University of Bath

PHD
Comparative analyses of adaptive phenomena in eukaryotic systems

Bush, Stephen
Award date:
2015
Awarding institution:
University of Bath
Link to publication

Alternative formats
If you require this document in an alternative format, please contact:
openaccess@bath.ac.uk

Copyright of this thesis rests with the author. Access is subject to the above licence, if given. If no licence is specified above,
original content in this thesis is licensed under the terms of the Creative Commons Attribution-NonCommercial 4.0
International (CC BY-NC-ND 4.0) Licence (https://creativecommons.org/licenses/by-nc-nd/4.0/). Any third-party copyright
material present remains the property of its respective owner(s) and is licensed under its existing terms.
Take down policy
If you consider content within Bath's Research Portal to be in breach of UK law, please contact: openaccess@bath.ac.uk with the details.
Your claim will be investigated and, where appropriate, the item will be removed from public view as soon as possible.

Download date: 08. Jan. 2023

Comparative analyses of adaptive
phenomena in eukaryotic systems
Stephen James Bush

A thesis submitted for the degree of Doctor of Philosophy
University of Bath
Department of Biology and Biochemistry
August 2014

COPYRIGHT

Attention is drawn to the fact that copyright of this thesis rests with the author. A copy of this
thesis has been supplied on condition that anyone who consults it is understood to recognise that
its copyright rests with the author and that they must not copy it or use material from it except as
permitted by law or with the consent of the author.

This thesis may be made available for consultation within the University Library and may be
photocopied or lent to other libraries for the purposes of consultation.

I dedicate this thesis, with love and gratitude,
to my parents
Dawn and Ali

i

Acknowledgements
I’d like to thank my supervisor Araxi Urrutia in three-fold fashion, and in order: for the
tremendous opportunity offered in joining her lab, for her guidance and patience in shaping this thesis, and finally, but foremost in my mind, for the faith placed in an unknown’s
ability. I’m privileged to have had this position and not only grateful for all that I’ve
learned but knowing now what to do next. I’d like to thank also Bath’s bioinformatics
coterie (past and present) for reasons technical (of course) but rather more importantly,
socially too (Claudia, Katie, Jaime, Lu, Nina, Marina, Atahualpa, Jimena, Wei. . . ): it’s
been a stimulating environment, quite independent of my coffee excesses, and I couldn’t
have asked for it better! To Bath’s resident tutor team, too, for all that was packed into,
and around, the 7pm hour, and for the discreet little niche we all carved out on campus.
Following naturally from all the above, then, I take great pleasure in saying:
To my friends old and new for every added good memory, of which I’m glad to have
plenty, and for everything that isn’t particular – for the wine, the wit, the wandering and
all sorts of coffees. . . for your companionship and assistance along this journey, in which
I’d otherwise have disregarded the sun to favour computers, in all ways I’m honoured you
were there.
To Ed, for our on-stage adventures, or ‘PhD procrastination that got out of hand’ and
for all who supported and encouraged our projects, or otherwise committed directly: I’m
delighted and proud in equal measure that together we’ve managed to achieve this!
To Elle, for a grounding on bedrock and all that’s thereafter...
And finally, although with the greatest of gratitude, I’d like to thank my family – my parents Dawn and Ali, and my brother Kevin – for their love and support, both unwavering,
in seeing this PhD through.
My love and thanks to all for joining this journey. I couldn’t have achieved this without
you.

ii

Contributions
Results presented in chapters 3 and 4 have been published in the journal of Molecular
Biology and Evolution:
Chapter 3 may be cited as: Bush, S.J., et al. (2014) Presence/absence variation in A.
thaliana is primarily associated with genomic signatures consistent with relaxed selective
constraints. Molecular Biology and Evolution. 31(1): 59-69.
Chapter 4 may be cited as: Chen, et al. (2014). Correcting for differential transcript coverage reveals a strong relationship between alternative splicing and organism complexity.
Molecular Biology and Evolution. 31(6): 1402-1413.
Results presented in chapter 2 have been prepared and submitted for publication.
I confirm that I have designed and carried out all of the work presented in this thesis
as well as, with the support of my supervisor Araxi Urrutia, the writing of all chapters
presented, with the following exceptions:
Lu Chen and Jaime M. Tovar-Corona generated the alternative splicing annotations and
calculated a comparable alternative splicing index, used in chapters 2, 3 and 4.
Lu Chen also contributed to the original design of the study presented in chapter 4; we
are both co-first authors of the resulting publication.
Atahualpa Castillo-Morales contributed the functional category enrichment analysis included in chapter 3 and the phylogenetic generalised least squares regression included in
chapter 4.
Paula Kover provided genomic data for multiple A. thaliana accessions, and contributed
to the conception and design of chapters 2 and 3.
All of the aforementioned also contributed valuable edits and critical commentary to the
wording of the manuscripts here presented.

iii

Abstract
All phenotypic adaptations are encoded in the genome, although untangling the relationships between specific phenotypes and genomic changes is complicated by the fact that at
the molecular level, most changes are associated not with selection but neutral processes.
Distinguishing between the two is necessary for reliable interpretation of any potential
signature of selection. In this respect, this thesis addresses three aspects of genome evolution: biasing factors for the interpretation of protein evolutionary rates, the adaptive
significance of presence/absence variation (PAV) in the model plant A. thaliana and the
evolution of alternative splicing alongside increasing organism complexity. A comparative genomics approach is used throughout, taking advantage of the increasing availability
of high-throughput sequencing data. We show that (i) lineage-specific substitutions and
the differential conservation of the edges of exons influence interpretations of protein
evolutionary rate, (ii) that PAV in A. thaliana can be explained without invoking adaption, despite enrichments for PAV events in genes considered as positively selected, and
(iii) that alternative splicing is amongst the strongest predictors of organism complexity,
consistent with an adaptive role of transcript diversification in determining a genome’s
functional information capacity. Taken together, we find that the signatures and targets
of adaptation can either be masked by, or re-interpreted in the context of, non-adaptive
processes and that with the increasing availability of high-throughput data, such considerations are of increasing relevance.

iv

Contents
Acknowledgements

ii

Contributions

iii

Abstract

iv

List of Figures

vii

List of Tables

ix

List of Supplementary Tables

xi

Abbreviations

xiv

1

Introduction

1

2

Lineage-specific sequence evolution and exon edge conservation partially explain the relationship of evolutionary rate and expression level in A. thaliana

9

2.1

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

9

2.2

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

10

2.3

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

11

2.3.1

Correlates of dN/dS in A. thaliana . . . . . . . . . . . . . . . .

11

2.3.2

Accounting for exon edge conservation influences dN/dS and
its relationship with various genomic parameters, and unmasks
higher levels of positive selection . . . . . . . . . . . . . . . . .

13

Using the more distant relative T. parvula results in similar patterns to those found with comparisons to A. lyrata . . . . . . . .

15

2.3.3
2.3.4
2.4

Reduced prominence of gene expression as a predictor of A. thaliana’s
lineage-specific dN/dS . . . . . . . . . . . . . . . . . . . . . . . 16

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.4.1

Lineage-specific substitution estimates and the conservation of
exon edges partially explain the association between gene expression and dN/dS in A. thaliana . . . . . . . . . . . . . . . . . . .
v

17

17

2.5

3

2.4.2

Gene length is significantly associated with dN/dS values obtained from pairwise and lineage-specific substitutions for A. thaliana 19

2.4.3

Exon edge removal, but not lineage-specific substitution patterns,
unmask higher levels of positive selection . . . . . . . . . . . . .

20

Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . .

22

2.5.1

Data sources . . . . . . . . . . . . . . . . . . . . . . . . . . . .

22

2.5.2

Tests of sequence evolution and selection . . . . . . . . . . . . .

22

2.5.3

Exon edge trimming . . . . . . . . . . . . . . . . . . . . . . . .

23

2.5.4

Alternative splicing . . . . . . . . . . . . . . . . . . . . . . . . .

23

2.5.5

Randomisation test . . . . . . . . . . . . . . . . . . . . . . . . .

23

2.5.6

Expression data . . . . . . . . . . . . . . . . . . . . . . . . . . .

24

2.5.7

Other data sources . . . . . . . . . . . . . . . . . . . . . . . . .

24

Presence/absence variation in A. thaliana is primarily associated with genomic signatures consistent with relaxed selective constraints
26
3.1

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

26

3.2

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

27

3.3

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

3.3.1

Genes involved in signal transduction and both nucleotide and
protein binding are over-represented among PAV genes . . . . . .

29

Genes affected by PAV show signatures consistent with relaxed
selective constraints . . . . . . . . . . . . . . . . . . . . . . . .

35

PAV genes are located in genomic regions that are gene-poor and
transposable element-rich . . . . . . . . . . . . . . . . . . . . .

40

Exon loss is associated with a marginal reduction in expression
level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

41

3.4

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

43

3.5

Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . .

47

3.5.1

Genome sequence and annotations . . . . . . . . . . . . . . . . .

47

3.5.2

Detecting missing exons relative to Col-0 . . . . . . . . . . . . .

48

3.5.3

Functional category enrichment analysis . . . . . . . . . . . . . .

48

3.5.4

Sequence evolution analysis . . . . . . . . . . . . . . . . . . . .

48

3.5.5

Gene expression . . . . . . . . . . . . . . . . . . . . . . . . . .

49

3.5.6

Paralogue number and gene age annotations . . . . . . . . . . . .

49

3.5.7

Transposable element and hotspot motif density . . . . . . . . . .

50

3.5.8

Alternative splicing events . . . . . . . . . . . . . . . . . . . . .

50

3.5.9

Randomisation test . . . . . . . . . . . . . . . . . . . . . . . . .

51

3.3.2
3.3.3
3.3.4

vi

4

Correcting for differential transcript coverage reveals a strong relationship
between alternative splicing and organism complexity
52
4.1

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

52

4.2

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

53

4.3

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

55

4.3.1

Alternative splicing prevalence has increased throughout evolutionary time . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

55

Alternative splicing is a strong predictor of organism complexity,
assayed as cell type diversity . . . . . . . . . . . . . . . . . . . .

58

4.4

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

67

4.5

Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . .

72

4.5.1

Organism complexity . . . . . . . . . . . . . . . . . . . . . . . .

72

4.5.2

Identification of alternative splicing events . . . . . . . . . . . .

72

4.5.3

Additional functional genomic parameters . . . . . . . . . . . . .

72

4.5.4

Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . .

73

4.5.5

Correction for phylogenetic autocorrelation . . . . . . . . . . . .

73

4.5.6

Expression level . . . . . . . . . . . . . . . . . . . . . . . . . .

74

4.3.2

5

General discussion

75

Bibliography

83

vii

List of Figures
2.1

dN, dS, dN/dS and NI after exon edge removal.

. . . . . . . . . . . . .

14

3.1

Location within a Col-0 gene of exons missing in at least one other accession. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

Distribution of ‘exon presence/absence’ (E-PAV) genes (n = 330) – those
with at least one, but not all, exons missing in at least one accession – by
GOslim categories for molecular function (a), biological process (b) and
cellular component (c), and by family (d). . . . . . . . . . . . . . . . . .

30

Distribution of ‘CDS presence/absence’ (CDS-PAV) genes (n = 81) –
those with their entire coding region missing in at least one accession
– by GOslim categories for molecular function (a), biological process (b)
and cellular component (c). . . . . . . . . . . . . . . . . . . . . . . . .

31

Distribution of ‘exon presence/absence’ (E-PAV) genes – those with at
least one, but not all, exons missing in at least one accession – by GO
category (n = 330). . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

32

Distribution of ‘exon presence/absence’ (E-PAV) genes – those with at
least one, but not all, exons missing in at least one accession – by Pfam
category (n = 330). . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

34

Distribution of ‘CDS presence/absence’ (CDS-PAV) genes – those with
their entire coding region missing in at least one accession – by Pfam
category (n = 81). . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

35

Genetic features associated with intact (having no exons under P/A variation), E-PAV (having at least one, but not all, exons missing in at least
one accession), and CDS-PAV (having the entire CDS missing in at least
one accession) genes. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

36

Distribution of Tajima’s D values for intact (having no exons under P/A
variation), E-PAV (having at least one, but not all, exons missing in at
least one accession), and CDS-PAV (having the entire CDS missing in at
least one accession) genes. . . . . . . . . . . . . . . . . . . . . . . . . .

39

3.2

3.3

3.4

3.5

3.6

3.7

3.8

viii

3.9

Genomic context for intact (having no exons under P/A variation), E-PAV
(having at least one, but not all, exons missing in at least one accession),
and CDS-PAV (having the entire CDS missing in at least one accession)
genes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

40

3.10 Distribution of Z-scores for standardised transcript abundance data in the
affected accession. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

42

4.1

Total transcript number influences alternative splicing level (ASL) detection but this bias can be corrected using a sampling method. . . . . . . .

56

4.2

Variance in alternative splicing over evolutionary time. . . . . . . . . . .

57

4.3

Relationship between alternative splicing and organism complexity, assayed as cell type number. . . . . . . . . . . . . . . . . . . . . . . . . .

58

Biplot of the first two principal components built from 13 functional genomic variables available for 24 species. . . . . . . . . . . . . . . . . .

62

Distribution of both alternative splicing events (n = 17, 738) and ESTs
(n = 646, 634) for the genome of A. thaliana, according to the expression
level of the associated gene. . . . . . . . . . . . . . . . . . . . . . . . .

65

Distribution of both alternative splicing events (n = 76, 699) and ESTs
(n = 4, 510, 520) for the genome of H. sapiens, according to the expression level of the associated gene. . . . . . . . . . . . . . . . . . . . . . .

66

Distribution of both alternative splicing events (n = 45, 628) and ESTs
(n = 1, 403, 152) for the genome of M. musculus, according to the expression level of the associated gene. . . . . . . . . . . . . . . . . . . . . . .

66

Distribution of both alternative splicing events (n = 2128) and ESTs (n =
80, 237) for the genome of C. elegans, according to the expression level
of the associated gene. . . . . . . . . . . . . . . . . . . . . . . . . . . .

67

4.4
4.5

4.6

4.7

4.8

ix

List of Tables
2.1

Correlates of dN/dS and NI in A. thaliana, after alignment against A.
lyrata, T. parvula, or both. . . . . . . . . . . . . . . . . . . . . . . . . .

12

Relationship between the average number of alternative splicing events
per gene and the difference in evolutionary rate estimates before and after
codon removal from the exon edges. . . . . . . . . . . . . . . . . . . . .

