trimmed down to a linear sequence, the more polymorphic a genome is, the more

complex this graph and pruning steps will be. For this reason, the levels of

polymorphism within the sequenced individual(s) should be as low as possible.

In many cases, this is impossible. However, if DNA is pooled from more than

one individual, selecting closely-related individuals avoids increased numbers of

polymorphic sites. Furthermore, in some organisms, individuals can be inbred,

which result in genomes with low levels of polymorphism. Uneven genome cover-

age can also cause assembly problems and errors (Hunt et al., 2013; Chen et al.,

2013). For species with XY or ZW sex-determination systems, sequencing the

homogametic sex (i.e. the sex with the same two copies of the sex chromosomes)

is advantageous because the coverage of the sex chromosomes will be equal to

that of the autosomes.

GATTAGAGC

GATTA
TTAGAG

AGC
GATTA

TTAGA
AGC

Consensus

Read sequences

TTAGTG
CGAG

+ Polymorphism

GATTA

TTAGAG AGC

TTAGTG CGAG

Figure 1: Graph complexity increases as polymorphism increases.

These considerations help the assembly process of both long reads gener-

ated by Sanger/Capillary sequencing and shorter reads generated from next-

generation (Illumina) sequencing. However, short read lengths (i.e. 100-250bp)
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present additional challenges for assembling sequences into a complete genome.

Indeed, short-read assemblers must handle a much larger amount of sequence

data compared to traditional assemblers. Special data structures, such as the de

Bruijn graph (Zerbino and Birney, 2008; Li et al., 2010), must therefore be em-

ployed. Assembling repetitive regions within a genome is also difficult owing to

the inability of short reads to span repeats longer than few hundred nucleotides.

This problem can be circumvented by using paired end or mate pair reads with

different insert sizes long enough to span repetitive regions (Gnerre et al., 2011).

Nevertheless, mate paired reads with long insert sizes (>50kb) are difficult to

generate (Personal communications de Magalhães, di Palma). Some genome

projects use a hybrid approach in which high-throughput sequencing is comple-

mented by lower-throughput sequencing (Roche 454, or Sanger sequencing), or

use extra information (e.g. orthologous protein sequences see Chapter 2) to im-

prove the assembly.

Popular assembly software include ALLPATH-LG (Gnerre et al., 2011), ABySS

(Birol et al., 2009), Velvet (Zerbino and Birney, 2008), and SOAP-denovo (Li

et al., 2010). Although all of these programs can assemble short sequence

reads into a genome assembly, published assemblies largely vary in quality. For

instance, ALLPATH-LG (Broad Institute) and SOAP-denovo (BGI-Shenzhen)

have consistently produced high-quality genomes in the last several years. Al-

though there exists no single metric that can single-handedly measure the quality

of an assembly, I describe the three most relevant metrics below: the assembly

coverage, the contig/scaffold N50, and the gene coverage.

Sequencing coverage

An informative statistic is the coverage at which a genome has been se-
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quenced. The coverage of a genome assembly is the expected number of times

each base in a genome has been sequenced, or in other terms, it is the num-

ber of bases sequenced divided by the size of the genome. Note, however, that

biases in the sequencing and assembly process can result in uncovered genomic

regions (Sims et al., 2014). In particular, a bias in a standard Illumina DNA am-

plification protocol sometimes results in an under-representation or absence of

sequences with extreme GC-content (Dohm et al., 2008). Under-sequencing GC-

rich/poor regions can cause large genomic regions to be missed or mis-assembled

as some genomes (notably birds and mammals) are known to possess large seg-

ments with elevated or decreased GC-contents (Bernardi, 2000; Costantini et al.,

2009). Though, there now exist modifications to the amplification protocols that

minimizes GC bias (Aird et al., 2011), and should be used if uneven coverage is

a limiting step.

While a higher sequencing coverage is generally better for the quality of a

genome assembly, differences in sequencing technology also affect assembly qual-

ity. For example, sequences produced by Sanger sequencing have fewer frag-

ments, lower coverage, but cover larger genomic regions. This allows a better

reconstruction of the genome owing to reads spanning across regions difficult to

sequence, e.g. repeats. Assembling low coverage Sanger reads can therefore pro-

duce better assemblies than assembling short reads at a much higher coverage.

Nevertheless, a higher coverage is generally preferable when comparing genomes

produced using the same technologies as it reduces the number/lengths of unsam-

pled regions. A higher coverage also allows a better estimate of heterozygosity

within an individual, a feature that can be used to infer the population history

of the sequenced species (Li and Durbin, 2011).
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N50 statistics

A genome assembly rarely consists of contiguous sequences that capture full

chromosomal sequences. Instead, chromosomes are divided into small chunks of

contiguous sequences commonly known as contigs. More precisely, contigs are

contiguous strings of DNA sequence representing genomic regions which have

been completely assembled, mostly without gaps. Contigs can be linked to-

gether using various information, e.g. paired-end reads or linkage maps, to form

scaffolds. Thus, scaffolds are separated by regions of unknown sequences and

lengths (though sometimes the length can be estimated from paired-end read

insert sizes).

The contig and scaffold N50 are widely used statistics to describe the lengths

of contigs and scaffolds relative to the size of an assembly. Given a set of con-

tigs/scaffolds of various lengths, the N50 is defined as the length for which the

set of all contigs/scaffolds of that length or longer contains half of the total of

the lengths of all contigs/scaffolds. The N50 statistic is often used as a simple,

yet informative, statistic in genome projects to obtain an idea of the contiguity

of an assembly.

In general, repeat-rich genomes will have low N50 values owing to difficulties

in assembling repetitive regions. This is problematic for applications that require

assemblies with high N50s. For instance, large contiguous sequences allow us to

infer tandem duplication events and sometimes large-scale genomic rearrange-

ments. They may also help us to study the evolution of gene clusters – a difficult

task when genes from the same clusters are located on different contigs/scaffolds.

For many other applications, high N50s are optional. For instance, because genic

regions are often depleted in repeats in the forms of transposable elements (Nel-

16



laker et al., 2012), gene-rich regions of the genome may be well-assembled into

single contigs despite low N50s. This allows individual genes to be studied in

terms of their evolutionary history. Of course, if the N50 is very small, e.g. the

same length as (or shorter than) the average length of a gene, then a large num-

ber of genes will likely be split into different contigs.

For reference, a contig N50 of 15–25kb is now standard for vertebrate

genomes and considered to be of good quality (Broad Institute blog, http:

//www.broadinstitute.org/software/allpaths-lg/blog/).

Gene coverage

Gene coverage, i.e. the number of complete genes covered by the assembly, is

for many the most important quality measure for an assembly. This is because

most of the important information within a genome is captured by genes, either

at the expression or protein level. However, gene coverage is hard to measure, and

more often than not, the total number of genes is used as a measure instead. As

a rule of thumb, the total number of complete genes predicted should be around

twenty thousand (for vertebrate genomes) to be considered of high-quality. How-

ever, this requires gene annotation efforts that require months and sometimes

years to undertake – a delay that is unacceptable at the stage of quality checking.

There are several different ways gene coverage are assessed in the initial

stages of a genome project. One way to assess gene coverage is to map proteins

from a related species to the new assembly using TBLASTN. However, not all

proteins are represented in every genome, therefore the gene coverage may be

largely underestimated. Para and colleagues (2007) circumvented this problem

by compiling a list of 458 “Core Eukaryotic Genes” (CEG) from eukaryotic

17

http://www.broadinstitute.org/software/allpaths-lg/blog/
http://www.broadinstitute.org/software/allpaths-lg/blog/


gene clusters that are conserved in Arabidopsis thaliana, Caenorhabditis ele-

gans, Drosophila melanogaster, Homo sapiens, Saccharomyces cerevisiae, and

Schizosaccharomyces pombe. This list therefore consists of highly conserved

genes which are predicted to be essential in all species and therefore present in

their genomes. Using this list, gene completeness can be assessed by mapping the

CEGs of a well-annotated, closely-related species onto the genome. Assuming

these highly conserved genes are representative (in gene architecture, lengths

and sequence composition) of other genes in the genome, the estimated number

of complete and partial genes is expected to approximate the true gene coverage

of the assembly. Indeed, Parra et al. (2009) later showed by simulating genome

assemblies that the average discrepancy between the estimated completeness

and true completeness was less than 10%.

1.2.2 Genome annotation

Once the initial genome assembly has been assessed for N50 and gene cov-

erage, genes and other elements of interest can be annotated. Over the last

decade, several methods have been successfully used to annotate genes within

newly assembled genomes. These can be grouped within three classes of meth-

ods: empirical methods, prediction by homology, and ab initio gene prediction.

Empirical methods

A class of successful annotation methods has been empirical methods.

Briefly, polyadenylated RNA are sequenced (also see section on short read

mapping) and processed into expressed sequenced tags (ESTs) or assembled

cDNA fragments (from RNA-sequencing). The ESTs or cDNA fragments

are then mapped onto the genome which allows transcribed clusters, i.e.
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complete or partial transcript sequences, to be constructed (Haas et al., 2008).

Subsequently, coding sequences can be predicted by identifying long open

reading frames and particular amino acid composition (Guigo et al., 1992).

Owing to the high quality annotation produced by this method, empirical

methods have become very popular. In fact, this strategy has been used in

several recent genome projects including our annotation of five East African

cichlid genomes (Brawand et al., under review; also see Chapter 4), and annota-

tion in other genomes (Wang et al., 2013; Amemiya et al., 2013; Kim et al., 2011).

To briefly illustrate empirical methods with a concrete example, I used the

following procedures as part of the annotation effort for the cichlids genome

project. First, RNA-seq libraries were generated from ∼11 different tissues in

each of the five East-African cichlids whose genome we assembled. Illumina

RNA-sequencing of these libraries yielded 20-60 million reads for each tissue

which were assembled into transcripts using Trinity (Grabherr et al., 2011).

Mapping the transcripts to the genomes with GMAP/PASA, and identifying

long open read frames resulted in 18-21K protein-coding gene predictions for

each cichlid genome.

Not only is this approach very effective, but it is the only method that

allows the different isoforms of a gene to be predicted (with low or no false

positives). However, a limitation to empirical approaches is that only a fraction

of all genes (and isoforms) is expressed in any single tissue or developmental

stage. The RNA of many tissues must therefore be sequenced to obtain a (near)

comprehensive annotation. High costs incurred by the production of multiple

libraries, or a limited number of RNA sample (especially from rare specimens)

can therefore be problematic.
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Orthology/homology-based methods

Protein coding sequences from related species can also be used to predict gene

structure. This prediction strategy is known as prediction by homology or orthol-

ogy. Because protein coding sequences generally evolve at very slow rates, they

can be used to predict homologous protein coding genes from another species.

Of course, a complete set of protein coding sequences from a closely-related

species is ideal (divergence <50My (million years)). However, a pipeline such as

GPIPE (Heger and Ponting, 2007) and the Ensembl annotation pipeline (http:

//www.ensembl.org/info/genome/genebuild/genome_annotation.html) are

able to use distantly related proteins to predict the exon-intron structure of

many genes. For example, I predicted 20,622 protein-coding genes in the painted

turtle genome using chicken (>250My divergence), lizard (>280My divergence)

and mammalian protein sequences as template models (Shaffer et al., 2013).

Evidently, fast evolving genes and lineage-specific genes will likely be missed.

However, novel genes that arose by duplication can often be identified by this

class of methods as they tend to resemble ancestral copies, e.g. beta-keratins

(Shaffer et al. (2013); Li et al. (2013); see Chapter 3).

Ab initio methods

Ab initio methods predict gene exon-intron structures by exploiting sequence

composition and motifs that are characteristic of splice sites, translation initia-

tion and termination sites (Burge and Karlin, 1997; Salzberg et al., 1998). Ab

initio gene predictors often assign a score to putative coding exons based on

their lengths, the presence of splice site motifs, sequence composition and other

characteristics such as the presence of an upstream poly-pyrimidine tract. Sub-
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sequently, they may join consecutive high-scoring exons with consistent reading

frames into full genes (minus the untranslated regions). Despite their useful-

ness in the past, de novo gene predictions tools have fallen out of fashion owing

to increasing availability of homologous protein coding sequences and/or cheap

transcriptome sequencing that led to the success of other gene prediction meth-

ods. Nevertheless, they are often used to complement other prediction methods

(Bat genome; Zhang et al. (2013); Softshell turtle genome; Wang et al. (2013)).

Combining multiple methods

Each different gene prediction approach has its own merits and faults. There-

fore combining the predictions of several methods has been a common strat-

egy among genome annotation projects. EVidenceModeller (EVM; Haas et al.

(2008)) allows gene prediction models from different sources to be combined into

a single annotation. EVM also allows weights or priors to be assigned to each

different model source. These priors represent the confidence in which we believe

a prediction from a particular source to be correct. For example, gene models

from de novo predictions are generally scored lowly in terms of confidence, while

alignments from transcripts assembled from native RNA sequences are scored

highly. Combining all sources of predictions allows us to generate annotation

with varying confidence levels: a high confidence set of protein coding genes

with evidence from all prediction methods, medium confidence sets consisting of

genes with evidence from some methods, and a low confidence set consisting of

genes with relaxed coding evidence. Each of these annotation sets may be useful,

depending on the analysis of interest.
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1.2.3 Orthology/paralogy prediction

A set of predicted genes in a new species is generally of little use on its own.

Gene orthology and paralogy relationships must be inferred to fully exploit

newly annotated genes. Orthologs are genes derived through speciation from a

single genes, while paralogs are genes that result from duplication events either

before (out-paralogs) or after (in-paralogs) speciation. Because orthologs and

paralogs are derived from a common ancestor, they are often assumed to have

the same or similar functions. Thus, genes can be assigned functions based

on ortholog/paralog functions that have previously been established in other

organisms.

The relationships between genes can be represented by a phylogenetic tree,

in which genes from the same family can be traced back to a common ancestor

(see Figure 2 for an example; also see http://www.ensembl.org/info/genome/

compara/homology_method.html). Once this gene tree is constructed, evolu-

tionary changes such as mutations, gene duplication and loss can be assigned to

species lineages by reconciling the gene tree with the species tree.

Gene clustering

A first step to orthology/paralogy prediction is to cluster similar genes into

families. Most approaches differ by how similarity is defined. For closely-related

genes (i.e. those that can be traced back to a recent gene ancestor), cluster-

ing genes with high pairwise percent nucleotide identity is an effective strategy.

For distantly related genes, pairwise amino acid identity is often used instead.

For instance, OPTIC (Heger and Ponting, 2008) performs pairwise BLASTP

alignments between protein sequences from each species pair and then uses a

tree-based orthology assignment method to infer orthology relationships between
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Minke whale: BACU004444G

Bowhead whale: bmy_15117

Bowhead whale: bmy_15118

Minke whale: BACU009283G

Bowhead whale: bmy_01842

Dolphin: ENSTTRG00000016431

Cow: ENSBTAG00000003425

Dog: ENSCAFG00000005454

Human: ENSG00000125871

Mouse: ENSMUSG00000027424

Platypus: ENSOANG00000001249

0.10

Duplication
DuplicationDeletion
DuplicationLineage
Outgroup
Speciation

Figure 2: Example of a gene tree (MGME1).
Example taken from a gene predicted to have underwent duplication/loss in ma-
rine mammals (prediction by OPTIC; see Chapter 3). Branch length is measured
as dS (the number of synonymous substitutions per site).

gene pairs. Using these pairwise assignments, gene clusters are constructed by

exploring the graph with pairwise orthology relationships as edges. Gene clusters

therefore consist of genes that are homologous to one another.

Gene tree reconstruction and reconciliation with species tree

Several algorithms can then be used to reconstruct the evolutionary history

(gene trees) of the gene clusters. In general, these algorithms take multiple

alignments of gene sequences in which each column is derived from a single

ancestral base/amino acid, and predict the most likely phylogenetic tree (ac-

cording to several parameters) describing the evolutionary history of this gene.

For small gene families with a small number of duplication/loss events, simple

23



tree reconstruction algorithms that use parsimony or gene distant are able to

infer correct evolutionary histories (Felsenstein, 1989). However, maximum

likelihood or Bayesian approaches, e.g. PhyML (Guindon and Gascuel, 2003),

RAXML (Stamatakis, 2014) or BEAST (Drummond and Rambaut, 2007), are

widely thought to produce better reconstructions for larger gene clusters as they

allow all model parameters to be estimated (Posada, 2008).

Some methods can also incorporate multiple trees together. For in-

stance, TreeBeST (http://treesoft.sourceforge.net/treebest.shtml)

combines five different trees (see Tree building section at http:

//www.ensembl.org/info/genome/compara/homology_method.html for

details), which allows it to take advantage of strengths from multiple methods:

trees based on DNA are often are more accurate for closely related parts of trees,

whilst trees based on protein sequences are better at inferring the relationships

of distantly-related genes.

Despite advanced methods for gene tree reconstruction, the gene trees of

several clusters are notably difficult to reconstruct due to a lack of informative

sites in the individual genes owing to short sequences or slow substitution rates

(Rasmussen and Kellis, 2007). Furthermore, when gene clusters harbours both

fast-evolving and slow-evolving lineages, genes that are fast-evolving tend to be

mistakenly clustered together due to sequence convergence, a bias known as long

branch attraction (Bergsten, 2005). A genome-wide analysis of gene duplications

and losses is therefore likely to yield many false positives (Rasmussen and Kellis,

2007). For these reasons and because gene tree reconstruction heavily affects

gene duplications/losses analyses (see below), manual inspection of the sequence

alignments and tree constructed is performed in our analyses (see Chapter 3)
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and others.

Figure 3: Example of gene-species tree reconciliation (MGME1).
Blue arrows represent lineages where duplication occurred and red dots (right)
represent duplication events on the gene tree. In this case, a duplication of
MGME1 is predicted to have occurred in the ancestors of marine mammals,
followed by a copy loss in a lineage leading to dolphins, and an additional dupli-
cation event in bowhead whales. Numbers on the tree nodes represent internal
representations of the trees.

For applications such as a gene duplication analysis, the topology of the gene

tree alone is often sufficient. Because gene trees and species trees are sometimes

incongruent due to gene duplications and losses, the gene tree must be reconciled

with the species tree in order to assign duplications/losses to tree branches (see

Doyon et al. (2009) for a review). Missing genes from assemblies can affect tree

reconciliation. However, if the species tree is relatively large (e.g. >5 species) and
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the gene coverage high (>90%), the general reconciliation will be correct and gene

duplication events tend to also be assigned correctly. To give an example, because

the dolphin genome is relatively poorly annotated (15.8K predicted genes), the

predicted loss of a MGME1 copy in dolphins (Figure 3) may simply reflect an

incomplete annotation. Nevertheless, despite the possibility that the MGME1

copy loss is an artefact of the dolphin annotation, the general tree reconciliation

is likely to be correct.

1.2.4 Short read mapping

The last topic I introduce here is short-read mapping. Although short-

read mapping is not essential for genome projects, it is increasingly used to

study molecular pathways in non-model organisms. For instance, Wang et al.

(2013) used RNA-seq to identify genes that showed turtle-specific increases

in expression during embryogenesis. They found 233 genes that showed an

increased in expression compared to chicken orthologs (at the same embryonic

stage), and a significant number of these genes are involved in ossification and

extracellular matrix regulation according to a Gene Ontology analysis. Further

studies of these genes may therefore shed light on the extensive ossification or

the folding of the body wall involved in turtle shell formation (Wang et al., 2013).

Over 60 mappers currently exist for short read mapping (Fonseca et al., 2012).

The aim of these aligners is to find the true location of each read within a ref-

erence while taking into account sequencing errors and genetic variation. All

this must be done in a reasonable amount of time. Next-generation aligners

must align millions (sometimes billions) of short reads to a reference sequence, a

task that is intractable using conventional algorithms such as Smith-Waterman

(Smith and Waterman, 1981) or BLAST (Altschul et al., 1990). The development
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of a large number of different mappers has been motivated by both technological

advances and novel biological applications (e.g. RNA sequencing). For example,

paired-end reads, produced by the sequencing of both ends of a DNA fragment

instead of one, led to the development of algorithms which used pairing informa-

tion to achieve higher mapping accuracy (Langmead et al., 2009; Li and Durbin,

2009). The increase in read length from 39bp to expected reads of up to 1Mbp

has also motivated the development of algorithm variants such as BWA-MEM

and BWA-SW (Li and Durbin, 2010; Li, 2013). Some aligners, such as stampy,

were motivated by an interest in characterising and aligning reads containing

structural variation that previous aligners failed to map (Lunter and Goodson,

2011).

RNA sequencing

Measuring the gene expression in cells has yielded an incredible amount of

biological insights, for example in terms of gene expression changes over cellular

differentiation, and in terms of how gene expression differs between a diseased

and a healthy cell. Previous high-throughput analyses of gene expression were

generally conducted with microarrays. However, because RNA-sequencing

offers several advantages compared to microarrays (see Wang et al. (2009) for

review), RNA-seq has steadily increased in popularity. For instance, to quantify

gene expression levels with microarrays, probes must be designed according to

existing gene annotations, which limits our ability to detect novel transcripts.

In contrast, RNA-seq outputs sequence fragments which allows us to study the

transcriptomes of non-model organisms that lack annotations. For this reason,

a large number of aligners were developed for the specific task of mapping reads

from RNA-seq data to the genome.
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Compared to reads originating from DNA fragments, mapping RNA reads

to the genome has the additional difficulty that they can overlap one or multiple

splice-junctions. RNA short read aligners must therefore be able to map reads

to multiple genomic regions separated by intronic sequences. When a complete

or near-complete transcript annotation exists (i.e. when nearly all transcripts

have been sampled within a species), RNA reads can be mapped directly to

transcript sequences (as DNA reads are mapped to genomic sequences), and

converted to genomic coordinates. However, when no annotation or only a

partial one exists, RNA aligners must be able to map these spliced reads onto

the genome. Some RNA aligners, such as TOPHAT (Trapnell et al., 2009), map

reads in two steps. First, RNA reads are mapped to the genome in the same

way DNA reads are mapped; some of these reads, e.g. reads that are within a

single exon, will map contiguously to the genome. The remaining, unmapped,

reads are then divided into small fragments, which are mapped to the genome

independently. The assumption is that several fragments will map to the correct

genomic location and the spliced alignments can be recovered by extending the

alignments (Trapnell et al., 2009).

Recently, a large-scale evaluation of RNA-seq aligners was performed (En-

gstrom et al., 2013). In total, the authors compared 11 programs and pipelines

and identified major differences in performance in terms of alignment yield, map-

ping accuracy, exon junction discovery among others. Because each aligner uses

different heuristics or assumptions to speed up the mapping process, a good

understanding of the strength of different mappers is useful if we wish to take

advantage of multiple aligners. As an example, I used two different aligners in

one project (Chapter 5) to exploit the speed (bwa) and sensitivity towards indels

(stampy) of existing short-read aligners.
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1.3 Overview of the Thesis

My work is divided into four chapters (Introduction and Discussion excluded),

each based on analyses that has been published or is under preparation. In

Chapter 2, I start with the theoretical portion of the thesis. I present a work-

flow and pipeline that uses protein sequences to link genome assembly contigs

together (published in Bioinformatics, Li and Copley (2013)). I also describe my

contribution to the assessment of a novel protocol that aims to sequence DNA

and RNA from a single cell (in preparation, Macaulay et al.). In Chapter 3,

I present a large-scale study of beta-keratin gene family expansion in the turtle

lineage (published in Genome Biology and Evolution, Li et al. (2013)), which I

discovered whilst annotating the Painted Turtle genome (published in Genome

Biology, Shaffer et al. (2013)). I also present a gene duplication analysis I have

conducted for the bowhead whale genome project (in preparation, Keane et al.).

In Chapter 4, I highlight my contributions to the analysis of five East African

cichlids genomes (2nd round of reviews, Brawand et al. (co-first author)). These

include an overview of our annotation efforts, the characterisation of incomplete

lineage sorting within their genomes, an analysis of positive selection in candidate

colour and morphology genes, and lastly a scan for novel exons and alternatively

splicing events. Chapter 5 describes my work on small exons that are 51nt

or shorter (in preparation, Li et al.). I show how comparative genomics can be

used to study micro-exons at the DNA, RNA and protein structure levels. In

Chapter 6, I discuss strengths, weaknesses, and future directions of my work.
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2 Chapter 2: Exploiting high-throughput ge-

nomics

Evolutionary genetics has shifted from a theory-dominated field into a

data-driven field. The amount of data produced at sequencing centres far

outpaces our ability to analyse them. High-throughput sequencing is changing

the way we study biology. A deep understanding of its strengths and limitations

is therefore crucial if we wish to utilise novel approaches to address questions

that were previously intractable.

Data in genomics often require substantial processing and careful analysis

before biological information can be extracted. In this chapter, I describe

strategies I have used or developed to study several different large datasets.

Although the focus of this chapter is not on biological findings, I later discuss

several avenues in which these strategies can be employed to study biological

questions.

This chapter is divided into two sections. First, I present a method that uses

protein sequences to improve the contiguity of de novo assemblies, which has

been published in Bioinformatics (Li and Copley, 2013). Then, I describe my

analysis of DNA and RNA sequencing data from single cells, part of which will

be included in (Macaulay et al., unpublished).

All results presented in this chapter are my own. Richard Copley contributed

to the guided assembly project, in which he designed the study and significantly

edited the manuscript. Iain Macaulay generated all single cell data and con-

tributed the GT-seq protocol.
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2.1 Scaffolding low quality genomes using orthologous

protein sequences

2.1.1 Background

This project was motivated by the large number of low-quality assemblies

that have been generated in the high-throughput sequencing era. Many

(unpublished) reference assemblies have contig N50s of less than 1kb, leaving a

majority of genes split across multiple contigs. However, even basic comparative

studies require an accurate map between orthologous genes, which is difficult

to obtain if genes are fragmented. Richard Copley and I wished to use protein

sequences to improve the usability of these genomes for large-scale analyses.

Several groups have worked on incorporating available related assembled

genomes into the assembly process (Pop and Salzberg, 2008). For instance,

whole genome alignments can be used to build super scaffolds by aligning the

new assembly to the high quality genome of closely related species (e.g. Locke

et al. (2011)). Many species, however, are sequenced because they belong to an

unrepresented taxon for which no complete genome is available. Thus, other ap-

proaches have been adopted to increase assembly contiguity. In Mortazavi et al.

(2010), for example, researchers exploited eukaryote exon-intron gene structure

and used RNA-seq data to scaffold contigs from a Caenorhabditis nematode

genome, increasing the initial N50 from 5.0kb to 9.4kb. The disadvantage of this

strategy is the requirement of existing RNA-Seq data in addition to genomic

sequence. Furthermore, genes that are not expressed in the RNA-Seq library

will not be available for scaffolding.

As protein sequences are generally well conserved across distant taxa (com-

pared to non-coding or DNA sequences), a possible way to deal with fragmented
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initial assemblies is to use orthologous proteins to guide the scaffolding of contigs

which encode fragments of the same proteins. Surget-Groba and Montoya-

Burgos used orthologous proteins to guide transcriptome assembly by mapping

contigs onto a related protein set and improved the N50 of their zebrafish

transcriptome assembly by up to 42% (Surget-Groba and Montoya-Burgos,

2010). However, using orthologous protein sequences to scaffold a genome is

a fundamentally more difficult problem due to the presence of introns, large

intergenic regions and the much larger volume of data involved in genome

assemblies. Salzberg and co-workers introduced a ‘gene-boosting’ algorithm that

used amino acid sequences from predicted proteins to improve the scaffolding of

a 6Mb bacterial genome, although again, as bacterial proteins lack introns, this

is a somewhat easier problem to approach (Salzberg et al., 2008).

In this section, I present an algorithm which uses proteome sets from

different species to guide scaffolding of genome assemblies (including highly

fragmented ones, e.g. N50 < 3kb). The term scaffolding refers to the pro-

cess of ordering and orienting contigs without estimating distances between

contigs. I call this pipeline SWiPS (Scaffolding With Protein Sequences).

Existing algorithms and strategies, including the Ensembl genebuild process

for low-coverage assemblies, and GPIPE (Heger and Ponting, 2007), are not

suited for highly fragmented assemblies where a gene may be spread over

multiple contigs. To deal with fragmented genes within the assembly, SWiPS

uses orthologous proteins (possibly from distantly related species) as guides

to link the exons of a protein that may be situated on different contigs. At

the time of writing, only one other published method, ESPRIT Dessimoz

et al. (2011), does this. ESPRIT was used to bridge 666 Callorhinchus milii

contigs from a Sanger-based assembly together and reported precision of about
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80%. ESPRIT, however, assumes a uniform evolutionary rate over the entire

length of split proteins, something that is clearly questionable in the general case.

SWiPS is a novel approach for scaffolding contigs by a greedy optimisation

strategy that improves the contiguity of novel assemblies, reduces their fragmen-

tation, as well as predicts the content of their exomes. I tested SWiPS on several

genomic assemblies comprising of simulated Ciona intestinalis next generation

sequencing data, real sequencing data from Drosophila melanogaster, as well as

the Sanger-sequenced assembly of Callorhinchus milii and a pre-assembled Homo

sapiens genome.

2.1.2 Methods

Outline of method

The overall method is outlined in Figure 4 and described in detail later on.

Briefly, SWiPS first identifies contigs that include protein coding exons. Next,

the contigs are ordered and oriented according to their mappings to proteins.

At this stage, multiple contigs are allowed to map to the same protein. Sim-

ilarity scores are then computed between proteins and contigs according to a

distance matrix. Subsequently, SWiPS uses these scores to scaffold contigs to-

gether greedily by iteratively picking the best scaffold model (protein sequence)

for any subset of contigs. Lastly, SWiPS links scaffolds into super-scaffolds by

examining contigs encoding multiple proteins which, in turn, best model multiple

contigs.