19

Characteristics of E-PAV and CDS-PAV genes compared to genes with all
exons present in all accessions. . . . . . . . . . . . . . . . . . . . . . .

37

3.2

Age categories for orthologues of A. thaliana genes.

. . . . . . . . . . .

50

4.1

Association between CTN and genomic features before and after phylogenetic signal correction in 24 eukaryotic species. . . . . . . . . . . . .

59

Forward stepwise regression analysis using 13 functional genomic variables as predictors of CTN. . . . . . . . . . . . . . . . . . . . . . . . .

60

Regression coefficients of various functional parameters with number of
ESTs as independent variable (quadratic polynomial regression). . . . . .

63

Regression coefficients of 14 genomic parameters with CTN as the dependent variable, using as estimates for each variable the residuals of a
linear regression between variable x and the log-transformed number of
ESTs per species. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

64

2.2

3.1

4.2
4.3
4.4

x

List of Supplementary Tables
Tables too large to feature in the main body of this thesis are included on the attached CD.
Table S2.1. Relationship between dN/dS and evolutionary rate predictors in A. thaliana
Table S2.2. Relationship between NI and evolutionary rate predictors in A. thaliana
Table S2.3. Partial correlations between dN/dS and evolutionary rate predictors in A.
thaliana, controlling for expression level
Table S2.4. Average estimates of four evolutionary rate variables after sequential codon
removal from the exon edges vs. random codon removal
Table S2.5. Characteristics of the dN/dS and NI distributions for dataset A (pairwise
alignment of A. thaliana with A. lyrata) and dataset B (A. thaliana with T. parvula),
before and after codon removal at the exon edges
Table S2.6. Estimates of four evolutionary rate variables for 3213 A. thaliana genes in
dataset A (pairwise alignment of A. thaliana against A. lyrata) after having up to 10
codons removed from the exon edges
Table S2.7. Estimates of four evolutionary rate variables for 2041 A. thaliana genes in
dataset A (pairwise alignment of A. thaliana against A. lyrata) after having up to 20
codons removed from the exon edges
Table S2.8. Estimates of four evolutionary rate variables for 1443 A. thaliana genes in
dataset A (pairwise alignment of A. thaliana against A. lyrata) after having up to 30
codons removed from the exon edges
Table S2.9. Correlations between four selection strength/direction variables and 25 genomic characteristics, after sequential codon removal of 10 codons from exon edges vs.
random codon removal
Table S2.10. Correlations between four selection strength/direction variables and 25 genomic characteristics, after sequential codon removal of 20 codons from exon edges vs.
random codon removal
Table S2.11. Correlations between four selection strength/direction variables and 25 genomic characteristics, after sequential codon removal of 30 codons from exon edges vs.
random codon removal
Table S2.12. Are estimates of rho for the correlation of each evolutionary rate variable
with the genomic feature variable significantly different after sequential, compared to
random, codon removal?
xi

Table S2.13. Estimates of four evolutionary rate variables for 779 A. thaliana genes in
dataset B (pairwise alignment of A. thaliana against T. parvula) after having up to 10
codons are removed from exon-intron junctions
Table S2.14. Estimates of four evolutionary rate variables for 350 A. thaliana genes in
dataset B (pairwise alignment of A. thaliana against T. parvula) after having up to 20
codons are removed from exon-intron junctions
Table S2.15. Estimates of four evolutionary rate variables for 174 A. thaliana genes in
dataset B (pairwise alignment of A. thaliana against T. parvula) after having up to 30
codons are removed from exon-intron junctions
Table S2.16. dN/dS estimates using codons common to the alignment of A. thaliana, A.
lyrata and T. parvula
Table S2.17. Relationship between dN/dS and evolutionary rate predictors using estimates derived from codons common to the alignment of A. thaliana, A. lyrata and T.
parvula
Table S2.18. Estimates of four evolutionary rate variables for 73 A. thaliana genes in
dataset C (multiple sequence alignment of A. thaliana against A. lyrata and T. parvula)
after having up to 10 codons are removed from exon-intron junctions
Table S3.1. Exons missing in 17 A. thaliana accessions, relative to Col-0
Table S3.2. Genome deletions due to missing exons in 17 A. thaliana accessions, relative
to Col-0
Table S3.3. Transposable element density in the sequence adjacent to E-PAV genes
Table S3.4. Transposable element density in the sequence adjacent to CDS-PAV genes
Table S3.5. A. thaliana genes showing accession-specific exon loss
Table S3.6. Characteristics of GOslim categories and families enriched in genes with
exon presence/absence variation
Table S4.1. Functional genomic parameter data, organism complexity and sources of
genome annotations per species
Table S4.2. Regression coefficients of genomic parameters with CTN as the dependent
variable
Table S4.3. Regression coefficients of genomic parameters with CTN as the dependent
variable in the fungi-metazoan lineage only
Table S4.4. Correlation matrix (Spearman’s rho) for 13 functional genomic variables in
24 species
Table S4.5. Correlation matrix (Spearman’s rho) for 13 functional genomic variables in
15 fungi-metazoan species
Table S4.6. Regression coefficients of 14 genomic parameters with CTN as the dependent variable, using as estimates for each variable the residuals of a quadratic polynomial
regression between variable x and the number of ESTs per species
xii

Table S4.7. Regression coefficients of 14 genomic parameters with CTN as the dependent
variable, using as estimates for each variable the residuals of a linear regression between
variable x and the log-transformed number of ESTs per species
Table S4.8. Regression coefficients of genomic parameters with the average CTN of each
species in the same order as the dependent variable
Table S4.9. Regression coefficients of genomic parameters with the average CTN of each
species in the same order as the dependent variable, in the fungi-metazoan lineage only
Table S4.10. Relationship between the average number of alternative splicing events per
gene and % of PPI domains per gene
Table S4.11. Estimates of cell type number

xiii

Abbreviations
ADA - Arabidopsis development atlas
ASE - alternative splicing event
ASL - alternative splicing level (average number of alternative splicing events per gene)
ASP - alternative splicing prevalence (proportion of alternatively spliced genes out of the
total analysed)
BLAST - basic local alignment search tool
CC - coiled-coil
CDS - coding sequence
CNL - CC-NBS-LRR
CTN - cell type number
dN - number of non-synonymous substitutions per non-synonymous site
Dn - number of non-silent substitutions
DNA - deoxyribonucleic acid
dS - number of synonymous substitutions per synonymous site
Ds - number of silent substitutions
ENC - effective number of codons
ESE - exonic splice enhancer
EST - expressed sequence tag
Fop - frequency of optimal codons
gcRMA - robust multi-array analysis corrected for the GC-content of the oligo
GMAP - genomic mapping and alignment program
GO - gene ontology
LINE - long interspersed nuclear element
LRR - leucine-rich repeat
MPSS - massively parallel signature sequencing
mRNA - messenger RNA (ribonucleic acid)
NB-ARC - a nucleotide-binding adaptor shared by APAF-1 (apoptotic protease activating
factor 1), R (resistance) genes and CED-4 (cell death protein 4)
NBS - nucleotide binding site
xiv

Ne - effective population size
NI - neutrality index
PAML - phylogenetic analysis by maximum likelihood
PAV - presence/absence variation
PC - principal component
PGLS - phylogenetic generalized least squares
Pn - number of non-silent polymorphisms
Ps - number of silent polymorphisms
PPI - protein-protein interaction
PRANK - probabilistic alignment kit
R gene - resistance gene
RNA-seq - RNA (ribonucleic acid) sequencing
SINE - short interspersed nuclear element
SNP - single nucleotide polymorphism
TAIR - the Arabidopsis information resource
TE - transposable element
TIR - Toll/Interleukin-1 receptor
TNL - TIR-NBS-LRR

xv

Chapter 1
Introduction
Since life first appeared on Earth, organisms have constantly changed, diversifying to
populate most environments. The evolution of species proceeds as a result of the accumulation of changes in the prevalence of heritable genetic variations resulting from damage
to, or errors during the replication of, DNA. What drives the observed changes in allele
frequencies in different populations has been a matter of intense research for decades.
Generally, changes in allele frequencies result from two main forces: selection and drift.
Drift introduces noise into a population’s distribution of allele frequencies by the random
sampling of gametes in each generation, whereas selection refers to variations in allele
frequencies as a result of their effect on fitness, either through increasing the carrier’s
reproductive success or its survival chances. At the molecular level, selection can act at
individual genomic positions in a number of ways [1, 2]. Heritable variants (i.e. alleles) whose phenotypic expression increases fitness will increase in frequency over time,
eventually replacing the ancestral variant from the population and becoming ‘fixed’. This
process is known either as positive or directional selection, or adaptation, as the fitness
of an organism is adjusted with regard to its environment. By contrast, variation that decreases fitness will reduce in frequency within a population over time, a process known
as negative or purifying selection. As new mutations have a higher probability of being
deleterious than beneficial, more sites in the genome are under purifying than positive selection [3]. Finally, if the fitness advantage conferred by a particular variant is restricted
to hetero-, rather than homozygotes, then the variant is maintained indefinitely within the
population, a process known as overdominance. This is a type of balancing selection, a
term encompassing various selective regimes that can stably maintain polymorphisms in
a population [4]. It is also necessary to note that selection acts only on variation which
impacts upon fitness, i.e. variation that affects the phenotype. Many mutations, however,
do no such thing – they are selectively neutral and as such their fate is determined by
drift. Kimura [5] proposed that variation at the molecular level is not, for the most part,
related to fitness. Known as the ‘neutral theory of evolution’, this represents one of the
most important concepts in molecular evolution.
Although empirical evidence in support of this theory suggests a quantitative dominance
1

of neutral processes in genome evolution [6] – that more mutations are fixed by drift
than by selection because the majority of fixed mutations are selectively neutral – there
nevertheless remains considerable debate as to the relative weight of positive selection
and genetic drift in driving mutations to fixation, with ‘neutralism’ and ‘selectionism’ the
extremes of an explanatory spectrum for describing patterns of whole-genome variation
[7].
It is generally accepted that some types of variant are more likely to be under selection
– for instance, point mutations are considered less likely to have deleterious effects than
frame-shifting insertions or deletions, as are mutations within intergenic regions, which
are less likely to have impact upon the phenotype than changes to gene sequences. Furthermore, within the coding regions of genes, synonymous sites – where base substitutions do not alter the amino acid encoded by the corresponding codon – are thought to be
largely free of selective constraints compared to non-synonymous sites [8, 9].
This difference between synonymous and non-synonymous sites has been extensively
used to quantify the extent of selective constraint acting on any given gene. The rate of
non-synonymous substitutions per non-synonymous site (dN) can be used as an indicator
of positive or purifying selection. The rate of synonymous substitutions per synonymous
site (dS) can be taken as an indicator of the background rate of mutations and is commonly
used to correct dN, producing a ratio, dN/dS. If drift alone is the force determining which
mutations in a sequence reach fixation (i.e. the sequence is evolving neutrally), the expectation is that dN/dS approximates 1. The dN/dS ratio will exceed unity if natural
selection promotes changes to the protein sequence [10], in accordance with theoretical
work on various population genetic models, such as that of Wright-Fisher and Moran
[11]. Deviations from unity can then be interpreted as the action of selection – a high
dN is thought to stem primarily from gene-specific selective pressures related to the functionality of their protein products, and implies, although is not a definitive signature of,
positive selection [12]. Statistically significant deviations from a neutral expectation can
thus be used to infer the strength and direction of selection acting upon a given sequence,
and in this respect, it is now commonplace to identify, and then annotate, putatively selected loci on a whole-genome basis [13, 14].
dN/dS ratios have been calculated on a genomic scale to identify genes which are undergoing positive selection in the hope that these provide clues as to the phenotypic adaptations distinguishing any two species or to reveal fundamental relationships between the
characteristics and activity of genes, and their associated patterns of sequence evolution.
Studies examining a wide variety of taxa have found a number of relationships. For
instance, species-specific genes are less likely to be essential than genes present in ancestral species [15, 16], while more highly and broadly expressed are often more highly
conserved [17]. In addition, a gene’s age is related to the level of selective constraint it
experiences: newer genes are less likely to be essential and accordingly are often under
comparatively relaxed purifying selection [18, 19], i.e. would be more likely to have a
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higher dN/dS ratio. However, as gene age is estimated by the existence of orthologues
at different phylogenetic depths, this can confound the relationship – a sequence with a
dN/dS ratio at or exceeding unity will by definition have relatively weaker conservation
and lower sequence similarity to any orthologue. The relationship of age to evolutionary
rate is arguably an artefact arising from the inability to detect homology across large distances [20]. There are a number of additional factors which need to be considered when
establishing the existence and strength of these associations.
First, many earlier studies were based on a comparison of two species which makes it
impossible to assess the directionality of any substitutions. In these cases, dN/dS ratios
represent a composite of changes in the two lineages compared, and as such an increasing
number of studies resolve the issue by using an outgroup species to estimate lineagespecific dN/dS [21, 22, 23, 24, 25].
Secondly, the use of dS as a denominator to correct dN for the background mutation
rate assumes that mutations at synonymous sites are indeed under neutral evolution. This
is not always the case. In addition to the biasing effects of preferential codon usage,
whereby synonymous codons are used unevenly amongst the set of genes in a genome
[26, 27] and GC-biased gene conversion, whereby GC in AT/GC heterozygotes is preferentially fixated and can be falsely interpreted as positive selection [28, 29], it has been
shown that sequences flanking introns show higher conservation both at synonymous and
non-synonymous sites as they harbour exonic splice enhancers [30], conserved sequence
motifs that facilitate the assembly of splicing complexes [31, 32, 33]. How these factors influence the associations between sequence evolution and gene characteristics is
unknown.
In addition, multiple – and contradictory – interpretations can be placed upon a dN/dS ratio (or that of any other selection test), as these estimates, in themselves, do not explicitly
rule out alternative hypotheses [34]. Consider, for instance, if a sequence is found to have
a ‘high’ dN/dS ratio (one exceeding unity) – as established above, this is consistent with
a scenario of positive selection, but is also consistent with a scenario of comparatively
relaxed purifying selection across the sequence, or of having fewer sites undergoing selection. A hard threshold that distinguishes between these two opposing selective forces is
unreasonable and as such, to assist in interpretation, contextual information is necessary.
With the increasing availability of multiple genomes from a single species, it is now possible to take into account the rate of polymorphisms within a species at each genomic
site. This allows the calculation of neutrality indices, measures of the degree and direction of departure of a sequence from a neutral expectation which take into account the
numbers both of silent and non-silent polymorphisms and substitutions [35]. The classical neutrality index, the McDonald-Kreitman test, uses these estimates to compute the
fraction of substitutions at functional sites that were driven to fixation by positive selection [36]. This test has the null hypothesis of neutrality, i.e. that the ratios of intra- and
inter-species non-synonymous to synonymous variation are equal. Positive selection is
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inferred when inter-species exceeds intra-species variation – adaptive mutations spread
throughout a population rapidly and so affect the number of observed substitutions (i.e.
divergence), but not the number of polymorphisms [37].
Genomic data is now available for multiple individuals of certain species, including humans [38] and the model plant Arabidopsis thaliana [39, 40], which has allowed exploration of other aspects of intraspecies variation. In particular, the discovery of partial or
whole gene polymorphic deletions, affecting a significant proportion of the gene pool,
has received increasing attention. A number of authors have proposed that polymorphic
partial or whole gene deletions could play an important role in explaining the observed
phenotypic variation between individuals of the same species. This is particularly notable
for disease resistance phenotypes in A. thaliana, as R (resistance) genes show significant sequence divergence [41, 42] as well as enrichment for polymorphic deletions [43].
Against this selectionist model, however, polymorphic gene deletions can be explained
using a neutral hypothesis whereby those genes under relaxed constraints would be the
ones most likely to be polymorphically lost. No systematic test to distinguish between the
two hypotheses has yet been carried out.
All observed phenotypic adaptations are, by definition, ultimately encoded in the genome.
Untangling the relationships between specific phenotypes and changes at the genomic
level has proven to be a difficult task, complicated primarily by the fact that at the molecular level, most changes are now known to be associated not with selection but neutral
processes. These may affect the interpretation of any relationships. For instance, although
particular changes at the molecular level may be attributed to selection, the efficacy of selection - i.e. the probability of fixation - is dependent on the effective population size
(Ne ) of the species given the relative fitness of the phenotype, expressed as the selection
coefficient s [44]. s is considered the proportion by which the phenotype of interest is
less fit, in terms of fertile progeny, and the rate of adaptive evolution proportional to Ne s
if Ne s >> 1 [45]. In general, the efficiency of purifying selection decreases concomitant
with reductions in Ne (as proportionately fewer mutations have Ne s >> 1), resulting in a
relative increase in the strength of drift and the increased accumulation of slightly deleterious mutations [46, 47, 48]. It is also of note that as more closely related species tend to
increasingly share phenotypic characteristics, then any comparisons of genomic changes
between species (irrespective of the evolutionary forces acting upon them) may in part be
explained by their degree of phylogenetic relatedness.
It is thus of interest to compile and compare evidence of selection against evidence of
neutral processes as acting across any given genome.
So, how do we distinguish the effects of selection from neutral processes? In this thesis,
I address this question using a comparative genomics approach, taking advantage of the
increasing availability of high-throughput sequencing data. In each chapter I address the
adaptive significance of three different aspects of genome evolution: (i) rates of protein
evolution (dN/dS), (ii) presence/absence variation (PAV; intraspecies structural variation
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in a gene, in full or in part, such that genic sequence is present in some individuals of a
species but not others), and (iii) the evolution of alternative splicing (a post-transcriptional
process by which multiple distinct transcripts are produced from a single gene) across
eukaryotes.
These represent test cases in which possible adaptive interpretations of explicitly genomewide phenomena can be contrasted with explanations that primarily invoke neutral processes. In two of the chapters, I focus on the model plant A. thaliana, of particular note in
that it is a near obligate selfer, having a patchy distribution of inbred populations with
relatively rare outcrossed matings between different ecotypes [49]. Selfing increases
genome-wide homozygosity, and thus decreases the number of gametes which may be independently sampled in a given population, in effect reducing Ne [50]. As a consequence,
the efficacy of selection - particularly purifying selection - at purging weakly deleterious
mutations is reduced [51]. By contrast, selfing species may more readily purge recessive deleterious mutations, ’exposing’ them to selection by pairing them in a homozygote
[52]. Arguably, however, the reduction in selective efficacy brought about by a reduced
Ne are stronger than this ’exposing’ effect [53], with studies reporting a general trend of
relaxed selection in A. thaliana compared to outcrossing lineages, albeit with weak statistical support [54]. Nevertheless, notably reduced selective efficacy, in particular, has been
identified in this species at silent sites [55].
In chapter 2, I address questions relating to the interpretation of dN/dS, a signature of
selection, on a genome-wide basis. It is important to note that interpreting any estimates
of the dN/dS ratio rely upon assumptions which may be violated. In particular, it is assumed the selective pressures acting over synonymous sites are constant such that they can
be taken as a proxy of the mutation rate. This is not necessarily the case. For instance,
differential patterns of codon usage have been characterised at mammalian exon-intron
junctions [56, 57], consistent with enhanced conservation of synonymous sites in these
regions so as to maintain accurate splicing. These in turn can affect the overall dN/dS
estimate per gene [58, 59] and as such may mask the degree and direction of any selection
occurring. This potential bias in dN/dS interpretation is addressed in the model plant A.
thaliana. This is because the current consensus indicates that, in general, plant genomes
are predominantly under purifying selection [44], with low estimates of the number of
positively selected genes driving the divergence of sorghum [60] and maize [61], as well
as both A. thaliana [62, 63] and A. lyrata [64]. It is possible that the failure to identify positively selected genes reflects a mostly neutral evolutionary process, or alternatively that
other functional characteristics of genes have masked selection upon non-synonymous
mutations. Given the potential effect of exon-intron junction conservation and that in A.
thaliana, 75% of the genes are multi-exonic and 29% of the exons are short (< 100bp),
per-gene estimates of dN/dS may thus be affected by a disproportionately high dS.
This chapter shows that higher conservation at exon-intron junctions in A. thaliana is an
important component of dN/dS estimates by disproportionately increasing the propor-
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tion of conserved synonymous sites. This partially accounts for the relationship between
dN/dS and the functional characteristics of a gene and thus provides additional contextual
information by which dN/dS estimates can be interpreted.
In chapter 3, I consider questions relating to presence/absence variation in the model plant
A. thaliana. This chapter takes advantage of the recent genome sequencing of multiple A.
thaliana accessions [39, 40], which identify extensive intraspecies variation in both gene
and exon content [43], consistent with that observed in other plant species: maize [65],
sorghum [66] and soybean [67]. As genes showing such structural variations are enriched
for those involved in disease resistance, a function known to be fast evolving [68], this
aspect of A. thaliana genome evolution suggests a strong contribution made by selection
[43]. As previously explained, an adaptive explanation for a particular phenomenon necessitates that any observed variation has an effect upon the phenotype, such that it may
influence fitness. In the case of genes involved in disease resistance, it is reasonable to
suspect that the observed variation (PAV) leads to a phenotype visible to selection (novel
protein structure), which may benefit fitness (enhanced disease resistance in response to
a local pathogenic challenge).
Nevertheless, this adaptive hypothesis, although a compelling interpretation, has not been
explicitly tested. This chapter contrasts selective against neutral explanations of this
phenomenon, employing both selection tests and contextual information relating to gene
structure, function, genomic location and essentiality, concluding that although adaptive
scenarios cannot be explicitly discarded, PAV events can be explained without invoking
them.
In chapter 4, I consider questions relating to the evolution of alternative splicing, a mechanism by which a single pre-mRNA can yield multiple functionally distinct mRNAs, potentially increasing proteome diversity at a level disproportionate to increases in gene number
[69, 70]. Although a common process in ‘higher’ eukaryotes – particularly metazoans –
increases in the proportion of genes undergoing alternative splicing [71] are known to
correlate with decreases in the effective population size of species [72, 73]. This predicts
an increase in the relative strength of drift to selection and the subsequent accumulation of
slightly deleterious mutations, including those affecting splicing regulation. This would
result in a higher number of transcripts, but not necessarily those that are functionally
meaningful. As a consequence, many observed alternative splicing events are arguably
selectively neutral and that their existence is as a transient state, prior to being fixed, or
lost, due to drift. As such, the observed increases in alternative splicing for eukaryotes
may primarily be non-adaptive in nature, and that – in general – a low coding potential
for alternatively spliced transcripts is expected. It has thus been argued that the effect of
genetic drift, a neutral process, has a dominant role in the evolution of alternative splicing and that the majority of observed alternative splicing events are, rather than adaptive,
‘transcriptome noise’ [74, 75, 76, 77].
Nevertheless, there is an accumulating body of evidence to suggest that alternative splic-
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ing has had a central role in many biological processes. For instance, it is known that
alternative splicing can lead to physiologically meaningful changes in the domain content, binding properties and stability of a protein, along with its intracellular localization
and enzymatic activity [78, 79, 80], that genes whose protein products are involved in
protein-protein interactions have higher levels of alternative splicing [81], that the alternatively spliced regions of genes often comprise interaction sites for proteins and their
binding partners [82], and that splicing plays a role in numerous biological processes, such
as the virulence of pathogenic fungi [83], neuronal regulation in both primates [84, 85]
and rats [86], adaptive immune responses in invertebrates [87, 88], sex determination
in Drosophila [89, 90], and the differential morphological development of caste-specific
individuals in eusocial ants [91] and honey bees [92]. Genes with high levels of alternative splicing are also enriched for cytoskeleton-associated functions in vertebrates [93],
suggesting a potential role in the evolution of cellular complexity.
As such, although the above studies, in sum, suggest numerous possibilities for functionally relevant splicing, these observations can nevertheless be reconciled by suggesting a
general trend of non-functional splicing is the norm.
In the absence of experimental verification, the functionality of splicing events is hard
to assess and the problem is often approached using proxies. For instance, indicative
of potential functionality is that an alternative exon is conserved across species. That
proportionately few have been observed between, e.g., humans and mice, suggests that
splicing events are not, in general, of phenotypic significance ([94], but see also [95]), and
that the distribution of alternative splice sites is instead consistent with a neutral model
of random fixation [96]. Despite this, conserved patterns of differential exon usage have
also been observed in primates, albeit for a ‘sizeable minority’ of genes [97]. It is still
unclear, however, as to what extent ‘the majority’ of a genome’s splicing is noisy and how
sizeable is ‘the minority’ of splicing that is not.
Overall, it is reasonable to expect the evolution of alternative splicing to have involved the
interplay of both adaptive and neutral processes, although it is unknown as to which evolutionary force is of most significance in shaping the observed distributions of alternative
splicing events.
The main obstacle to comparative studies of alternative splicing is that differences in transcript coverage between species can distort the proportion of genes classified as undergoing alternative splicing and the number of splicing events detected [98, 71, 99]. This
chapter details the computation of a comparable index of alternative splicing, spanning
all major eukaryotic taxa and correcting for this bias via the method of [98], and establishes that alternative splicing is a strong predictor of organism complexity. Importantly,
we found no evidence to suggest that this relationship is explained by drift due to a reduced effective population size in ‘more complex’ species. These results are in principle
consistent with an adaptive role of alternative splicing in determining a genome’s functional information capacity, by facilitating increased transcript diversification in ‘more
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complex’ species. As such, this chapter contributes to the ongoing debate surrounding
the contributions made by selection and drift towards alternative splicing evolution.
In sum, this thesis addresses the means by which the activity of selection at the genomewide level can be distinguished from neutral processes.
Although the findings address the relative activity of selection and neutral forces upon
specific biological processes, they may also be placed in a broader context to illustrate a
more general conclusion. This argues that given the rise in high-throughput sequencing
data, it is no longer wholly sufficient to determine the action of selection by taking the
results of ‘selection tests’ (such as dN/dS or a neutrality index) in isolation. Rather,
as it is viable to consider large-scale adaptive phenomena acting across genomes, it is
arguably necessary to consider multiple signatures of selection simultaneously and, by
placing these results in the wider context of what is known of genome-wide evolutionary
processes, to construct a biologically meaningful narrative for these observations.
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Chapter 2
Lineage-specific sequence evolution and
exon edge conservation partially explain
the relationship of evolutionary rate
and expression level in A. thaliana
2.1

Summary

Rapidly evolving proteins can aid the identification of genes underlying phenotypic adaptation across taxa, but functional and structural elements of genes can also affect evolutionary rates. In plants, the ‘edges’ of exons, flanking intron junctions, are known to
contain splice enhancers and to have a higher degree of conservation compared to the
remainder of the coding region [100]. However, the extent to which these regions, if at
all, may be masking indicators of positive selection or account for the relationship between dN/dS and other genomic parameters is unclear. We investigate the effects of
exon edge conservation on the relationship of dN/dS to various sequence characteristics
and gene expression parameters using the model plant Arabidopsis thaliana. We also
obtain lineage-specific dN/dS estimates, making use of the recently sequenced genome
Thellungiella parvula, the second closest sequenced relative after the sister species Arabidopsis lyrata. Overall, we find that the effect of exon edge conservation, as well as
the use of lineage-specific substitution estimates, upon overall dN/dS partly explains the
relationship between the rates of protein evolution and expression level, as well as supporting a stronger link between dN/dS and gene length. Furthermore, the removal of
exon edges shifts dN/dS estimates upwards, increasing the proportion of genes potentially under adaptive selection. We conclude that lineage-specific substitutions and exon
edge conservation have an important effect on dN/dS ratios and should be considered
when assessing their relationship with other genomic parameters.
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2.2