Determining coding contigs and exonic regions

In order to determine which contigs might be protein-coding, proteins from

user specified guide proteomes are mapped onto the set of all contigs using
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Initial Contig Assembly

Initial Contig-Protein map

Improved Contig-Protein map

PExR-Protein map

Refined Contig-Protein map

Final Contig-Protein map

Protein fragment predictions Improved contig assembly

TBLASTN (A)

Genewise (B)

Find PExRs (C)

Building contig models (D)

Scaffolding (E)

Genewise (F) Merging scaffolds (G)

Figure 4: SWiPS workflow.
A) Proteins in the chosen guide proteome are mapped to contigs in the ini-
tial assembly using TBLASN. Low scoring overlapping mappings are removed.
B) Proteins with high scoring mappings are realigned with genewise to obtain
nucleotide level resolution. C) Putative Exonic regions (PExRs) are predicted
by combining regions in the contig that encode multiple homologous protein
segments. D) PExRs within each contig are used to establish a refined contig-
protein orthology model, only allowing contigs to map to different proteins if the
associated PExRs show no overlap. Then, contig gene models are built using
this mapping. E) A score optimisation heuristic is used to scaffold contigs to-
gether according to the total score of protein models. F) genewise is used once
again on the protein scaffolds to predict protein fragments. G) A graph theoretic
approach is used to find the local order of the contigs and their strand.
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tblastn (Gertz et al., 2006). An initial protein-contig mapping is obtained by

assigning a contig to a protein if it (1) has a mapping e-value below 10−5 and

(2) that e-value is under 5 orders of magnitude less significant than the most

significant contig mapping to the same protein region. Proteins are allowed to

map to multiple contigs. Two contigs are considered to map to the same protein

region if the regions they map to overlap by 15 amino acids. These parameters

are chosen to be relaxed compared to similar usage in previous studies e.g.

(Hahn et al., 2007). However, more conservative parameters can be chosen at

the cost of sensitivity to gain running speed.

SWiPS refines the tblastn-based protein to contig mapping using genewise,

to more precisely define exon boundaries (contigs of sufficient length will contain

multiple exons from the same gene). SWiPS aligns the template protein to the

contig using the “623” model of genewise (Birney et al., 2004), successively

searching the regions of contig flanking each alignment until no more high

scoring regions are found (although this is in principle possible with the looping

models of genewise, in practice these yield results that are hard to interpret).

The results from all iterations are then merged and all mapping coordinates are

corrected to yield one or multiple protein-contig pairwise alignments.

After re-aligning with genewise, a mapping from contig intervals to protein

intervals is established. Then, for every contig, the longest contiguous regions

with at least one protein mapping to every base in each region are found and

defined to be Putative Exonic Regions (PExRs), i.e. PExRs are intervals on

contigs for which every base is covered by at least one protein mapping. This

definition of PExR is useful even if we expect a single orthologous protein region

to be homologous and map to the entirety of a PExR. I found that the mapping
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of orthologous proteins suffered from edge effects, i.e. orthologous regions with

little similarity can only be aligned if they are flanked by orthologous sequences

showing high similarity. Because of the lack of potential flanking region with high

similarity at the edges of orthologous regions, there is a drop in sensitivity in the

detection at the edges of these regions. Furthermore, splice variants can have

exons with alternative 3’ and 5’ splice sites. By combining all protein mappings

of the same contig region, SWiPS was able to predict regions coding for exons

with higher specificity.

Scaffolding contigs by optimization of overall protein to contig map-

pings

At this stage, SWiPS has a refined mapping of proteins to contigs. Using

these mappings, SWiPS computes a similarity score for each protein-contig

mapping by summing the bit scores across the aligned regions defined by

genewise according to a distance matrix (BLOSUM62 in our case). SWiPS now

must order the contigs into scaffolds, by defining orthology relationships between

the template protein and contigs mapping to different regions of that protein.

In cases where there is a clear one-to-one orthologous relationship between

the guide protein and its cognate in the newly sequenced genome, this task is

conceptually straightforward. SWiPS, however, must be able to disentangle

orthology relationships within gene families using fragmentary sequences. This

complicates the procedure considerably.

The protein-contig similarity scores only give us a partial picture of the or-

thology relationships between proteins and contigs. The distribution of similarity

scores is strongly correlated with their lengths, and the strength of stabilizing

selection can be highly variable across loci. Therefore, orthology relationships
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between a particular protein and contig cannot be called without considering all

other mappings between the contig and other proteins. In order to take into

consideration all mappings at once, the problem of scaffolding contigs is posed

as an optimisation problem for which the similarity score between contigs and

guide proteins is maximised without creating inconsistencies. That is, SWiPS

assign contig gene models, i.e. regions of a contig that are predicted to be the

exons from a single gene, to protein regions so that (1) each pair of contig gene

model and protein region is the pairing most likely to be orthologous (according

to similarity scores), (2) there are no two contig gene models associated to the

same protein regions, and (3) as few proteins are used as possible as scaffold

models. The reasons for (1) and (2) should be fairly obvious, as contigs can

be scaffolded together (and extend protein gene models) only if they contain

PExRs orthologous to different regions of the same protein. Importantly, it can

be seen that the implementation of condition (1) in SWiPS is analogous to the

best reciprocal hits approach to identifying orthologous proteins. Condition (3)

is necessary for resolving the problem of contigs mapping to legitimate orthologs

from different proteomes. By using as few protein scaffolds as possible, the spread

of contig mappings over multiple protein orthologs or splice variants is reduced.

In SWiPS, the implementation of these ideas is summarised by the definition of

two concepts, the scaffolding power and the maximal scaffoldable set, which are

described next.

Scaffolding power and Maximal scaffoldable set

For each potential guide protein, I retrieve all refined contig mappings and

define regions of the guide protein into which the contigs cluster (Figure 5). To

allow for mapping edge effects, contigs cluster together if they overlap by 15

nucleotides or more. In all contig clusters, contigs which have a low similarity
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score are removed if they are lower than α times the highest similarity score

(default α = 0.75) (e.g. contig 1 in Figure 3). The mappings of multiple contigs

to the guide protein can then be viewed as a graph (Figure 5). The score of all

possible paths through this graph is calculated by exhaustively combining all

contigs from different regions and summing the individual contig-protein match

scores to get an overall score for each path. All paths having scores with at

least β (default β = 0.5) times the highest scoring path are then compared,

and contigs present in all higher scoring paths are kept and form a maximal

scaffoldable set, with a score referred to as the scaffolding power. The default

values of α = 0.75 and β = 0.5 were chosen to be conservative, and make

SWiPS less likely to produce chimeric sequences from different paralogs within

the target genome. These two parameters, and how they affect the performance

of SWiPS in the presence of paralogs, are discussed next. However, I tested

several values for α and β on the Ciona intestinalis runs and found that, for

both, increased values resulted in increased numbers of scaffolded contigs (and

N50), but also in increased rates of scaffolding error.

Contigs encoding in-paralogs, i.e. genes with many-to-one or many-to-many

relationships with members of the guide proteins, cannot be reliably scaffolded

because they result from one or more duplication events subsequent to the

divergence from genes in the guide proteome. Contigs resulting from duplication

events prior to the divergence from genes in the guide proteome (out-paralogs),

however, can be scaffolded. In SWiPS, α is used to uncouple contig-protein

pairings that have lower similarity scores than the one with the highest score

(e.g. contig 1 and P1 in figure 5). For example, an α = 1 forces every contig

to be coupled unambiguously with the protein with which it shares the highest

similarity score, whereas an α = 0 implies that all contig-protein pairings are
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Contig 1

Contig 4

Contig 5

Cluster 1 Cluster 2

Contig 3

Contig 2

Contig 6

Cluster 3
(B)

Contig 1 Contig 2

Contig 2

(A)

Contig 1

P1

P2

P1

P1

P1

P3

Figure 5: Determining protein-contig mappings.
(A) Although contig 1 and 2 are mapped to protein P1, they have better map-
pings on protein P2 and P3, respectively. The similarity score between contig 1
and P1 is lower than α = 0.75 times the similarity score between contig 1 and
P2, and is removed from P1. The similarity score between contig 2 and P1 is
within α of the similarity score between contig 2 and P3, and both mappings are
kept. (B) Contigs with similarity to P1 are clustered according to the region of
similarity. Here, contigs 3 and 4 are clustered together in contig cluster 1, contig
5 is the only contig in contig cluster 2, and contig 2 and 6 are clustered in contig
cluster 3.
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Contig 1

Contig 2

Contig 3

Contig 5

Contig 6

Contig 7

Path 1

Path 2

Path 3

Path 4

Ambiguous paths

Contig 4

Maximal scaffoldable set (unambiguous)

Figure 6: Finding the maximal scaffoldable set.
The scores for all possible combinations of contigs in each region are computed
(including combinations with no contigs from clusters), and the lowest scoring
paths are removed. High scoring paths (i.e. paths with at least β < 1 times the
maximal scoring path) are then compared; contigs present in the highest scoring
(ambiguous) paths are kept and determine the maximal scaffoldable set.
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kept for subsequent steps. Consequently, a high α can be used when a complete

set of closely-related proteins is used as guide proteome, and contigs encoding

out-paralogs will be coupled unambiguously with their orthologous proteins.

However, if the set of closely-related proteins is incomplete, a high α may result

in erroneous contig-protein couplings that are considered unambiguous, thereby

leading to scaffolding errors. My choice of 0.75 as the default value for α is thus

conservative and allows the use of incomplete protein sets.

While α takes incomplete protein sets into consideration, our maximal

scaffoldable set approach (which relies on β) takes into account contigs encoding

in-paralogs that cannot be scaffolded. If two contigs encode in-paralogous

sequences (contig 3 and 4 in Figure 5B and 6), they will form distinct paths that

have similar scaffolding powers (e.g. path 1 and 3 in 6). Therefore, they will be

excluded from the maximal scaffoldable set (Figure 6). Because the number of

in-paralogs are potentially high, I chose β conservatively.

Once the scaffolding power of each protein is computed, the protein scaffold

with the highest scaffolding power is iteratively picked, and the maximal scaf-

foldable sets (and scaffolding power) of all other proteins are updated so that

a contig gene model (the contig region) is only used once. Picking the protein

scaffold with highest scaffolding power ensures that as many contigs as possi-

ble are linked. After all guide proteins above a minimum scaffolding power have

been chosen, the scaffolded contigs go through another scaffolding phase in which

contigs with multiple gene models are used to merge the scaffolds together. The

relative positions of contigs is clear when a single protein maps to them because

of the linear structure of a gene. However, the loci of some proteins overlap and

inferring the relative positions of these different contigs can be problematic. To
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deal with simple cases, directed graphs are constructed according to the relative

mapping position of the contigs on the proteins. The order in which the contigs

are traversed in these graphs determines the contig ordering of the scaffolds. Af-

ter this scaffolding step, SWiPS takes all scaffolded contigs and uses genewise to

build the final gene models.

Genome assembly data and guide protein sets

The Ciona intestinalis genome sequence, version 2.0 (Dehal et al., 2002) was

retrieved from Ensembl (release 63). 80x coverage Illumina 50bp paired-end reads

were simulated using simLibrary and simNGS (http://www.ebi.ac.uk/goldman-

srv/simNGS/) with default parameters. Ciona intestinalis was chosen owing to

our underlying interest in deuterostomes and for the pragmatic reasons that it

is small and has not undergone a whole genome duplication. SOAPdenovo was

used with default parameters to assemble the simulated Ciona intestinalis reads

(Li et al., 2010). For linguistic convenience, I refer to all SOAPdenovo generated

sequences as contigs, even though these sequences include contigs that have been

scaffolded together using the insert size distributions of paired end sequence data.

Next-generation sequencing paired-end data from Drosophila melanogaster

DNA sequence were obtained from the short read archives (accession

SRX021790; Mackay et al. (2012)), and were used to build an assem-

bly (N50=1441bp) with SOAPdenovo. The human (NA18507) genome

assembly (N50=61,980bp), built using SOAPdenovo, was obtained from

http://yh.genomics.org.cn/download.jsp.

For the comparison with ESPRIT (Dessimoz et al., 2011), I down-

loaded the genomic assembly of Callorhinchus milii from http:
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//esharkgenome.imcb.a-star.edu.sg. This 1.4x assembly consists of

647,131 contigs (754MB) with an N50 of 1464bp.

All protein sets used were retrieved from Ensembl, except for Strongylocen-

trotus purpuratus, and Saccoglossus kowalevskii (Genbank); and Branchiostoma

floridae, Drosophila grimshawi, Heliconius melpomene, Culex quinquefasciatus,

Anopheles gambiae, Anopheles merus, and Anopheles quadriannulatus (Uniprot).

Estimating errors

All simulated contigs were mapped to the Ciona intestinalis, Drosophila

melanogaster, or Homo sapiens reference genome (all three from Ensembl) us-

ing BLASTN and assigned a reference scaffold, strand, and position. SWiPS

predicted scaffolds were considered correct if their mapped contigs are ordered

correctly (within 100kb of each other as eukaryotic introns are rarely over 100kb;

for human, I used 200kb) across the reference scaffold on the same strand. Note

that contigs are allowed to be intercalated between exon-containing scaffolds

without affecting the assessed accuracy. I used two measures of accuracy: 1) the

percentage of contig joins that are correct - local link correctness, and 2) the

percentage of scaffolds (with at least one contig link) for which all local contig

links are correct.

2.1.3 Results

Mapping ability with proteins from the same species

The extent to which contigs can be scaffolded by protein sequences will

depend on the amount of protein coding content in the genome, and the

ability to assign contigs to particular protein coding sequences. The latter will
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depend on the extent of similarity between the guide proteins and the genome

under consideration. In order to understand the best possible outcome for the

scaffolding process, I first tested SWiPS’s ability to assemble a genome using a

protein set from the same species as the genome.

I created a Ciona intestinalis genome assembly of the kind that might be

produced using a simple next generation sequencing strategy, with low N50, and

applied SWiPS, using Ciona intestinalis proteins as guides for the scaffolding

process.

My algorithm improved the N50 of the simulated assembly from 3,851bp to

6,245bp (62.2% increase) and reduced the number of scaffolds from 108,424 to

94,680 with 4134 out of 4510 (91.66%) scaffolding to be entirely correct (it should

be noted that the parameters used in this analysis were not optimised to take

into account that the guide proteins were of the same species).

Use of orthologous protein sequences & dependence on read depth

As a more realistic test, I scaffolded simulated Ciona intestinalis assemblies

using orthologous protein sequences from Danio rerio, Strongylocentrotus

purpuratus, Gallus gallus, Homo sapiens and Saccoglossus kowalevskii. To test

the dependency on sequencing depth I produced assemblies based on the Ciona

intestinalis genome at 10x, 20x, 40x, and 80x coverage.

Irrespective of coverage depth, SWiPS was able to produce a > 20%

improvement in the N50 of the genome assembly, with a corresponding increase

in the numbers of scaffolded contigs (Table 1). These numbers show that SWiPS

appears to be useful for improving assembly quality for even low coverage (by
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next generation standards) datasets. Figure 7 shows an example of a scaffolded

region, with two proteins, one from Sea Urchin and one from Saccoglossus

providing evidence to link five contigs from the SOAPdenovo assembly.

To test SWiPS on real next-generation data, I produced a Drosophila

melanogaster assembly from Illumina Genome Analyzer II sequence data. Using

protein sequences from Drosophila grimshawi, Heliconius melpomene, Culex

quinquefasciatus, Caenorhabditis elegans, Anopheles gambiae, Anopheles merus,

and Anopheles quadriannulatus, SWiPS produced an improvement of 11.1% on

the assembly N50 and reduced the number of contigs from 130,312 to 123,309

(Table 2.1.3). I also tested SWiPS on a human assembly using protein sequences

from Canis familiaris and Mus musculus. In this case, SWiPS produced an

improvement of 18.2% on the assembly N50 and reduced the number of contigs

from 314,877 to 306,882. I also found that, when allowing only 100kb between

scaffolded contigs, the assessed scaffold correctness was 70.6% and the local

scaffold correctness was 90.3%. However, allowing 200kb (500kb) resulted in an

assessed scaffold correctness of 85.3% (92.1%) and a local scaffold correctness of

96.0% (98.3%).

I also tested SWiPS on low coverage Sanger sequenced data, in the form of

the 1.4x coverage genome of the elephant shark Callorhinchus milli (Venkatesh

et al., 2007). I saw an improvement in N50 from 1464bp (647,131 scaffolds) to

1506bp (630,493 scaffolds), a 2.9% increase. This difference in N50 improvements

compared to the one for Ciona intestinalis is mainly due to the difference in

contig length distribution.

Comparison with other methods
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Figure 7: Example of 5 contigs scaffolded using SWiPS.
Protein SACC29144576 links contigs “scaffold23914”, “C5811784”, and “scaf-
fold25071” together, while SPUR115976525 links contigs “scaffold23914”,
“C5926424”, and “scaffold5359” together. The two protein models allow SWiPS
to scaffold all contigs together. Each arrow represents a region of homology (in
purple); the intron-exon structure (gray and purple) of the orthologous proteins
is clearly represented within each scaffold.
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Assembly N50 improvements CEGMA improvements Scaffold Local link
(coverage) (bp) (complete/partial genes) correctness correctness

Ciona 10x 1767 to 2101 (18.9%)
95 to 136 (41.2%)

88.3% 97.05%
140 to 190 (35.7%)

Ciona 20x 3714 to 4544 (22.3%)
134 to 166 (23.9%) 87.53% 97.42%
175 to 204 (16.6%)

Ciona 40x 3799 to 4790 (24.4%)
138 to 166 (20.3%)

85.65% 96.78%
169 to 210 (24.3%)

Ciona 80x 3851 to 4719 (22.5%)
139 to 162 (16.4%)

89.43% 97.60%
171 to 210 (22.8%)

Drosophila 1441 to 1601 (11.1%)
178 to 201 (12.9%)

98.9% 99.7%
melanogaster 241 to 245 (1.7%)

Human (NA18507) 61,980 to 73,255 (18.2%)
95 to 97 (2.1%)

85.3%[*] 96.0%[*]
199 to 206 (3.5%)

Elephant Shark 1464 to 1512 (3.3%)
7 to 22 (214.3%)

N/A N/A
49 to 107 (118.4%)

The only other program currently available to scaffold genomic contigs

using protein sequences is ESPRIT (Dessimoz et al., 2011). To directly compare

SWiPS with ESPRIT, I applied the CEGMA pipeline to the Callorhinchus

milii reference genome. CEGMA uses a set of 248 core eukaryotic genes

that are generally present in low copy number to assess the completeness and

quality of a genome assembly, and can serve as a complementary metric to the

N50 length (Parra et al. (2007); also see Genome Assembly section in Chapter 1).

In my hands, the CEGMA pipeline detected 7 complete and 47 partial genes

when assessing the initial reference genome, while Dessimoz and colleagues

reported 14 complete and 35 partial genes. This difference is likely due to the

use of a more recent version of CEGMA. The overall similarity of the results,

however, suggests a comparison of the performance of SWiPS and ESPRIT is

valid.

To link Callorhinchus milii contigs together with SWiPS, I used the same

set of proteins used by ESPRIT, which consists of human, mouse, anole lizard,
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chicken, African clawed frog, zebrafish, medaka, Ciona intestinalis and Bran-

chiostoma floridae proteins. After linking 666 contig pairs with ESPRIT, Dessi-

moz et al. reported an increase from 14 to 16 complete genes and from 35 to 38

partial genes, i.e. a 14.3% and a 8.6% improvement, respectively. In comparison,

SWiPS was able to merge 27,659 contigs into 9,121 scaffolds, and increased the

CEGMA gene space from 7 complete genes to 22 and 47 partial genes to 107,

i.e. a 214.3% and a 118.4% improvement, respectively. Even using Dessimoz

and colleagues’ higher baseline of 14 complete genes, the new assembly produced

by SWiPS improved significantly the complete gene space when compared to

ESPRIT (8 compared to 2, i.e. a 4-fold improvement).

2.2 Discussion

I have shown that SWiPS is able to use protein sequences to order and orient

contigs into scaffolds, thus improving assembly contiguity and gene prediction,

showing significant improvements over the only other available tool. Although

the overall improvements in N50 found by SWiPS may appear modest, they

should be understood with reference to the fact that the majority of most

animal genomes is composed of non-coding sequence, and thus not amenable to

scaffolding via protein coding sequences.

In order to confidently scaffold exon-containing regions on different contigs,

we need to be sure that they come from the same gene. In the context of this

problem, the most obvious way of doing this is by assuming that the guide

protein comes from a gene that shares a 1:1 or many:1 orthologous relationship

with the gene encoded by the exons. That each exonic region on a contig is

orthologous to the guide protein needs to be tested. Rather than constructing

a full phylogeny for each exon region, I maximize the overall similarity score
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of templates to exons for all proteins that match equivalent sets of regions.

As the ability to discriminate orthologs from paralogs is fundamental to my

method, SWiPS is expected to perform best for proteins that have no similar

sequences in the genome, and less well where proteins come from gene families

with multiple closely related members. Furthermore, the more closely related

the template set of proteins is to the target genome, the less likely my method

is to be confounded by gene duplication events that have occurred after the

template and target lineages have diverged.

Although inference of orthology is most obvious via overall comparisons of

sequence similarity, it is conceivable that other sources of information may be

useful. For instance, conservation of exon/intron boundaries may help to dis-

criminate between orthologs and paralogs in cases where orthologs share intron

locations to the exclusion of paralogs. In practice, I was able to find few examples

where this provided a significant improvement on my current results (data not

shown; also see gene architecture evolution in East African cichlids in Chapter 4).

For many applications, the primary interest of a genome sequence lies in its

encoded proteins. Coupled with the difficulty of de novo genome assembly and

gene prediction, this suggests that transcriptome sequencing may be a more use-

ful strategy for generating an initial survey of genome content. Transcriptome

sequencing, however, has major disadvantages compared to genome sequencing.

Firstly, not all genes are expressed in all developmental stages and cell types, and

for many taxa, it may be difficult to sample sufficient transcriptional libraries to

obtain representation of all genes. Without this, it is difficult to make reliable

inferences of the absence of particular genes. Secondly, genome sequence con-

tains a wealth of information not encoded in the transcriptome, in the form of
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regulatory elements, synteny information, gene structures and so on. Prelimi-

nary genome sequence is thus likely to be of greater long term usefulness than

incomplete transcriptome data. Although genome assemblies produced from sin-

gle libraries of Illumina data (i.e. with only one insert size) are likely to be very

fragmentary (whatever the sequencing depth), protein coding content is likely to

be depleted in the repetitive sequence that causes assembly problems, at least

at the exon level. By allowing the scaffolding of exons on different contigs my

method allows the maximum usefulness in terms of protein coding content to be

extracted from these preliminary assemblies.
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2.3 Sequencing DNA and RNA from a single cell

High-throughput sequencing is one of the most influential technological

advances in the field of biology. With it, genomes and transcriptomes of

hundreds of species are being sequenced in the hope of gaining insights into

diverse adaptive traits or evolutionary history. Not only does the amount of

sequencing increase rapidly in breadth, but also in depth. For example, the

Genotype-Tissue Expression project (GTEx) hosts the transcriptomes of up to

thirty different tissues or organs from 150 individuals. Now, researchers continue

to reduce the scale at which we study biology by analysing single cells.

The cellular landscape across different tissues can vary substantially, and

a significant proportion of the variation is conserved in mammals (Brawand

et al., 2011). These conserved differences suggest the existence of important

tissue-specific gene regulatory networks. This is rather unsurprising considering

that different organs are well characterised to possess different functional

roles. However, recent analyses of transcriptomes in single cells of seemingly

homogeneous populations of cells and tumours revealed a surprisingly large

amount of heterogeneity (Shalek et al., 2013; Dalerba et al., 2011). This

heterogeneity was previously overlooked, owing to technical difficulties in

sequencing low amount of DNA or RNA: nearly all studies to date rely on the

quantification of molecular phenotypes of thousands to millions of cells in bulk.

However, advances in microfluidics and DNA amplification technologies allow

both DNA and RNA to be quantified from single cells (Macaulay and Voet, 2014).

A new method to sequence the DNA and RNA from a single cell, GT-seq, is

currently being developed by Macaulay et al. (see Materials and Methods). My

goal was to help evaluate the data produced by GT-seq and explore potential
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uses of such methods. Here I present analyses I conducted to assess GT-seq

compared to other methods, and to evaluate a potential future use. Although

the work I present here is largely technical in nature, I will describe applications

of single cell sequencing in a biological context in the Discussion chapter.

2.3.1 Results and Discussion

Single cell transcriptomics

One of our objectives was to quantify the transcript diversity that GT-seq is

able to capture. This is important because previous single-cell transcriptomics

studies often suffered from a poor sensitivity to lowly expressed transcripts

(Macaulay and Voet, 2014). Macaulay and colleagues (unpublished) sequenced

breast cancer cell line (HCC38) transcriptomes with Illumina (11 cDNA libraries

prepared according to GT-seq; 96 libraries prepared using Fluidigm C1), and

PacBio (4 normalized cDNA libraries prepared according to GT-seq) technology

(Materials and Methods). In this case, the normalisation of the cDNA library

is appropriate as we aimed to characterise the different transcripts captured by

GT-seq.

We used two approaches to measure transcriptome complexity. A colleague

measured the number of genes that are detectable by counting genes with

a minimum threshold of sequencing reads mapped (data not shown). To

complement this approach, I measured the amount of transcriptional com-

plexity by the number of genes with splice junctions detected using each method.

I first started by assessing the transcriptional complexity using PacBio

sequencing. Although PacBio sequencing yields low throughput relative to other
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Figure 8: PacBio sequencing errors by length.
(a) Average number of insertions, deletions or point mutations by 100nt from
PacBio sequencing. (b) Sequence appended or missing from the 5’ or 3’ end of
the ERCC spike-ins.

popular sequencing methods, it is reported to produce long reads of over 1kb

that allow splice junctions to be predicted easily. Owing to high reported error

rates of PacBio, I wished to quantify the error rates in our PacBio dataset by

first mapping the ERCC spiked-in reads onto the spike-in reference sequences

and then by identifying differences between the reads and reference sequences.

As mentioned previously, spike-in sequences are known and designed to be

different from sequences in the human genome (Jiang et al., 2011), therefore

differences between read and reference sequences are highly likely to correspond

to sequencing errors. I used all 9,536 PacBio reads that mapped to ERCC

transcripts to quantify PacBio error rates and sequencing performance. I found

the number of mismatches to be generally under 2% (Figure 8a). Furthermore,

the numbers of insertions and deletions are also low – well under 2 insertions
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or deletions per 100bp (Figure 8a). I also observed that although the lengths

of the reads are significantly longer than standard Illumina reads (39–100bp),

many reads were truncated at their 5’ end when they originated from ERCC

transcripts of length 700bp or longer (Figure 8b). This, however, likely reflects

a technical artefact from size selection (personal communication, Macaulay) and

not a limitation of PacBio sequencing (Sharon et al. (2013) report PacBio read

lengths that average 1.5kb).

Next, I used GMAP to map trimmed PacBio reads onto the human reference

genome. The adapter sequences from PacBio reads were trimmed using a seed

matching strategy (Materials and Methods). As such, adapter sequences were

identified in 88.5–89.7% of the reads (4 sequencing runs); the remaining 11–12%

were removed from further analysis. Because the human genome is repeat-rich

and comprises of many genes with paralogs, PacBio reads were sometimes

found to map to multiple ambiguous location. Therefore, in instances of reads

mapping to multiple locations, I only kept the mapping with highest percent

identity. In total, 152,355 PacBio reads were mapped onto the human genome

assembly (hg19).

To assess the gene coverage of PacBio sequencing, I computed the number

of genes with at least one splice junction supported by a read. Of 18,756 multi-

exonic protein-coding genes annotated in Ensembl, PacBio libraries supported

1,546–1,718 genes, and 3,232 genes were supported when the four libraries were

pooled together. This number is far lower than the maximum number expressed

according to bulk sequencing of HCC38. Indeed, counting the number of genes

supported by at least one splice junction in the bulk dataset yielded 13,235

multi-exonic genes (Figure 9). This means that additional PacBio sequencing
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must be performed to achieve a comprehensive transcriptional landscape in

single cells. This low gene coverage may also reflect a current limitation of

GT-seq. Indeed, Sharon et al. (2013) sequenced a pool of 20 different normal

human tissues and organs with PacBio technology (yielding 476,000 reads) and

identified nearly 14K multi-exonic genes.

Using this same metric, I next assessed the gene coverage of GT-seq and C1

protocols. To do this, all reads from GT-seq and C1 protocols were mapped onto

the human genome (hg19) complemented by annotated exon junction sequences

as before (Piskol et al., 2013). The number of unique splice junctions predicted

ranged from 3,545 to 10,390 (median 5,854) for the 11 GT-seq samples, while

it ranged from 172 (several libraries yielded very few reads) to 32,371 (median

24,561) for C1 samples. This difference cannot be explained by sequencing depth

since GT-seq samples yielded more sequencing reads (median 7.1M reads) than

C1 samples (median 2.6M reads). This therefore suggests that libraries prepared
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Figure 10: C1 versus GT-seq duplications and coverage.
(a) Duplicated reads in single cell sequencing. Percentage of reads marked as
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sequenced with C1 Fluidigm. (b) Number of genes with at least one junction
covered by reads from C1 versus GT-seq protocols.

using GT-seq contain lower transcriptome complexity than libraries prepared

using the C1 protocol. Upon investigation, I found that a large percentage of

reads (median 70.21%) in GT-seq sequenced reads were classified as duplicates

by Picard tools (http://picard.sourceforge.net/), while a much smaller

percentage (median 30.4%) were marked as duplicate in C1 sequenced reads

(Figure 10a). This likely reflects a larger percentage of redundant reads (i.e.

reads from the same transcripts or PCR artefacts) in GT-seq compared to

C1 sequencing and explains, at least partially, the reduced complexity of the

transcriptome captured by GT-seq.