Introduction

The rate of sequence evolution is known to vary between genes, particularly at nonsynonymous sites [101], with variations in the non-synonymous rate of substitution (dN)
thought to stem primarily from gene-specific selective pressures related to the functionality of their protein products [12]. As such, a ratio of non-synonymous to synonymous
substitutions (dN/dS) is often used to identify those genes likely to be involved in adaptation [102]. Determining which genes are under selection, in what manner, and how this
varies between species, is important for understanding how genetic diversity is maintained
and the relative importance of opposing selective forces in shaping a species’ genome.
The increased availability of sequenced genomes – from six sequenced species in 1997
[103] to thousands today [104] – has allowed genome-wide patterns of selection to be
investigated. Among them, the model plant Arabidopsis thaliana, one of the better characterised plant species, is an ideal organism to investigate genome-wide signatures of
selection as multiple genomes of this species have been sequenced [40, 39], along with
the genomes of its sister species Arabidopsis lyrata [105] (from which A. thaliana diverged approx. 13 million years ago [106]) and a more distant relative, the extremophile
crucifer Thellungiella parvula (from which A. thaliana diverged approx. 43 million years
ago) [107]. As the available data regards intraspecies diversity as well as species divergence, this is a substantial resource for analyses of genome-wide evolutionary rate
variation [63, 108].
The current consensus indicates that plant genomes are predominantly under purifying
selection [44], with low estimates for the number of positively selected genes driving
the divergence of sorghum [60] and maize [61], as well as both A. thaliana [62, 63]
and A. lyrata [64]. It is possible that the failure to identify positively selected genes
reflects a mostly neutral evolutionary process, particularly in plants, or alternatively that
other functional characteristics of genes have masked selection upon non-synonymous
mutations.
When comparing only two species, dN/dS ratios are a composite of substitutions occurring in either lineage. Since genomic parameters are only assessed in one species, i.e.
in A. thaliana but not A. lyrata, then any relationship between these and dN/dS may be
diluted. As such, it is important to calculate lineage-specific dN/dS by using an outgroup
species (e.g. [21, 22, 23, 24, 25]). In this respect, the genome of Thellungiella parvula
[107] provides an outgroup suitable for assessing lineage-specific sequence evolution,
potentially mitigating bias in dN/dS.
Interpretation of dN/dS ratios assumes that synonymous substitutions are mostly evolving under neutral conditions or that, at the very least, the selective pressures acting over
these sites are constant such that they can be taken as a proxy of the mutation rate. However, exon sequences can contain exonic splicing enhancers (ESEs), sequence motifs involved in both constitutive and regulated splicing by facilitating the assembly of splicing
complexes [33, 31, 32]. In humans, 6-8bp ESEs are enriched in the vicinity of splice sites,
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in particular 80-120 bases downstream of a splice acceptor [109], with these sequences
under increased selection in intron-rich genomes [110]. As higher conservation at the
edges of exons, particularly at synonymous sites, can reflect differential patterns of codon
usage [56, 57] and affect the overall dN/dS estimate per gene [58, 59], this can influence
any reported relationship between dN/dS and various genomic parameters, particularly
in compact, intron-rich genomes. In A. thaliana’s genome, 75% of the genes are multiexonic, 29% of the exons are below 100bp, the median exon length is 53 codons, and ESE
hexamers have been identified [100]. Thus, ESE conservation may have a strong impact
on estimates of dN/dS, and as such, estimates of the relative contribution of positive and
purifying selection to A. thaliana genome evolution.
In a substantial number of species (e.g. A. thaliana, B. subtilis, C. elegans, D. melanogaster,
E. coli, H. sapiens, M. musculus, the legume M. trunculata, S. cerevisiae, S. typhimurium,
T. rubripes and the viral order Mononegavirales) expression level has been found to be the
best predictor of dN/dS ratios [111, 112, 113, 114, 115, 116, 117, 17, 118, 119, 120, 121].
Additional variables found to be associated with dN/dS include expression breadth (an
estimate of the proportion of tissues in which a gene is expressed) [122, 123, 124, 125],
codon usage bias [126, 127, 128, 129, 130, 131], GC content [132, 133], protein multifunctionality [134, 135], the number of interacting partners per protein [136, 137, 138,
139, 140], recombination rate [141, 142], gene/protein length [143, 35, 144, 145] and
both intron number and length [146, 147, 148].
It is not yet known how dN/dS estimates are influenced by exon edge conservation [59],
nor whether this affects the indicators of positive selection within a genome or the covariance between the rate of sequence evolution and any given genomic parameter.
Here we address this issue by examining coding sequence evolution in A. thaliana, with A.
lyrata and T. parvula as comparison species, to investigate: (i) whether selection to conserve exon-intron junctions has a significant effect on dN/dS estimates and if so whether
this affects (ii) the relationship between expression level and evolutionary rate, (iii) the
relationship between other structural and functional parameters previously identified as
dN/dS correlates in one or more other species, and (iv) whether accounting for exon edge
conservation and lineage-specific dN/dS may unmask higher levels of positive selection.

2.3
2.3.1

Results
Correlates of dN/dS in A. thaliana

We found a significant correlation between expression level estimates based on RNAseq data and dN/dS estimated using A. thaliana-A. lyrata alignments (rho = −0.42,
p < 2.2×10−16 , n = 21, 198; Tables 2.1 and S2.1). Similar results were obtained when using independent expression data from two alternative platforms, microarrays and MPSS,
as well as when applying four normalisation procedures previously used for each set of
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estimates (Tables 2.1 and S2.1). All estimates of gene expression level were also significantly correlated with NI (Tables 2.1 and S2.2). As similar results were obtained when
using all gene expression data sources, all analyses involving expression level shown below (unless otherwise stated) refer to the RNA-seq data [39].

Table 2.1: Correlates of dN/dS and NI in A. thaliana, after alignment against A. lyrata,
T. parvula, or both.
Correlation strengths are shown as Spearman’s rho. Statistically insignificant values (p <
0.05) are marked with an asterisk. An expanded version of this data, showing p-values
and sample sizes, is available as Tables S2.1 and S2.2.
We then assessed the relationship between dN/dS and gene expression breadth (measured
both as the proportion of tissues in which a gene is expressed and the tissue specificity
index tau [149]), gene length and intron content, GC content, codon usage bias (measured
as the frequency of optimal codons, Fop ), protein multifunctionality and interactivity, as
well as recombination rate. We observed significant associations between dN/dS and
all parameters tested with the exception of GC content and recombination rate (Tables
2.1 and S2.1). Expression level was found to be the strongest predictor of dN/dS followed by expression breadth, gene length and intron content (Tables 2.1 and S2.1). In the
case of NI, we found that expression level and expression breadth explain approximately
equal proportions of the variance and that in each case these variables are the dominant
predictors (Tables 2.1 and S2.2).
As many of the variables found to be significantly associated with dN/dS ratios are themselves covariates of expression level, it is possible that some parameters may co-vary with
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dN/dS as a by-product of their relationship with expression level. Thus, to better understand the relative contribution of genomic features to dN/dS we assessed the relationship
between individual parameters and dN/dS after controlling for the effect of expression
level. To do this, we calculated partial Spearman’s correlation coefficients, finding that
all significant predictors of dN/dS remained so after correcting for their covariance with
expression level (Table S2.3).
Overall, we observe that expression level is the strongest predictor of dN/dS. Furthermore, the partial correlation coefficients for each variable show that the correlation of
most variables with dN/dS is only partially accounted for by their covariance with expression level.

2.3.2

Accounting for exon edge conservation influences dN/dS and
its relationship with various genomic parameters, and unmasks
higher levels of positive selection

Using pairwise alignments of A. thaliana with A. lyrata, we find that codon removal at
the edges of exons results in increased dN, dS and dN/dS estimates when compared to
those estimates calculated after random codon removal from any position in the coding
sequence (Figure 2.1 and Table S2.4). Estimates of NI were found to decrease with codon
removal compared to those NI values calculated from sequences where codons were removed at random positions, suggesting a weakening in the departure of sequence evolution from a neutral expectation (Figure 2.1 and Table S2.4). These patterns are consistent
with exon edges being under selective constraint with these regions having comparatively
fewer non-synonymous substitutions than sequence elsewhere in the gene. The above
findings suggest that codons at the ends of exons have a strong effect on dN/dS values,
reflecting the high levels of purifying selection at these positions acting on both synonymous and non-synonymous sites.
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Figure 2.1: dN, dS, dN/dS and NI after exon edge removal.
dN/dS (a), dN, (b), dS (c) and NI (d) for a sample of 1443 genes with at least one fully
alignable exon between A. thaliana and A. lyrata, after removing one codon at a time
from exon edges (black), to a maximum of 30. The effects of random codon removal
are shown in red. Statistical analyses are shown in Table S2.7. The above patterns are
consistent with data obtained using a lower number of removed codons, up to a maximum
of 10 (Table S2.5) or 20 (Table S2.6).
This results in a shift in the distribution of these estimates, suggesting that, in general,
sequential codon removal leads to a higher dN/dS than random removal (paired MannWhitney U test, null hypothesis: location shift > 0, p = 3.29 × 10−5 , n = 1443; Table
S2.5). Complimentary results were obtained when using NI (paired Mann-Whitney U
test, null hypothesis: location shift < 0, p = 1.24 × 10−16 ), and after the removal of
10 codons (dN/dS, p = 9.58 × 10−7 ; NI, p = 9.90 × 10−32 ; n = 2041) and 20 codons
(dN/dS, p = 5.73 × 10−6 ; NI, p = 2.68 × 10−21 ; n = 1443). 35 genes (2.4% of the
sample analysed) were found to have dN/dS values higher than 1, a potential indicator of
positive selection, after the sequential removal of 30 codons from exon edges, compared
to 20 genes after codon removal at random positions (χ 2 = 11.25, p = 7.96x10-4 ; Table
S2.5). Similar results were obtained after the removal of 20 codons (after sequential
codon removal, 50 genes have dN/dS > 1; after random removal, 35 genes, χ 2 = 6.43,
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p = 0.011), and after the removal of 10 codons (after sequential codon removal, 77 genes
have dN/dS > 1; after random removal, 58 genes; χ 2 = 6.22, p = 0.013). In general,
exon-intron junction removal shifts dN/dS values towards a range indicative of either
stronger positive or relaxed purifying selection, with an overall increase in the proportion
of genes potentially under adaptive selection.
In order to understand the effect of higher conservation at the exon edges on the relationships between dN/dS and other genomic parameters, we reanalysed the correlations
after removing 10 (n = 3213 genes), 20 (n = 2041 genes) or 30 (n = 1443 genes) codons
from the edge of each exon (Tables S2.4, S2.6, S2.7 and S2.8). We found that the correlation strength of dN/dS with numerous genomic features – in particular, expression level
and expression breadth – decreased after the removal of exon edges. We observed only
marginal changes to these correlation coefficients after removing an equivalent number of
codons from random positions (Tables S2.9, S2.10, S2.11 and S2.12). This suggests that
after the removal of exon edges, the decreased correlation strength between dN/dS and
these genomic parameters is not explained by increased noisiness resulting from the use
of shorter sequences to estimate dN/dS. The inference is also that a dN/dS based test of
selection is most acute for more highly expressed genes and that stronger correlations of
dN/dS with their various characteristics reflect the stronger constraints upon them. Furthermore, when considering NI, several variables including expression level, expression
breadth, intron density and various measures of gene length become stronger predictors
of NI (Table S2.12). These findings show that increased conservation at the edges of
exons influences the relationship of dN/dS and NI to the structural and functional characteristics of a gene, suggesting a disproportionate pattern of substitutions in these regions
that serves as a source of bias. Nevertheless, the relative order of these parameters as
predictors of dN/dS remains largely unchanged with expression level still the dominant
predictor.

2.3.3

Using the more distant relative T. parvula results in similar patterns to those found with comparisons to A. lyrata

When all analyses were repeated using dN/dS ratios estimated from alignments of A.
thaliana and T. parvula, similar patterns to those found with A.thaliana-A. lyrata alignments were obtained. Expression level remains the strongest predictor of dN/dS , albeit with comparatively lower covariance (rho = −0.29, p < 2.2 × 10−16 ; Tables 2.1
and S2.1), with both expression breadth and codon usage bias explaining progressively
smaller proportions of dN/dS variance. The relationship between NI and numerous
genomic features showed similar patterns to those observed when using A. thaliana-A.
lyrata alignments (Tables 2.1 and S2.2). Furthermore, the removal of exon edges from
the A. thaliana-T. parvula alignments resulted in similarly reduced correlation strengths
for dN/dS and numerous genomic features, but did not affect the relative dominance of
expression as a predictor (Tables 2.1, S2.1, S2.4, S2.13, S2.14 and S2.15). Exon edge re15

moval also results in the significant shift of both dN/dS and NI distributions towards values indicative of relaxed selective constraint and/or stronger positive selection, although
we find no increase in the proportion of genes with dN/dS > 1 (Table S2.5).

2.3.4

Reduced prominence of gene expression as a predictor of A.
thaliana’s lineage-specific dN/dS

Lineage-specific dN/dS estimates were derived from multiple alignments of A. thaliana
genes with A. lyrata and T. parvula, and revealed a marked decrease in the covariance
between dN/dS, and various genomic parameters including expression level (rho = 0.18,
p < 2.2 × 10−16 , n = 7086) and expression breadth (rho = −0.15, p < 2.2 × 10−16 , n =
5758), with total exon length becoming the strongest covariant of dN/dS (rho = −0.21,
p < 2.2 × 10−16 , n = 7086); Tables 2.1 and S2.1).
To rule out the possibility that reductions in both the absolute and relative strength of
the correlation between dN/dS and gene expression when examining lineage-specific
changes may be explained by differences in the gene/codon set tested, we re-calculated
pairwise dN/dS for A. thaliana against A. lyrata and T. parvula using only those codons
common to the multiple alignments of A. thaliana, A. lyrata and T. parvula used to
estimate lineage-specific dN/dS (Table S2.16). We confirmed the marked reduction
in the correlation strength between lineage-specific dN/dS and numerous genomic features when compared to pairwise comparisons of A. thaliana and either of A. lyrata or
T. parvula (Table S2.17). Significant reductions in the correlation between dN/dS and
expression level observed when examining lineage-specific dN/dS as contrasted to pairwise comparisons of A. thaliana with either A. lyrata or T. parvula were also confirmed
when using the same codons in all cases. Statistical significance was tested using a Ttest on the Z-transformed values of rho, as implemented by the paired.r method of the
R package ‘psych’ [150] – rho = −0.14, −0.25 and −0.28, for lineage-specific, pairwise vs. A. lyrata and pairwise vs. T. parvula estimates of dN/dS respectively, with
T-test p = 2.38 × 10−5 and 7.16 × 10−8 corresponding to significant reductions of the
lineage-specific estimate from both the pairwise vs. A. lyrata estimate and the pairwise
vs. T. parvula; Table S2.17). In contrast, the strength of the correlation between dN/dS
and protein length is increased when lineage-specific dN/dS values were used instead
of pairwise comparisons (rho = −0.18, −0.10 and −0.09, respectively, with T-test p =
9.05 × 10−3 and 9.42 × 10−4 ; Table S2.17). Notably in this case, the strength of the correlation between protein length and A. thaliana’s lineage-specific dN/dS (rho = −0.18,
p = 4.70 × 10−10 ; Table S2.17) was not weakened when controlling for the effect of expression level (partial rho = −0.20, p = 3.47 × 10−67 , Table S2.3).
We further find that using lineage-specific substitution patterns markedly reduces the
number of genes with dN/dS > 1 (21 genes have dN/dS > 1, 0.3% of the sample analysed) when compared to pairwise alignments of A. thaliana with A. lyrata (423 genes
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have dN/dS > 1, 2% of the sample analysed; chi-sq. p < 2.2 × 10−16 ), but not when
compared to alignments with T. parvula (41 genes have dN/dS > 1, 0.4% of the sample
analysed, chi-sq. p = 0.327).
Taken together, these findings suggest that when examining lineage-specific dN/dS estimates, the prominence of gene expression is diminished with protein length becoming the dominant predictor. This pattern is not explained by variations in the sample of
genes/codons used for the analyses. Importantly, we find no evidence that the use of
lineage-specific dN/dS estimates unmasks any additional signatures of positive selection
compared to pairwise alignments.