To obtain an estimate of the transcriptome complexity captured by pooling

C1 or GT-seq samples, I computed saturation curves by pooling randomly-
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chosen samples together (Figure 10b). Due to the large differences in detected

splice junctions among C1 samples, I removed 17 libraries for which fewer than

7,000 unique splice junctions were detected. I found that, on average, by pooling

11 randomly picked C1 samples, the number of genes covered increases to 9K

(from 3-5K in one sample), and slowly continues to increase to 11,885 when all

79 C1 samples are pooled together. In contrast, pooling all 11 GT-seq samples

resulted in 4,842 genes with splice junction support. Again, these results suggest

that a higher number of single cells are needed to recapitulate the transcriptome

complexity of HCC38 cells when using the GT-seq protocol in its current form.

These results also suggest that C1 technology can be used to study tran-

scriptomes of single cells because 11,885 genes (compared to 13,235 from bulk

sequencing) had a splice junction covered when all samples were pooled together,

albeit 79 single cells (totalling 288M reads) had to be sampled to reach this num-

ber.

Shared DNA and RNA variants

Sequencing both DNA and RNA from a single cell provides the interesting

opportunity to validate DNA variant calls (SNPs) from RNA sequence. As-

suming a mutation occurring in a RNA library to be 1 in 1000 bases, the joint

variant calling using both DNA and RNA data may reduce false positives by

a thousand-fold. An exciting application of this lower false positive rate lies in

the identification of somatic variation. Other experimental designs may uncover

somatic mutations with low false positives by sequencing DNA alone or by

sequencing both RNA and DNA from bulk cells. However, sequencing both

DNA and RNA from a single cell permits us to study mutations that occur

during a time-frame as short as one cellular division, or mutations in rare cells
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that cannot be cultivated in vitro.

To verify that joint calling is feasible, I first wished to ensure that variant

calls from single cell RNA-seq data are reliable. This question is not trivial

because the starting RNA quantity in a single cell is low, which allows mutations

to be duplicated in the PCR amplification steps and subsequently sequenced

with high coverage. For RNA variant calling, I used all 96 HCC38 single-cells

sequenced with C1 Fluidigm technology. This is because GT-seq is under

active development and currently produces transcriptome data of poorer quality

compared to C1 protocols. Nevertheless, variants identified from RNA-seq data

produced by C1 is likely reproducible by GT-seq or similar methods in the future.

To identify variants from the C1 RNA-seq data, I used the pipeline intro-

duced in (Piskol et al., 2013). This pipeline uses the GATK variant calling

approach and further verifies that variants do not occur in repeated regions,

homopolymers or RNA-edited sites. I therefore obtained a set of high-confidence

variants for each library. I then compared these variants to a comprehensive list

of all HCC38 variants (personal communication, Dabas). True RNA variants

are thus expected to be replicated in this list. Indeed, I found that nearly all

variants (> 95%) identified in two or more cells could be replicated in the list of

HCC38 variants called from bulk DNA sequencing (Figure 11). Variants called

in two or more samples are therefore expected to be real variants in HCC38 cells.

However, only 35.7% of the variants could be replicated if they were identified in

one cell alone. Because most variants are only called within one sample (84,610

or 83.1%), around half (46.2%) of all RNA variants called are known DNA

variants. Nearly all of the remaining 53.8% are expected to reflect technical arte-

facts. Nonetheless, a few of these variants may represent true somatic mutations.
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Using protocols such as GT-seq, somatic variations may be detected if

RNA variants from a single cell can be replicated in its DNA. Assuming the

probability of a DNA sequencing error is 1 in 1000, a rough estimate yields

a false positive rate less than 5.38 × 10−4 (0.538 × 0.001) for RNA variants

replicated in DNA sequences. This estimate, of course, assumes independence

of samples and the absence of mapping artefact.

Overall, these results suggest that somatic variation can be called in single

cells by combining RNA-seq data and DNA sequence data using GT-seq. Cur-
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rently, single cell RNA-seq and whole genome DNA-seq data produced by GT-seq

are too low to reproduce variant calls (data not shown). However, it is likely that

using exome sequencing will allow variants to be called in transcribed DNA re-

gions, which in turn will allow variants to be replicated in the RNA and DNA of

a single cell.

2.4 Material and Methods

Combined transcriptome and genome analysis of a single cell (GT-seq)

Single cells were isolated directly into lysis buffer, from which mRNA was

first captured using a modified oligo(dT) primer, containing a universal priming

site and conjugated to a magnetic bead. The supernatant, containing genomic

DNA and non-polyadenylated transcripts, was then removed. The beads were

subsequently washed four times, and the washes pooled with the original

supernatant.

First strand cDNA synthesis and subsequent PCR-based amplification were

then performed directly on captured RNA following the SMARTer protocol

(Ramskold et al., 2012). Genomic DNA was isolated from the supernatant and

wash pools by ethanol precipitation. Subsequently the precipitated genomic

DNA was amplified using the MALBAC protocol (Zong et al., 2012).

Sequencing libraries were prepared from amplified gDNA and cDNA using

the Nextera XT kit and following the manufacturer’s instructions (Illumina)

Multiplexed libraries were sequenced in fast mode on an Illumina HiSeq 2500.

For full-length cDNA sequencing on the Pacific Biosciences RSII, SMRTbell
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libraries were prepared from the cDNA as per the manufacturer’s protocol for

a 2 kb library. One SMRT cell was used to sequence a library from each single cell.

C1 sequencing

cDNA was prepared from single cells using the Fluidigm C1 platform. Briefly,

a suspension of HCC38 cells was loaded onto a microfluidic chip, single cells

were captured in individual capture sites, lysed and cDNA prepared on-chip

using the SMARTer amplification protocol (Clontech/Takara). Nextera library

preparation was performed on the cDNA as previously described, the individual

libraries were then pooled and sequenced (100bp, paired end) on two lanes of

HiSeq 2500.

Trimming PacBio reads

To find the 5’ (AAGCAGTGGTATCAACGCAGAGTACATGGG) and 3’

(GTACTCTGCGTTGATACCACTGCTT) SMRT primers from the PacBio

reads, I searched for 15-mers shared between the primers and the reads using

a sliding windows approach. The read was then trimmed to the last 5’ and first

3’ primers found (from a 5’ to 3’ scan). Reads were discarded in cases where

either 5’ or 3’ primers were not found, or the 5’ primer was found to be 3’ of the

3’ primer.

Counting duplicated reads

To find duplicated reads in each library (.bam file), the MarkDuplicates pro-

gram from Picard tools was used: java -Xmx4G -XX:MaxPermSize=512m -jar

MarkDuplicates.jar AS=true VALIDATION STRINGENCY=SILENT.
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3 Chapter 3: Gene family evolution and expan-

sion

Owing to the importance of gene duplications in phenotypic innovation

(Kaessmann, 2010), I became interested in gene families that underwent

significant changes in clades exhibiting particular phenotypic traits. Over the

last few years, I studied gene duplications in two newly assembled genomes: that

of the painted turtle and that of the bowhead whale. The painted turtle genome

was the only Chelonian (turtle) genome sequenced (at that time). Therefore the

study of painted turtle genes promised to shed light on over 250 million years of

gene family evolution during Chelonian evolution, subsequent to their split with

the bird lineage.

In this chapter, I present an in-depth analysis of the evolution of a specific

gene family, the beta-keratins, in the Chelonian lineage. The study of beta-

keratin gene family evolution in Sauropsids (reptiles and birds) revealed a large

expansion in the number of turtle-specific beta-keratins. I draw links between

this expansion and the birth of the unique carapace and plastron of turtles.

Analyses of the turtle gene expansions were published in Genome Biology

and Evolution as (Li et al., 2013) and were included in the genome sequence

publication in Genome Biology (Shaffer et al., 2013).

I also present a gene expansion analysis in the bowhead whale lineage,

subsequent to their split with minke whales. Owing to the short divergence time

between bowhead and minke whales, no large-scale duplication was identified.

Nevertheless, I identified several gene duplications of interest. These results are

included in Keane et al. (in preparation).
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In the beta-keratin study, Wilfried Haerty contributed several analyses

including the manual curation of beta-keratin sequences, the estimation of gene

conversion bias, and the PhyML, secondary structure and positive selection

analyses. I annotated the painted turtle genome, predicted orthology relation-

ships, discovered the expansion of the beta-keratin gene family, identified their

segmental duplication and estimated phylogenetic dates. Wilfried and I wrote

the manuscript with notable contributions from Chris Ponting.

In the bowhead whale gene duplication analyses of bowhead whales, David

Brawand contributed code and methods to reconcile species and gene trees.

3.1 Evolution of beta-keratin genes in turtles

3.1.1 Background

Previously, our annotation and gene duplication analysis of the painted

turtle genome (Shaffer et al., 2013) revealed that 957 genes show expansion

in the western painted turtle lineage. 15 of the 27 gene families with four or

more genes were annotated as being involved in immune response an additional

large expansion. We also predicted a large scale expansion of the beta-keratin

gene family in the genome of the painted turtle. This motivated us to fully

characterise the expansion of bete-keratin genes because they were previously

associated with the hard keratinous material which covers turtle shells.

Many gene family expansions contribute to the emergence of novel, lineage-

specific, morphological features. However, few are more striking than those

of alpha-keratin genes that have led to the independent appearance of, for

example, hair and nails in mammals, wool in sheep, and baleen in whales
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(Vandebergh and Bossuyt, 2012). Beta-keratins, on the other hand, are specific

to the sauropsids (reptiles and birds) and add much more rigidity to the scales

of reptiles than alpha-keratins. They contribute to the formation of the hard

keratinous claws and scales of reptiles, as well as to the formation of the beaks

and feathers in birds (Alibardi et al., 2009).

Previous genome-wide comparative analyses in chicken and zebra finch

identified several clusters of beta-keratin genes, the largest two of which occur

on chicken microchromosomes 25 and 27 (Greenwold and Sawyer, 2010). When

compared with expressed sequenced tags (ESTs) derived from beak, claws

and feathers, the cluster on microchromosome 27 appears to be composed of

beta-keratin genes whose proteins exclusively form the feathers. In contrast, the

clusters on microchromosome 25 harbor beta-keratins involved in the formation

of claws, feathers and scales, which have been postulated to have originated from

a single progenitor cluster of beta-keratin genes on the same microchromosome

in ancestral birds (Greenwold and Sawyer, 2010).

In turtles, beta-keratins are assembled into filaments in the outer corneous

layers of the scutes (Alibardi, 2002; Alibardi et al., 2009) that cover the ventral

plastron (12 to 13 scutes) and the dorsal carapace (37 to 38 scutes), the two

parts of the shell that are unique to the Chelonians. These scutes form hard

structures that are thought to protect turtles from predators (Solomon et al.,

1986). The evolution of the turtle shell has long fascinated biologists. However,

the paucity of ancestral turtle fossils with intermediate shell forms has made

its study difficult. Nevertheless, the formation of the shell has been extensively

studied in the context of paleontology (Li et al., 2008; Joyce et al., 2009), com-

parative anatomy (Nagashima et al., 2009), and the development of the turtle
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bone plates (Nagashima et al., 2007; Lyson and Joyce, 2012). In comparison,

there have been very few investigations tackling the molecular evolution of the

shell. Additionally, these studies have been limited to exploring genes involved

in the musculoskeletal development of the shell (Kuraku et al., 2005). The

major aim of this study is to gain a better understanding of the evolution of

the turtle shell at a molecular level, by studying the evolution of beta-keratins

that are components of the turtle scutes. In contrast to the alpha-keratins,

for which studies revealed deep conservation across vertebrates (Eckhart et al.,

2008), we still lack an understanding of the evolutionary relationships among

the beta-keratins found in Reptiles.

While a large number of beta-keratins have been annotated in bird genomes

(International Chicken Genome Sequencing Consortium, 2004; Warren et al.,

2010), only 17 beta-keratin genes have thus far been identified as being expressed

in the skin from the shell, limbs, neck, and tail of the turtle Pseudemys nelsoni

(Dalla Valle et al., 2009b). A phylogenetic analysis indicated that 16 out of

these 17 beta-keratin genes form a P. nelsoni -specific clade. The remaining

beta-keratin gene, which is expressed specifically in the digits and claws,

clustered with chicken sequences derived from scales and keratinocytes. Still,

it remains unknown whether this set of beta-keratin genes is comprehensive,

whether lineage-specific beta-keratin duplications can be identified among turtle

species, and how these genes relate to avian or other reptilian beta-keratin genes.

With the newly sequenced genomes of three turtles (Chrysemys picta, Che-

lonia mydas, Pelodiscus sinensis ; (Shaffer et al., 2013; Wang et al., 2013), that

represent approximately 160 million years of chelonian evolution, we have iden-

tified a total of 211 turtle beta-keratin genes. Further analysis of these genes
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reveals lineage-specific duplications of the beta-keratin gene family in turtles in

the syntenic location to the expansions of this family in birds. The timing of the

emergence of the turtle-specific beta-keratin clade (173–273 My ago) is predicted

to have coincided with the emergence of the turtle shell, 230 to 270 million years

ago (Li et al., 2008). Consequently, expansions of beta-keratin genes may have

contributed to the evolution of two major morphological innovations, the turtle

shell and avian feathers.

3.1.2 Results

Identification and characteristics of beta-keratins in turtles and other

reptiles

We identified, through homology searches and manual curation (see Mate-

rials and Methods), 92, 40 and 79 beta-keratin genes in the genomes of three

turtle species: Chrysemys picta (the painted turtle), Chelonia mydas (the green

sea turtle), and Pelodiscus sinensis (the Chinese softshell turtle), respectively.

11, 31 and 43 additional loci containing beta-keratin-like sequences were either

truncated or disrupted by a premature stop codon in C. picta, C. mydas and

P. sinensis, and thus were discarded from further analyses. To allow compari-

son, 106 and 133 beta-keratin genes were identified in the genomes of chicken

and zebra finch, respectively, using OPTIC orthology predictions (Heger and

Ponting, 2007, 2008). However, because of likely differences in genome assembly

qualities, it is difficult to draw any conclusion based on differences in the numbers

of beta-keratin genes found.

Synteny of non-specific bird and turtle beta-keratins

To identify bird genomic regions in synteny with the beta-keratin clusters of
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turtles, we performed analyses using 1:1 non-keratin orthologous genes flanking

beta-keratin genes. Of 92 beta-keratin genes in the C. picta genome, 45 were

located on a single scaffold (Group42) that is syntenic to chicken microchro-

mosome 25 (Figure 12). Although additional C. picta beta-keratin genes were

located on smaller scaffolds, these have undetermined syntenic relationships

with the chicken genome. This is because they consist of beta-keratin genes

only, or they lack one-to-one orthologs in either chicken or zebra finch which

unambiguously map to a single region. Each of the annotated beta-keratin

sequences encode a region of 20-30 amino acids, which represents the highly

conserved core of beta-keratins from other reptiles (Figure 13). Likewise, we

determined that a beta-keratin gene cluster on scaffold GL343369.1 of the green

anole lizard (Anolis carolinensis, (Alföldi et al., 2011) lies in conserved synteny

with chicken microchromosome 25 (Figure 12). Furthermore, we were able to

retrieve EST data for all beta-keratin genes on scaffold GL343369.1 but two,

and found that they are expressed in the skin of the green anole lizard.

To investigate synteny and orthology relationships among turtle beta-keratin

genes, we annotated all beta-keratin genes located in scaffolds containing at least

two beta-keratin genes and used phylogenetic reconstruction to determine their

orthology relationships (Figure 14). Although scaffolds harboring C. mydas and

P. sinensis beta-keratin genes are shorter due to their more fragmentary genome

assemblies, beta-keratin genes with close orthology relationships to Group42

C. picta beta-keratin genes tend to be situated on the same scaffolds, suggesting

that they are also located in regions with conserved synteny to microchromo-

some 25 of chicken (Figure 14). Other C. mydas and P. sinensis beta-keratin

genes have undetermined syntenic relationships, suggesting either that they are

in a region of the same microchromosome that is hard to assemble (often associ-
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Figure 13: Sequence logo
Sequence logos for the “turtle-specific” and “non-specific” beta-keratins in C.
picta and P. sinensis, and amino-acid sequences downstream of the beta-strands
(tail) within “turtle-specific” beta-keratins in C. picta. The identification of
the shell beta-keratins is based on clustering with cDNA sequences from the
precursor cells of the shell in P. nelsoni (Dalla Valle et al., 2009b). The red
arrows represent the beta-strands identified using PSIPRED (Jones, 1999)). The
blue arrows represent the sites with evidence for positive selection using PAML.
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ated with repeat-rich regions) or on different chromosomes.

Turtle-specific and avian-specific beta-keratin gene family expansions

Phylogenetic analyses of reptilian beta-keratin genes (Figures 15 and 16)

revealed that turtle beta-keratin genes are represented within at least two major

clades, one of which is turtle-specific, whilst the other is shared with birds

(Figures 15 and 16). Consistent with previous analyses (Dalla Valle et al.,

2009b), 16 of the 17 beta-keratins that were obtained in a study of the P. nelsoni

shell skin and soft epidermis lie within the turtle-specific clade, while the one

found to be expressed in the claws was located within the clade shared with

birds (Figure 15). It is notable that the turtle-specific beta-keratins are less

divergent from one another than are non-specific beta-keratins that clustered

with avian beta-keratins (average amino acid identity 81.1% ±1.0% versus

56.2% ±1.7%). This would be consistent with turtle-specific beta-keratin genes

tending to have arisen, through duplication, more recently than other such genes.

The bird beta-keratin genes in this shared clade were previously associated

with the formation of scales based on comparison with expressed sequence

tags (Greenwold and Sawyer, 2010). The largest clade in this phylogeny is

avian-specific and contains both chicken and zebra finch beta-keratin genes

which are known to be expressed in feathers (Greenwold and Sawyer, 2010).

As expected, turtle beta-keratins lack a tail sequence specific to previously

described feather beta-keratins (Sawyer et al. (2005); Figure 13).

Several studies in Squamates and Sauropsids revealed that beta-keratins tend

to differ in their amino acid composition according to the morphology and hard-

ness of the tissue (Alibardi et al., 2007). Using the clustering of the turtle

beta-keratins with previously identified beta-keratins from P. nelsoni (Dalla Valle
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Figure 15: Identification of turtle beta-keratins potentially associated with shell
formation.
Phylogenetic tree of the beta-keratins in C. picta (red), Anolis carolinensis (yel-
low), Crocodillus niloticus (green, 3 proteins), and Gallus gallus (black), and Tae-
niopygia guttata (blue). The 16 translated cDNA sequences expressed in the skin
from shell, soft skin, claws and digit-tip of Pseudemys nelsoni are represented by
black stars; the cDNA sequence with tissue-specificity to claws and digit tip is
labelled with a purple star. The red shaded area highlights the putative “shell”
beta-keratin clade in C.ṗicta. Numbers next to internal nodes represent boot-
strap confidence values.

72



[173.2,273.1]

[189.5,282.6]

[137.1,232.9]

[125.1,211.1]

[111.3,184.1]

[93.8,161.7]

[261.1,301.9]

[196.9,291.6]

[113.7,194.4]

C.picta

G.gallus

P.sinensis
C.mydas

T.guttata

P.nelsoni

C.niloticus

Fe
a
th

e
rs

P
u
ta

tiv
e
 sh

e
ll

N
o
n
-sp

e
cifi

c
C

la
w

s
S
ca

le
s

Figure 16: Phylogenetic trees of beta-keratins from all species and dating using
BEAST.
The datings (in million years), which correspond to 95% confidence intervals, are
in square brackets. The turtle-specific clade with 16 out of 17 beta-keratins from
P. nelsoni is labelled as a putative shell clade. The bird-specific clade has been
labelled in the same way as in Figure 15. The clade annotated as non-specific
corresponds to the clade with turtle, zebra finch beta-keratin genes.

et al., 2009b), some of which were found to be highly expressed in the beta-layers

of the scutes, we classified the beta-keratins into candidate (turtle-specific) shell

and non-specific keratins, and compared the amino acid composition of the two

groups. We found that turtle-specific beta-keratins tend to have a glycine- and

tyrosine-rich tail, which is also observed in all beta-keratin genes of the Nile

crocodile scales sequenced thus far (Dalla Valle et al., 2009a) or non-feather beta

keratins in birds (Alibardi et al., 2009). In contrast, non-specific beta-keratins

appear to have a cysteine and proline rich tail relative to turtle-specific beta-

keratins (Figure 17).

Evidence for positive selection in turtle-specific beta-keratin genes
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Figure 17: Amino acid composition of beta-keratins
Average composition of beta-keratins in C. picta of regions upstream and down-
stream of the beta-strands. The error bars represent standard error.

We investigated codons of duplicated beta-keratin paralogs for C. picta,

C. mydas and P. sinensis, independently, for evidence of positive selection

acting on amino acid-changing nucleotide substitutions. We found no evidence

for positive selection acting on non-specific beta-keratins in C. picta (M1

vs M2, P> 0.05, M7 vs M8, P> 0.05). For both C. picta and P. sinensis

candidate shell beta-keratins, the likelihood ratio tests (M7 vs M8) were

significant (P=1.8 × 10−3 and P=7.2 × 10−4 respectively). However, the sites

that were identified as being under positive selection differ (Table 1, Figure

13). No evidence for positive selection was found for C. mydas beta-keratin genes.

We searched the scaffold containing the largest number of beta-keratin genes

(44), Group42, in C. picta and more specifically the beta-keratin cluster for

an increased GC3 content that could be suggestive of biased gene conversion

(Duret and Galtier, 2009). Like microchromosome 25, its syntenic element,

Group42 in C. picta displays an elevated G+C content relative to the rest of

the genome. However, we found a weak but significant increased GC3 content
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Table 1: Test for positive selection in beta-keratin genes from C. picta and
P. sinensis.
aM0: one ratio model, bM1: neutral, cM2: positive selection, dM3: discrete, eM7: beta, fM8: beta and ω

Species Tests 2∆L df P-value

C. picta M0a vs M3d 10.08 3 0.0179
M1b vs M2c 4.74 2 0.0935
M7e vs M8f 12.68 2 0.0018

P. sinensis M0 vs M3 138.27 3 < 2.2× 10−16

M1 vs M2 10.14 2 0.0063
M7 vs M8 14.48 2 0.0007

C. mydas M0 vs M3 22.428 3 5.31× 10−5

M1 vs M2 0.06 2 0.97
M7 vs M8 1.1 2 0.577

within candidate shell relative to non-specific beta-keratin genes (Mann-Whitney

test, P=0.043). In addition, we ran GENECONV (Sawyer, 1999) on the beta-

keratin coding sequences located on Group42. However, no further evidence for

gene conversion was reported.

Turtle-specific beta-keratins in the softshell turtle

Softshell turtles, such as P. sinensis, are characterized by the absence of scutes

on the carapace and plastron leading to a soft and leathery shell. We therefore

compared the beta-keratins of the Chinese softshell turtle P. sinensis to those of

the hard shell turtles, C. picta and C. mydas. Using PSIPRED (Jones, 1999), we

identified two beta-strands within P. sinensis ’ beta-keratins like those in C. picta

(Figure 13). We also interrogated a preliminary assembly of the spiny softshell

turtle Apalone spinifera and found 15 well-conserved beta-keratin genes using

BLAST searches (see Materials and Methods). Contrary to previous speculations

(Toni et al., 2007), we observed that beta-keratin genes in both softshell turtles

possessed the conserved core-box.

Divergence time of the turtle-specific beta-keratin expansion
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To estimate the divergence time of the turtle-specific beta-keratins from the

other beta-keratin genes, we used BEAST (Drummond and Rambaut, 2007),

a Bayesian evolutionary analysis program (see Materials and Methods). The

sole molecular dating prior used was the height of the tree, 278.4 million years,

which corresponds to the split between turtles and birds (Pereira and Baker,

2006b). Results from BEAST indicated that the turtle-specific beta-keratins

diverged from the other beta-keratins between 173 and 273 million years ago

(Mya) (95% confidence interval). A further estimate from BEAST indicated

that additional beta-keratin duplications have taken place, between 114 to

194 Mya (95% confidence interval), after the divergence of the putative shell

beta-keratins from other beta-keratins (Figure 18).

We noted that the topology of the beta-keratin gene tree reconstructed by

phyML (Figure 15) was different than that of the tree reconstructed by BEAST

(Figure 18). Notably, whereas the most likely tree reconstructed using BEAST

suggests that the avian-specific and the turtle-specific clades are sister clades, the

tree predicted using phyML suggests that turtle-specific and non-specific beta-

keratin clades are sister clades. We observed, however, that the bootstrap values

on the phyML tree were generally low (<0.95) near the splits between avian-

specific, turtle-specific and non-specific clades. Furthermore, the phyML tree

was reconstructed using amino acid alignments, while BEAST used nucleotide

alignments for reconstruction. As such, we believe that the tree predicted by

BEAST yielded a more accurate representation of beta-keratin evolution.

3.1.3 Discussion

The feathers of birds and the shell of turtles are unique morphological traits

that set apart the two groups from the other reptilian species. Several studies
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Figure 18: Evolutionary model of the beta-keratin genes in the Sauropsids.
Evolutionary scenario for the diversification of the beta-keratin clusters on the
common ancestor of the chicken microchromosome 25 and C. picta Group42
scaffold. Dates on the turtles lineages were estimated using BEAST (Figure
16), dates for the bird lineage were estimated in Greenwold and Sawyer (2011).
“Turtle-specific” and “non-specific” annotations are based on the phylogenetic
affinity.

suggest that the feathers originated from modifications of the scales (Greenwold

and Sawyer, 2010). For turtles, research has been focused on the development of

the shell owing to the extensive transformation of the skeleton and muscles during

turtle evolution (Gilbert et al., 2001), while the evolutionary origin of the scutes

remains poorly studied. Our study reveals that, concomitant with the formation

of the shell, the beta-keratin gene family underwent repeated duplications in the

turtle lineage from beta-keratin genes involved in the formation of the claws and

scales in the ancestor of the Sauropsids. Previous immunological studies of beta-

keratins within the epidermis of various reptilian species suggested a correlation

between the type and amount of beta-keratin expressed and epidermis hardness.

Consequently, it is possible that duplicated beta-keratin genes were retained in

Chelonians because they add rigidity to the shell by increasing the amount of
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beta-keratins (Alibardi et al., 2007).

Beta-keratins in the scuteless softshell turtles.

It is believed that the ancestors of softshell turtles possessed a hardshell

which subsequently became scaly and soft through the loss of their scutes

(Reisz and Head, 2008). According to our beta-keratin annotations, 43 beta-

keratin-like genes (out of 122) in the genome of the Chinese soft-shelled turtle,

Pelodiscus sinensis, were either truncated or disrupted by a premature stop

codon compared to only 11 (out of 103) in the painted turtle, Chrysemys picta.

The higher number of disrupted beta-keratin genes in P. sinensis compared to

C. picta is not expected to be caused by the differences in genome assembly

quality since the P. sinensis assembly was assembled using both long and short

reads, while the assembly of C. picta used long reads (the N50 of the P. sinensis

assembly was also higher: 22.2kb vs 12.2kb). On the other hand, the C. mydas

genome assembly used short reads only, and comparison is questionable because

short-read de novo assembly is known to be more problematic in tandemly

duplicated regions such as the beta-keratin loci. The elevated number of

disrupted beta-keratin genes in the P. sinensis genome compared to the C. picta

genome suggests that the loss of scutes in the softshell turtles was caused by

a relaxation of purifying selection on several beta-keratin genes. Retained

beta-keratin genes lying in the turtle-specific clade could be more broadly

expressed in the turtle epidermis.

An alternative hypothesis to the softshell turtles’ loss of scutes was put for-

ward by Toni and colleagues (2007). Their study of the spiny softshell turtle

(Apalone spinifera) revealed that beta-keratin bundles generally present in tur-

tles were absent in their soft epidermis (Toni et al., 2007). In situ analyses based
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on immunostaining showed the presence of beta-keratins without a core-box in

the epidermis of A. spinifera. They suggested that the absence – and possibly

loss – of the core-box, which is associated with two beta-strands, in beta-keratin

genes of A. spinifera could explain the soft epidermis of the softshell turtles.

However, we identified numerous beta-keratins that possessed the core’s two pre-

dicted beta-strands within the genome of the Chinese softshell turtle P. sinensis

(Figure 13). To further validate the presence of at least some beta-keratins

with the core-box in softshell turtles, we searched a preliminary assembly of the

Apalone spinifera genome for beta-keratin genes. We identified 15 beta-keratins

with conserved cores, which confirmed the existence of beta-keratins with a very

well conserved core-box in Apalone spinifera (data not shown) considering the >

160 My of divergence from C. picta and C. mydas.

Segmental duplications drive the evolution of the beta-keratin gene

family

Due to duplication processes such as non-allelic homologous recombination,

members of a single gene family are likely to be clustered together (Lynch,

2007). The gene family consisting of the scale, feather, beak, and claw

beta-keratin genes is no exception, and was found to be clustered on both

microchromosomes 25 and 27 in birds (Greenwold and Sawyer, 2010). We

found that beta-keratin genes in the painted turtle genome and in anole lizard

genome also clustered together and shared syntenic position with microchro-

mosome 25 of the birds. Although we can not exclude the possibility that

beta-keratin genes were translocated early in reptile evolution, it is likely

that the first beta-keratin genes originated on the ancestor of the chicken

microchromosome 25. Our phylogenetic analysis revealed that beta-keratin

genes with affinity with bird beta-keratin genes are located within regions that
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are syntenic with Group42 which shares synteny with microchromosome 25

of birds. This further supports the hypothesis that non-specific beta-keratin

genes were located on the ancestral microchromosome 25 which subsequently

acted as a hotspot for tandem segmental duplication of turtle beta-keratin genes.