2.4
2.4.1

Discussion
Lineage-specific substitution estimates and the conservation of
exon edges partially explain the association between gene expression and dN/dS in A. thaliana

Previous studies have shown that in mammalian species exonic splicing enhancer sequences, located nearer the ends of exons [151], result in higher conservation of synonymous sites at the exon edges, suggestive of selective constraint to maintain correct splicing
[58, 59]. We show that, consistent with these findings, the removal of codons at the exon
edges has a strong effect on the rate of substitutions at synonymous sites in A. thaliana,
suggesting similar constraint, and associated functional importance, for ESE-containing
regions. A more moderate increase was also observed in non-synonymous rates of substitutions reflecting that purifying selection at these sites is higher than the average observed
at non-synonymous sites throughout the gene. When analysing estimates of dN/dS before
and after the removal of codons at the exon edges we found a sharp increase, suggesting a
disproportionate pattern of substitutions in these regions. Similar patterns were observed
when analysing synonymous and non-synonymous polymorphisms with higher polymorphism rates per site found after the removal of exon edges. Consequently, the removal
of exon edges resulted in a weaker association between dN/dS and measures of expression level and breadth. The relationship between dN/dS and other genomic parameters,
particularly gene length, was also affected but to a lesser extent (Table S2.12). The relative prominence of different features was not affected after the removal of exon edges
with gene expression remaining the strongest predictor. The observed decrease in the relationship of dN/dS and NI to gene expression after the removal of exon edges suggests
that a stronger degree of purifying selection acting upon splice enhancer regions partly
explains the association of dN/dS and NI to expression. From this we can infer stronger
splice-mediated selection in more highly expressed genes.
Taking the above findings together, how does exon edge conservation relate to an increased emphasis upon gene length – particularly when lineage-specific dN/dS is consid17

ered – and a decreased emphasis on expression level as a predictor of evolutionary rate?
These findings show that stronger constraint upon putative ESE-containing regions biases
the per-gene estimate of dN/dS, but that this is partially masked by the stronger relationship dN/dS has with expression level. It is reasonable to ask if anything can explain this
selective constraint in such a way as to also relate both to gene length and expression. One
possible explanation may be the extent to which a gene is alternatively spliced. Alternative splicing has been shown to positively correlate with a gene’s expression level [152]
and its intron content [153]. As longer genes are more likely to have complex exon-intron
architectures [154] this would increase, by probable combinations alone, the number of
possible splicing events. If we assume that the exon edges are under increased selection
for accurate alternative splicing compared to non-alternatively spliced exons, then those
genes that have higher levels of alternative splicing are expected to show a greater discrepancy in evolutionary rate estimates before and after codon removal. Using estimates
of the number of alternative splicing events per gene (see Materials and Methods), we
find that dN/dS ratios (calculated from pairwise alignments of A. thaliana and A. lyrata
to maximise sample size) are more strongly affected by codon removal from the exon
edges in genes with higher levels of alternative splicing – for instance, the increase in dN
after 10 codons are removed is significantly higher for genes with more splicing events
(rho = 0.13, p = 2.7 × 10−4 ; Table 2.2). This pattern is maintained even when up to 30
codons are removed (Table 2.2). Although based upon a limited sample size, this finding
merits further scrutiny as it shows that genes with alternative splicing events, compared
to non-spliced genes, have a higher degree of conservation at exon edges relative to conservation of the remaining coding sequence.
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Table 2.2: Relationship between the average number of alternative splicing events per
gene and the difference in evolutionary rate estimates before and after codon removal
from the exon edges.
The difference between dN, dS, dN/dS and NI estimates before and after codon removal)
is a proxy for the degree of selective constraint on the junction region. Only those genes
with statistically significant discrepancies in four evolutionary variables after sequential
codon removal from exon-intron junctions, compared to random codon removal, are used
in this analysis (summarised in Table S2.4; see Tables S2.5-S2.7, and S2.13-S2.15, for
data). Statistically significant findings (p < 0.05) are highlighted.

2.4.2

Gene length is significantly associated with dN/dS values obtained from pairwise and lineage-specific substitutions for A.
thaliana

dN/dS estimates are also influenced by the fact that pairwise alignments could introduce
biases due to branch-specific changes in the strength and direction of selection. For example, if a gene in A. lyrata was under a greater degree of purifying selection, this would
result in a decreased dN/dS estimate in A. thaliana [24]. To address this, we calculated
lineage-specific dN/dS values for A. thaliana by using T. parvula as an outgroup. However, compared to dN/dS estimates based on pairwise alignments with either A. lyrata
or T. parvula, we found the strength of correlations with all sequence characteristics and
expression parameters to be reduced (Table S2.1). It is notable that when correlating
gene expression level and dN/dS, the estimate of rho is reduced more than 50% using a lineage-specific rather than a pairwise dN/dS. If correlating expression level with
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lineage-specific dN/dS, rho = −0.18; with pairwise dN/dS estimates, rho = −0.41 and
−0.29 for alignments against A. lyrata and T. parvula, respectively (Tables 2.1 and S2.1).
Gene length has been found to be significantly associated with rates of sequence substitution in several species [145, 144, 35, 143]. In A. thaliana a significant negative relationship has previously been observed using a sample of 11,492 A. thaliana – A. lyrata
orthologous pairs [108], although no such relationship is shown in a similar study based
on a smaller sample size [63]. Using a similarly broad dataset as that used in ref. [108],
our results find a significant association with dN/dS. Given that expression and dN/dS
are also negatively correlated, i.e. highly expressed genes are more constrained [63], then
it also follows that those genes under stronger purifying selection are more likely to have
both a higher expression level and, in plants, possibly a longer length. It is therefore also
possible that a relationship between gene length and the rate of protein evolution is a byproduct of the relationship between expression and dN/dS. We do not find, however, that
the association between dN/dS and gene length is explained by the covariance between
gene length and gene expression.
Furthermore, in contrast to the correlation of evolutionary rate with gene expression, the
use of lineage-specific dN/dS values for A. thaliana did not result in a similar decrease
in the correlation of evolutionary rate with gene length. In fact, gene length was found to
be the primary predictor of lineage-specific dN/dS. It is possible that the comparatively
reduced prominence of expression level as a predictor of evolutionary rate is explained in
this case by mating system: A. thaliana, unlike A. lyrata or T. parvula, is a selfing species,
and as such may have a reduced efficacy of purifying selection [54]. In this respect,
the degree of constraint acting upon highly expressed genes may be partially masked
when using lineage-specific dN/dS estimates. Nevertheless, that A. thaliana experiences
a general trend of relaxed selection compared to A. lyrata is only weakly supported [155]
and in any case the relationship of expression level to lineage-specific dN/dS for A. lyrata
is equally reduced, assuming expression to be equivalent in both species (rho = -0.15,
p < 2.2 × 10−16 ). In addition, it is important to note that the differences between pairwise
and lineage-specific dN/dS are not explained by the differences in gene/codon samples
used to estimate dN/dS resulting from the fact that a smaller proportion of the A. thaliana
genome can be simultaneously aligned with both the A. lyrata and the T. parvula genomes.

2.4.3

Exon edge removal, but not lineage-specific substitution patterns, unmask higher levels of positive selection

One key objective of this study was to assess whether exon edge conservation and the
use of pairwise alignments could be masking additional signatures of molecular adaptation. Our results revealed that the edges of exons are under comparatively higher selective constraint than sequence elsewhere in the gene. By removing these sequences and
re-estimating dN/dS for each gene, the distribution of dN/dS values is shifted to the
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right, more so than by the random removal of an equivalent amount of sequence. This
range is indicative of relaxed purifying, or stronger positive, selection, and accordingly
we find that the proportion of genes under potential positive selection (dN/dS > 1) is increased. Of particular interest are four genes (AT1G08680, AT1G60930, AT2G17305 and
AT4G27370) whereby dN/dS becomes > 1 only after codons are removed sequentially
from the exon edges, but not when codons are removed from random positions. This could
suggest, in these cases, that an adaptive signature has been partially masked by disproportionate synonymous substitutions at the edges of exons. Of note is that AT1G08680 (ARF
GAP-like zinc finger-containing protein ZIGA4) has been linked to adaptive germination
phenotypes [156] and that AT1G60930 (RECQ helicase L4B) appears to be a duplicate
gene that has undergone a degree of functional divergence [157].
When considering lineage-specific dN/dS, however, the proportion of genes with dN/dS
> 1 is significantly lower than when dN/dS is estimated using pairwise alignments of A.
thaliana with A. lyrata. Having found a significant effect of exon edge conservation and
lineage-specific substitution upon dN/dS estimates when each was considered separately,
we wished to test whether the relationship between dN/dS and the set of genomic parameters changed when both factors are taken into account together. However, there was only
a very limited number of genes for which full exons could be aligned across all three
species, as required for the analysis of codon removal at the exon edges and the estimates
of lineage-specific dN/dS. Using a limited sample (n = 73) in which 10 codons could be
removed from the exon edges, we found no significant differences in the relationship of
dN/dS to any genomic parameter after codons were removed from the exon edges compared to removal at random sites (Tables S2.12 and S2.18). As better annotation of the
A. lyrata and T. parvula genomes, or those of related species, become available it would
be possible to assess the effects of exon edge conservation upon dN/dS estimates using
lineage-specific substitutions.
In sum, we show that higher conservation at the edges of exons in A. thaliana plays an
important part in determining dN/dS ratios by increasing the proportion of conserved
synonymous sites. The effect of these conserved regions upon overall dN/dS values
partly explains the relationship between rates of protein evolution and expression level.
By accounting for lineage-specific substitution patterns and the effect of conservation at
the exon edges, the ability of expression level to explain variation in evolutionary rate is
diminished, with gene length becoming the strongest covariant. In addition, we found
evidence of masked positive selection from the conservation of exon edges, irrespective
of the noise introduced to dN/dS estimates by the use of pairwise alignments.
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2.5
2.5.1

Materials and Methods
Data sources

Exon coordinates for A. thaliana strain Col-0 were obtained from The Arabidopsis Information Resource (TAIR) (ftp.arabidopsis.org/, file ‘TAIR10_exon_20101028’, downloaded 15th February 2013). The A. lyrata genome [105], strain MN47 (Entrez genome
project ID 41137), was obtained from Genbank (http://www.ncbi.nlm.nih.gov/nuccore/
ADBK00000000, downloaded 17th October 2012). The T. parvula genome, version 2.0
[107], was obtained from http://thellungiella.org/blast/db/TpV8-4.fa (downloaded 17th
October 2012).

2.5.2

Tests of sequence evolution and selection

Two measures of the degree and direction to which A. thaliana sequences diverge from
a neutral expectation were calculated – a neutrality index (see below), and dN/dS. Calculations require data both on the number of polymorphic and the number of diverged
residues in each sequence. To obtain the former, we used SNP data obtained after aligning
17 fully sequenced and independently assembled accessions against the Col-0 reference
genome [39] (data from Po-0 was not used as it has both unusually high heterozygosity and similarity to Oy-0). Diverged positions were identified from pairwise alignments
of A. thaliana against both A. lyrata and T. parvula. Alignments were made for 21,198
genes against A. lyrata and 10,289 genes against T. parvula, of which 7086 genes could
be aligned against both. To obtain these alignments, exons corresponding to the longest
available transcript per A. thaliana gene were matched to each species using the default
parameters of blastn [158] and a significance threshold of 1 × 10−10 . Sequence alignments were then obtained using the best hit sequence and the Smith-Waterman algorithm
(fasta35 with parameters –a –A) [159]. These alignments were then concatenated to create
a single sequence alignment per gene. Finally, to ensure the alignment was in-frame, the
translated A. thaliana sequence was aligned against either the A. lyrata or T. parvula sequence using tblastn (default parameters and significance threshold 1 × 10−10 ). For genes
with at least 150 aligned bases, estimates of dN/dS were calculated from the concatenated sequences using the Yang and Nielson model, as implemented in the yn00 package
of PAML [160]. These estimates are referred to as the ‘pairwise’ dN/dS. We also calculated a lineage-specific estimate of dN/dS using the extremophile crucifer Thellungiella
parvula [107] as an outgroup, according to the method of [24]. Firstly, we identified
those T. parvula genes with detectable homology to an A. thaliana gene for >50% of the
CDS length of the longest Col-0 transcript (blastn, default parameters [158]). Multiple
sequence alignments between the CDS of an A. thaliana gene, its A. lyrata orthologue (if
extant) and the homologous sequence in T. parvula were then made using PRANK [161].
dN/dS was calculated using the codeml program of PAML [160], with the equilibrium
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codon frequencies of the model used as free parameters (CodonFreq = 3). This data was
filtered to remove sequences less than 150bp in length or with branches showing either
dS < 0.02, dS > 2 or dN > 2 as these are either unreliable for estimates of the dN/dS ratio, non bona fide orthologues or otherwise saturated with substitutions [161]. Finally, to
calculate a lineage-specific dN/dS for A. thaliana, we assumed an unrooted tree topology
of ([A. thaliana, A. lyrata], T. parvula).
The neutrality index for each sequence, NI, was calculated as log((2Ds +1)(2Pn +1)/(2Dn +
1)(2Ps + 1)), where Dn and Ds are the numbers of non-silent and silent substitutions, and
Pn and Ps are the numbers of non-silent and silent polymorphisms [162]. NI can be interpreted in the same manner as a McDonald-Kreitman test for comparing the ratio of fixed
to within-species differences: its symmetrical distribution allows the inference of purifying selection when NI > 0 and the inference of positive selection when NI < 0 [163].

2.5.3

Exon edge trimming

To assess the effect of purifying selection upon exon edges, we removed up to 30 codons,
one at a time, from the edges of each A. thaliana exon that could be fully aligned against
the A. lyrata or T. parvula genome with an alignment both in-frame and a multiple of
three in length. Exons were then concatenated and genes with sequences of at least 150bp
after trimming constituted ‘trimmed’ subsets of, at minimum, 1443 genes (i.e. those for
which all 30 codons can be removed) and 174 genes, respectively. All analyses comparing
‘trimmed’ and ‘untrimmed’ sequences use the same set of exons per gene (coordinates
given in Tables S2.6, S2.7, S2.8, S2.13, S2.14 and S2.15).