We have determined that, compared to the non-specific beta-keratins,

the turtle-specific beta-keratins are more similar to one another. This can

be explained by a larger number of more recent turtle-specific beta-keratin

gene duplications. In addition, gene conversion between paralogous genes

within a genomic region can also lead to reduced estimates of divergence and

evolutionary rates (Innan and Kondrashov, 2010). Since mismatch repair during

gene conversion tends to increase G+C content in the affected genomic region

(Meunier and Duret, 2004), we searched and found a small but significant

increase of GC3 within turtle-specific beta-keratin genes relative to non-specific

beta-keratin genes. This suggests that biased gene conversion could have been

stronger in the shell-related beta-keratin genes of C. picta.

Our analysis revealed positive selection to have occurred in the beta-keratin

genes of both C. picta and P. sinensis. Although the sites detected that have

evolved under adaptive evolution differ between the two species, they are found

in the C-terminal portion of the proteins, outside of the two beta-strands. This

result was also reported in the analysis of the green anole genome, where three

sites located after the beta-strands were found to have been under positive

selection (Alföldi et al., 2011). Beta-keratins have been described to form

filaments by interacting in an anti-parallel manner at their beta-strands, and

the N- and C- termini have been proposed to interact with other proteins, e.g.

through disulfide bonds (Alibardi et al., 2009). Such potential interactions
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might explain the observation of selected sites in the C-terminal part of the

beta-keratins in multiple Sauropsid lineages.

We further found that beta-keratins within the turtle-specific clade had a

glycine- and tyrosine-rich tail, while the beta-keratins in the clade shared with

avians had a serine-rich tail (Figure 17). These results fit well with previous

findings that turtle shell beta-keratins tended to be glycine-proline-tyrosine-rich

(Dalla Valle et al., 2009b).

Turtle-specific beta-keratin genes may have contributed to the forma-

tion of the modern shell

It is generally agreed that beta-keratins are important in the evolution of

hard skin appendages in reptiles (see (Alibardi et al., 2009) for a review). Our

analyses are the first to reveal that independent expansions occurred early (>

160My ago) in the turtle lineage. Additionally, we estimated the duplication

of the feather beta-keratins to be 111–184 My old which agrees with previous

estimates (Greenwold and Sawyer, 2011). Although it is possible that ances-

tral beta-keratin-like genes were deleted on both turtle and bird lineages, the

presence of only one small clade that contains both turtle and bird non-specific

beta-keratin genes from our phylogenetic analyses suggests that the ancestor of

turtles and birds likely had few beta-keratin genes. Fewer indeed than the current

number of non-specific beta-keratin genes (< 30). In contrast, we found a large

turtle-specific clade containing all 16 beta-keratin genes that are expressed in

the precursor shell tissue in P. nelsoni, suggesting that this clade predominantly

contains beta-keratin genes expressed in the shell tissue and whose functions are

thus related to the shell (Figures 15 and 16). The only other beta-keratin gene

found in P. nelsoni was clearly different in terms of sequence and corresponds
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to a beta-keratin that shows expression in claws and digit-tips only (Dalla Valle

et al., 2009b).

Divergence time of turtle-specific beta-keratin clade coincides with

the appearance of the first turtles.

We obtained an approximate estimate of 173-273 My for the divergence

time between turtle-specific beta-keratins and the other beta-keratins. Gene

conversion can lead to an underestimation of the age of duplication events

(Teshima and Innan, 2004; Innan and Kondrashov, 2010). Nevertheless, our

results are in line with previous estimates of over 160 My for the divergence time

between P. sinensis and the common ancestor of C. picta and C. mydas (Near

et al., 2005), and estimates of the appearance of the first turtles, some 230-270

Mya (Li et al., 2008). Therefore, our evidence suggests that the beta-keratin

expansion in turtles coincided with the emergence of turtles and the innovation

of the turtle shell. Furthermore, we found that the turtle-specific beta-keratin

clade was divided into two subclades which diverged some time between 114

and 194 Million years ago (Mya). Again, gene conversion might have led to an

underestimation of the divergence age, which means that these two subclades

may have diverged earlier. Because P. sinensis beta-keratins were found in

both subclades, we were able to further narrow the divergence time to at least

160 Mya, which suggests that this duplication happened early in turtle evolution.

Previously, our understanding of turtle shell evolution has been limited

by the scarcity of intermediate turtle forms. The lack of intermediate forms

has reinforced the de novo model of shell evolution, and some have described

the shell to have appeared within a short geological time frame through the

differentiation of dermal bones (Gilbert et al., 2001). On the other hand,
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the composite model posits that the rigid armoured body of turtles evolved

gradually, in multiple steps (Lee, 1996; Cebra-Thomas et al., 2005). The

discovery of rapid beta-keratin gene evolution early in turtle history supports

the idea that intermediate forms existed for a short period (20My to 90My)

after the first Chelionans appeared and rapidly evolved thereafter into the

modern turtles. In fact, the recent discovery of Odontochelys (Li et al., 2008),

the oldest turtle fossils described thus far (220 My), which lack a carapace but

possess a fully formed plastron, accompanied by comparative anatomy work

between the Chinese soft-shelled turtle and other amniotes (Nagashima et al.,

2009), support a two-step scenario for the evolution of the shell. It is thus

possible that the beta-keratin divergence early in turtle evolution corresponded

to a subfunctionalization event in which duplicated plastron scute beta-keratins

acted as a substrate for the origin of the beta-keratins in the scutes of the

modern turtle carapace.

By determining the phylogeny of beta-keratin genes in Chrysemys picta,

Chelonia mydas and Pelodiscus sinensis, together with beta-keratin sequences

from chicken, zebra finch, anole lizard and P. nelsoni, we identified mono-

phyletic turtle-specific genes that show evidence of expression in turtle shell

skin. Many of these genes lie in a region of these turtles’ genomes that is

syntenic to microchromosome 25 of the chicken. This primordial cluster of

beta-keratin genes is thus the building block that conceivably allowed two

independent phenotypic innovations – innovations that differentiate turtles and

birds from other reptiles. We provide the sequence of 211 manually curated

turtle beta-keratin genes which can be used to study the evolution of the turtle

shell. Our data along with previous analyses pertaining to the evolution of the

beta-keratins in birds (Greenwold and Sawyer, 2010, 2011), provide us with
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a better understanding of the evolutionary trajectory of the beta-keratins in

the Sauropsids and how it relates to different morphological features (Figure 18).

This study is the first, to our knowledge, to report a large-scale expansion of

beta-keratin genes in turtles, and to propose an association between this expan-

sion and the innovation of the turtle shell. Although further functional studies

are needed to determine the role of turtle-specific beta-keratins in the formation

of the turtle shell, this study is the first to suggest that large-scale independent

expansions of a single gene family contributed to the evolution of two different

synapomorphies. Additionally, we also envisage that our characterisation of tur-

tle beta-keratin genes will allow researchers to investigate the role of beta-keratin

evolution on turtle scales and claws by comparing smaller turtle-specific clades

with their sister clades, e.g. within the non-specific beta-keratins clade.

3.1.4 Materials and Methods

Genome assemblies and identification of an initial set of turtle beta-

keratin

The genome assemblies of Chrysemys picta (GenBank assembly ID:

GCA 000241765.1), Chelonia mydas (GenBank assembly ID: XM 007068653.1)

and Pelodiscus sinensis (GenBank assembly ID: GCA 000230535.1) were ob-

tained as part of a collaborative effort between two turtle consortia (Shaffer

et al., 2013; Wang et al., 2013). All remaining genomes and annotations were

downloaded from Ensembl (release 66, http://www.ensembl.org/. Gene pre-

diction by homology was used to predict genes in the Chrysemys picta genome

with GPIPE (Heger and Ponting, 2007) using human, anole lizard, chicken and

zebra fish. Orthology relationships were then assigned by OPTIC (Heger and
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Ponting, 2007, 2008) between C. picta, human, mouse, opossum, anole lizard,

chicken, zebra finch, zebrafish, and pufferfish. Beta-keratins from chicken and

lizard were then identified and used to identify beta-keratins in C. picta.

Identifying additional beta-keratins in C. picta, C.mydas and

P. sinensis

In order to identify additional beta-keratins, we selected beta-keratins from

OPTIC in C. picta, anole lizard, chicken, and zebra finch with a core box of 20

residues of a central filament region of beta-keratins, which is highly conserved

throughout all reptiles and birds (Alibardi et al., 2009; Greenwold and Sawyer,

2010). These beta-keratins were then mapped onto the C. picta, C. mydas and

P. sinensis genomes using both TBLASTN and BLASTN. Since beta-keratins

are encoded within a single exon, the hits were then extended on both flanks to

find the longest open reading frame. Finally, all proteins were visually inspected

and discarded when containing a premature stop codon or undetermined bases.

Identifying the syntenic location of C. picta and A. carolinensis

beta-keratin genes in relation to the birds

In order to identify the syntenic positions in chicken and zebra finch of the

C. picta beta-keratin genes, one-to-one orthology predictions between C. picta

and chicken or zebra finch for all non-keratin genes flanking the beta-keratin

gene clusters in C. picta were used. The same was done for A. carolinensis.

To expand our synteny analysis to P. sinensis and C. mydas, we used a phylo-

genetic reconstruction of the beta-keratin genes from the three turtles. Scaffolds

containing two or more beta-keratin genes were considered for this reconstruc-

tion.

85



Phylogenies of beta-keratins in Reptiles and Estimation of the age of

beta-keratin clusters in turtles

Maximum likelihood trees were built using phyML (Guindon et al., 2010)

and the JTT model based on the amino acid alignments of beta-keratins

from C. picta, C. mydas, P. sinensis and P. nelsoni (GenBank ID: AM765814–

AM765818, FM163386–FM163397) along with chicken, zebra finch, crocodile

(Crocodylus niloticus, GenBank ID: AM765851, AM909650, AM765850, (Dalla

Valle et al., 2009a), and anole lizard beta-keratins. Using the same alignments,

we also reconstructed the phylogeny using MrBayes 3.2 (Ronquist et al.,

2012), Jones model). Additionally we used the nucleotide alignments of the

beta-keratins in the three turtles and P. nelsoni to assess the phylogenetic

relationships of these genes in Chelonians. The tree was built under the

GTR+I + Γ model implemented in MrBayes.

We also used the protein alignments to guide a nucleotide sequence alignment

using tranalign from the EMBOSS package (Rice et al., 2000). The BEAST

software (Drummond and Rambaut, 2007) was then used to date beta-keratin

duplication events. In order to find the appropriate model of evolution, we

used jModelTest (Posada, 2008) and found that the HKY+Γ model best fit

the beta-keratin alignment in terms of Akaike Information criterion (AIC) and

number of parameters. The uncorrelated lognormal relaxed-clock mode was

employed to allow evolutionary rates to vary along branches. We also used

priors for the divergence time between birds and turtles (278.4 million years)

from Pereira and Baker (2006) and the Yule model as in (Greenwold and Sawyer,

2011). A MCMC run of 10 million episodes was used to determine the tree with

the highest likelihood.
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Positive selection analysis

Using the guided nucleotide alignment and species tree, positive selection

associated with gene duplication was tested using PAML (Yang, 2007) after

removal of gaps and ambiguous sites. Five models were tested to identify residues

under positive selection: M0 (one ratio), M1a (neutral), M2a (selection), M3

(discrete), M7 (beta), and M8 (beta and ω). We applied a maximum likelihood

ratio test to assess the significance of the difference between the models.
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3.2 Gene duplications in the bowhead-whale genome

Bowhead whales are marine mammals with extraordinary lifespans; some

specimens are thought to have lived over 200 years of age. Despite their larger

sizes and number of cells, they do not suffer an increased rate of cancer incidence

compared to smaller mammals, an observation known as Peto’s paradox (Peto

et al., 1975). Bowhead whales are therefore thought to possess cellular mech-

anisms conducive to long life and cancer resistance. The goal of this project

was to identify bowhead whale longevity assurance mechanisms. As discussed

previously in the introduction, gene duplication is a major mechanism through

which phenotypic innovations can evolve (Holland et al., 1994; Kaessmann,

2010). I surveyed the bowhead whale genome for expanded gene families which

may underlie bowhead whale-specific phenotypic traits and adaptations.

3.2.1 Results and Discussion

To predict gene family expansions, I established the orthology relationships

of all bowhead whales genes with minke whale, dolphin, cow, platypus, dog,

mouse and human genes using OPTIC (Heger and Ponting, 2008), and employed

a tree reconciliation method (Materials and Methods). In the bowhead whale

lineage, 575 gene families were predicted to have expanded (Figure 19a). We

must note here, however, that the number of expanded families in the bowhead

whale lineage is not significantly different than that in the minke whale lineage.

Because gene expansion predictions are susceptible to false positives owing to

pseudogenes and annotation artefact among other biases, I applied a stringent

filter based on percent identity (Materials & Methods) which reduced the

number of candidate expansions to 41. The remaining 531 gene families are
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predicted to be have duplicated either very recently (high percent identity;

>99%) or to have underwent substantial changes (low percent identity; <90%).

These were discarded to lower the likelihood that identified duplicates are

assembly artefact or are undergoing pseudogenization. Among these and upon

manual inspection, I identified several duplicates of interest. For instance,

Proliferating Cell Nuclear Antigen (PCNA) is duplicated in bowhead whales

with one copy harbouring four lineage-specific residue changes (Figure 19b).

Both PCNA copies are expressed in bowhead whale’s muscle and kidney

(Materials and Methods). By mapping the lineage-specific residues onto the

structure of PCNA in complex with FEN-1, I uncovered one amino acid

substitution (Q38H) which may affect the interaction between PCNA and

FEN-1 (Figure 19c), allowing the duplicated PCNA to acquire a novel function

through neofunctionalization. The duplication of PCNA during bowhead-whale

evolution is of particular interest due to its involvement in DNA damage re-

pair (Hoege et al., 2002) and association to ageing (Rodriguez-Lopez et al., 2003).

Another notable duplicated gene is Late Endosomal/Lysosomal Adaptor,

MAPK And MTOR Activator (LAMTOR1), in which six lineage-specific amino

acid changes were identified (Figure 20). LAMTOR1 is involved in amino acid

sensing and activation of mTORC1, a gene well studied in the context of age-

ing (Johnson et al., 2013). Although I could only detect the expression of the

original LAMTOR1 copy in both bowhead whale muscle and kidney, this does

not preclude the LAMTOR1 copy to possess novel functions in other tissues.

Other gene duplications of potential interest include cAMP-Regulated Phospho-

protein (ARPP19), Stomatin-like 2 (STOML2), heat shock factor binding pro-

tein 1 (HSBP1), spermine synthase (SMS) and Suppression Of Tumorigenicity

13 (ST13). In this analysis, I identified candidate duplicated genes which have
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Figure 19: Gene family expansion and PCNA in bowhead whales
(a) Gene family expansion. Numbers in red correspond to the predicted num-
ber of gene expansion events during mammalian evolution (b) Multiple sequence
alignment of PCNA residues 28-107, showing bowhead whale-specific duplication
(gene IDs: bmy 16007 & bmy 21945). Lineage-specific amino acids in the du-
plicated PCNA of bowhead whales are highlighted in red. (c) Crystal structure
of the PCNA (green) and FEN-1 (yellow) complex. Lineage-specific residues on
the PCNA structure are coloured in red. A zoom in on the structures reveal a
putative interaction between two beta-strands, one within PCNA and another
within FEN-1. This interaction may be altered through a second interaction
between the PCNA beta-strands and a lineage-specific change from Glutamine
to Histidine within PCNA. Distance measurements between pairs of atoms are
marked in black. PDB accession: 1UL1.
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been retained in the bowhead whale lineage. Although these genes have previ-

ously been associated to longevity and may therefore have contributed to the

exceptional longevity of bowhead whales, we must point out that our analysis

does not support this interpretation. However, a study comparing the number

of duplicated genes related to ageing in both minke and bowhead whales may

allow us to further investigate this question.

ENSBTAG00000003001   MGCCYSSENEDSDQDREERKLLLDPSSPPTKALNGAEPNYHSLPSARTDEQALLSSILAKTASNIIDVSAADSQG
ENSOANG00000001786   ---CKLTLPPHPRQEREERKLLLDPSSPPTKALNGTEPNYHSLPSARTDEQALLSSILAKTASNIIDVSAADSQG
ENSTTRG00000010763   MGCCYSSENEDSDQDREERKLLLDPSSPPTKALNGAEPNYHSLPSARTDEQALLSSILAKTASNIIDVSAADSQG
bmy_03663            MGCCYSSENEDSDQDREERKLLLDPSSPPTKALNGAEPNYHSLPSARTDEQALLSSILAKTASNIIDVSAADSQG
ENSMUSG00000030842   MGCCYSSENEDSDQDREERKLLLDPSSTPTKALNGAEPNYHSLPSARTDEQALLSSILAKTASNIIDVSAADSQG
ENSCAFG00000005788   MGCCYSSENEDSDQDREERKLLLDPSSPPTKALNGAEPNYHSLPPTRTDEQALLSSILAKTASNIIDVSAADSQG
ENSG00000149357      MGCCYSSENEDSDQDREERKLLLDPSSPPTKALNGAEPNYHSLPSARTDEQALLSSILAKTASNIIDVSAADSQG
BACU019752G          MGRCYGSGNGDWDQDREERKLLLDP--PPPKALNGAEPNYHSLPSARTDEQALLSSVLAKTAGNIIDVCASDSQG
bmy_21325            MACCYSSENEDSDQDREERKLLLDPSSPPTKALNGAEPNYHSLPSASTDEQALLSSILAETAGNIIDVSAADSQG

ENSBTAG00000003001   MEQHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTSQPHQVLASEPVPFSDLQQ-------------------
ENSOANG00000001786   MEPHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTNQPHQVLASDPVPFADLQQ-------------------
ENSTTRG00000010763   MEQHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTSQPHQVLASEPVPFADLQQ-------------------
bmy_03663            MEQHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTSQPHQVLASEPVPFADLQQ-------------------
ENSMUSG00000030842   MEQHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTSQPHQVLASEPIPFSDLQQ-------------------
ENSCAFG00000005788   MEQHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTSQPHQVLASEPIPFSDLQQ-------------------
ENSG00000149357      MEQHEYMDRARQYSTRLAVLSSSLTHWKKLPPLPSLTSQPHQVLASEPIPFSDLQQVRHPSPAPAHPSHTAQGMA
BACU019752G          TEQHEGVDRARQCSTCLAVLSSSLTHWEKLPPRPSLSSQPHRVLASEPVPFADWQH-------------------
bmy_21325            TERHGYMDRARQYSTRLAVLSSSLTRWEKLPPLPSLTSQPHRVLASEPVLFADLQQ-------------------

ENSBTAG00000003001   ----------VSRIAAYAYSALSQIRVDAKEELVVQFGIP----------------------
ENSOANG00000001786   ----------VSRIAAYAYSALSQIRVDAKEELVVQFGIP----------------------
ENSTTRG00000010763   ----------VSRIAAYAYSALSQIRVDAKEELVVQFGIP----------------------
bmy_03663            ----------VSRIAAYAYSALSQIRVDAKEELVVQFGIPX---------------------
ENSMUSG00000030842   ----------VSRIAAYAYSALSQIRVDAKEELVVQFGIP----------------------
ENSCAFG00000005788   ----------VSRIAAYAYSALSQIRVDAKEELVVQFGIP----------------------
ENSG00000149357      EGSPTLPQRRVSRIAAYAYSALSQIRVDAKEELVVQFGIPRHTGHHTEKELVQLFQSTPCSQ
BACU019752G          ----------VSRIAAYAYGALSQIRVDAQEELVVQFGIPX---------------------
bmy_21325            ----------VSRIAAYAYGALSQIRVDAKEELVVQFGIPX---------------------

Figure 20: Multiple alignment of LAMTOR1.
Lineage-specific amino acid substitutions are highlighted in red.

3.2.2 Materials & Methods

Orthology prediction

Human, mouse, dog, cow, dolphin and platypus genomes and gene annota-

tions were obtained from Ensembl. The genome and gene annotation of minke

whale were obtained from (Yim et al., 2014). In total, 21 069, 22 275, 19 292,

19 988, 15 769, 17 936, 20 496 and 22 733 human, mouse, dog, cow, dolphin,

platypus, minke whale and bowhead whale genes respectively, were used to
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construct orthology mappings using OPTIC (Heger and Ponting, 2008). Briefly,

OPTIC builds phylogenetic trees for gene families by first assigning orthology

relationships based on pairwise orthologs computed using PhyOP (Goodstadt

and Ponting, 2006). Then, PhyOP is used to cluster genes into orthologous

groups and, lastly, gene members are aligned and phylogenetic trees built with

TreeBeST (Vilella et al., 2009). Predicted orthology groups can be accessed at

http://genserv.anat.ox.ac.uk/clades/vertebrates_bowhead.

Gene expansion analysis, filtering and expression

To identify gene families that underwent expansion, gene trees were recon-

ciled with the consensus species tree and duplicated nodes were identified. The

following algorithm was used to reconcile gene and species trees:

1. Let S and G denote the set of nodes of the species tree and gene tree. With

g ∈ G, define σ(g) to be the set of species contained in the subtree that

begins at node g. For s ∈ S define σ(s) similarly.

2. Map from G to S: for each g ∈ G, let M(g) be the most recent s ∈ S for

which σ(g) ⊆ σ(s).

3. For any internal g ∈ G, with child nodes g1 and g2, g was inferred to

represent a duplication event if and only if M(g) is equal to either M(g1)

or M(g2).

As stringent filter, gene duplicates in bowhead whales were required to differ

by at most 10% in protein sequence from a cognate copy, but were also required to

differ by at least 1% to avoid assembly artefact and to remove recently duplicated

copies with no function. RNA-seq reads from bowhead whale muscle and kidney

were mapped to bowhead whale annotated transcripts using BWA to confirm the

92

http://genserv.anat.ox.ac.uk/clades/vertebrates_bowhead


expression of both PCNA copies by observing reads that were uniquely mapped

to divergent regions.
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4 Chapter 4: Genome evolution in the recently

speciated East African cichlids

East African cichlid fishes are celebrated models for recent adaptive radia-

tions both because of their large numbers of species and their diverse phenotypic

traits. Over two thousand cichlid species occupy rivers, lakes and swamps in

East Africa. Hundreds of distinct cichlid species share the same habitat, and

some are thought to have diverged only several tens of thousand years ago

(Schluter, 2000; Kocher, 2004).

Cichlids vary significantly in their behavior, body morphology, colouration,

and dietary habits. They are therefore excellent models to study phenotypic

variation in terms of genomic changes. To better understand the genomic con-

text of speciation, collaborators have sequenced the genomes and transcriptomes

of five cichlids: Oreochromis niloticus (Nile river), Neolamprologus brichardi

(Lake Tanganyika), Astatotilapia burtoni (swamps near lake Victoria), Metri-

aclima zebra (Lake Malawi), and Pundamilia nyererei (Lake Victoria). These

five lineages diverged from each other primarily through geographical isolation,

subsequent to the formation of the great East African lakes (Figure 21; Kocher

(2004)). My aim was to study genome evolution in these cichlids and to identify

genetic changes that may have played a role in phenotypic evolution.

The following section presents my work in collaboration with the East

African cichlids genome consortium. I study how adaptive and non-adaptive

processes shape the genomes and transcriptomes of the closely-related cichlids.

First, I describe some technical aspects of the genome project. I then describe

my characterisation of incomplete lineage sorting in the genomes of the three
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Figure 21: Divergence time between the five sequenced cichlids
Times were derived from Figure 6a of (Genner et al., 2007) and personal com-
munication with Professor Ole Seehausen. Mz : Metriaclima zebra, Pn: Punda-
milia nyererei, Ab: Astatotilapia burtoni, Nb: Neolamprologus brichardi, and On:
Oreochromis niloticus.

most closely-related cichlids. This yielded insights into the population history

of the cichlids and how non-adaptive processes impact cichlid genomes. Next, I

studied the evolution of selected genes to complement a genome-wide screen for

positive selection. Lastly, I studied gene architecture evolution in the context

of novel exonic regions and alternative splicing. The first and second parts of

this section are included in the cichlids genome paper on which I am a co-first

author (Brawand et al., under review); my study on gene architecture evolution

is unpublished.

All analyses presented here are my own, except those described in “Samples

and Data processing”. David Brawand annotated the five cichlid genomes (with

my contribution). David also performed the genome-wide positive selection anal-

ysis and computed gene expression levels using the generated RNA-seq data. Luis

Sanchez-Pulido helped with structural analyses of EDNRB1 substitutions.

4.1 Samples and Data processing

Sampled cichlids and tissues
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The cichlids genome consortium sequenced DNA and RNA from five East

African cichlids which are described below:

• Oreochromis niloticus. DNA-sequencing: High molecular weight (HMW)

DNA was extracted from a female individual from an inbred clonal line

(Sarder et al., 1999). RNA-sequencing: 11 tissues (blood, brain, eye, em-

bryo, heart, kidney, liver, muscle, ovary, skin and testis) were isolated from

several individuals from a Swansea stock.

• Metriaclima zebra. DNA-sequencing: HMW DNA was extracted from a

single female M. zebra (wild caught). RNA-sequencing: 11 tissues (blood,

brain, eye, embryo, heart, kidney, liver, muscle, ovary, skin and testis) were

isolated from several wild individuals.

• Astatotilapia burtoni. DNA-sequencing: HMW DNA was extracted from a

single female individual inbred for ∼60 generations. RNA-sequencing: 11

tissues (blood, brain, eye, embryo, heart, kidney, liver, muscle, ovary, skin

and testis) were isolated from several individuals inbred for ∼60 genera-

tions.

• Pundamilia nyererei. DNA-sequencing: HMW DNA was extracted from a

single male partially inbred for ∼5 generations. RNA-sequencing: 9 tissues

(brain, eye, gills, heart, kidney, muscle, ovary, skin and testis) were isolated

from three individuals inbred for ∼5 generations.

• Neolamprologus brichardi. DNA-sequencing: HMW DNA was extracted

from a single female inbred for ∼10 generations. RNA-sequencing: 8 tissues

(blood, brain, eye, heart, kidney, muscle, skin and testis) were isolated from

several individuals inbred for ∼10 generations.

Genome assembly
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All five cichlid assemblies were assembled from libraries with 4 different insert

lengths prepared from HMW DNA samples: (1) 180 bp paired end fragment

libraries (45X coverage), (2) 3 kb jumping libraries (45X coverage), (3) 6-14 kb

jumping libraries (2X coveage) and (4) 40 kb fosmid libraries (1X) (Williams

et al., 2012). These libraries were sequenced using Hi-Seq Illumina machines and

sequence reads were assembled using ALLPATHS-LG (Gnerre et al., 2011).

Table 2: Genome assembly statistics. Adapted from (Brawand et al., under
review).

O. niloticus N. brichardi P. nyererei A. burtoni M. zebra

Est. Genome Size (Gb) 1.0 0.98 0.99 0.92 0.95
Contig N50 (kb) 29.3 13.2 22.6 21.9 20.0

Scaffold N50 (Mb) 2.8 4.4 2.5 1.2 3.7
Sequence coverage (X) 269 171 126 131 128

Heterozygosity (X) 1
4365

1
365

1
729

1
976

1
1029

Protein-coding genes 24,559 20,119 20,611 23,436 21,673

The resulting assemblies are of high quality (Contig N50 >20Kb, Table 2),

except for the N. brichardi assembly (N50 of 13.2kb) for which the level of

heterozygosity is twice the other cichlid assemblies. This is surprising given

that the sequenced individual was inbred for ∼10 generations, whilst the wild

caught M. zebra genome showed a level of heterozygosity that is nearly three

times lower. However, this could be the consequence of a large difference in

genetic diversity between the two cichlid species. The ancestors of M. zebra

and P. nyererei may have undergone severe bottlenecks (Founder effect; (Mayr,

1942)) during the colonization of Lake Malawi and Lake Victoria, respectively

(∼5Mya) (Genner et al., 2007). This would have caused a sharp decrease in

genetic variation in these founding populations. In comparison, the N. brichardi

lineage is predicted to have colonized Lake Tanganyika over 16Mya (Genner

et al., 2007). Although all three populations are predicted to have undergone

reduced genetic variation, the N. brichardi lineage colonized Lake Tanganyika
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earlier, which allowed genetic variation to accumulate and increase to a higher

level than in the other two cichlids’ lineages.

The protein-coding gene annotations are expected to be of high quality (Ta-

ble 2). Briefly, to predict protein coding genes, David merged four independent

annotation approaches that include ab initio gene predictions with Augustus

(Stanke et al., 2006), prediction by homology by GPIPE (Heger and Ponting,

2007), projections from annotated protein coding genes from Ensembl (for O.

niloticus only), and gene models constructed from mapping assembled RNA-seq

data using Trinity (Grabherr et al., 2011) and PASA (Haas et al., 2008). A

whole-genome alignment was constructed from the five cichlid assemblies (see

Methods section from next section), which allowed me to project features, e.g.

genes, from one genome onto another. While comparing gene architecture across

cichlids (see last section of this chapter), I observed that many exons annotated

in one genome could be projected onto genomic regions of another genome that

appear to be unannotated. To quantify the number of exons that our annotation

approach missed, I projected all annotated exons onto the O. niloticus genome,

and then projected these exons back onto all four remaining assemblies. I found

that a large number of exons were previously missed, even using our exhaustive

approach that combined four annotation sources. In particular, our previous

annotation comprised of 189,039 exons in N. brichardi (Table 3), while 259,005

exons could be identified by projection. We therefore updated our gene models

and required projected exons to maintain coding frame and to possess canonical

splice sites when applicable.