2.5.4

Alternative splicing

Alternative splicing indices were calculated as described in [152]. In brief, alternative
splicing events were identified by aligning EST data obtained from dbEST [164] to the
genome sequence (ftp://ftp.ncbi.nih.gov/repository/dbEST, downloaded 1st May 2011),
as described in [165], and comparing mapping coordinates for each transcript. To correct
for the well-known bias in alternative splicing estimates resulting from differential transcript coverage between genes [69, 98, 71], a transcript number normalisation method
[98] was implemented as described in [152] whereby the number of alternative splicing
events per gene is calculated as the average number of events detected using 100 random
samples of 10 ESTs.

2.5.5

Randomisation test

Estimates of dN, dS, dN/dS and NI vary when codons are sequentially removed from the
edges of exons, suggesting that the strength of selection differs in these regions. To assess
whether this is significant, then for each codon removed at the edge of an exon, we created
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a parallel set of estimates of dN, dS, dN/dS and NI after random codon removal (1000
randomisations per gene) for comparison. A numerical p-value was calculated as follows:
let q be the number of times the ‘sequential removal’ estimate of dN, dS, and dN/dS was
higher than the ‘random removal’ estimate (or lower, in the case of NI). Letting r = s − q,
then the p-value of this test is (r + 1)/(s + 1). As variable estimates of dN, dS, dN/dS
and NI can in turn alter the correlation strength with predictors of evolutionary rate (such
as, e.g., expression level), the above test was also repeated using estimates of Spearman’s
rho for both the ‘sequential removal’ and ‘random removal’ conditions.

2.5.6

Expression data

Three independent sources of A. thaliana transcript abundance data were used:
(1) the Arabidopsis Development Atlas (ADA) generated by the AtGenExpress Consortium [62] (NASCARRAYS reference numbers 150-154, together representing 79 tissues,
were obtained from NASC AffyWatch [http://affymetrix.arabidopsis.info/, downloaded
7th November 2011]). Expression level was quantified as both the maximum absolute
gcRMA (Robust Multi-array Analysis corrected for the GC-content of the oligo [166])
across all tissue types (clustering the data into seven types – root, stem, leaf, flower,
pollen and apex) [63], and as the average across all 79 tissues (with each value itself the
mean of triplets) [108]. Breadth of expression was calculated from this database as both
the number of tissues in which a gene is expressed and the tissue specificity index (tau), a
scalar measure bounded between 0 (for housekeeping genes) and 1 (for genes expressed
in a single tissue) [149].
(2) Massive parallel signature sequencing (MPSS) data – which quantifies gene expression by counting short (17-20bp) mRNA-derived tags – corresponding to five tissues
(http://mpss.udel.edu/at/mpss_index.php, downloaded 28th March 2011) [167, 168, 169].
Expression level was quantified as either the average [170] or the maximum number of
tags across all tissues [64].
(3) RNA-seq transcript abundance data, where expression levels were taken as absolute
read values corrected by sequence length [39].
On top of the indices of expression obtained from each dataset, all three estimates of
transcript abundance (MPSS, ADA and RNA-seq) were transformed into Z-scores [171]
to allow direct comparisons between them. In addition, the weighted average of two
sets of A. thaliana protein abundance data was obtained for a total of 19,761 genes (paxdb.org, downloaded 15th February 2013) [172, 173]. The data employs tandem mass
spectrometry to quantify protein abundance by spectral counting.

2.5.7

Other data sources

Codon usage bias per gene was expressed as both the effective number of codons (ENC)
[174], and as the frequency of optimal codons (Fop ) [175]. The number of protein-protein
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interactions (PPIs) per gene was obtained from BioGRID, version 3.1.75 [176, 177].
Recombination data was obtained from a previous study [178]; this variable is used
as a sanity test as an insignificant relationship between recombination and dN/dS is
expected in an effectively obligate selfer. A gene’s degree of multifunctionality was
considered to be the number of GOslim terms assigned to it for biological processes.
‘GOslim’ is a condensed set of gene ontology (GO) categories, obtained from TAIR
(ftp://ftp.arabidopsis.org/home/tair/Ontologies/Gene_Ontology/
ATH_GO_GOSLIM.txt, downloaded 8th October 2013).
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Chapter 3
Presence/absence variation in A.
thaliana is primarily associated with
genomic signatures consistent with
relaxed selective constraints
3.1

Summary

The sequencing of multiple genomes of the same plant species has revealed polymorphic gene and exon loss. Genes associated with disease resistance are over-represented
amongst those showing structural variations, suggesting an adaptive role for gene and
exon presence/absence variation (PAV). To shed light on the possible functional relevance
of polymorphic coding region loss and the mechanisms driving this process, we characterised genes which have lost entire exons or their whole coding regions in 17 fully
sequenced Arabidopsis thaliana accessions. We found that although a significant enrichment in genes associated with certain functional categories is observed, PAV events are
largely restricted to genes with signatures of reduced essentiality: PAV genes tend to be
newer additions to the genome, tissue specific and lowly expressed. In addition, PAV
genes are located in regions of lower gene density and higher transposable element density. Partial coding region PAV events were associated with only a marginal reduction in
gene expression level in the affected accession and occurred in genes with higher levels
of alternative splicing in the Col-0 accession. Together these results suggest that although
adaptive scenarios cannot be ruled out, PAV events can be explained without invoking
them.
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3.2

Introduction

Intra-species variation in gene content represents an important source of heterogeneity
in the genome of a species and potentially contributes to an organism’s adaptability in
response to external pressures [179]. Cataloguing significant gains and losses in coding
regions within or between species will allow a deeper understanding of the mechanisms
underlying the molecular evolution of genomes, and can assist in identifying functional
variation in agronomically elite varieties of staple crops [180]. To this end, several studies
have examined polymorphic full or partial gene loss in several plant species. For instance,
after re-sequencing 50 rice genomes, up to 1327 possible gene loss events (2.4% of the
total gene set) were detected relative to the Nipponbare reference accession [181]. Significant intra-species variation in gene content has also been reported in maize [65], sorghum
[66] and soybean [67]. Previous studies in the model plant Arabidopsis thaliana, using
re-sequencing microarrays and Illumina sequencing-by-synthesis reads, have also shown
significant variations in total nuclear genome sequence among naturally occurring strains
[182, 183]. A more recent study using 18 fully sequenced A. thaliana genomes found
that, relative to the reference accession Col-0, 93.4% of proteins had intra-species variation in their genes, inclusive of large deletions [39] with around 775 genes per accession
found to have deletions spanning 50% or more of their coding region sequence [39]. A
comparison of 80 Arabidopsis genomes found that 9% of the total genes in A. thaliana
showed presence/absence variation (PAV) averaging 444 absent genes per accession [43].
Characterisation of coding region presence/absence variation has shown certain gene categories to be significantly enriched. For instance, 52 of the 154 nucleotide-binding site
leucine-rich repeat (NBS-LRR) R (resistance) genes were found to be deleted in at least
one of fifty rice cultivars [181]. Similar over-representation of the R genes in A. thaliana
has also been observed [184, 185], whilst in the soybean, genes enriched in structural
variation are more likely to be involved in nucleotide binding and biotic defence [67].
Enrichment of particular functional gene categories among genes affected by structural
polymorphism suggests these structural polymorphisms may have a functional role, allowing accessions to be better adapted to the environmental conditions they face.
However, this hypothesis has not been explicitly tested. If significant polymorphic deletions are adaptive, we would expect that affected genes should show multiple signatures of
being under selection. On the other hand, if structural polymorphisms mostly affect genes
evolving under relaxed constraints, then their adaptive significance should be questioned.
Here we characterise genes affected by presence/absence variation (PAV) spanning whole
exons in A. thaliana, to investigate which genomic features, if any, are associated with
these polymorphisms. Our results provide insights into the likely functional impact of
structural variation in protein-coding genes.
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3.3

Results
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In order to characterise presence/absence variation (PAV) in A. thaliana, we examined
previously identified polymorphic deletions in 17 fully sequenced Arabidopsis accessions
for which transcriptome data was available [39] (see Materials and Methods). We compiled a set of deletions that spanned entire exons in any of 17 accessions relative to the
Col-0 reference genome. A subset of the annotated deletions was experimentally validated [39]. To further rule out the possibility of wrongly identifying deletions due to
differences between assemblies, exons were confirmed as missing by searching for homology between the Col-0 exon on all other accessions (see Materials and Methods). A
total of 794 exons were classified as missing in at least one of 17 accessions, corresponding to 411 genes (approx. 1.5% of the total gene set) including 81 genes where the full
coding region was completely absent in at least one accession (Table S3.1). Exon losses
are not uniformly distributed throughout the gene: missing exon sequences are more often
found nearer the ends of each gene (Figure 3.1).
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Figure 3.1: Location within a Col-0 gene of exons missing in at least one other accession.
Only genes with at least one, but not all, exons missing were considered. For the regression of histogram density estimates against bin midpoints, adj. r2 = 0.47, p = 5 × 10−4 .
Overall, approx. 0.3% of the genes in each accession have at least one missing exon,
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representing between 10-50kb of missing sequence per accession (Table S3.2). A total
of 200 genes had exon loss affecting more than one accession, consistent with a previous
study reporting a ‘common history’ to deletion events in A. thaliana [186].
Because partial deletions spanning whole exons might have distinct functional implications compared to full coding region deletions, the 330 genes with partial coding region
loss spanning at least one full exon in at least one accession (exon presence/absence variation, E-PAV) and the 81 genes with full coding region polymorphic deletions affecting
at least one accession (full coding DNA sequence presence/absence variation, CDS-PAV)
were examined separately.

3.3.1

Genes involved in signal transduction and both nucleotide and
protein binding are over-represented among PAV genes

In order to characterise PAV genes, we first assessed whether these genes were overrepresented in particular gene classes or gene ontology (GO) categories. To do so, we
used four classification schemes: ‘GO’, a condensed set of GO terms (‘GOslim’), the
Pfam protein domain database and the family classification scheme of [39] (see Materials and Methods). Of the 330 E-PAV genes we found most to be poorly characterised
with 50% of them having no associated GOslim term. The proportion of poorly characterised genes is greater among CDS-PAV genes, with more than 60% having no associated GOslim term for biological process. When examining genes with associated GOslim
terms we found both E-PAV and CDS-PAV genes to be significantly enriched in genes
associated with signal transduction and nucleotide binding (Figure 3.2 and Figure 3.3).
Furthermore, E-PAV genes also appear significantly enriched in genes associated with the
GOslim term ‘other binding’, which includes proteins that bind to lipids, metal ions and
ATP, among other cofactors (Figure 3.2). Significant over-representation of functional
categories among PAV genes is consistent with a previous assessment of large coding region indels in the soybean genome [67] and of whole gene deletions in A. thaliana [43].
This is also observed when classifying genes using the broader set of ‘GO’, rather than
‘GOslim’ terms (Figure 3.4).
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Figure 3.2: Distribution of ‘exon presence/absence’ (E-PAV) genes (n = 330) – those with
at least one, but not all, exons missing in at least one accession – by GOslim categories for
molecular function (a), biological process (b) and cellular component (c), and by family
(d).
Both expected and observed number of E-PAV genes per category represented on each bar.
Where there is a significant enrichment (p <= 0.05) between the amount of observed and
expected E-PAV genes for a particular category an asterisk is shown over the bars. Only
categories with at least one E-PAV gene are shown.
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Figure 3.3: Distribution of ‘CDS presence/absence’ (CDS-PAV) genes (n = 81) – those
with their entire coding region missing in at least one accession – by GOslim categories
for molecular function (a), biological process (b) and cellular component (c).
Both expected and observed number of CDS-PAV affected genes per category represented
on each bar. Where there is a significant enrichment (p <= 0.05) between the amount of
observed and expected CDS-PAV genes for a particular category an asterisk is shown over
the bars.
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Figure 3.4: Distribution of ‘exon presence/absence’ (E-PAV) genes – those with at least
one, but not all, exons missing in at least one accession – by GO category (n = 330).
Only GO terms with 200 or greater genes were considered. Both expected and observed
number of E-PAV genes per category represented on each bar. Where there is a significant
enrichment (p <= 0.05) between the amount of observed and expected E-PAV genes for
a particular category an asterisk is shown over the bars.
When classifying genes by family we observe an over-representation of members of the
NBS-LRR (nucleotide binding site leucine rich repeat) family – involved in pathogen
detection [187] – among E-PAV genes (families ‘NBS-LRR active TNL’, adjusted p-value
= 8.57 × 10−35 , and ‘NBS-LRR active CNL’, adjusted p-value = 4.63 × 10−5 ; Figure 3.2),
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consistent with previous findings [185]. Furthermore, when examining the 3753 Pfam ID
gene associations (Figures 3.5 and 3.6) we observe an over-representation of members
of the NB-ARC and LRR domain containing families (note that ‘NBS-LRR’ refers to a
composite of the NBS and LRR domains and that the NBS domain is also known as ‘NBARC’ [68]). No enrichment of any particular gene family was observed among CDS-PAV
genes (data not shown).
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Figure 3.5: Distribution of ‘exon presence/absence’ (E-PAV) genes – those with at least
one, but not all, exons missing in at least one accession – by Pfam category (n = 330).
Both expected and observed number of E-PAV genes per category represented on each bar.
Only categories with a significant enrichment are shown. Note that there is a significant
enrichment of E-PAV genes in the category of ‘no Pfam annotation’ (adjusted p-value =
3.96 × 10−5 ).
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Figure 3.6: Distribution of ‘CDS presence/absence’ (CDS-PAV) genes – those with their
entire coding region missing in at least one accession – by Pfam category (n = 81).
Both expected and observed number of CDS-PAV genes per category represented on each
bar. Only categories with a significant enrichment are shown.
These significant enrichments in gene functional and domain annotations are in line with
previous findings in Arabidopsis [43] and other plant species [67, 65, 66] and have been
proposed to reflect the adaptive role of large polymorphic deletions.

3.3.2

Genes affected by PAV show signatures consistent with relaxed
selective constraints

To determine if PAV genes are generally associated with fast evolving proteins potentially under positive selection, we examined the rates of non-synonymous to synonymous
changes per gene (dN/dS). Using a randomisation test, E-PAV genes were found to have
a significantly higher dN/dS ratio compared to genes with all exons present but only 8
genes have a dN/dS ratio above 1 (Figure 3.7, Table 3.1 and Table S3.1). CDS-PAV genes
had a non-significant increase in dN/dS compared to intact genes (those not affected by
deletions spanning at least one exon in any accession; Figure 3.7 and Table 3.1).
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Figure 3.7: Genetic features associated with intact (having no exons under P/A variation),
E-PAV (having at least one, but not all, exons missing in at least one accession), and
CDS-PAV (having the entire CDS missing in at least one accession) genes.
From left to right, top to bottom: dN/dS, age, expression level, Tajima’s D, number of
paralogues and tau. See Table 3.1 for values of means and statistical analysis.
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Table 3.1: Characteristics of E-PAV and CDS-PAV genes compared to genes with all
exons present in all accessions.
To further examine the selective pressures associated with PAV genes, we considered nucleotide diversity at both replacement sites and silent sites (defined as non-coding sites
and the synonymous sites of protein-coding regions) for each gene, according to [39], and
calculated a neutrality index (NI) to compare the ratio of fixed to within-species differences. PAV genes were found to be associated with higher nucleotide diversity in both
silent and replacement sites (Table 3.1) and to have, on average, a lower NI. While taken
together, a lower NI, a higher dN/dS ratio and a higher nucleotide diversity are suggestive
of relaxed selective constraints this pattern is also consistent with a scenario of positive
and/or balancing selection. To differentiate between these possible scenarios, Tajima’s D
was calculated for each gene (see Materials and Methods). A threshold of ±2 was considered as the point at which D significantly departs from the null expectation of neutral
evolution for any given gene. Of the 330 E-PAV genes with exon presence/absence variation, 24 have D < −2 and only 2 have D > 2 (AT1G12180, D = 2.17, and AT5G35460,
D = 2.05, both of which are functionally uncharacterized). Among CDS-PAV genes, only
7 have D < −2 and none have D > 2. Compared to the set of intact genes, there are no
significant differences in the proportion of PAV genes either with D < 2 (randomisation
test p = 1 for both E- and CDS-PAV genes) or D > 2 (randomisation test p = 0.93 and
p = 1 for E- and CDS-PAV genes, respectively). As demographic characteristics of the
Arabidopsis population may result in a shift in the average Tajima’s D among the general
pool of genes it is possible that these hard thresholds may not be informative. Indeed, we
find that intact genes in Arabidopsis have the average Tajima’s D estimate shifted towards
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negative values. Thus, PAV genes could fall short of the hard threshold of +2 and still
have a higher D estimate than the general pool of genes, suggestive of balancing selection. However, E-PAV genes do not show significant differences in Tajima’s D estimates
compared to intact genes and CDS-PAV genes have, in fact, a significantly lower estimate
of D (Figure 3.7, Tables 3.1 and S3.1). It is possible that PAV genes may have a higher
range of D values compared to intact genes, hiding a higher proportion of genes under
positive and balancing selection which would not be reflected in overall changes in the
mean. To test this, we compared the distributions of Tajima’s D estimates in the three
sets of genes (intact, E-PAV and CDS-PAV). However, we did not observe any evidence
for increased dispersion in D among PAV genes (Figure 3.8). To further examine this
possibility, we examined the proportion of PAV genes below the fifth and above the 95th
percentile of the ‘intact’ distribution (D = −2.05 and 1.39, respectively). If a significantly higher proportion of E-PAV or CDS-PAV genes are found compared to the intact
set at the positive end of the distribution, we can infer the existence of a detectable subset
of PAV genes that may be undergoing balancing selection. However, this is clearly not
seen – only 2.33% of E-PAV, and no CDS-PAV genes, exceed the threshold value. At
the opposite end of the distribution, we observe no overrepresentation in the proportion
of E-PAV genes whose estimates of D are lower than the threshold (3.32%) although do
observe this for CDS-PAV genes (8.82%). This finding would suggest that a significant
proportion of CDS-PAV genes might be undergoing stronger purifying or positive selection relative to intact genes. Together these results suggest that while we cannot rule out
the effect of balancing selection acting on a few individual PAV genes a general trend of
balancing selection for PAV genes does not readily apply. Indeed, given A. thaliana is
a near obligate selfer, selection is expected to be less efficacious than in an outcrossing
lineage [51], consistent with a general trend of relaxed selection observed against weakly
deleterious mutations in this species [54]. It is intrinsically unlikely that in the absence of
overdominance, heterozygotes will remain unfixed in successive generations of the population. The excess of negative D values among PAV genes coupled with the higher levels
of nucleotide diversity and the significant increases in dN/dS ratios are consistent with a
scenario of weaker purifying selection but could also be explained by positive selection.
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Figure 3.8: Distribution of Tajima’s D values for intact (having no exons under P/A variation), E-PAV (having at least one, but not all, exons missing in at least one accession),
and CDS-PAV (having the entire CDS missing in at least one accession) genes.
We examined a number of parameters which have been previously associated by some
studies with gene essentiality to further explore the functional importance of PAV genes,
including a gene’s age [18] and the number of paralogues it has [188, 189], along with
weaker associations such as expression level [112] and tissue specificity [190].
Compared to newer genes, older genes are more likely to be essential [18]. After using the phylogenetic relationships of plant genomes to create a proxy for gene age, we
observed that the 330 genes affected by E-PAV are more likely to be newer additions
to the genome (Figure 3.7 and Table 3.1). It is also possible that E-PAV genes have a
greater number of paralogous genes which might compensate for any loss of function.
Consistent with this, we find that those genes with missing exons have a higher number
of paralogues compared to those genes with all exons present (Figure 3.7 and Table 3.1).
However, the opposite result was observed when analysing CDS-PAV genes – these have
an average of 4.2 paralogues compared to genes with no exon losses (Figure 3.7 and Table
3.1), suggesting their function is less essential. This is also consistent with the younger
age of CDS-PAV genes. We then assessed the expression patterns of genes affected by
exon presence/absence, since broadly and highly expressed genes are typically associated
with higher levels of selection [170]. Using a randomisation test, we found that genes
with exon losses in one or more accessions, when compared to intact genes, had lower
expression levels and higher tissue specificity (Table 3.1). In addition we also observed
that exons missing in at least one accession are, on average, shorter than exons present
in all accessions (170bp vs. 284bp, randomisation test p = 9.9 × 10−5 ; Table 3.1). However, although exons affected by polymorphic deletions are shorter on average compared
to non-deleted exons, E-PAV genes are longer than unaffected genes (2360bp compared
to 2142bp, respectively; randomisation test p = 0.008; Table 3.1). By contrast, CDS-PAV
genes – where polymorphic deletions encompass the gene’s entire coding region – were
found to be shorter than unaffected genes (640bp compared to 2142bp, randomisation test
p = 9.9 × 10−5 ; Table 3.1).
Overall, these findings show that although certain functional categories are over-represented
among genes with exon loss, more generally significant coding region loss is prevalent
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amongst novel, lowly expressed and poorly functionally characterised genes. These genes
seem to have evolved more recently in the Arabidopsis genome and are likely to be under
reduced selective constraint.

3.3.3

PAV genes are located in genomic regions that are gene-poor
and transposable element-rich

When characterising the genomic context of genes affected by PAV we found that genes
with both exon and full coding region loss are separated by longer intergenic distances
(Figure 3.9 and Table 3.1). Transposable element density around PAV genes was then
assessed as gene-poor areas have been associated with a higher transposable element density [191]. To do this, we used the reference accession (Col-0) and calculated TE density
for each gene in all intergenic sequence in 1-100kb windows centred on each gene’s midpoint, by counting the number of bases found within TE annotations (see Materials and
Methods). E-PAV genes were found to have an approximately two-fold increase in the
amount of bases annotated as a TE compared to genes which are intact in all accessions
(e.g. TE sequence accounts for approx. 30% of the non-genic sequence within a 10kb
window surrounding an E-PAV gene; Figure 3.9 and Table S3.3). Significant enrichment
of specific transposable element superfamilies was also observed, notably DNA transposons and LTR retrotransposons (Table S3.3).
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Figure 3.9: Genomic context for intact (having no exons under P/A variation), E-PAV
(having at least one, but not all, exons missing in at least one accession), and CDS-PAV
(having the entire CDS missing in at least one accession) genes.
Averaged values for the genes in each set are given for, from left to right, the intergenic
distance, the percentage of TE bases in the non-genic sequence of a 10kb window centred on that gene’s midpoint, and the percentage of recombinogenic motifs in the genic
sequence of a 1kb window centred on that gene’s midpoint. See also Tables S3.2 and S3.3
for the values of specific TE families and other window sizes.
In addition, we found that genes with missing exons have, on average, a shorter distance
from the gene boundary to the nearest TE than those genes with all exons present (2.5kb
compared to 5.7kb; randomisation test, p = 9.9 × 10−5 ; Table 3.1). If calculating the minimum distance to the nearest TE, classified by superfamily, E-PAV genes are significantly
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closer to every TE type: rolling circle TEs, DNA transposons, LTR retrotransposons,
LINEs and SINEs (Table 3.1). Similar findings were obtained when analysing TE content
in the surrounding regions of CDS-PAV genes (Table 3.1).
Certain TE sequence motifs have been associated with recombination hotspots which
could drive exon loss through promoting ectopic recombination events [192, 193]. To
explore whether genes affected by PAV have a local enrichment for such hotspot motifs,
we examined the density of these motifs both in and around genes (see Materials and
Methods). However, we observed no significant differences in hotspot motif occupancy
in the non-genic regions of windows surrounding E-PAV genes compared to intact genes
(in window sizes of 1kb to 100kb centred on the gene’s midpoint; Table S3.3). Nevertheless, a significant enrichment in hotspot motif occupancy was observed in the genic
sequence of all windows centred on E-PAV genes compared to those centred on ‘intact’
genes (Figure 3.9 and Table S3.3). When comparing CDS-PAV genes to the intact set,
we observed no consistent pattern of higher hotspot motif density within genic regions
and only a marginally higher proportion of hotspot motifs in the non-genic regions that
surround them, in windows up to 3kb in size (p < 0.01; Table S3.4). Taken together, these
results show that PAV genes are located in gene-poor and TE-rich regions of the genome
further supporting the hypothesis that PAV is associated with relaxed selective constraints.
Enrichments of sequence motifs previously associated with recombination hotspots in or
around PAV genes suggest that at least some exon deletion events may have resulted from
recombination events involving these recombination hotspot motifs.

3.3.4

Exon loss is associated with a marginal reduction in expression
level

The above results suggest that exon presence/absence variation is associated with reduced
selective constraints. To assess whether exon loss is likely to have resulted in reduced
functionality for the genes affected, we compared expression levels for genes with and
without missing exons across accessions. If exon loss causes or follows from diminished
functionality by previous mutations we would expect, given sufficient time, expression to
be significantly reduced in those accessions affected by E-PAV. Using RNA-seq transcription profiles for each Arabidopsis accession [39], we compared the expression patterns of
individual genes in accessions affected by exon deletions with those accessions where
the gene remained intact. To do this, we transformed expression data per accession to Zscores [171]. We then looked only at those genes where exon loss had occurred in a single
accession (210 genes). For each gene, we took (a) the expression level of that gene in the
affected accession, and (b) the mean expression level of that gene across the 17 unaffected
accessions (the other 16 under study plus the reference genome, Col-0). We found that
half of the genes examined had an expression level below this mean and 37% an expression level equal to it. However, on average, expression levels in the affected accession
departed little from mean expression in unaffected accessions (0.15 standard deviations).
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In 27 genes (13% of cases), expression level in a gene affected by an exon deletion was
higher than the mean expression across unaffected accessions with 14 cases showing a
statistically significant difference (Figure 3.10 and Table S3.5). These 27 genes are generally poorly characterised with 12 having no functional category annotations. Most genes
affected by exon deletions had low expression levels to begin with, although some exceptions are notable, such as rotamase CYP4 (AT3G62030; involved in a variety of cellular
functions related to metabolism and response to several types of stress), which has an
average expression level in the unaffected accessions of 400rpkm, among the top 1% of
genes with detectable expression in Col-0.
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Figure 3.10: Distribution of Z-scores for standardised transcript abundance data in the
affected accession.
Data shows 210 genes that have one or more missing exons in only one of 17 A. thaliana
accessions (relative to Col-0).
It is possible that the moderate effect of exon loss on gene expression levels is explained
by an over-representation of alternatively spliced exons amongst the set of missing exons.
This would allow for the production of viable protein products in their absence. In order
to test this, we quantified alternative splicing in 15,540 Arabidopsis genes including 103
of the 330 E-PAV associated genes using a ‘comparable alternative splicing index’ (see
Materials and Methods) which corrects for the distorting effect of variation in transcript
coverage among genes (reviewed in [165]). E-PAV genes were found to have a signif42

icantly higher number of alternative splicing events compared to intact genes (3.35 and
1.13 respectively; randomisation test p = 0.046).
Overall, these findings suggest that exon losses have only a marginal effect on the expression profile of genes in the accessions affected. The higher levels of alternative splicing
among genes affected by exon loss raises the possibility that a significant proportion of
lost exons are normally alternatively spliced, reducing selection pressure on these exons
since a functional protein product would be produced in their absence anyway.