Next, I wished to verify that information from the whole-genome alignment

could recapitulate the known phylogenetic relationships between the five cichlids.

98



Table 3: Evaluation of gene prediction from annotated exon.

# of Exons pre-projection # Exons post-projection

A. burtoni 221,424 267,924
M. zebra 220,518 267,603

N. brichardi 189,039 259,005
O. niloticus 235,460 282,110
P. nyererei 209,317 264,675

Figure 22: dS over genome alignment.
Pairwise distance (in this case dS is the number of substitutions per site) Ab vs
other cichlids (left) and Pn vs other cichlids (right) on a linkage group (LG5).
Right: the divergences Ab-Mz and Ab-Pn are nearly identical since Mz and Pn
diverged more recently. Left: the divergence Pn-Mz is slightly, but consistently,
lower than Ab-Pn, which supports a short period between successive speciation.

To do this, I computed the pairwise substitution rates between 200kb aligned

sequences of all cichlids pairs, and anchored all regions using the O niloticus

scaffolds. I observed that the substitution rates indeed support the known cich-

lid phylogeny (Figure 21 and 22). Furthermore, the short evolutionary period

between the Mz-Pn split and Mz-Pn-Ab split is reflected in small differences in

substitution rates between the Pn-Mz and Ab-Pn pairs (Figure 22).
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4.2 Incomplete lineage sorting in East African cichlids
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Figure 23: Coalescence of alleles
(a) Different alleles of representative genome segments (e.g. segment 1 and 2) in
a contemporary population (leaves) can be traced back to a most recent common
ancestor. Each colour represent one allele (apart from white which represent all
other alleles). Black alleles are lost from the population. Splits represent the
introduction of a new allele by mutation or recombination. (b) Segment 1 and
2 have different versions (alleles) in the contemporary population. (c) Examples
of possible haplotypes of contemporary individuals.

The genome is a mosaic of discrete segments, each with its own evolutionary

history. This is owing to sexual recombination, which randomly generates

the offspring’s genome based on the genomes of its parents. All alleles within

individuals of the same population can be traced back to a most recent common

ancestor (MRCA). However, due to the stochasticity of recombination, the age

of the MRCA can vary widely (Figure 23). When the MRCA of alleles precedes a

speciation event, an allele from one species may be more closely-related to alleles

from another species than another allele from the same species (Note however
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that this can also happen when the MRCA is followed by introgression events,

e.g. see Neanderthal introgression Sankararaman et al. (2014)). Analogously,

MRCAs of fixed alleles from two closely-related species (A and B) can predate

a speciation event between their common ancestor (of A and B) and another

species (Figure 24). In this case, there is a probability (theoretically 2
3
) that

the alleles in species A or B coalesce with the alleles of species C first. For

some genomic regions, the segment in species A (or B) will therefore be more

closely related (and appear more similar) to the orthologous segment in species

C than to the orthologous segment in species B (or A), despite species A and

B being more closely related to each other than they are to species C. This

phenomenon is called incomplete lineage sorting (ILS) and has been studied

mostly in primates.

In 1% of the genome, orangutan sequences are evolutionarily closer to

the sequences of human or chimpanzee than the latter are to each other

(Hobolth et al., 2007). In the orangutan-human-chimpanzee trio, Scally et al.

(2012) estimated that 30% of the genome was incompletely sorted. Because

the amount of ILS and the size of incompletely sorted segments depend on

several population parameters (including population size, population history,

recombination rates and speciation times), studying ILS can provide insights

into the evolutionary history of closely-related species (Hobolth et al., 2007;

Dutheil et al., 2009). For instance, the speciation event of human-chimpanzee

and human-chimpanzee-gorilla were estimated to have occured 3.7 and 5.95

million years ago (Scally et al., 2012). Furthermore, the finding of a 1% ILS

in the genomes of the orangutan-human-chimpanzee trio contributed to the

belief that the ancestors of human and chimpanzees never experienced a severe

population bottleneck (Hobolth et al., 2007). Indeed, population genetic theory
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Figure 24: Example of incomplete lineage sorting.
Alleles derived from an ancestral allele (most recent common ancestor: MRCA)
in the common ancestor of species A, B, and C are coloured in purple. These
alleles were subsequently fixed in the population of all three species (while other
alleles, coloured in white, disappeared). The alleles from species B are therefore
more closely related to the alleles from species C than to alleles from species A,
despite species A and B being more closely related. (1) Speciation time between
the common ancestor of species A and B, and species C, (2) speciation time
between species A and species B.

predicts that a severe population bottleneck would dramatically reduce the

genetic diversity in the human-chimp ancestors which is inconsistent with a

predicted ILS level as high as 1%. I therefore wanted to study the evolutionary

history of cichlids by analysing ILS within their genomes.

Owing to their relatively recent divergence time (Joyce et al., 2011; Loh

et al., 2013), we predicted that incomplete lineage sorting (ILS) may have played

a major role in shaping the genomes of haplochromine cichlids (i.e. M. zebra,

A. burtoni and P nyererei). Previous studies estimated that A. burtoni (Ab)

diverged from the common ancestor of M. zebra (Mz ) and P. nyererei (Pn)
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7–15 million years ago and that the three lineages split in short succession.

Consistent with this, I found that nearly half (43%) of the three haplochromine

genomes sequenced are incompletely sorted (Figure 25). Furthermore, assuming

a constant mutation rate, and a Ab-Mz-Pn speciation event 10My ago (based

on (Genner et al., 2007)), I predicted the subsequent speciation event between

Mz and Pn to be ∼8.5My ago (Table 4; see Methods). Therefore, only ∼1.5My

is predicted to have separated the Ab-Mz-Pn and Mz-Pn splits. A large amount

of genetic variation in the Ab-Mz-Pn common ancestor likely survived in the

ancestors of Pn and Mz during this colonization period that lasted 1.5My.

Following the Mz-Pn divergence ∼8.5My ago, different alleles became fixed in

the two lineages, resulting in a genetic landscape with high levels of ILS.
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Mz Pn Ab On Mz Pn Ab On
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T 
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Figure 25: Representation of possible coalescence times and trees predicted by
coalHMM.
In genealogy 0, the M. zebra-P. nyererei divergence falls between the two specia-
tion times, Tzn and Tznb. In genealogies 1 (dashed line), 2 and 3, all coalescence
events are ancient and occur before Tznb.

Consistent with studies in primates (Scally et al., 2012), the degree of ILS

is highly variable across chromosomal location (Figure 26). Additionally, coding

regions were found to be slightly, yet significantly, depleted in ILS compared

with intergenic regions (43.5% vs 41.0%, P < 0.001). This depletion is likely

due to background selection: the amount of genetic variation in regions under

background selection (or positive selection) is lower than in regions evolving
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neutrally. This means that there are fewer alleles to be incompletely sorted in

these regions. In their analysis of the gorilla genome, Scally et al. (2012) found

that the proportion of ILS within coding regions was reduced to ∼ 23% compared

to ∼30% at the genome-wide level. The smaller reduction in the extent of ILS

within coding and intergenic regions (2.5% vs ∼7%) may reflect weaker purifying

selection in cichlids than in mammals (and weaker background selection).
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Figure 26: Levels of incomplete lineage sorting varies across the genome.
ILS across scaffold 0–100 of M. zebra with 1Mb windows and zoom in across
scaffold 0 of M. zebra with 50kb windows
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4.2.1 Methods

Estimating incomplete lineage sorting

MP1 MP2 PA MA

Mz Pn Ab On Mz Pn Ab On Mz Pn Ab On Mz Pn Ab On

MP1

MP2

PA

MA

u

s
s

s
u

u

v1

v1

v1

v2

v2

v1

On ATAGAAAGTGGGCTGGTGTCCCCTGTAGTTAAGATT
Ab ATAGAAAGCGGGCAGGCGTCCCCAGTAGTTATGGTT
Pn ATAGAAAGCGGGCAGGCGTCCCCAGTAGTTAAGGTT
Mz ATAGAAAGCGGGCTGGTGTCCCCAGTAGTTATGGTT

a

b

Figure 27: Illustration of CoalHMM
(a) The different coalescence history represented by CoalHMM. (b) A hidden
markov model represent the coalescence history and estimates transition proba-
bilities (u, s, v1, v2) from data (Adapted from Hobolth et al. (2007)).

I constructed a 5-way whole genome alignment among O. niloticus,

N. brichardi, A. burtoni, M. zebra and P. nyererei, centred around M. zebra us-

ing MULTIZ (Blanchette et al., 2004). After re-aligning alignment blocks from

MULTIZ with muscle (Edgar, 2004), low-quality regions of the alignment were

filtered out by requiring the following criteria to be met:

• Genomic segments from the haplochromime species (A. burtoni, M. zebra

and P. nyererei) must be present, as well as the genomic segments from

the outgroup, O. niloticus.
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• Contiguous aligned blocks must be at least 50 nucleotides long.

• 10-nt sliding windows must be aligned with a maximum number of variation

and gaps.

Contiguous alignment blocks were then concatenated into longer segments if

they were separated by fewer than 30nt within the M. zebra reference genome.

To estimate incomplete lineage sorting, coalHMM (Dutheil et al., 2009) was

used in the same way as (Scally et al., 2012) and (Prufer et al., 2012): scaffolds

were divided into chunks of 1Mbp alignment blocks based on the M. zebra

reference genome and coalHMM estimated coalescence parameters on each of

these blocks separately (Figure 27). Only scaffolds of length greater than 500kb

were assessed for ILS, which together make up 785Mb out of the 849Mb of the

M. zebra assembly. Overall, 418Mb (out of 785Mb) of aligned regions passed

the filtering steps and had an assigned genealogy. Out of these, 189Mb (45.2%),

48Mb (11.5%), 85Mb (20.4%) and 95Mb (22.8%) were assigned to genealogies

0, 1, 2 and 3, respectively (Figure 25). Posterior decoding was used to infer

the genealogy with highest likelihood for all considered alignment blocks (Scally

et al., 2012). These blocks were finally used to estimate the proportion of ILS

within coding and intergenic regions using genomic association tester (GAT;

Heger et al. (2013)). Gene annotations produced by the consortium was used to

define coding regions and used as tracks for GAT. Briefly, GAT tests whether

two sets of genomic intervals are associated more than expected by chance

from simulations. Using a thousand simulations, intergenic regions and coding

regions were found to overlap ILS regions in 43.5% (0.4% enrichment compared

to neutral expectations, P < 0.001) and 41.0% (7.2% depletion, P < 0.001) of

their total lengths, respectively.

Estimating divergence times in the haplochromine cichlids
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Figure 28: Distribution of parameters estimated by coalHMM
Parameters were estimated on 1Mb windows of alignments centred on the
M. zebra reference genome. See Table 4 for the description of parameters.

CoalHMM also estimated (unscaled) population parameters for each of the

1Mb blocks (Figure 28), and these can be found in Table 4. The parameters

can be used to estimate divergence time and population size when true popula-

tion parameters such as mutation rates are known (Scally et al., 2012). Although

these parameters are unknown in cichlids, it is possible to use the unscaled diver-

gence τ to estimate differences in speciation time, T , because their relationship

is linear (Scally et al., 2012):

T =
τ

2µ
(1)

And therefore, if a constant mutation rate µ is assumed,

Tzn = Tznb ×
τzn
τznb

(2)
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Table 4: CoalHMM: Initial and estimated parameters

Parameters Description Initial Estimated mean (median)

τ1 Unscaled div. Mz -Pn 0.004 1.74× 10−3(1.71× 10−3)
τ2 Unscaled div. Mz -Pn and Ab 0.0015 3.31× 10−4(3.10× 10−4)
θ1 Unscaled pop. size Mz -Pn 0.002 8.84× 10−4(6.72× 10−4)
θ2 Unscaled pop. size Mz -Pn-Ab 0.002 4.47× 10−3(3.95× 10−3)
ρ recombination rate 0.2 1.26(1.24)
rd rate distribution Γ(n = 4, α = 1.0) Γ(n = 4, α = 1.9)
τmin minimum τ 10−6 NA
θmin minimum θ 10−6 NA

Assuming a speciation time of 10My (Tznb) between A. burtoni and the common

ancestor of M. zebra and P. nyererei, we obtain the following equation:

Tzn = 10× τzn
τznb

(3)

Here τzn and τznb correspond to the unscaled divergence of the A. burtoni -

M. zebra-P. nyererei split and M. zebra-P. nyererei split, respectively. Using me-

dian unscaled divergence estimated by coalHMM (Table 1), we obtain τzn =

τ1 = 1.71× 10−3, τznb = τ1 + τ2 = 2.02× 10−3, and a divergence time Tzn of 8.47

My. The fraction s = τznb/τznb measures the time between speciation events and

approaches 1 when speciation events occur in rapid succession. In the investi-

gated haplochromine cichlids, s equals 1.18. Using this pipeline on chromosome

19 of human, chimpanzee and gorilla genome alignments with the Sumatran

orangutan as outgroup, I found a fraction s of 1.51, similar to a genome-wide

fraction of 1.63 reported by (Scally et al., 2012). The low s estimated for the

three haplochromine cichlids therefore suggests that the three lineages arose in

rapid succession.
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4.3 Selection in morphogenesis, vision and pigmentation

genes in East African cichlids

Adaptive radiations of East African cichlids partly depend on strength of

sexual selection and ecological opportunities existing in different lakes in East

Africa (Wagner et al., 2012). One hypothesis is that cichlid-specific evolutionary

innovations have played an important role in these radiations by allowing cichlids

to exploit ecological opportunities or quickly respond to changing natural and

sexual selection pressures.

We selected 30 genes known to be involved in morphogenesis, vision or

pigmentation with previous evidence of rapid molecular evolution in cichlids to

increase power (personal communication, Ole Seehausen and Todd Streelman).

Of these 30 genes, 22 were found (Table 5; 8 were missing in one more more

cichlids/teleosts: Bmp9, Bmp3b, Bmpr1a, B-catenin, Sws2b, Wnt4, Edar) in all

five cichlids and I sought to identify positively selected genes that might have

played a role in cichlids-specific innovations in the ancestor of haplochromines

and in the ancestor of haplochromines and Lamprologini (i.e. ancestor of

haplochromines and N. brichardi). Of these 22 genes, I identified three, ednrb1,

kfh-g and rho, that have undergone accelerated evolution in the ancestors of

haplochromines and Lamprologini (Table 5). All three proteins belong to the

G protein–coupled receptor gene family. Green-sensitive opsin (kfh-g) and

Rhodopsin (rho) are proteins important in vision and may have undergone

accelerated evolution owing to changing ecological environment or evolutionary

pressures related to sexual selection. (Yang and dos Reis, 2011)

Because EDNRB1 is known to affect colour patterning in both fishes

and mammals (Parichy et al., 2000; Shin et al., 1997), I hypothesised that
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Table 5: dN/dS analysis for selected genes. M0, one ratio model versus M2a,
branch test with one ratio.

Lamprologini Haplochromine
Gene Name 2∆L corrected p-value 2∆L corrected p-value

csf1ra 8.2 n.s. 1.22 n.s.
runx2b 0.25 n.s. 0.17 n.s.
bmp4 0.25 n.s. 0.52 n.s.
irx1b 0.79 n.s. 2.81 n.s.
dlx2a 0.6 n.s. 0.89 n.s.
wnt4a -0.14 n.s. 0.0 n.s.

eda 5.09 n.s. 4.91 n.s.
cntn4 1.23 n.s. 0.04 n.s.
wnt1 0.54 n.s. 0.0 n.s.

bmp2a -0.05 n.s. 0.73 n.s.
rho 14.58 0.016 4.72 n.s.

ctnnb2 1.0 n.s. 0.45 n.s.
edar 0.0 n.s. 3.28 n.s.
foxp2 2.4 n.s. 0.01 n.s.
rh2-b 2.4 n.s. 0.01 n.s.

opn1sw1 0.12 n.s. 9.02 n.s.
kfh-g 15.59 0.009 0.25 n.s.

foxg1a 0.26 n.s. 0.56 n.s.
bmpr1aa 0.0 n.s. 1.32 n.s.

fgf10a 1.64 n.s. 0.42 n.s.
gdf10b 1.68 n.s. 0.04 n.s.
ednrb1 13.69 0.049 1.57 n.s.

changes in the EDNRB1 protein might have functional consequences on the

colour patterning in East African cichlids. Previously, the endothelin pathways

(ET1/EDNRA and ET3/EDNRB1) were suggested to play a role in the

development of the pharyngeal jaw apparatus in all cichlids and in anal fin

egg-spots in haplochromine cichlids (Diepeveen and Salzburger, 2011). In their

study, Diepeveen and Salzburger (2011) studied the partial DNA sequence of

26 East African cichlid ednrb1 sequences and concluded that ednrb1 was under

strong purifying selection. The complete genomic sequences of the five cichlid

species allowed us to determine four additional amino acid substitutions (Figure

29) in ancestral East African cichlids after their split from O. niloticus (blue in
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Figure 29), and helped to confirm one substitution that occurred in the ancestor

of haplochromines (red in Figure 29).

1
Bgr aue. [ 3: 1770] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGXG VPKWM AI EI A LI WI I
Cmacr o. [ 3: 1750] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Ecyano. [ 1: 1720] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - I T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Pmi cr o. [ 3: 1780] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Npul ch. [ 3: 1742] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Tpol yl . [ 3: 1950] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Ot anga. [ 3: 1756] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Ll abi a. [ 2: 1731] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Nf asci . [ 788: 1642] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Bmi cr o. [ 3: 1776] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Chor ei . [ 3: 1769] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Vmoor i . [ 3: 1745] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  XXVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Pcur vi . [ 2: 1728] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Cl ept o. [ 3: 1861] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Sdi agr . [ 809: 1661] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Tmoor i . [ 772: 1625] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Pf amul . [ 3: 1770] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Pst r ae. [ 2: 1735] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Tni gr i . [ 3: 1767] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSXC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Lel ong. [ 3: 1748] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Nf u. [ 3: 1738] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Lst ane. [ 3: 1770] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Cf ur ci . [ 3: 1751] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
Hbur t o. [ 2: 1729] . sp - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
AB TFKYI  NTVVS CLVFV VGI I G NSTLL RI I YK NKCMH NGPNI  LI GSL ALGDL LHI I I  AI PI N VYKLL AEDWP FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
MZ TFKYI  NTVVS CLVFV VGI I G NSTLL RI I YK NKCMH NGPNI  LI GSL ALGDL LHI I I  AI PI N VYKLL AEDWP FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
PN TFKYI  NTVVS CLVFV VGI I G NSTLL RI I YK NKCMH NGPNI  LI GSL ALGDL LHI I I  AI PI N VYKLL AEDWP FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
NB TFKYI  NTVVS CLVFV I GI I G NSTI L RI I YK NKCMH NGPNI  LI GSL ALGDL LHI I I  AI PI N VYKLL AEDWP FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
ON TFKYI  NTVVS CLVFV VGI I G NSTLL RI I YK NKCMR NGPNI  LI GSL ALGDL LHI I I  AI PI N VYKLL AEDWP FGVTL CKLVP FVQKS SVGI T VLSLC ALSI D RYRAV ASWSR I KGI G VPKWM AI EI A LI WI I
ORL TFKYI  NTVVS CLVFI  I GI I G NSTLL RI I YK NKCMR NGPNI  LI GSL ALGDL LHI I I  GI PI N VYKLL AEDWP FGVNL CKLVP FVQKA SVGI T VLSLC ALSI D RYRAV ASWNR I KGI G VPKWM AI EI A LI WI L
DAR TFKYI  NTVVS CLVFV VGI I G NSTLL RI I YK NKCMR NGPNI  LI ASL ALGDL LHI MI  DI PI N VYKLL AKDWP FGVGL CKLVP FI QKT SVGI T I LSLC ALSI D RFRAV SSWNR I KGI G VPKWT AI EI I  LI WVL

1 31
Bgr aue. [ 3: 1770] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Cmacr o. [ 3: 1750] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Ecyano. [ 1: 1720] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Pmi cr o. [ 3: 1780] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Npul ch. [ 3: 1742] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Tpol yl . [ 3: 1950] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKHT I YDEK DPNRC
Ot anga. [ 3: 1756] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Ll abi a. [ 2: 1731] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Nf asci . [ 788: 1642] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Bmi cr o. [ 3: 1776] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Chor ei . [ 3: 1769] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Vmoor i . [ 3: 1745] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Pcur vi . [ 2: 1728] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Cl ept o. [ 3: 1861] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Sdi agr . [ 809: 1661] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Tmoor i . [ 772: 1625] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Pf amul . [ 3: 1770] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Pst r ae. [ 2: 1735] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Tni gr i . [ 3: 1767] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Lel ong. [ 3: 1748] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Nf u. [ 3: 1738] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Lst ane. [ 3: 1770] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Cf ur ci . [ 3: 1751] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
Hbur t o. [ 2: 1729] . sp SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLL-  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - LAC TAI FY TLMTC EMLRK KNGMQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
AB SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLLH PVQKT EFMRF YKSAK DWWLF SVYFC LPLAC TAI FY TLMTC EMLRK KNGMQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
MZ SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLLH PVQKT EFMRF YKSAK DWWLF SVYFC LPLAC TAI FY TLMTC EMLRK KNGMQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
PN SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLLH PVQKT EFMRF YKSAK DWWLF SVYFC LPLAC TAI FY TLMTC EMLRK KNGMQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
NB SI I LA VPEAI  AFDMI  TMNYK GEHLK I CLLH PVQKT EFMRF YKSAK EWWLF SVYFC LPLAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
ON SI I LA VPEAI  AFDMI  TMNYK GEHLR I CLLH PVQKT EFMRF YKSAK DWWLF SAYFC LPLAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKLT I YDEK DPNRC
ORL SI I LA VPEAI  AFDMI  TMYYK GEHLR I CLLH PMQKT EFMMF YKSAK DWWLF GAYFC LPLAC TAI FY TLMTC EMLRK KNGVQ I ALSD HLKQR REVAK TVFCL VLVFA LCWLP LHLSR I LKI T I YNEE DPNRC
DAR SI I LA VPEAI  AFDMI  TMDYK GEQLR I CLLH PKQRI  KFMQF YKKAK DWWLF SFYFC MPLTC TAI FY TLMTC EMLRK KNGVQ I ALSD HI KQR REVAK TVFCL VLVFA LCWLP LHLSR I LQRT I YDER DPNRC

2 61
Bgr aue. [ 3: 1770] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Cmacr o. [ 3: 1750] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Ecyano. [ 1: 1720] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Pmi cr o. [ 3: 1780] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Npul ch. [ 3: 1742] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Tpol yl . [ 3: 1950] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Ot anga. [ 3: 1756] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Ll abi a. [ 2: 1731] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Nf asci . [ 788: 1642] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Bmi cr o. [ 3: 1776] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Chor ei . [ 3: 1769] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Vmoor i . [ 3: 1745] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Pcur vi . [ 2: 1728] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Cl ept o. [ 3: 1861] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Sdi agr . [ 809: 1661] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Tmoor i . [ 772: 1625] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Pf amul . [ 3: 1770] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Pst r ae. [ 2: 1735] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Tni gr i . [ 3: 1767] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Lel ong. [ 3: 1748] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Nf u. [ 3: 1738] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Lst ane. [ 3: 1770] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Cf ur ci . [ 3: 1751] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
Hbur t o. [ 2: 1729] . sp ELLSF FLVLD YI GI N - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -  - - - - -
AB ELLSF FLVLD YI GI N MASVN SCI NP I ALYM VSKRF KNCFR SCLCS WCVTT EML- M DEKQS CI KLK
MZ ELLSF FLVLD YI GI N MASVN SCI NP I ALYM VSKRF KNCFR SCLCS WCVTT EML- M DEKQS CMKLK
PN ELLSF FLVLD YI GI N MASVN SCI NP I ALYM VSKRF KNCFR SCLCS WCVTT EML- M DEKQS CMKLK
NB ELLSF FLVLD YI GI N MASVN SCI NP I ALYM VSKRF KNCFR SCLCS WCVTT EML- M DEKQS CMKLK
ON ELLSF FLVLD YI GI N MASVN SCI NP I ALYM VSKRF KNCFR SCLCC WCLPA EML- M DEKQS CMKLK
ORL ELLSF FLVLD YI GI N MASI N SCI NP I ALYM VSKRF KTCFR SCLCC WCLPP EML- M DEKQS CMKLK
DAR ELLSF FLVLD YI GI N MASVN SCI NP I ALYM VSKRF KSCFR SCLCC WCLPP EI LAM DDKQS CI KLK

Amino acid changes in the ancestor of
haplochromines and lamprologini

Amino acid changes in haplochromine ancestor

Ednrb1

Figure 29: Comparison with 24 partial ednrb1 sequences
Sequences from East African cichlids from Diepeveen and Salzburger (2011).
ORL: medaka, DAR: zebrafish.
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The endothelin system consists of G protein–coupled endothelin receptors

that are activated by endothelin signaling peptides. Previous work on endothe-

lin duplications in chordates showed that divergent sites between paralogs were

generally located in the extracellular regions of the 7 transmembrane regions,

which were associated with variation in ligand peptides (Braasch et al., 2009).

In East African cichlids, I found that the sequence of the mature endothelin,

ET3, was completely conserved across cichlids (data not shown) and no varia-

tion was apparent from the receptor regions of EDNRB1, suggesting no variation

in ligand-receptor interaction. However, all five amino acid changes are located

in intracellular regions of EDNRB1 (Figure 30), which can interact with G pro-

teins. The site in the first intracellular loop of EDNRB is among three sites

(Arg to Histidine in Met-Arg-Asn) that were shown to be required to activate a

downstream target, SRF, in human by interacting with the G protein Gα13 (Liu

and Wu, 2003). Additionally, the cluster of 3 sites overlaps with three cysteines

known to be important for palmitoylation of human EDNRB1 (Doi et al., 1997;

Okamoto et al., 1998). The second of the three cysteines (Cys-Cys-Trp-Cys)

is substituted by a serine (Cys-Ser-Trp-Cys) and may affect the anchoring of

the C-terminus of EDNRB1 to the transmembrane domain. Proper palmitoy-

lation of EDNRB1 C-terminus is thought to be required for G protein coupling

in several G protein coupled receptors including the EDNRB1 paralog Ednra

(Moffett et al., 1993; Horstmeyer et al., 1996). Overall, these results indicate

functional changes in the interaction between EDNRB1 and downsteam G pro-

tein signalling. Thus, EDNRB1 is a notable candidate gene for which amino acid

substitutions may have contributed to cichlid-specific traits important for their

explosive radiation.
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Intra 1
Intra 2

Intra 3

Extracellular

Transmembrane

C-terminus

Receptor site

b c

1
HS  TFKYINTVVS CLVFVLGIIG NSTLLRIIYK NKCMRNGPNI LIASLALGDL LHIVIDIPIN VYKLLAEDWP
DAR  TFKYINTVVS CLVFVVGIIG NSTLLRIIYK NKCMRNGPNI LIASLALGDL LHIMIDIPIN VYKLLAKDWP
ORL  TFKYINTVVS CLVFIIGIIG NSTLLRIIYK NKCMRNGPNI LIGSLALGDL LHIIIGIPIN VYKLLAEDWP
ON  TFKYINTVVS CLVFVVGIIG NSTLLRIIYK NKCMRNGPNI LIGSLALGDL LHIIIAIPIN VYKLLAEDWP
NB  TFKYINTVVS CLVFVIGIIG NSTILRIIYK NKCMHNGPNI LIGSLALGDL LHIIIAIPIN VYKLLAEDWP
AB  TFKYINTVVS CLVFVVGIIG NSTLLRIIYK NKCMHNGPNI LIGSLALGDL LHIIIAIPIN VYKLLAEDWP
PN  TFKYINTVVS CLVFVVGIIG NSTLLRIIYK NKCMHNGPNI LIGSLALGDL LHIIIAIPIN VYKLLAEDWP
MZ  TFKYINTVVS CLVFVVGIIG NSTLLRIIYK NKCMHNGPNI LIGSLALGDL LHIIIAIPIN VYKLLAEDWP

7 1
HS  FGAEMCKLVP FIQKASVGIT VLSLCALSID RYRAVASWSR IKGIGVPKWT AVEIVLIWVV SVVLAVPEAI
DAR  FGVGLCKLVP FIQKTSVGIT ILSLCALSID RFRAVSSWNR IKGIGVPKWT AIEIILIWVL SIILAVPEAI
ORL  FGVNLCKLVP FVQKASVGIT VLSLCALSID RYRAVASWNR IKGIGVPKWM AIEIALIWIL SIILAVPEAI
ON  FGVTLCKLVP FVQKSSVGIT VLSLCALSID RYRAVASWSR IKGIGVPKWM AIEIALIWII SIILAVPEAI
NB  FGVTLCKLVP FVQKSSVGIT VLSLCALSID RYRAVASWSR IKGIGVPKWM AIEIALIWII SIILAVPEAI
AB  FGVTLCKLVP FVQKSSVGIT VLSLCALSID RYRAVASWSR IKGIGVPKWM AIEIALIWII SIILAVPEAI
PN  FGVTLCKLVP FVQKSSVGIT VLSLCALSID RYRAVASWSR IKGIGVPKWM AIEIALIWII SIILAVPEAI
MZ  FGVTLCKLVP FVQKSSVGIT VLSLCALSID RYRAVASWSR IKGIGVPKWM AIEIALIWII SIILAVPEAI

1 41
HS  GFDIITMDYK GSYLRICLLH PVQKTAFMQF YKTAKDWWLF SFYFCLPLAI TAFFYTLMTC EMLRKKSGMQ
DAR  AFDMITMDYK GEQLRICLLH PKQRIKFMQF YKKAKDWWLF SFYFCMPLTC TAIFYTLMTC EMLRKKNGVQ
ORL  AFDMITMYYK GEHLRICLLH PMQKTEFMMF YKSAKDWWLF GAYFCLPLAC TAIFYTLMTC EMLRKKNGVQ
ON  AFDMITMNYK GEHLRICLLH PVQKTEFMRF YKSAKDWWLF SAYFCLPLAC TAIFYTLMTC EMLRKKNGVQ
NB  AFDMITMNYK GEHLKICLLH PVQKTEFMRF YKSAKEWWLF SVYFCLPLAC TAIFYTLMTC EMLRKKNGVQ
AB  AFDMITMNYK GEHLRICLLH PVQKTEFMRF YKSAKDWWLF SVYFCLPLAC TAIFYTLMTC EMLRKKNGMQ
PN  AFDMITMNYK GEHLRICLLH PVQKTEFMRF YKSAKDWWLF SVYFCLPLAC TAIFYTLMTC EMLRKKNGMQ
MZ  AFDMITMNYK GEHLRICLLH PVQKTEFMRF YKSAKDWWLF SVYFCLPLAC TAIFYTLMTC EMLRKKNGMQ

2 11
HS  IALNDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKLT LYNQNDPNRC ELLSFLLVLD YIGINMASLN
DAR  IALSDHIKQR REVAKTVFCL VLVFALCWLP LHLSRILQRT IYDERDPNRC ELLSFFLVLD YIGINMASVN
ORL  IALSDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKIT IYNEEDPNRC ELLSFFLVLD YIGINMASIN
ON  IALSDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKLT IYDEKDPNRC ELLSFFLVLD YIGINMASVN
NB  IALSDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKLT IYDEKDPNRC ELLSFFLVLD YIGINMASVN
AB  IALSDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKLT IYDEKDPNRC ELLSFFLVLD YIGINMASVN
PN  IALSDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKLT IYDEKDPNRC ELLSFFLVLD YIGINMASVN
MZ  IALSDHLKQR REVAKTVFCL VLVFALCWLP LHLSRILKLT IYDEKDPNRC ELLSFFLVLD YIGINMASVN

2 81
HS  SCINPIALYL VSKRFKNCFK SCLCCWCQSF EEKQSLEEKQ SCLKFK
DAR  SCINPIALYM VSKRFKSCFR SCLCCWCLP- PEILAMDDKQ SCIKLK
ORL  SCINPIALYM VSKRFKTCFR SCLCCWCLP- PEML-MDEKQ SCMKLK
ON  SCINPIALYM VSKRFKNCFR SCLCCWCLP- AEML-MDEKQ SCMKLK
NB  SCINPIALYM VSKRFKNCFR SCLCSWCVT- TEML-MDEKQ SCMKLK
AB  SCINPIALYM VSKRFKNCFR SCLCSWCVT- TEML-MDEKQ SCIKLK
PN  SCINPIALYM VSKRFKNCFR SCLCSWCVT- TEML-MDEKQ SCMKLK
MZ  SCINPIALYM VSKRFKNCFR SCLCSWCVT- TEML-MDEKQ SCMKLK

Putative site required for SRF activation
Putative palmitoylation site 

a

Figure 30: EDNRB1 variable sites and G proteins interaction.
(a) Alignments of EDNRB1 in cichlids with human (HS), zebrafish (DAR) and medaka (ORL).
Black star denotes site shown to be required to activate SRF in human by interacting with the
G protein Gα13 (Liu and Wu, 2003). Red star denotes site that may affect the anchoring of the
C-terminus of EDNRB1 to the transmembrane domain (Okamoto et al., 1998). Highlighted
are amino acid substitutions in the common ancestor of haplochromine and lamprologini (blue)
and in the ancestor of haplochromine (red) (b) Location of substitutions on 7 transmembrane
domain representation (Adapted from (Lalueza-Fox et al., 2007)) (C) Sites (red spheres) on the
structure of the human kappa opioid receptor in complex (4DJH). Only the right homodimer
is annotated.

4.3.1 Materials and Methods

Selection analysis
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Sequences from 30 genes were obtained for zebrafish or medaka from Ensembl

71 and were used as seed sequences to search, using Blastp, the medaka protein

database (also from Ensembl 71) and our tilapia protein database. Once the

tilapia ortholog was identified, we projected the corresponding sequence onto the

four other cichlids’ genome to retrieve the remaining cichlid orthologs. Multiple

sequence alignments including sequences from zebrafish, medaka and the five

cichlids were then produced using muscle (Edgar, 2004). All alignments were

curated manually and truncated to remove poorly aligned sequences (22 genes

remained after manual curation). An in-house peptide sensitive approach was

used to align the cDNA into codons and used codeml/PAML to test M0, a one-

rate model which assumes the same rate of evolution in all branches against M2a,

a branch site test with one rate for the background and one rate for the specified

branch (Yang, 2007). Two branches, the one leading to the lamprologini and

haplochromines and another leading to the haplochromines, were tested. All

tests were performed in triplicate and were checked for convergence. The p-

values from the likelihood ratio tests were corrected using Bonferroni correction

assuming 44 independent tests (22 genes and two branches).

Retrieving missing N. brichardi ednrb1 exons from RNA-seq reads

EDNRB1 was located in a region of the N. brichardi genome assembly with

gaps which led to 4 missing exons in the N. brichardi EDNRB1 gene model.

The full ednrb1 transcript was also missing from the Trinity de novo transcrip-

tome assembly. Consequently, to recover the transcript, RNA-seq data from

eight N. brichardi tissues was mapped to the EDNRB1 cDNA transcript of the

four other cichlids using stampy (Lunter and Goodson, 2011). Reads that were

mapped with less than 5 edit distance (# of mutations and gaps) away from the

reference transcript were then assembled using cortex (Iqbal et al., 2012).
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Comparison of partial ednrb1 genomic sequences from Diepeveen and

Salzburger (2011)

The genomic sequence of all 26 cichlids ednrb1 were retrieved from Supple-

mentary Table 1 of (Diepeveen and Salzburger, 2011). Genewise (Birney et al.,

2004) was then used to map the A. burtoni EDNRB1 peptide sequence to the

genomic sequences and to extract the corresponding cDNA. Two truncated se-

quences, from Gnathochromis permaxillaris and Variabilichromis moori, were re-

moved. The remaining 24 ednrb1 cdna sequences were then aligned with the

sequences from zebrafish (DAR), medaka (ORL), and the five sequenced East

African cichlids (ON, NB, AB, MZ, and PN).

Structural analysis of nonsynonymous sites on EDNRB1

To find a proper structure to model the location of the nonsynonymous sites,

both BLASTP and HHpred were used with the medaka EDNRB1 peptide se-

quence to identify homologous proteins for which structure was available. A

concordant hit was found to be the human kappa opioid receptor (4DJH). Vari-

able sites were then mapped onto this structure using PyMol.
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4.4 Gene architecture evolution in East African cichlids

Divergence in protein sequences among closely-related species is thought

to generate phenotypic variation. A large number of studies have contributed

in the compilation of a comprehensive list of evolutionary mechanisms that

transform protein coding genes and/or drive protein diversity. For example,

the analysis of gene coding sequences in multiple species has shown that

simple mutations generate protein differences through non-synonymous sub-

stitutions and result in phenotypic variation. However, researchers have only

recently started to study the contribution of alternative splicing in the rapid

generation of protein diversity and/or differences between closely related species.

Here, I wanted to exploit the transcriptome and genomic data generated in

East African cichlids to investigate gene architecture evolution at a fine scale by

studying differences in transcripts expressed in closely-related species.

4.4.1 Results and Discussion

Obtaining a list of orthologous exons.

To study changes in gene structures that occurred during East African

cichlid evolution, I wished to identify a high-confidence set of orthologous exons.

This is because my aim was to study changes in exon splice sites and splicing

ratios. Using whole genome multiple alignments and various conservative filters

(Materials and Methods), I constructed a list of highly confident orthologous

exons and exon clusters. Exon clusters represent clusters of overlapping exons

of which 221,861 (69.1%) were found to be present in all five cichlids. The

remaining 30.9% of exon clusters were either found to have ambiguous mapping

in one or more lineages, to be lineage-specific, or to be unmapped (Materials
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and Methods). All downstream analyses used a subset of these 221,861 exon

clusters to allow cross-species comparisons, unless otherwise stated.

Discovery of alternative spliced exons and alternative splice sites

To annotate alternative splicing events, I mapped RNA-seq reads from each

of the five cichlids onto their respective genomes (Materials and Methods). Reads

mapping across putative introns were collected and checked for canonical splice

sites. Introns were then used to define alternative splicing events (Materials

and Methods). To avoid errors in downstream splice ratio estimation due to

incomplete transcript annotations, I considered only exons which showed simple

patterns of alternative splicing, i.e. skipped exons that are flanked by constitutive

exons and exons with only one alternative splice site (Materials and Methods).

Overall, I discovered 6,095 exons showing evidence of alternative skipping within

at least one sample. This number decreases to 2,890 and 2,070 when counting

exons showing evidence of alternative skipping in at least 3 different species and

3 different organs, respectively. Moreover, 1,874 exons were predicted to have at

least one alternative splice site in at least one tissue and one species.

Conservation profile of gene expression levels and alternative splicing

ratios

To investigate global patterns of gene expression and alternative splicing

evolution, I obtained gene expression levels of 16,009 orthologous genes from

(Brawand et al., under review) and used MISO (Katz et al., 2010) to quantify

the percent spliced in (PSI) ratios between exons that are alternatively skipped

(Materials and Methods). The PSI of 6,095 alternative skipped exons (ASEs)

were computed across all samples. When comparing PSI profiles of all ASE,
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samples clustered according to species, while samples clustered by tissue-type

when comparing gene expression profiles (Figure 31a and b).

However, when restricting our analysis to exons showing evidence of skip-

ping in at least 2 of the 5 cichlids, inclusion ratios of ASE started to show

clustering according to tissue-type. This by-tissue clustering is stronger when re-

stricting to exons showing evidence of skipping in at least 3 cichlids (Figure 31c).
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Figure 31: Heatmaps of gene expression and alternative splicing levels in cichlids.
(a) Heatmap of Spearman correlation according to PSI for all skipped exons (b) Pear-
son correlation according to expression and (c) Spearman correlation according to PSI
for exons alternatively skipped in 3 or more species. Ht: heart, Ey: eye, Br: brain, Lv:
liver, Em: Embryo, Gl: gills, Kd: kidney, Ov: ovary, Sk: skin, Bd: blood, Ts: testis,
Ms: muscle.

The clustering of sample by organ in terms of gene expression profiles was

previously reported in mammals (Brawand et al., 2011). However, at the time

of this analysis (in 2012), no published study reported a clustering of sample by
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species in terms of exon usage. In late 2012, two studies (Merkin et al., 2012;

Barbosa-Morais et al., 2012) identified a similar clustering of sample by species

when they studied exon usage in mammals. In particular, Barbosa-Morais et al.

(2012) showed that this clustering by species holds even when comparing exon

usage levels in tissues from two closely-related primates (human and chimp) that

diverged only ∼4Mya. Interestingly, I found that when considering exons that

show evidence of skipping in at least 3 of the 5 cichlids, the clustering seemed

to shift back to a by-organ clustering such as observed for gene expression

levels. The by-organ clustering appears to be strongest for muscle, brain and

testes – an observation that has also been made by Merkin et al. (2012). This

may reflect a higher number of functional differential splicing events in brain,

muscle and testes. This also suggests that while the alternative splicing of some

exons is important for cellular function (e.g. in brain tissues), the usage of a

large number of exons evolves neutrally (lineage-specific AS). This hypothesis is

consistent with the idea that there exists a large amount of noisy splicing events

that are poorly conserved, but result from an imperfect splicing machinery

rather than selection for an expanded protein repertoire (Pickrell et al., 2010b).

Additionally, Reyes et al. (2013) found that, in primates, most exon usage shows

small inter-species differences that they suggest may reflect neutral drift.

Evolution of gene architecture

I next attempted to survey gene architectural changes in terms of indels and

changes in 5’ or 3’ splice sites. I compiled a list of 79,974 coding exons with

unambiguous orthologs for which both 5’ and 3’ splice sites were supported by

reads mapping across splice sites in all five species (Materials and Methods).

I found that almost all exons (70,471, 89.2%) had preserved splice sites in all

119



five species and showed no change in length. However, 2,320 (2.9%) exons

had at least one indel and 6,129 (7.8%) exons had variation in splice sites. As

expected, the distribution of size change is highly biased towards a multiple

of 3 for indels (ratio 5.2 while the expected ratio is 0.5), but less so for newly

gained or lost splice sites (ratio 0.9; Figure 32). Compared to indels which only

modestly affect the length of exons (and thus gene), the gains and losses of a

splice site can often generate much more variable isoforms. However, given the

large number of changes that are expected to disrupt coding frame, many of the

gained or lost splice sites may be/have been the product of noisy splicing.
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Figure 32: Exon length differences caused by genome variation
Distribution of length differences of exons from indels and from 5’ and 3’ splice
site variation. The bias for exonic changes that are a multiple of 3 is much
stronger for indels compared to alternative splice sites.

I then hypothesized that many of the splice site gains or losses are lineage-

specific and might not represent variation that evolve under selective pressures.
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Using maximum parsimony, I predicted the lineages in which gains and losses

occurred during the evolution of the five cichlids (Materials and Methods). In

total, I found that 576 gains and 509 losses were lineage-specific, while 147

gains and 65 losses were predicted to have occurred in the ancestors of at least

2 species (Figure 33a). These numbers, when normalised by the estimated

divergence time, are similar (assuming that the Nb-Mz-Pn-Ab divergence

occurred ∼10My prior to the Mz-Pn-Ab divergence). This suggests that there is

a constant turnover of splice sites during cichlid evolution and these gains and

losses can be retained for over ∼25My.

Previous studies suggest that lowly used splice sites evolve under weaker

selection compared to splice sites that are used at higher levels (Ermakova et al.,

2006). I therefore expected that splice sites that were lost during evolution tend

to be used at low levels. I found that a surprisingly large proportion of splice

sites lost were constitutively spliced in the ancestral state (Figure 33b). After

inspecting several examples of lost splice sites, I found that a common mode

of loss is a disruption of the splice site (mutation) in the presence of a near

compensatory AG or GT dinucleotide (Figure 33c). Though, a genome-wide

analysis is required to establish exactly how widespread this mechanism is, there

is evidence in Arabidopsis that a majority of transcript model differences can

be traced back to the disruption of ancestral splice sites that are rescued by

compensatory splice sites (Gan et al., 2011). In these cases, the compensatory

splice sites become the new splice sites that are constitutively used (Figure 33b).

However, in line with our expectations, a large number of newly acquired splice

sites are used at low levels (Figure 33b), and are not expected to play major

functional roles.
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Figure 33: Gains and losses of splice sites and whole exons.
(a) Mapping the gains (red) and losses (blue) on each branch using a maximum parsimony ap-
proach and O. niloticus as outgroup. (b) The inclusion ratios (PSI) of gained splice sites and
the ancestral PSI of lost splice sites. (c) a class of exon (stars) have changed splice site com-
pletely after the ancestral splice site is disrupted. (d) A similar analysis as (a) using inclusion
ratios show that the majority of exon losses are lineage-specific (Materials and Methods).

I next identified exons with evidence of gain or loss in expression across four

cichlids and using O. niloticus as an outgroup (Figure 33d). These exons were

also required to be constitutively skipped in the species without expression.

As with the splice site turnover analysis, the lineages in which the exons were

gained or lost were inferred using maximum parsimony. In contrast to the

splice site losses, I found that a disproportionate number of exonic losses were

predicted to be lineage-specific rather than in inner branches (26 in inner

branch versus 49, 97, and 49 during haplochromine evolution). Only 8 gains

were inferred to have occurred in ancestral cichlids and are shared in their

haplochromine descendants. These results, though preliminary, suggest that

exon gains and losses were not a major mode of gene evolution in cichlids.

However, it should be noted here that this analysis was very conservative and

it is likely that several more exons were gained over cichlid evolution but were

undetected. Interestingly, I found one exon gain in the 5’ UTR of Ednrb1, a

gene that has been under accelerated evolution during cichlid evolution (see

previous section). I also identified a putative causal mutation in the ancestors
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of haplochromines (Figure 34a): a single A to T mutation created a canonical

splice site (GA to GT) which is used in the haplochromines. Mapping RNA-seq

data from eye transcriptomes of these cichlids revealed that while the novel

exon in haplochromines is spliced constitutively in Ednrb1 transcripts, the

orthologous position in O. niloticus and N. brichardi are always skipped (Figure

34b). Because this exon is located in the 5’ UTR and not within the coding

body of Ednrb1, it is difficult to assign a function to this gain. Nevertheless,

5’ UTRs are known to be important for post-transcriptional regulation (Dvir

et al., 2013; Lawless et al., 2009). The novel exon in Ednrb1 could therefore

have contributed to changes in its regulation in the haplochromines (also see

Discussion).

The interest in understanding gene structure evolution at a higher resolu-

tion was appreciated by (Perry et al., 2012), who investigated gene structure

differences in primates. To this end, they searched transcriptome alignments

for internal gaps bigger than 50bp in at least one species, but with assembled

sequence in at least one other species. Contrary to previous expectation, Perry

and colleagues found that most gene structures show strong signs of conserva-

tion across long evolutionary time (they found only 308 potential exon structure

changes, 304 of which could be explained by alignment artefact or alternative

splicing). My analysis of gene structure in cichlids revealed that ∼10% of all

exons experienced structural changes, either owing to indels or to variation in

splice sites. These structural changes are generally small and tend not to alter

coding frame. A large fraction of splice sites gained are predicted to be used at

low levels and may represent noisy splicing. These observations suggest therefore

that structural changes in genes have not been a primary source of phenotypic

variation in cichlids. Nevertheless, isolated cases such as the novel exon in the
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Figure 34: Gain of exonic region.
(a) Sequence of Ednrb1 5’ UTR region, the putative causal SNP is highlighted
and is predicted to have arisen in the ancestors of haplochromines (A. burtoni,
M. zebra, and P. nyererei). (b) Expression and splicing in eye tissues from the
five cichlids suggest an exonic gain in haplochromines.

5’ UTR of Ednrb1 may have played a role in functional diversification (see Dis-

cussion).

4.4.2 Materials and Methods

Mapping and discovery of splicing events

The trimmed RNA-seq read libraries were mapped using GSNAP (Wu and

Nacu, 2010) to their respective genomes with standard parameters without an-

notation. For each library, spliced reads, i.e. reads mapping across putative
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introns, were collected and checked for canonical splice sites. Only splice reads

harbouring introns with canonical splice sites were kept and used to define spliced

introns.

Projection of gene models and orthologous exons

MAF alignments were obtained from the Broad Institute and used to project

the gene models of M.zebra, N.brichardi, A.burtoni and P.nyererei onto the

genome of O.niloticus. Subsequently, all projected and native gene models

from O.niloticus were projected back onto each of the four other cichlids using

liftOver. The sizes of projected exons were required to be within a factor of 1.5

compared to the native exon. This resulted in mappings between exons across

the annotations of different cichlids. MAF alignments centred around M. zebra

were also produced using MULTIZ (Blanchette et al., 2004). This second

alignment was used to validate the projections from the O. niloticus centred

alignment and to map exons from unaligned regions in the O. niloticus centred

alignment. A breakdown of the number of exons mapped can be found in Table 3.

All projected exons were then clustered together in each species separately to

form exonic regions. These clusters represent exons that overlap or are connected

by exons that overlap. Next, the orthology between the clusters from each species

was determined by using the orthology of their constituent exons.

Predicting alternative splicing events and their orthologous events

To predict alternative splicing events, I produced an in-house exon-centric

pipeline. The cichlid annotations were used to identify internal exons. An

internal exon, eM , was considered to be skipped if there is an exon triplet

(eU , eM , eD) such that there is at least one sequenced sample in which (1) there
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are at least 3 mapped spliced reads spanning the junction of an exon upstream,

eU , and an exon downstream, eD and if (2) there are 3 mapped spliced reads

spanning the junction between the exon upstream and the internal exon, and

between the internal exon and the exon downstream. Similarly, an exon eas was

considered to have an alternative splice site if there is an exon pair (eas, ec) such

that there are at least 3 reads in at least one sample spanning two distinct eas

junctions and ec.

Once all alternative skipped exons and alternative splice sites were predicted

in individual samples, all alternative splicing events were merged and projected

across species. To compare alternative splicing patterns across species, only those

alternative splicing events involving exons that were projected successfully in all

species were used.

Characterising alternative splicing differences

To compute relative inclusion frequency (or percent spliced in) of alternative

splicing events in each separate library, MISO (Katz et al., 2010) was run on

each RNA-seq dataset separately. To detect signatures of conserved profile of

splicing events, Spearman correlations were computed using percent spliced in

(PSI). Only events which show alternative splicing, e.g. 5% < PSI < 95%, in

at least one library in every species were included in the profile comparison.

Because complex alternative splicing events can bias the estimation of PSI, our

analysis focused only on alternative splicing with two variants.

Inferring gains and losses of splice sites and exons

Every splice site (and exon) from M.zebra, N.brichardi, A.burtoni and

P.nyererei were mapped to the O.niloticus genome. A splice site (exon) is con-
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sidered absent if it does not have support from any spliced reads from any of

the sequenced tissues. The pars program of PhyML was used to infer the pres-

ence/absence of splice sites (exons) at nodes of the phylogenetic tree.
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5 Chapter 5: Analysis of small internal exons

and their function in human brains

Eukaryotic genes often consist of multiple exons that must be recognised

to allow efficient production of functional proteins. Because internal exons in

mammals are located between introns which are much longer (typically 10-100

times longer), the spliceosome must detect small exonic islands within a large

intronic sea. How the spliceosome recognises exons remains an active field

of investigation. A widely held belief is that signal sequences such as exonic

enhancers (i.e. motifs within RNA exons that can be bound by splicing factors)

are crucial for proper splicing of the pre-mRNA. I was therefore surprised

that collaborators at the Lieber institute for Brain Development (Baltimore,

MD) identified several exons as small as 6nt that are spliced in human brain

transcripts. However, it was unclear at that point whether these small exons

were functional, noisy splicing or simply evolutionary oddities.

For the study described in this chapter, I use comparative genomics to

analyse small exons (≤51nt) in human transcriptomes and show that they are

likely to play important roles in cellular functions, notably in the brain. This

chapter consists of work in preparation for submission (Li et al., in preparation).

All analyses presented here are my own, except for the analyses of protein ter-

tiarty structures for which Luis Sanchez-Pulido made major contributions. Fur-

thermore, Wilfried Haerty and Chris Ponting substantially edited the manuscript

in preparation.
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5.1 Background

Most vertebrate genes are divided into exonic sequences separated by large

intronic stretches. Although alternative splicing of exons allows multiple protein

isoforms to be produced from the same gene, many isoforms are expected to

be nonfunctional (Pickrell et al., 2010b; Reyes et al., 2013). Consequently,

the distinction of functional isoforms from those that serve no protein-encoded

function represents considerable challenges both for genomics researchers and

perhaps also for the cellular splicing machinery.

Exons are diverse in their characteristics and functions. They differ greatly

in their nucleotide composition (Amit et al., 2012), inclusion patterns (Keren

et al., 2010) and lengths (Sorek et al., 2004), all of which can affect their

biological roles and how they are recognized during splicing. The length of

an exon is often assumed to follow a symmetric distribution centered around

an optimal size. In mammals, this optimal size appears to be approximately

140nt (Zhu et al., 2009; Gelfman et al., 2012), which is proposed to relate

to the amount of DNA wrapped around single nucleosomes (Schwartz et al.,

2009). The preferential positioning of nucleosomes within exons is hypothesised

to aid exon recognition by acting as a “speed bump” to RNA polymerase II,

thereby allowing the splicing machinery to catch up and splice out the intron

immediately upstream (Schwartz et al., 2009).

Ultra-short exons are uncommon, difficult to detect, and have unknown

functional roles. They are thus often ignored in transcriptomics studies. Popular

RNA-seq aligners such as TOPHAT offer users an option to search for small

exons, but still fail to identify most exons shorter than 21nt (Wu et al., 2013a).

The number of micro-exons (exons of length ≤ 51bp) annotated in human shows
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a sharp decrease as exon size decreases (Figure 36b). Our choice to study exons

51nt or shorter was based on their tendency to be skipped in mature transcripts,

possibly because steric hindrance due to molecular crowding between large

multimeric complexes inhibits spliceosome assembly (Dominski and Kole, 1991;

Black, 1991; Simpson et al., 2000; Carlo et al., 2000). It was also proposed

that to be accurately spliced, exons must possess a minimum number of exonic

splicing enhancers that promote splicing (Blencowe, 2000; Fairbrother et al.,

2002; Caceres and Hurst, 2013), something that is obviously challenging for

short exons. These observations lend support to the hypothesis that micro-exons

are rare because of significant evolutionary pressure on exon lengths to remain

longer than 51nt. Annotated micro-exons by Ensembl which are sometimes as

small as 1nt are therefore at odds with this expectation.

A priori, it is expected that many of these annotated micro-exons are

the product of noisy splicing (Pickrell et al., 2010b) or are annotation errors.

However, functional micro-exons have been previously identified (Carlo et al.,

2000; Zibetti et al., 2010). For example, the inclusion of a 12nt micro-exon in

LSD1 is regulated by PTB (polypyrimidine-tract-binding protein) in a brain-

specific manner (Xue et al., 2013) and contributes to neurite morphogenesis in

mammals (Zibetti et al., 2010). Yet, the total number of functionally important

micro-exons is as yet unknown. Therefore, not only is the study of micro-exons

of interest in the context of splicing mechanisms, but mutations controlling

splicing of functional micro-exons is also of relevance to disease genetics.

Here, we provide a comprehensive characterisation of micro-exons at the

DNA conservation, RNA splicing, and protein tertiary structure levels. We first

identified functional micro-exons by examining the vast transcriptome datasets
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currently available, and by detecting their signatures of vertebrate conservation.

Next, we uncovered patterns of micro-exon usage by studying the inclusion

of micro-exons across a large number of tissues. Furthermore, because the

splicing of short exons is thought to present particular difficulties to the cellular

machinery (Dominski and Kole, 1991), we sought to identify regulatory signals

that enhance the recognition and usage of micro-exons. Finally, we studied

how the inclusion of alternatively spliced micro-exons impacts on the tertiary

structure of a protein.

In this study, we analysed over 57 billion reads from 876 human RNA-seq

libraries including 25 post-mortem brain samples across development (Mazin

et al., 2013), 345 samples from post-morterm prefrontal cortices (Lonsdale et al.,

2013) and 506 samples from diverse other tissues (Lonsdale et al., 2013; Illumina

Human Body Map 2.0, 2011). We show that, contrary to our expectations, most

micro-exons are highly conserved across vertebrates. Moreover, we found that

alternatively spliced micro-exons possess signatures of tissue-specific usage, and

can alter protein-protein interactions. Notably, inclusion of micro-exons can be

regulated by splicing factors belonging to the Rbfox family in a brain-specific

manner. To the best of our knowledge, we are also the first to provide examples

of alternatively spliced micro-exons that can regulate protein-protein interac-

tions by altering protein tertiary structure. These results should renew our

appreciation of smaller sized exons and should encourage the use of micro-exon

aware algorithms, such as ATMap that we describe below or others such as

OLEGO (Wu et al., 2013a), for the study of transcriptomes in the contexts of

brain development, disease and beyond.
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5.2 Results

Discovery of micro-exons and quantification of their usage

To complement current Ensembl annotations, we first sought to identify

novel micro-exons from a large number of available RNA-seq data sets from

human brain (307 samples), muscle (74 samples) and nerves (47 samples)

using a discovery pipeline (Materials and Methods; Figure 36a). In total,

we identified 234 putative novel micro-exons, 230 of which were included in

transcripts expressed in these brain samples. In comparison, 7,085 of 12,835

Ensembl-annotated micro-exons were included in transcripts expressed in the

brain (Figure 36c). This indicates that most human micro-exons are Ensembl-

annotated and our analysis is representative of micro-exons in general.

Among several novel micro-exons we identified was a 6nt micro-exon which

we could map to a highly conserved region of the CACNA1A gene (Figure 36d).

This encodes a calcium channel, voltage-dependent, P/Q type, alpha 1A subunit

which is mutated in spinocerebellar ataxia type 6, a familial hemiplegic migraine

and episodic ataxia type 2 (MIM 108500, 141500 and 183086). Interestingly, we

were able to map the two amino acids (NP) that are encoded by this micro-exon

to a loop linking the S3 and S4 regions of CACNA1A (Payandeh et al., 2012).

According to Payandeh et al. (2012), this loop has a dynamic connection to S4,

which moves during channel gating. The alternative inclusion of the micro-exon

may therefore generate two CACNA1A isoforms with different gating kinetics.

We also verified that our predictions of chromosomal positions of micro-

exons corresponded to sequence that has been well-conserved across vertebrate

evolution, as well conserved indeed as Ensembl-annotated micro-exons (Figure
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35a). This observation justified the consideration in subsequent analyses of both

novel and previously annotated micro-exons.

Figure 35: Vertebrate conservation of micro-exons and exons in general.
(a) Vertebrate conservation profiles of 6, 9 and 12nt Ensembl-annotated versus
novel predicted micro-exons. (b) Vertebrate conservation heatmap of 1,500 ran-
domly sampled constitutively spliced (CS) and alternatively spliced exons (ASE).
Each exon was centred within a 300nt window.

Interestingly, we noted that nearly half (114 or 49.6%) of our novel micro-

exons were 6 to 21nt in length compared to only 8.2% (581) of Ensembl-annotated

micro-exons. This prompted us to investigate the ability of algorithms to detect
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Figure 36: Identification of novel micro-exons
(a) Flow chart of our micro-exon discovery pipeline. Ensembl release 70 annotation was first
used to build all cDNA transcripts on which RNA-seq reads were mapped to using stampy.
Reads aligned with insertions of up to 51nt in length were then scanned to identify insertions
aligning to exon-exon boundaries. Subsequently, the inserted sequences were aligned to the
intronic sequences separating the corresponding exons. Putative novel micro-exons were then
defined as exons which were flanked by canonical splice sites and were supported in at least 15%
of all samples. (b) The density of internal exon sizes shows that the majority are distributed
around 140nt in length, while there is a sharp decrease in number of exons shorter than
51nt (purple dashed line) as exon size decreases. (c) Previously annotated micro-exons from
Ensembl release 70 that show evidence in brain samples (black) compared to novel predicted
micro-exons which show evidence in brain samples (white). Although the annotation of internal
exons of sizes 22 to 51nt appears to be nearly complete, we identified a large number of novel
micro-exons between 6 and 21nt in length. (d) Example of a novel predicted micro-exon. This
micro-exon is only 6nt in length and lies within a conserved region of the CACNA1 gene. The
splice sites of this micro-exon are conserved in mammals and Xenopus.
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and accurately map RNA-seq reads onto micro-exons. Mapping RNA-seq reads

directly onto the genome is known to be computationally difficult owing to a large

search space for small exons. We expected reads spanning micro-exons (and thus

three or more exons) to further complicate the mapping procedure. We therefore

compared the ability of several RNA-seq aligners, including STAR (Dobin et al.,

2013), TOPHAT (Kim et al., 2013), and OLEGO (Wu et al., 2013a), to map reads

onto micro-exons of decreasing sizes (Materials and Methods). Compared to a

micro-exon mapping method we developed (ATMap or Augmented Transcrip-

tome Mapping; see Materials and Methods), both TOPHAT and STAR aligners

mapped fewer reads onto short micro-exons, whilst all four methods mapped

similar numbers of reads to larger exons (Figure 37). In particular, ATMap

mapped more reads to micro-exons of sizes 9 to 21bp (median log2 fold differ-

ences of 0.55–4.00) compared to TOPHAT and STAR (Figure 37). OLEGO’s

performance was similar to ATMap’s (median log2 fold differences of 0.48–0.92).

However, due to its improved performance on short exons, we used ATMap to

quantify the usage of novel and previously annotated micro-exons across all 876

RNA-seq samples (Materials and Methods).
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Figure 37: Mapping RNA-seq reads onto micro-exons
The short pair-end reads (76bp) from a human brain sample (SRR112675) were
mapped onto the Ensembl (release 70) annotated human genome with ATMap, STAR,
TOPHAT, TOPHAT with “micro-exon-search” activated (TOPHATm), and OLEGO.
For all exons of sizes 3 to 51bp, we computed the pairwise differences in inclusion
predictions and binned them by exon sizes. Only symmetric exons (i.e. exons of sizes
that are a multiple of 3) are displayed as they consist of a larger number of cases.

Most micro-exons are well conserved in vertebrates

Sequence conservation has been widely used as a proxy for functionality

(Hardison, 2003). We therefore hypothesized that most micro-exons, if func-

tional, should also show evidence for increased sequence conservation relative

to neutrally evolving sequences. We found that 60% of all 13,065 micro-exons

assessed have a PhastCons score of 0.78 or higher and are thus likely to be

functional. This is because while 2.3-10% of the bases in the human genome

are thought to be under functional constraint (Chiaromonte et al., 2003;
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Meader et al., 2010), less than 5% possess a PhastCons score higher than

0.78 (Siepel et al., 2005). We also found that the 7,315 micro-exons with

evidence of inclusion in the brain were far better conserved than the 5,750

Ensembl-annotated micro-exons with no evidence of brain usage. Over 75%

of all brain-expressed micro-exons had an average PhastCons score of 0.8 or

higher (Figure 38c). In contrast, 40% of Ensembl-annotated micro-exons with

no evidence of brain-expression had an average PhastCons score of 0.23 or lower

(less than 5% of RefSeq CDS bases score lower than 0.23; Siepel et al. (2005)).

This suggests that a considerable number of Ensembl-annotated micro-exons

are either annotation errors or annotated products of noisy splicing.

These observations motivated us to focus on the 7,315 brain-expressed

micro-exons, which we compared to brain-expressed exons of longer sizes.

Exons were also separated by whether they were alternatively spliced (AS) or

constitutively spliced (CS) in the brain. They were considered to be AS if their

median percent spliced-in (PSI) values were between 5% and 95% in GTEx

brain samples and CS if their PSI was larger than 95%. The remaining 5,750

exons with no evidence of brain usage or with lower than 5% PSI are likely not

used in the brain and were therefore discarded. Altogether, 5,744 micro-exons

were CS and the remaining 1,571 were AS. For comparison, we identified 96,429

and 11,624 longer exons that were CS and AS in the brain, respectively. Both

AS and CS micro-exons were highly conserved across vertebrates and possess

similar signatures of conservation compared to longer exons (Figure 38a,b and

Supplementary Figure 35b).

We also characterised the conservation of exons differing in sizes according

to sequence identity. This provided us with a more intuitive comparison
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Figure 38: Conservation of micro-exons across vertebrates
(a) Mean vertebrate PhastCons scores and 95% confidence interval in the intronic
flanks of symmetric alternatively spliced (AS) micro-exons, constitutively spliced (CS)
micro-exons, AS exons, and CS exons. The intronic conservation is significantly higher
for AS micro-exons compared to other classes of exons. (b) Vertebrate PhastCons
scores of 1,500 randomly chosen CS and AS micro-exons sorted by size and centered
within a 300nt window. A large proportion of AS micro-exons show conservation in
their intronic flank in addition to strong conservation within exonic sequences. (c)
Cumulative density of average PhastCons score of all exons expressed in the brain
(red), all annotated micro-exons (purple), all annotated micro-exons with brain usage
(teal), and all annotated micro-exons without evidence of brain usage (pale green).

between different exon types than using PhastCons scores. To do this, we

computed the pairwise percent identity between human exons and orthologs

in four species of increasing divergence (Materials and Methods), altogether
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representing over 300 million years of evolution (Pereira and Baker, 2006a).

Overall, the distributions of percent identity are shifted upwards for AS

micro-exons compared to longer exons and CS exons (Figure 39). This trend

also holds true for smaller AS micro-exons (exons less than 25bp) compared

to AS micro-exons (exons less than 51bp) and CS micro-exons compared

to CS exons in general. Therefore, short AS exons tend to be better con-

served than longer exons, possibly owing to stronger functional constraint at the

protein level or to a higher density of exonic enhancers compared to longer exons.

The intronic flanks of micro-exons harbour conserved splicing signals

We observed that intronic flanks of symmetric AS micro-exons, i.e. exons of

length divisible by 3, were highly conserved, while the flanks of non-symmetric

AS micro-exons were conserved at lower levels (Supplementary Figure 40), and

in contrast to the ones of other exon classes which showed nearly no vertebrate

conservation (PhastCons score < 0.2, Figure 38a). The elevated conservation

flanking AS micro-exon extends to over 75bp within each intronic flank, although

5’ intronic flanks tend to be better conserved than 3’ intronic flanks (Figure 38a).

We therefore hypothesised that intronic flanking AS micro-exons harbour

conserved splicing motifs that facilitate their recognition by the splicing machin-

ery. To detect such splicing signal, we aligned human exons and their intronic

flanking sequences to the genomes of four other mammalian species: rhesus

macaque, cow, dog and mouse (Materials and Methods). Splicing motifs are

generally 4 to 10nt in length (Fairbrother et al., 2002). We therefore searched

for conserved 6nt motifs that are over-represented near AS micro-exons. To this

end, we computed the entropy for each gapless 6nt sliding window (Materials
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Figure 39: Sequence percent identity of exons and their flanking introns.
Percent identity of the pairwise aligned intronic sequences and exonic sequences
of different classes of exons between human, and rhesus monkey, mouse, platy-
pus, and chicken. The nucleotide percent identity follows an increasing trend with
decreasing exon sizes for both AS and CS exons in intronic flanking regions. How-
ever, only AS micro-exon exonic sequences show a difference in percent identity
compared to other classes of exons.

and Methods) and considered 6-mers with entropy in the lowest 10-percentile

of the empirical distribution to be conserved (entropy < 1.0). In the 5’

intronic flank of AS micro-exons, CS micro-exons and all AS exons, several

pyrimidine-rich motifs were found to be over-represented (Figure 41a). Only

one motif, TGCATG, was found to be highly over-represented in the 3’ intronic

flanks of AS micro-exons. Notably, this over-representation is absent in the

intronic flanks of CS micro-exons and longer exons and is therefore unique to

the 3’ intronic flanks of AS micro-exons.
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Figure 40: Conservation of symmetric versus non-symmetric micro-exons.

TGCATG is a well characterised motif that is bound by Rbfox splicing

factors (Zhang et al., 2008; Lovci et al., 2013). We therefore sought to determine

the spatial distribution of the motif in the human genome, without requiring

conservation. We observed up to two-fold enrichments in the number of known

Rbfox binding motifs in the immediate 3’ flanks of AS micro-exons compared

to other classes of exons (Figure 41b). This further suggests a role of Rbfox

proteins in the splicing of AS micro-exons.

Next we speculated that AS micro-exons are regulated by Rbfox binding

events in their intronic flanks. Indeed, we showed an unexpectedly higher density

of Rbfox binding events near AS micro-exons, most prominently on their 3’

sides. We also showed that this density is even higher for AS micro-exons that

are brain-specific (Materials and Methods). To do this, we obtained CLIP-seq

replicates for all three Rbfox family members (Rbfox1, Rbfox2, Rbfox3) from

mouse brains (Weyn-Vanhentenryck et al., 2014). We projected all exons from
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Figure 41: Conserved motifs and splice factor binding sites
(a) Average occurrence of diverse conserved 6-mers in the intronic flanks of exons. Conserved 6-
mers were computed according to an entropy threshold based on multiple sequence alignments
including human, rhesus monkey, mouse, cow and dog sequences. Of all conserved 6-mers,
pyrimidine-rich 6-mers were found to be enriched in the intronic sequences immediately up-
stream of exons belonging to all classes, with a higher enrichment upstream of alternatively
spliced (AS) micro-exons. The 6-mer corresponding to the Rbfox protein family motif (TG-
CATG) is highly overrepresented in introns downstream of AS micro-exons compared to other
classes of exons. (b) In human, the Rbfox binding motif is overrepresented in the intronic
sequences downstream of AS micro-exons. (c) Analysis of Rbfox protein CLIP-seq datasets
in mouse brains show that AS micro-exons (micro ASE) and AS micro-exons that are brain-
specific (mini BSE) possess a higher number of Rbfox binding events in their intronic flanks
compared to other types of exons.

the different exon classes to the mouse genome and studied read density near

exons from each class (Figure 41c; Materials and Methods). All three Rbfox

142



family members exhibit the same binding patterns: a higher density of reads in

the intronic flanks of 167 brain-specific AS micro-exons (Materials and Methods)

and, to a lesser extent, in the intronic flanks of all AS micro-exons compared to

other classes of exons. We also observed that the read density is higher in the 3’

intronic flanks compared to the 5’ intronic flanks of brain-regulated and normal

AS micro-exons.

A large number of micro-exons are used exclusively in mammalian

brains

We next sought to characterise the tissue and organ usage of micro-exons by

quantifying micro-exon inclusion rates in the large array of 876 human RNA-seq

datasets described previously. For each sample, the PSI values of annotated

micro-exons were computed by mapping the corresponding RNA-seq reads onto

a micro-exon augmented transcriptome using ATMap (Materials and Methods).

We observed that the splicing ratios of a vast majority of micro-exons were con-

sistent across human tissues (Figure 42a and 42b), which suggests they possess

widespread and basic molecular functions. Reassuringly, the inclusion propor-

tions of micro-exons in the brain were replicated in GTEx brain samples, samples

from developing and ageing brains (Mazin et al., 2013) and the Human Body

Map 2.0 brain samples (Supplementary Figure 43a,b). This excludes potential

technical artefact such as batch effects and protocol-specific biases, and sug-

gests a constant usage of most micro-exons across brain development and ageing.

Of the 1,571 alternatively spliced micro-exons, 167 were included in brain-

expressed transcripts, but skipped in virtually all other tissue samples (Materials

and Methods; Supplementary Figure 43c), suggesting they have brain-specific

functions. We next found evidence that brain-specific patterns of micro-exon
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Figure 42: Tissue-dependent inclusion of micro-exons
Inclusion rates of 570 micro-exons of length 6 to 21nt (a), and 5,827 micro-exons of
length 22 to 51nt (b) in 23 tissues. 1: adipose, 2: adrenal 3: artery 4: brain 5: breast
6: colon 7: esophagus 8: heart 9: kidney 10: liver 11: lung 12: muscle 13: nerves
14: ovary 15: pancreas 16: pituitary 17: prostate 18: skin 19: stomach 20: testis
21: thyroid 22: uterus 23: whole blood. Coloured samples are compared to matched
mouse samples (c). The inclusion rates of 271 human alternatively spliced micro-exons
and their mouse orthologs in 8 tissues. Left to right in (c) br: brain, co: colon, ht:
heart, kd: kidney, lg: lung lv: liver, ms: muscle, ts: testis. In gray: micro-exons
for which PSI could not be computed because of insufficient number of reads (≤5)
spanning splice junctions.

usage have been largely preserved across the ∼90 million years that separate

human and mouse. To ascertain whether the brain-specific usage of micro-exons

we observed in human was conserved in mouse or not, we retrieved 24 mouse

RNA-seq samples from brain and seven other organs (Merkin et al., 2012)

and quantified the inclusion ratio of micro-exons annotated within the mouse

genome. We then compared the inclusion ratios of these mouse micro-exons to
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Figure 43: Inclusion of micro-exons in all analysed tissues.
PSI of 22–51nt micro-exons (a) and 6nt–21nt micro-exons (b) in all analysed
tissues, including GTEx samples, Human Body Map 2.0 samples, and samples
from developing and ageing postmortem human brains (Mazin et al., 2013). (c)
Inclusion ratios of 167 AS micro-exons predicted to be brain-specific. In gray:
micro-exons for which PSI could not be computed because of insufficient number
of reads (≤5) spanning splice junctions.

the inclusion ratios of the orthologous micro-exons in human. Owing to the

small number of micro-exons annotated in the mouse genome and the shallower
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depth of mouse RNA-seq data, we were only able to quantify the inclusion

ratios of 271 micro-exon orthologs (out of 1,571) that are alternatively spliced

in human brains (Materials and Methods). Nevertheless, we observed a clear

similarity between the micro-exon inclusion patterns of human and mouse

brains (Figure 42c). Numerically, micro-exon usage are highly similar among

human brain samples (Pearson correlation = 0.72–0.88; Supplementary Figure

44), but also between human and mouse brain samples (Pearson correlation =

0.58–0.75). In contrast, the correlations of micro-exon usage between human

brain samples and samples from other human tissues, or the ones between

mouse brain samples and samples from other mouse tissues are significantly

lower (0.19–0.59 and 0.27–0.49, respectively).

To identify potential functions of AS micro-exons in the brain, we searched for

over-represented gene ontologies (GO) in the set of genes possessing micro-exons

that are AS or CS in the brain compared to the set of all brain-expressed genes.

We found that genes that possess AS micro-exons were preferentially involved in

axon guidance and neuron migration (Table 6) even after correcting for multiple

testing (p-values 1.0× 10−10 and 3.8× 10−4 respectively). These findings further

support the importance of AS micro-exon for increasing transcriptome diversity

in the brain and, in particular, during brain development.

Constitutively and alternatively spliced micro-exons possess distinct

genomic attributes

We next considered whether micro-exons require greater precision by the

splicing machinery, as determined by RNA splicing signal motifs. 5’ and 3’

splice sites for CS micro-exons (but not longer exons) were found to have the

greatest signal strength as measured by MAXENT (Yeo and Burge, 2004)
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Figure 44: Pearson correlation of micro-exon usage levels
Pearson correlation of micro-exon PSI among human brain samples, between
human brain and other human samples, between human and mouse brain samples
and between mouse brain and other mouse samples.

score (5’: median 9.21 vs 8.60–8.73, p < 6.4 × 10−36; 3’: median 9.49 vs

7.83–8.81, p < 6.9 × 10−56 Mann-Whitney test; Figure 45a). Introns flanking

AS micro-exons tend to be shorter than longer AS exons (median 1,418 vs

1,852 and 1,434nt vs 1,770nt for 5’ and 3’ introns, respectively; Figure 45b).

We also observed an increased thymine content 10–100bp upstream of AS

micro-exons compared to other classes of exons (median 34.1% vs 29.5–31.1%;

Supplementary Figure 45c). The higher thymine content can be explained by

elongated poly-pyrimidine tracts immediately upstream of AS micro-exons that

guide the splicing machinery to the AS micro-exons.
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GO.ID Term Annotated Significant Expected elimFisher
GO:0007411 axon guidance 162 71 29.9 3.7 × 10−14

GO:0001764 neuron migration 45 24 8.3 1.4 × 10−7

GO:0048814 regulation of dendrite morphogenesis 21 12 3.9 8.3 × 10−5

GO:0048011 nerve growth factor receptor 131 41 24.2 0.00023
GO:0001952 regulation of cell-matrix adhesion 23 12 4.2 0.00027
GO:0016044 cellular membrane organization 214 66 39.5 0.00030
GO:0019886 antigen processing and presentation 44 18 8.1 0.00043
GO:0006929 substrate-dependent cell migration 10 7 1.8 0.00051
GO:0006468 protein phosphorylation 538 128 99.3 0.00067
GO:0008089 anterograde axon cargo transport 13 8 2.4 0.00070

Table 6: Gene ontology analysis.
Top 10 over-represented gene ontologies in genes possessing micro-exons that are alter-
natively spliced in the brain. The elimFisher p-value statistic is uncorrected. Using the
stringent Bonferroni correction, the two most significant GO terms were still significant
(2756 GO terms were tested).

The differences in attributes between exons of different sizes, independent of

their splicing patterns, suggest that cellular mechanisms controlling splicing of

micro-exons may be different from those regulating general exon splicing.

Alternative inclusion of micro-exons can alter protein-protein inter-

actions

A widely believed role of alternatively spliced exons is to contribute to

protein diversity (Black, 2000; Romero et al., 2006). We therefore sought

to characterise the impact of micro-exon inclusion or exclusion on protein

structure. We first attempted to quantify the proportion of micro-exons that

have coding potential. Overall, we found that at least 93.8% (5416 out of 5744)

and 78.7% (1236 out of 1571) of CS and AS micro-exons, respectively, have

the potential to encode for amino acids, i.e. they do not introduce in-frame

stop codons (Materials and Methods). AS micro-exon sequence contained an

unusually high amount of intrinsically disordered regions1 (54.0–60.2%, 95%

confidence interval) compared to CS micro-exons (45.6–48.4%) and longer

exons (32.5-41.2%; Materials and Methods; Figure 47a). We also observed

1As predicted by DISOPRED, see Materials and Methods.
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Figure 45: Attributes of different classes of exons.
(a) Strength of 5’ and 3’ splice sites according to MAXENT scores in alterna-
tively spliced, constitutively spliced exons and in alternatively spliced and con-
stitutively spliced micro-exons. (b) length distribution of intron lengths flanking
different classes of exons. (c) GC content, TC content, Adenine composition, Cy-
tosine composition, Guanine composition and Thymine composition in intronic
flanks of different classes of exons.

that residues encoded within AS micro-exons were slightly but significantly

over-represented within unstructured sequence compared to other classes of

exons (61.7–62.0% vs 52.6–57.5%; Supplementary Figure 46). Since alternative

splicing of disordered regions are known to rewire interaction networks in a

tissue-specific manner (Romero et al., 2006; Buljan et al., 2012), an important

role of AS micro-exons might be to alter protein-protein interactions.
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Figure 46: Proportion of residues in coiled coils.
Alpha helices and beta strands in different classes of exons were also estimated
using PSIPRED.

To explore whether micro-exons within intrinsically disordered regions could

alter protein-protein interactions, we searched for micro-exons that encode

residues from domains known to interact with other proteins. Among genes

with conserved AS micro-exons with coding potential, we identified a paralogous

gene family consisting of three amyloid binding proteins: APBB1, APBB2,

and APBB3. All three APBB (amyloid-beta (A4) precursor protein-binding,

family B) genes possess 6nt micro-exons encoding two amino acids located

within the first of two phosphotyrosine-binding (PTB) domains. Searching

cDNA databases revealed that the micro-exons within APBB are also present

and alternatively spliced in fishes, chicken and diverse mammals (Figure 47b).

These micro-exons are located at paralogous positions within APBB genes,

indicating that these micro-exons survived over 400My of evolution since these
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genes’ duplications in early vertebrate evolution (Figure 47b).

Figure 47: Alternatively spliced micro-exons and protein structure.
(a) Alternatively spliced micro-exons tend to fall within intrinsically disordered regions more
than other classes of exons (bar represent 95% confidence intervals). (b) Translated cDNA
sequences from proteins belonging to the APBB protein family. A 6nt micro-exon exists at
a paralogous position in all three APBB proteins. Furthermore, all three proteins possess
two isoforms, one with the micro-exon included and one without, in both mammals (human,
gorilla), reptiles (chicken), and fish (Niloticus: O. niloticus, Mzebra: M. zebra). (c) 3D struc-
ture of the phosphotyrosine binding domain of APBB2 (cyan) in complex with the interacting
amyloid-beta protein (green). The close proximity of the cytoplasmic tail of amyloid-beta pro-
tein to the loop containing the two amino acid residues in complex suggest they interact. (d)
Superposition of the phosphotyrosine binding domain of APBB2 (blue) and of LDLR (orange).
After TNS4 was mapped onto the structure of LDLR, we found that both APBB2 and TNS4
possess a micro-exon in homologous loops (red). The inclusion or exclusion of these amino
acid residues are therefore expected to both alter the interactions of APBB2 and TNS4 with
amyloid-beta protein and beta integrin, respectively.

To investigate the functional impact of these micro-exons on protein struc-

ture, we mapped the two amino acid residues encoded by the micro-exon onto the
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known 3D structure of APPB2 (Figure 47c). This mapping showed that the two

residues are located in a beta-turn loop of APPB2 which we predict to interact

with the cytoplasmic tail of amyloid-beta protein from their close proximity in

the complex (Figure 47c). Interestingly, all 4 protein members from the tensin

(TNS) family also possess micro-exons (Supplementary Figure 48) which encode

residues within their phosphotyrosine-binding domains. By mapping the TNS4

sequence onto a homology model (Materials and Methods), we found that tensin

micro-exons are mapped to the same beta-turn as are the amino acids encoded

by micro-exons of the APBB protein family (Figure 47d). This points towards a

highly conserved mechanisms that control protein-protein interactions through

the alternative inclusion of micro-exons.

Figure 48: Tensin alignments
Regional alignment of human proteins belonging to the tensin family. Residues
encoded by micro-exons are highlighted in red.

5.3 Discussion

About 6% of all annotated human internal exons are 51nt or shorter (micro-

exons) and fewer than 0.5% are 21nt or shorter. Our aim was to study micro-

exons at the genome-wide level because to the best of our knowledge no genome-

wide functional study of micro-exon exists. Therefore, it has remained unknown

whether micro-exons are generally functional, the product of noisy splicing (Pick-

rell et al., 2010b), or mostly annotation artefacts. Here, we presented data sug-

gesting that over 60% of annotated micro-exons are well-conserved in vertebrates

and are thus expected to be functional. An even higher percentage (> 80%) of
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micro-exons with evidence of usage in the human brain are well-conserved and

expected to be functional. AS micro-exons were found to be different from other

classes of exons in several ways. They possess shorter flanking introns, elon-

gated poly-pyrimidine tract, and a higher number of conserved splicing motifs

in their flank compared to other types of exons. These features likely help the

splicing machinery in efficiently recognizing and processing AS micro-exons in a

tissue-dependent manner.

Analysis of deep transcriptomic data reveals that expressed micro-

exons are functional

By analysing 20,167,964,776 reads from 345 brain samples (Lonsdale et al.,

2013), we were able to identify 7,315 micro-exons included in brain transcripts

with a PSI 5% or higher. Of these, 255 micro-exons were novel, which suggests

that our current annotation was appropriate for a genome-wide study of micro-

exons. To estimate the proportion of functional micro-exons, we searched for

signatures of conservation in the 7,315 micro-exons expressed in the brain and

their flanking sequences, and observed that the vast majority of both AS and

CS micro-exons are highly conserved according to both vertebrate PhastCons

score and pairwise alignment percent identity, which strongly supports their

functional potential.

We found that the intronic sequences flanking symmetric AS micro-exons

tend to be conserved, which suggest that they too play a functional role. For all

pairwise alignments assessed, both exonic and flanking sequences of AS micro-

exons were more highly conserved than longer AS exons. This further indicates

that AS micro-exons are functional and possess constrained sequences in their

flanks that likely serve as splicing regulators in a spatial or temporal context.
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A large number of alternatively spliced micro-exons is involved in

brain function

There are 7,315 micro-exons with evidence of expression in the brain, 1,571

(21.5%) of which are alternatively spliced. The proportion of AS micro-exon

increases to 48.5% when restricting micro-exons to 21bp or smaller. As many

as 167 micro-exons were predicted to be included in transcripts expressed in

the brain, but not in transcripts expressed in other tissues. The brain-specific

inclusion of these micro-exons suggests a functional role which is exclusive to the

brain. By comparing the inclusion rates of micro-exons annotated in the mouse

genome across several organs to the ones of orthologous human micro-exons, we

observed a strong conservation of brain-specific splicing patterns which further

supports their involvement in mammalian brain function (Brawand et al., 2011).

To further explore the role of AS micro-exons, we searched for conserved

motifs enriched in the flanks of AS micro-exons. We found conserved sequences

in the 3’ flanking regions of AS micro-exons to be enriched in Rbfox binding

motifs, a signature that was absent for other classes of exons. Surveying the

flanks of exons in human revealed a similar enrichment in Rbfox motifs in the

3’ intronic sequences of AS micro-exons. Furthermore, by analysing Rbfox1,

Rbfox2 and Rbfox3 CLIP-seq data from mouse brains, we confirmed that all

three Rbfox proteins bind with higher affinity near AS micro-exons compared to

other exons, and that they bind with even higher affinity near AS micro-exons

with brain-specific usage patterns.

These findings are interesting for several reasons. Firstly, Rbfox proteins are

well known splicing factors that play crucial roles in both brain development

and function (Gehman et al., 2011, 2012; Weyn-Vanhentenryck et al., 2014).
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The enrichment of conserved Rbfox motifs near AS micro-exons therefore

strengthens our conjecture that micro-exons are involved in brain function.

Secondly, earlier studies on Rbfox reported increased inclusion when Rbfox

bound downstream to an exon, while the opposite effect was observed when

Rbfox bound upstream. The increased number of Rbfox binding motifs in the

3’ flanking regions compared to the 5’ flanking regions of AS micro-exons is

therefore expected to enhance the inclusion of these micro-exons, possibly by

recruiting other factors involved in splicing. Lastly, the conservation of Rbfox

motifs near AS micro-exons may explain how their brain-specific usage patterns

have been preserved between human and mouse, and possibly in all mammalian

lineages.

Our gene ontology analysis revealed that genes possessing AS micro-exons

tend to be involved in axon guidance and neuron migration. Although these

functions are somewhat expected from genes expressed in the brain, we must

note here that the enriched gene ontologies were obtained by comparing our

set of genes harbouring AS micro-exons to a set of brain-expressed genes. It is

therefore likely that AS micro-exons increases the transcriptome (and proteome)

diversity that are particularly important for these two processes.

Alternatively spliced micro-exons can alter protein structure and

protein-protein interactions

Lastly, we investigated the role of micro-exons on protein structure. Because

each micro-exon only encodes a small number of amino acid residues, we wished

to understand if and how they could affect the structure of a protein. Our

hypothesis was that alternatively spliced micro-exons can generate multiple

protein isoforms with distinct functions. We estimated that over 78.7% of AS
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micro-exons have coding potential. This estimate is conservative as it is based

on previously annotated upstream and downstream coding exons. However, it

is possible that several AS micro-exons function by means other than encoding

amino acid residues, for instance by regulating gene expression through nonsense

mediated decay (Weischenfeldt et al., 2012). The strong bias in symmetric AS

micro-exons however suggest that a major role of AS micro-exons is to increase

protein and, possibly, functional diversity.

By analysing micro-exons that fall within protein domains, we identified sev-

eral proteins with micro-exons in their phosphotyrosine binding domains. For

example, all three members of the APBB gene family possess an alternatively

spliced 6nt micro-exon in a beta-turn loop which lies in close proximity to the

amyloid-beta protein in complex. Furthermore, all four members of the tensin

(TNS) family also possess a micro-exon encoding 8–10 residues in a beta-turn

loop homologous to the one habouring the two residues encoded by micro-exons

in proteins of the APBB family. The inclusion or exclusion of these micro-exons

lengthens or shortens the beta-turn loop, and is therefore likely to alter protein-

protein interactions: APBB with amyloid-beta protein and TNS with beta in-

tegrin. Although these are only a few examples, our genome-wide predictions

of micro-exons location indicate that a higher proportion of AS micro-exons are

found in intrinsically disordered regions compared to other types of exons. These

disordered regions are well known to play important roles in protein-protein in-

teractions (Romero et al., 2006; Vavouri et al., 2009; Babu et al., 2011), thus we

hypothesise that many additional AS micro-exons encode residues whose inclu-

sion or exclusion can alter protein-protein interactions. We also hypothesise that

the use of micro-exons to regulate protein-protein interactions helps the protein

maintain its conformation by slightly altering the local structure of a protein. In
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contrast, the inclusion or exclusion of longer AS exons are expected in certain

cases to significantly alter protein structure.

Concluding remarks

Overall, our analyses predict that thousands of micro-exons are functional in

mammals and reveal at least 167 that are likely to have brain-specific functions.

This study highlights the importance of alternative splicing to protein diversity

and provides specific examples of alternatively spliced micro-exons that may al-

ter protein-protein interactions. Despite their short sizes, AS micro-exons likely

possess a large number of regulatory regions in their intronic flanks. This repre-

sents a large non-coding mutational target which can cause aberrant regulation

of important AS micro-exons and subsequently lead to disease. Aberrant splicing

induced by Rbfox dysregulation is associated with a variety of brain-related dis-

orders including autism, mental retardation and epilepsy (Gehman et al., 2012;

Weyn-Vanhentenryck et al., 2014). Therefore, it would be particularly interest-

ing to study how aberrant splicing of AS micro-exons can affect protein-protein

interactions during brain development and impact brain-related diseases.

5.4 Materials and Methods

Dataset retrieval

Overall, this study uses transcriptome data in the form of 76bp paired-end

RNA-seq reads from 345 post-mortem prefrontal cortices, 74 muscle samples, 47

nerve samples from human, and up to 10 samples for other tissues within the

GTEx (Lonsdale et al., 2013), 76bp paired-end from 25 post-mortem human brain

across development and ageing (Mazin et al., 2013) and from a diverse human

organs from the Illumina Human Body Map 2.0 (2011); mouse transcriptome
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data was obtained from Merkin et al. (2012); Rbfox CLIP-seq data were obtained

from mouse brains (Weyn-Vanhentenryck et al., 2014).

Discovery and mapping of splicing events

To identify novel micro-exons from RNA-seq data, 307 brain samples, 74

muscle and 47 nerve samples from GTEx were mapped onto Ensembl (release

70) cDNA transcripts using stampy allowing for multiple mapping locations

(options –xa-max=5 -t4 -v3 ). In the filtering step, only reads mapping with an

insertion of size 3 to 51nt which are flanked by at least 6nt matches on both

sides were kept. Subsequently, insertions overlapping exon-exon boundaries

were retrieved, and those supported by fewer than 10 reads were discarded.

Introns separating exon-exon boundaries were then scanned for the inserted

sequences (Figure 49). Sequences flanked by the canonical splice sites were

then considered to be putative micro-exons. In case of ambiguous mapping, a

location at random is chosen to represent the putative micro-exon. Of 7,575

inserted sequences, only four inserted sequences 6nt or longer were found

to map to ambiguous sites (< 0.1%), but 297 sequences of 3nt in length

were found to be ambiguous (21.7%). We further required micro-exons to be

expressed in at least 15% of all samples coming from each tissue (i.e. each

micro-exon must have at least 5% PSI in 45 of 335 brain samples) in order

to be considered to be novel. To allow comparison between novel predicted

micro-exons and previously annotated micro-exons, we also required previously

annotated micro-exons to have the same expression breadth as novel micro-exons.

An in-house pipeline was developed in order to quantify micro-exon usage.

A micro-exon alternatively splicing augmented transcriptome was created in the

following way: (1) identify all micro-exons annotated within an annotation file,
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Figure 49: Discovery of novel micro-exons.
Inserted sequences within mapped reads are aligned to intronic sequences if they
coincide with exon bondaries. We required canonical splice sites to flank the
inserted sequences within the introns.

(2) for each transcript, construct a version with the micro-exon(s) included and

one without, (3) in cases where there are multiple micro-exons in the same gene,

construct transcripts representing all possible combination of micro-exons inclu-

sion/exclusion for micro-exons that are 100nt within one another. Step (3) is

important for quantifying alternatively spliced micro-exons located in tandem

(several collagen genes harbour multiple micro-exons). RNA-seq datasets were

then mapped to this augmented transcriptome using bwa (single-end; options

samse -n 100 ), allowing at most 2 mismatches per read. The quantities RL

and RR, representing the number of reads supporting the left and right junction

respectively, can then be computed by counting the number of reads that span

each junction. According to these quantities, the number of reads supporting

each micro-exon, Rtot, can then be computed using the following equation:

Rtot = 2 ·min{RL, RR} (4)

In this case, taking the minimum of these two quantities avoids cases in

which an alternative 5’ or 3’ splice site biases the estimated micro-exon usage.
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Using Rtot, the percent spliced-in statistic can be computed for each micro-exon:

Rtot

Rtot +Rskipped

, where Rskipped represents the number of reads supporting an

exon skipping event.

To compare our in-house pipeline to STAR (Dobin et al., 2013), TOPHAT

(Kim et al., 2013) and OLEGO (Wu et al., 2013a), paired-end reads from a

76nt post-mortem human brain sample (SRR112675; Mazin et al. (2013)) were

mapped using STAR with standard options and maximum two mismatches (-M

2 ), TOPHAT with both standard options and micro-exon-search, and OLEGO

with standard options. The numbers of reads supporting micro-exons were then

computed according to the equation above.

Identifying brain-specific micro-exons

Brain-specific micro-exons were defined to be micro-exons that have a median

PSI of at least 25 in GTEx brain samples, and an 80-percentile of at most 10 PSI

in other samples, excluding samples from pituitary gland (due to their relatedness

to brain). 167 brain-specific micro-exons were identified using these thresholds,

but between 120–200 using different cut-offs.

Finding a set of constitutive and alternatively spliced exon

To identify a set of control exons to allow comparison with micro-exons anal-

ysed in this study, 100 samples from the GTEx brain were randomly chosen

and analysed. Spliced reads were recovered from each of the samples and the

PSI of each internal exon was computed in the same way as for internal micro-

exons. Exons with median PSI at least 10% and at most 95% were classified as

alternatively spliced, while exons with PSI higher than 95% were classified as

constitutively spliced.
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Conservation of micro-exons

To characterise the sequence conservation of micro-exons and their intronic

flanks, micro-exons were centred within 300nt windows and PhastCons scores

(from UCSC genome browser, version hg19) were retrieved for each position.

PhastCons confidence intervals for different classes of exons were then computed

by bootstrapping as such: (1) Let S denote a set containing vectors of size 300,

each representing the PhastCons score of one exon at each of the 300 nucleotide

positions, (2) draw randomly with replacement |S| vectors from this set, (3)

compute the average conservation profile S̄i, (4) repeat this process 1000 times,

obtaining {Si : 1 ≤ i ≤ 1000}. The lower and upper values of the confidence

interval for each position 1 ≤ k ≤ 300 correspond to the the 5- and 95-quantiles

of {Si(k) : 1 ≤ i ≤ 1000}, respectively.

To compute the percent identity between human brain-expressed exons and

orthologs in dogs, mouse, platypus and chicken, the internal human exons and

their intronic flanks were aligned to corresponding orthologous sequences. The

percent identity between human and the other species were then computed for

the 5’ and 3’ flanks of each exon. Additionally, the percent identity of 12nt from

the exon (6nt from both the 5’ end and 3’ end) were also computed to remove

biases from differing exon lengths.

Identification of conserved and over-represented k-mers

A diagram illustrating our approach can be seen in Figure 50. In order to

identify conserved k-mers, all regions consisting of human internal exons plus

500nt intronic flanking sequences (250nt from each flanking intron) were col-

lected. These regions were projected onto the genomes of rhesus monkey, cow,

mouse and dog using liftOver, and were then aligned with muscle (Edgar, 2004).
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Subsequently, the resulting multiple sequence alignments were divided into three

regions: 5’ intronic sequences, exonic sequences, and 3’ intronic sequences. A

sliding window of size 6nt was then used to scan for conserved regions, which

correspond to gapless 6nt alignments with entropy scores over 1.0). This entropy

threshold corresponds to the 10% most conserved 6-mers. Different entropy

thresholds lead to very similar results.

H. sapiens

M. mullata

M. musculus

B. taurus

C. familiaris

H. sapiens

M. mullata

M. musculus

B. taurus

C. familiaris

Align

Scan

Splicing regulators
Orthologous exons

Figure 50: Identification of conserved k-mers.
Diagram representing our approach to identify conserved intronic k-mers among
mammals.

Micro-exons, protein domains and structures

All 8,891 protein sequences (one per gene) containing a brain-expressed

internal exon studied here were collected and disordered regions and secondary

structures were predicted using DISOPRED and PSIPRED, respectively. The

disorder and secondary structures (Coil, Helix or Strand) of 8,308 proteins were
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successfully predicted at a residue-level resolution, and were used to compute

the proportion of disordered and coiled residues in the different classes of exons.

To identify micro-exons overlapping protein domains, HMMSCAN (Eddy,

2010) was used with pfam-A hmm database. The protein structure of APBB2

was retrieved from PDB with ID 2ROZ. To identify a structure homologous to

TNS4, HHPred (Soding et al., 2005) was used with TNS4 sequence as input.

The structure of LDLH (3SO6) was then found to be appropriate as a proxy for

TNS4 structure. Micro-exons within each protein were then mapped onto their

corresponding structure using pyMol.
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6 Chapter 6: Discussion

There are two common computational angles from which geneticists ap-

proach the question of how genetic variation influences phenotypic traits.

One approach (comparative genomics) is to identify functional changes in

the genomes of different species, while the other (population genomics) uses

standing genetic variation within species to study phenotypic variation. Al-

though both approaches share a common aim, population genomics has recently

gained widespread interest owing to its success in detecting genome-wide

functional sequence variation (mostly in yeast, flies, mouse and human). Indeed,

population genomics studies have now identified thousands of variable loci

that affect molecular phenotypes such as RNA expression levels (Pickrell

et al., 2010a; Montgomery et al., 2010; Lappalainen et al., 2013), protein

expression levels (Wu et al., 2013b) and transcription factor binding affinity

(McVicker et al., 2013). Analyses in human populations also revealed hun-

dreds of loci which underwent positive selection over the course of evolution,

and these likely correspond to loci that affect phenotype (Grossman et al., 2013).

Despite these successes, population analyses are limited in scope to only the

most recent evolutionary history of a species. Moreover, it is often difficult to

distinguish positive from negative selection because they leave similar signa-

tures on linked genetic loci (a reduction of genetic diversity). Consequently,

comparative genomics can complement population genomics and researchers

have begun to investigate possibilities of combining the two for greater power

(Lawrie and Petrov, 2014). However, comparative genomics currently remains

the only practical computational approach to study phenotypic innovations that

occurred in the distant past. Comparative genomics allows us to infer properties

of ancient genomes and to study the evolutionary forces that transformed them
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into the contemporary genomes that we now observe.

The work presented in this thesis focuses on using and developing compar-

ative genomics approaches to study genome evolution using high-throughput

data. In particular, my aim has been to identify and to understand how

evolutionary forces shaped ancient genomes by comparing large genomics

datasets from various extant species. In this thesis, I described analyses of

diverse evolutionary mechanisms including gene duplications, positive selection,

incomplete lineage sorting, and gene architecture evolution. The ensemble of

my work therefore provides us with a broad understanding of genome evolution.

In this last chapter, I discuss briefly my work and possible future directions.

6.1 Next-generation sequencing technologies are chang-

ing the way we study biology

The advent of high-throughput sequencing and constant technological ad-

vances encourage us to study biology in a new light. For instance, high-

throughput RNA sequencing has become a great complement to genome se-

quencing projects in two important ways. Firstly, the use of RNA sequencing

significantly increases the quality of gene annotations and secondly, it allows

genomicists to study the transcriptomes of non-model organisms in a wide vari-

ety of context. Other high-throughput assays can also now be used to explore

specific aspects of non-model organisms. To give but a couple of examples,

RAD-seq is now commonly used to estimate genetic diversity in non-model pop-

ulations (Davey et al., 2013; Wagner et al., 2013) and ChIP-seq can be used to

identify genomic regions bound by selected transcription factors (Ricardi et al.,

2014). Understanding the strengths and limitations of each method therefore al-
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lows novel biological questions to be approached in the most relevant non-model

organisms (e.g. speciation in cichlids).

Single-cell genomics

Single-cell genomics is an exciting area of research that allows us to study

cellular biology at an unprecedented resolution. I therefore wished to better

understand its limitations. Currently, detection of lowly-expressed transcripts

is difficult at the single-cell level and reconstructing whole genome sequences is

intractable. Sequencing small quantities of DNA or RNA, such as that present

in single cells, is known to be error prone as biases and errors that occur in

low levels are propagated through the heavy amplification steps needed for

high-throughput sequencing. This often leads to biases in coverage and low

technical reproducibility (Nawy, 2014).

Consistent with expectations, I observed that compared to bulk sequencing

data, single-cell sequencing of human breast cancer cell lines (HCC38) detected a

much smaller number of splice junctions, a proxy for transcriptional complexity.

Even when pooling all single-cell sequencing, many splice junctions remained

undetected. This means that either (1) some transcripts are not expressed in

all cells (a proposition that is known to be the case; e.g. Kaufmann and van

Oudenaarden (2007)), or that (2) rare transcripts have a small chance of being

amplified and detected. Indeed, if a rare transcript has a one in a hundred

(10−2) chance of being amplified, a back of the envelope calculation gives us a

probability of only 0.62 or 1− (1− 10−2)96 that it is detected in one sample out

of 96 sequencing runs.

Unfortunately, distinguishing the two possibilities is difficult with our current
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experimental design (though it is likely that both contribute to the differences

observed between bulk and single-cell sequencing). In an elegant study from

Marinov et al. (2014), the mRNAs from single cells were pooled together and

then split again into the same number of reactions that were used to build

libraries. Because the mRNAs were mixed, the proportion of each mRNA should

be the same (up to sampling error) in each library. Sequencing the libraries

therefore allowed them to measure exactly how much variation is associated to

technical noise. Although they found that technical limitations prevent detection

of lowly expressed genes (genes expressed at 1 FKPM2 were detected in only 10%

of all libraries, while genes expressed at ≥100FKPM were detected in almost

all libraries), overall gene expression variability was found to be significantly

higher than technical variability. This indicates that biological variation must

exist between single cells (from a lymphoblastoid cell line). Interestingly, they

found that 30 cells is the lower limit at which the transcriptome complexity

begins to recapitulate that of bulk sequencing, an observation that I have also

made from HCC38 transcriptomes (using transcriptomes produced using the

C1 protocol). Clearly, single-cell RNA sequencing technology is still in its

infancy. Carefully designed studies, such as the one from Marinov et al. (2014),

must therefore be employed until single-cell technologies reach their full maturity.

A second use of single-cell RNA data is to identify single nucleotide polymor-

phisms (SNPs). I estimated that the false positive rates of the variant calling

approach I used was around 50% using RNA-seq data generated using the C1

protocol. However, when SNPs are called in two or more samples, the false pos-

itive rate drops down to less than 5%. An interesting application is therefore

to study somatic mutations that occur within transcript-coding regions of the

genome. For example, by sequencing dividing cells after different numbers of

2Fragment Per Kilobase of transcript per Million mapped reads
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replication rounds, it should be possible to study somatic mutation rates during

cell division. Of course, this is restricted to regions corresponding to highly-

expressed genes as variants in these regions should be detected in every cell.

Another possibility is to sequence both the RNA and DNA of a single cell with

protocols similar to GT-seq. Although current biases in single cell whole genome

sequencing protocols do not permit reliable variant detection (due to uneven cov-

erage and biases), exome sequencing may allow replication of variants detected

at the RNA level.

SWiPS

Genome assembly remains to date a challenging task. Scaffolding programs

such as SWiPS can help us leverage the many low-quality assembly genomes

that were produced in the past 10 years (and are still being produced). However,

they suffer from several weaknesses. First, despite the scaffolding error being

low (less than 10% for most tested assemblies), errors in scaffolding propagate to

downstream analyses. For example, gene fragments that are linked incorrectly

can lead to errors in orthology prediction. In particular, the reconstructed gene

may lead to false positives in positive selection analyses.

With long read sequencing becoming increasingly cheaper and accurate,

short-read assemblers and scaffolding approaches are less necessary for genome

assemblies. Indeed, PacBio sequencing is already commonly used for sequencing

bacterial genomes as error rates approach 1%. Moleculo, an innovative approach

that produces 10kb reads can also be used to further reduce the complexity of

genome assembly (Kuleshov et al., 2014; Voskoboynik et al., 2013). Nevertheless,

a major shortcoming of current long-read sequencing is their low throughput

compared to short-read sequencing. This limits the cost-effectiveness of long-
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read sequencing for building transcriptomes. A modified version of SWiPS could

therefore be used to guide transcript assembly. De novo transcript assembly

remains difficult, and relies heavily on sequencing depth. Even with high se-

quencing depths, lowly expressed transcripts remain difficult to reconstruct. For

example, while the de novo transcript assembler Trinity is able to fully assemble

most of the highly expressed transcripts (80-percentile), transcripts expressed

at the 20-percentile were generally reconstructed only partially (Grabherr et al.,

2011). Scaffolding transcript contigs using orthologous protein sequence should

be more effective compared to scaffolding genomic contigs. This is because the

proportion of transcript sequence represented by proteins is much higher than

that of the genome. Less than 2% of the human genome is coding, while it is

expected that polyadenylated3 RNA consist of as much as 50% bases that are

coding. Therefore, a scaffolding approach using protein sequences like SWiPS

is promising for linking transcript fragments. Nevertheless, reconstructing mul-

tiple isoforms from a single protein remains difficult, in particular considering

the large amount of turnover in alternative splicing between even closely-related

species.

6.2 Gene duplication analyses

In general, ascribing a phenotypic change to a gene duplication event is ex-

tremely difficult. This is because a large fraction of genes have unknown func-

tions. Gene duplication may also lead to phenotypic changes at the cellular level

alone, which are difficult to assess. However, when the function of a duplicated

gene is known and when there is a conspicuous change in an associated trait, a

link between gene duplication and phenotypic change can be made.

3The polyadenylated transcriptome is generally the transcriptome fraction that is being
sequenced
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Beta-keratin gene family expansion in turtles

When I first discovered that a large expansion of the beta-keratin gene

family in the genome of the painted turtle, I immediately hypothesised that

they contributed to the emergence of the modern turtle shell. This is because

the turtle shell is known to consist mostly of layers of beta-keratins (Dalla Valle

et al., 2009b). Of course, other key innovations, such as the development of

the turtle carapacial ridge, were needed before turtles acquired their shells as

we know it. However, the beta-keratin expansion in turtles intrigued me the

most considering that the emergence of feathers in birds was also associated

with a large lineage-specific beta-keratin expansion at the syntenic genomic locus.

Interestingly, turtles retained two major groups of beta-keratin genes

that originated over 160My years ago (since this period corresponds to the

most recent common ancestors of the three turtles). Estimates from BEAST

however, suggests that this duplication likely occurred even earlier, probably

soon after the first turtle-like species emerged. As discussed previously, these

two beta-keratin clusters may provide a good example of subfunctionalization.

Indeed, evidence suggest that turtle shells evolved in two steps: first the plastron

evolved (belly shield), followed by the carapace (Li et al., 2008). The ancestral

turtle beta-keratin clusters may therefore have been retained because they first

allowed a hard keratineous plastron, and then, when the morphological structure

arose (i.e. the development of the carapacial ridge), a novel beta-keratin cluster

emerged, that encode beta-keratins that would later form the carapace of the

shell.

This hypothesis can be tested by designing cluster-specific primers to quantify

the expression of beta-keratin genes from each cluster in plastron and carapace
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precursor cells. If the plastron and carapace precursor cells express different sets

of beta-keratin genes, then this will be the first molecular evidence that the turtle

shell evolved in two steps. An additional prediction is that each set consists of

beta-keratin genes that are near each other in the genome as they arose through

tandem duplications. Subsequent to their duplications, their promoters evolved

independently which allowed fine tuning of the expression levels and cell type

specificity of beta-keratin gene.

6.3 Genome evolution in a rapidly diversifying clade

Incomplete lineage sorting

Recently, the study of primate genomes revealed that as much as 30% of the

human and chimpanzee genomes was more closely related to the gorilla genome

than to the chimpanzee and human genomes, respectively, despite chimpanzees

being more closely related to humans than to gorillas. In other words, 30% of

the human and chimp genomes are incompletely sorted relative to the gorilla

genome. I found that 43% of the haplochromine genomes were incompletely

sorted.

To arrive at this number, I used CoalHMM to estimate the coalescence time

of DNA segments of the haplochromine genomes, using the tilapia genome as

outgroup. CoalHMM uses hidden Markov models to assign genomic segments

to a tree and then learns population parameters, such as mutation rates,

population size and coalescence time to maximise the likelihood of the model

given the observed sequences. The advantage of such approach is that segments

are not fixed in length (e.g. windows of 100bp), and parameters are estimated

for each segment, yielding distributions of various parameters that can be
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interpreted in a biological context. A disadvantage of CoalHMM however is that

it is time consuming and relies on well aligned sequences. The ILS estimates

are therefore based on aligned regions of the cichlid genomes (i.e. present in

four cichlids: N. brichardi sequences were not used), which amounts to only one

fifth of the whole genome size. However, the amount of ILS is not expected to

significantly differ in unaligned regions because overall ILS levels are dominated

by neutrally evolving regions and unaligned regions are likely to evolve neutrally.

The high levels of ILS in the haplochromine cichlid genomes made me con-

sider its implications on cichlid biology. Notably, I hypothesised that, as with

DNA sequences, ILS could cause levels of gene expression to be more different

between two closely-related species than two more distantly-related species. This

is because ILS can occur in cis-regulatory regions or even in trans-acting genes.

Brawand et al. (2011) observed that phylogenetic trees constructed from pair-

wise correlation based on gene expression levels in the several primate tissues

were different from the species tree. More precisely, they found that for testis,

humans and gorillas group together, while chimpanzees fall outside. Although

they conjecture that this observation is explained by higher selective pressures

on sperm production in chimpanzees relative to humans and bonobos, it is also

possible that incomplete lineage sorting of gene regulatory elements (e.g. gene

promoters or transcription factor) could also contribute to the discordance be-

tween species and expression trees. Unfortunately, possibly due to the lack of

biological replicates, I was unable to find any correlation between the genealogy

of gene promoter regions and trees built based on their expression levels (data

not shown).

The role of Ednrb1 evolution in cichlid colouration
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Perhaps due to the short divergence time between cichlids, genome-wide

scans of positive selection and of changes in gene architecture were largely

fruitless. Statistical tests lack power to detect signatures of positive selection

when a small proportion (<5%) of sites are under positive selection (Yang and

dos Reis, 2011). Therefore, positive selection could not be tested in the genes I

found to be undergoing rapid evolution as fewer than 2% of their amino acids

were substituted. Nevertheless, I identified one gene, endothelin receptor b1

(Ednrb1 ), that shows both evidence of rapid evolution and change in gene

architecture in Haplochromine ancestors. In mammals, Ednrb genes have long

been studied for their roles during neural crest development, and in fishes,

Ednrb1 is known to be involved in pigment-cell development (Parichy et al.,

2000).

A conjecture is therefore that Edrnb1 polymorphisms were generated in

ancestral haplochromines which played a role in the emergence of a large

number of different haplochromine cichlid colour morphs. This can be tested by

sequencing full length Ednrb1 in a wide variety of cichlids possessing different

colouration. Although Diepeveen and Salzburger (2011) sequenced Ednrb1 in

26 cichlids to this end, we found that the most variable positions in the Ednrb1

gene are located at the 3’ end (C-terminal region of the protein), which they

failed to sequence.

Haplochromine males are also characterised by spots on their anal fins which

mimic real eggs and evidence suggest that these egg-spots play an important role

in breeding behaviour either through sexual selection (Salzburger et al., 2007),

or as marker of male dominance (Lehtonen and Meyer, 2011; Theis et al., 2012).

Since Ednrb1 likely plays a role in the formation of these egg-spots as they are
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derived from neural crest cells (Diepeveen and Salzburger, 2011; Braasch et al.,

2009), it is possible that the novel 5’ UTR exon in Ednrb1 contributed to the

emergence of egg-spots in Haplochromines. Interestingly, a distantly related ci-

chlid species, O. ventralis, possesses egg-spots with similar functions that instead

evolved on their pelvic fins, likely through convergent evolution (Salzburger et al.,

2007). I would therefore be interested to verify whether a similar gain-of-function

mutation occurred in the 5’ UTR of Ednrb1 in O. ventralis.

6.4 Functions of micro-exons and alternative splicing

RNA splicing occurs through the formation of the spliceosome at exons on

the pre-messenger RNA, a process that is guided by regulatory signals encoded

within and near exonic splice sites. Therefore, the discovery that exons as

small as 3nt were spliced into human transcripts astonished me as they do

not have “room” to harbour even a single splicing enhancer. I discovered that

AS micro-exons possess highly conserved intronic flanks that likely contain

splicing enhancers. It is therefore possible that they help exon recognition.

In particular, I found that Rbfox proteins show higher levels of RNA binding

downstream of micro-exons, which is predicted to enhance exon inclusion levels.

However, these conserved regions alone cannot explain how all micro-exons are

recognised by the spliceosome. For instance, constitutively spliced micro-exons,

which are spliced more efficiently, do not possess similar conserved intronic flanks.

This brings us to the first (of two) questions that I wish to investigate next.

The first question is about exon recognition. As shown in Chapter 5, there

are several lines of evidence that suggest a difficulty for the splicing machinery

to recognise micro-exons: (1) there is a sharp drop in the number of exons

under 51 nt, (2) reducing the size of an internal exon below 51nt induced exon
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skipping in gene constructs (Dominski and Kole, 1991), (3) the ratio of AS to

CS micro-exons is over twice higher than the ratio of AS to CS exons for longer

exons, and (4) there is little evidence of noisy splicing of micro-exons as most are

highly conserved across vertebrates. There should therefore be compensatory

mechanisms or stronger splicing signals that allow micro-exons to be properly

recognised constitutively. In my analyses, I was unable to find large differences

in genomic attributes between CS micro-exons and longer CS exons. However,

it is possible that the combined differences in several attributes can predict

whether a micro-exon can be spliced properly. For example, I found that CS

micro-exons had shorter flanking introns and slightly, but significantly, stronger

splice sites than longer CS exons. Preliminary results from counting known

enhancer hexamers (not shown) suggest that CS micro-exons also possess a

higher density of exonic enhancers. A more rigorous approach verifying that the

third sites of codons are more conserved in CS micro-exons than in CS exons

(matching distance to splice site), a hallmark of purifying selection on exonic

enhancers, would be of interest.

The second question pertains to the role of micro-exons in brain-related

diseases. I have shown that micro-exons are likely to be involved in brain

development. Furthermore, Rbfox proteins appear to regulate brain-specific

patterns of micro-exon splicing and their dysregulation has been associated

to several brain disorders including autism, mental retardation and epilepsy.

It is therefore possible that aberrant splicing of micro-exons contributes to

disease. In particular, Rbfox1 was found to regulate splicing of significantly

more exonic targets that are differentially spliced in autism patients than

would be expected by chance (Weyn-Vanhentenryck et al., 2014). Furthermore,

Weyn-Vanhentenryck et al. (2014) also observed that a significantly larger
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number of candidate autism-susceptibility genes (Basu et al., 2009) harboured

Rbfox targets than would be expected by chance. It may therefore be possible

to identify mutations associated with autism that lie near or within micro-exons.

Mutations at these locations may alter splicing efficiency or amino acids encoded

by micro-exons. Ideally, a set of de novo mutations associated with autism

can be obtained from the study of trios (healthy parents, child with autism).

We can then ask the question of whether there is a significantly larger number

of de novo mutations near or within micro-exons than compared to normal exons.

Another interesting disease-related finding was the discovery of a 6nt

micro-exon encoding 2 residues alternatively included in a beta-turn loop of

the Amyloid-Beta Precursor Protein-Binding, Family B protein (APBB). By

analysing the tertiary structure of APBB2 in complex with amyloid-beta pro-

tein, we found that this beta-turn loop likely interacts with the cytoplasmic tail

of amyloid-beta protein. Aberrant splicing of the conserved AS micro-exons in

Apbb genes may therefore affect APBB’s interaction with amyloid-beta protein

and contribute to the formation of amyloid plaques in Alzheimer’s disease (Hu

et al., 1999). Indeed, several studies identified intronic variants in Apbb2 that

were associated to Alzheimer’s disease (Golanska et al., 2008; Li et al., 2005). In-

clusion of the APBB1 micro-exon is restricted to neuronal cells (Hu et al., 1999),

which suggests it possesses a brain-specific role. Interestingly, the inclusion ratio

of the 6nt micro-exon in Apbb2, and to a lesser extent in Apbb1, decreases in hu-

man ageing brains (data not shown). A hypothesis is that an appropriate ratio of

Apbb2 isoforms (inclusion and exclusion of the micro-exon) must be maintained

to prevent amyloid plaque build-ups, a balance that might be disrupted by the

ageing process.
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