3.4

Discussion

Intra-species structural variations in genes have been proposed to play an important role
in the adaptation of particular populations to variation in environmental conditions [179].
Here we have characterised presence/absence coding sequence variation (PAV) in 17
fully sequenced A. thaliana genomes, relative to the reference accession Col-0, affecting 411 genes including 81 instances of whole coding region deletions. We found a significant enrichment of genes associated with the GO terms for protein and nucleotide
binding as well as signal transduction. Both gene family and Pfam annotation enrichment analysis revealed significant enrichments of gene members from the disease resistance associated NBS-LRR gene families. Significant deviations from random expectations have been observed in previous studies of PAV genes in plants, with similar overrepresentation of resistance-associated gene families among PAV genes. For instance, in
sorghum [66], PAV genes are enriched in nine Pfam categories, including the NB-ARC
domain-containing family. In soybean [67], PAV-affected genes have also been found to
be enriched for members of the NB-ARC family, and within the GO category of ‘defence
response.’ CDS-PAV genes have also been shown to deviate from random expectations in
Arabidopsis [43], with the greatest significant enrichment in PAV genes also reported for
those with NB-ARC domains.
These functional and/or gene family enrichments can be suggestive of an adaptive role for
PAV events by aiding specific ecotypes in adapting to their local environment. Our results
– showing that genes associated with, e.g., resistance are more likely to be affected by
PAV – are, at first glance, consistent with this hypothesis. In addition, we were able to
confirm a previous report of CDS-PAV for three members of the R gene family – the
single-exon gene AT5G05400, and the multi-exon genes AT5G18350 and AT5G49140
[185] – a family known to have signatures of positive selection in A. thaliana [194].
However, comprehensive analysis for evidence of selection does not support this as a
general interpretation.
dN/dS ratios are one of the most widely used estimates of selective pressure acting on
protein coding genes with dN/dS >> 1 indicative but not a definitive signature of positive
selection [102]. dN/dS estimates typically assume a homogeneity of substitution pattern
between lineages although this does not always hold [195]. Nevertheless, A. lyrata has
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an excess of low-frequency non-synonymous polymorphisms both within and between
populations, more restricted in their population distribution but otherwise similar to A.
thaliana and in both cases consistent with a pattern of weak purifying selection [64]. Although there are, on average, a higher number of substitutions in E-PAV genes compared
to intact genes, this is not a clear signature of adaptation, and can suggest comparatively
relaxed negative, rather than stronger positive, selection.
We further found that PAV genes have significantly higher nucleotide diversity both at
silent and replacement sites, and a lower NI. Nevertheless, A. thaliana has a structured
population with strong local adaptation to climactic variation [196]. Its excess of nonsynonymous polymorphisms - which would bias NI estimates upwards - and reported lack
of global sweep signals can be interpreted as low levels of adaptation but are also both
expected under a model of predominantly local adaptation [197]. As such, although these
observations are suggestive of weaker purifying selection, they can also be expected if
PAV genes were under higher balancing selection. Indeed, there is evidence to suggest that
the diversity of resistance-associated genes is maintained by balancing selection [198],
which are over-represented among PAV genes. Balancing selection has been proposed to
stably maintain both the intact gene and the absent allele [43].
So, is balancing selection the most parsimonious explanation for why PAV genes are
associated with higher nucleotide diversity? A classic scenario of trans-species polymorphism, associated with balancing selection, cannot be assessed given the limited sequence
variation data available for A. lyrata, A. thaliana’s closest sequenced relative. It is possible that the ‘gene/exon present’ and the ‘gene /exon absent’ alleles are under selection
to be maintained in different A. thaliana populations, allowing them to better adapt to
their local environment. This would be consistent with the increase in nucleotide diversity but this scenario cannot be distinguished from alternative neutral models. Conditional
neutrality at PAV loci, where the functional gene has ceased to be adaptive in some but
not all environments, cannot be ruled out (e.g. in the case of resistance genes where the
corresponding pathogen is absent [199]). In this case, the absent allele would have no
selective advantage at any point but rather result from relaxed constraints associated with
PAV genes in some Arabidopsis populations. Moreover, a model of generalised relaxed
constraints affecting the PAV loci would also lead to increased nucleotide diversity and
slight increases in dN/dS.
Tajima’s D, a comparison of two estimators of j (the population mutation rate 4Nem) –
the number of segregating sites and the average number of pairwise differences between
sequences [200] – offers a more reliable estimate of selective pressures acting on a gene as
it incorporates information about the distribution of segregating alleles in a species. This
allows more accurate estimations of the degree and direction of departure of sequence
evolution from a neutral expectation (although non-selectionist interpretations of D are
also possible, such as recent population expansion or bottlenecking for negative and positive D, respectively) [200]. Tajima’s D values do not provide evidence for either E-PAV
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or CDS-PAV genes to be under balancing selection. Taking dN/dS, NI, nucleotide diversity and D estimates together, most PAV genes appear to be evolving under relaxed
constraints.
A signature of relaxed selection associated with PAV genes is combined with a variety
of features which have been associated with lower gene essentiality. We found that PAV
genes have lower expression levels and higher tissue specificity; both of these features
have been associated with higher rates of substitutions and reduced gene essentiality
[112, 190]. Older genes have been considered more essential [18] and have been associated (in humans, flies and Aspergillus) with a higher expression level and stronger
purifying selection [19]. We found that PAV genes are, on average, newer additions to the
genome and that most exons affected by PAV do not have an orthologous exon in A. lyrata
(663/794). We note that both E-PAV and CDS-PAV genes are enriched in reverse transcriptase domains (Figures 3.5 and 3.6) and E-PAV genes for transposase domains (Figure
3.5), suggesting exonization of transposable elements as the origin of some PAV-affected
exons.
In addition, the fact that gene expression is only marginally reduced in accessions affected
by exon deletion events suggests that the lost exons may only have had a limited impact on
gene functionality. This is possibly explained in some cases by alternative splicing, which
has already been associated with an increased frequency of exon loss in humans, mice
and rats – alternatively spliced forms are less likely to be conserved between species than
constitutive exons [201]. In A. thaliana, we found that genes with E-PAV are under weaker
purifying selection and have a greater number of alternative splice events compared to
intact genes. This observation suggests that alternatively spliced exons are likely to be
under reduced selective constraints compared to constitutive exons and thus whole exon
deletions would have less of a detrimental effect than the loss of a constitutive exon. To
the best of our knowledge this is the first time that exon loss events have been associated
with elevated alternative splicing levels within a species rather than between species.
The genomic context of genes has also been linked to both patterns of sequence evolution and features associated with gene essentiality. A recent study in A. thaliana has
correlated the presence of TEs adjacent to genes with sequence variation within that gene
[202] suggesting TEs tend to accumulate near genes under lower selective pressures located in regions with less efficient purging of TE sequence. Indeed, for our set of E-PAV
genes, we find a higher density of TEs in the vicinity. In addition, we also find that genes
undergoing PAV have an increased proportion of motifs associated with recombination
hotspots within their sequence. Both findings are consistent with PAV events being associated with genes located in genomic regions evolving under reduced selective constraints.
Moreover, higher TE content and hotspot motifs are consistent with the suggestion that
unequal recombination between homologues may be a major mechanism for generating
P/A polymorphisms [43]. However, it should be noted that no recombinogenic motif is
both necessary and sufficient for a recombination event to occur [203] and as such, their
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connection, if any, to PAV remains speculative. It is also worth noting that a higher TE
density in particular regions can result in genome assembly artefacts [204] and that as
such some neighbouring PAV events may be spurious.
Nevertheless, all of these features considered together suggest that although some individual deletions might have an adaptive value, overall coding region loss disproportionally
affects genes under reduced selective pressures. So how are these results reconciled with
the enrichment of certain gene families and GO functional terms? The enrichment of specific functional categories and gene families among PAV genes (Figure 3.2), leads to the
implication of adaptive pressures favouring PAV on genes related to specific biological
processes [43]. However, as we have shown, PAV genes are associated with a variety of
features suggestive of lower selective constraints. We argue that the enrichment of certain
GO categories and/or gene families among genes associated with a particular genomic
feature does not, by itself, allow us to draw conclusions about any adaptive processes
these genes may be undergoing. Consistent with this, we find that intact genes associated
with the gene categories in which PAV genes are enriched, also show the same signatures
of reduced selection (Table S3.6). This is notable for those sets of genes involved in, e.g.,
signal transduction, nucleic acid binding and the NBS-LRR family – categories enriched
among PAV genes (Figure 3.2). For instance, if we compare the set of E-PAV genes to
the set of genes with all exons present, and the set of NBS-LRR genes to the set of genes
belonging to other families, we find that both E-PAV and NBS-LRR genes are comparatively newer additions to the genome, have a higher dN/dS ratio, a higher number of
alternative splicing events, a higher number of paralogues, a higher proportion of SNPs
and are found closer to TEs (Table S3.6). Note that genes with a higher dN/dS will have
fewer instances of detectable homology across longer phylogenetic distances and as such
their appearance of being ‘relatively new’ may be artefactual [20]. We also note that the
proportion of polymorphic sites is higher not only in PAV genes but in genes of that functional category. To demonstrate that PAV genes do not bias the comparison of, e.g., the set
of NBS-LRR genes to the set of genes belonging to other families, we repeat the analysis
restricted to intact genes only and observe the same result (Table S3.6).
The fact that we observed fewer PAV genes than a previous study examining 80 fully
sequenced Arabidopsis genomes (n = 2741 [43]) is likely due to differences in methodology. Firstly, our analysis uses 17 genomes assembled using a combination of read-toreference genome (Col-0) alignment and de novo approaches, and – importantly – for
which transcriptome data was available [39], rather than the 80 accessions reported by
[40]. Secondly, we use a more conservative methodology for defining significant deletions whilst [43] define PAV genes using what is referred to as the ‘broad definition’:
“one being found at a particular locus only in some genomes compared to the others.”
This allows a gene to be called as a PAV gene even if a copy exists at a different locus.
To minimise the inclusion of rearrangement events as deletions, [43] examined their predicted PAV genes using blastn against a reference accession, excluding from the ‘absent’
category any gene with a counterpart that matches >50% of its length. Our definition
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of PAV is more restrictive as we only deemed an exon or gene to be deleted if genome
alignments showed that the deletion spanned at least a whole exon or whole gene with
not a single identifiable base remaining. Finally, the [43] study used genomes assembled
according to the TAIR8 annotated positions whereas our data is assembled according to
TAIR10. There is a small risk, therefore, of having incorporated now-obsolete gene models into their findings. Regardless of the methodological differences and the resulting
variation in sample size it is worth noting our results are not in contradiction to those of
previous studies examining PAV both in Arabidopsis and other species as we find similar
deviations from random expectations in the functional annotations of genes. Our analysis
of sequence evolution and other genic features of PAV genes do not rule out the possibilities of conditional neutrality at PAV loci or that balancing selection may be acting on PAV
genes, allowing adaptation to the environmental conditions of specific ecotypes. Instead,
the findings presented show that PAV events can be explained by a non-adaptive interpretation where genes under reduced constraints are more susceptible to the spread of allele
variants containing significant deletions.
In summary, our results suggest that although significant enrichment in functional categories among PAV genes was observed, most exon loss events are observed in newer,
poorly functionally characterised genes associated with signatures linked to less essential genes evolving under lower purifying or balancing selection. This may reduce the
potential functional relevance of structural variations within these genes. We conclude
that while an adaptive model for PAV cannot be ruled out, the observed functional enrichments among PAV genes and increased nucleotide diversity can also be interpreted
without invoking selection.

3.5
3.5.1

Materials and Methods
Genome sequence and annotations

Exon coordinates for A. thaliana strain Col-0 were obtained from The Arabidopsis Information Resource (ftp://ftp.arabidopsis.org/home/tair/Genes/TAIR10_genome_release/
TAIR10_gff3/TAIR10_GFF3_genes.gff, dated 20th March 2012). The genomes of 17 A.
thaliana accessions (Bur-0, Can-0, Ct-1, Edi-0, Hi-0, Kn-0, Ler-0, Mt-0, No-0, Oy-0,
Rsch-4, Sf-2, Tsu-0, Wil-2, Ws-0, Wu-0 and Zu-0) were obtained from [39]. We did not
use data from Po-0 because it has an unusually high frequency of heterozygosity and high
similarity to Oy-0 [39]. Each genome has been fully sequenced and assembled, using
a combination of de novo assembly and read mapping to the reference accession, Col0. Reads were mapped iteratively and at each iteration a consensus sequence derived.
This process was repeated until additional rounds of iteration added fewer than 2% of
the variation detected in the first iteration. At this point, any remaining variation in the
sequence was considered ambiguous and thus excluded, attributable to residual heterozy47

gosity, repetitive read mappings which could not be resolved, or to copy number variation.

3.5.2

Detecting missing exons relative to Col-0

For this analysis we selected a set of deletions spanning at least one full exon in at least
one accession relative to the Col-0 reference genome from a wider set of deletion events
described by Gan et al. [39]. Exons absent in the Col-0 reference genome but present
in other accessions are not included in any analysis. Confirmation of these deletions is
described by the original authors who analysed deletion breakpoints [39]. In this dataset,
deletion breakpoints were estimated to within ~30bp, with left and right consensus sequences established by growing inwards from these estimates using the read mapping
information. If there was a deletion, these two ends would overlap. Gan et al. [39]
confirmed this with alignments of the left and right consensus sequences, thus excluding
errors of sequencing or misassembly. We further confirmed the presence or absence of
each individual exon in each of 17 accessions relative to the Col-0 genome annotation
using blastn with default parameters [158]. Sequence alignments were obtained using the
best hit homologue and the Smith-Waterman algorithm (fasta35 with parameters –a –A)
[159]. We confirmed an exon as missing if both (a) an alignment could not be made, and
(b) if none of the nucleotide positions in the Col-0 exon mapped to any nucleotide in the
accession.

3.5.3

Functional category enrichment analysis

Four gene classification schemes were obtained. ‘GOslim’ terms were obtained from The
Arabidopsis Information Resource (ftp://ftp.arabidopsis.org/home/tair/Ontologies/
Gene_Ontology/ATH_GO_GOSLIM.txt, dated 9th July 2013), excluding terms unsupported by experimental or computational analysis, i.e. evidence codes ND (no biological
data available), NR (not recorded) and NAS (non-traceable author statement). ‘GO’ term
annotations were obtained from Ensembl BioMart (17th July 2013) [205]. ‘Pfam’ terms
were obtained from Pfam v27.0 (17th July 2013) [206]. In addition, 7119 genes were
classified into 49 distinct families as in [39]. Statistical significance of the enrichment
of both GOslim, GO terms, of Pfam class and family membership among both E-PAV
and CDS-PAV-affected genes was assessed using a Monte Carlo random sampling (1000
randomisations), with the p-value of the enrichment of each category obtained using a
Z-test. The significance of individual categories was corrected for multiple testing by the
Benjamini-Hochberg procedure.

3.5.4

Sequence evolution analysis

To approximate selective constraint on a gene, we calculated both dN/dS and a neutraliy index, NI (see below). For each gene, we obtained a local alignment of the Col-0
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primary transcript CDS against its A. lyrata orthologue, using the Smith-Waterman algorithm (fasta35 with parameters –a –A) [159]. dN/dS was calculated using the Yang
and Nielson model, as implemented in the yn00 package of PAML [170]. Using substitution estimates, as above, and SNP data from [39], we also estimated Tajima’s D [200]
per gene. Nucleotide diversity is calculated according to [39]. The neutrality index for
each sequence, NI, was calculated as log((2Ds + 1)(2Pn + 1)/(2Dn + 1)(2Ps + 1)), where
Dn and Ds are the numbers of non-silent and silent substitutions, and Pn and Ps are the
numbers of non-silent and silent polymorphisms [162]. NI can be interpreted in the same
manner as a McDonald-Kreitman test for comparing the ratio of fixed to within-species
differences: its symmetrical distribution allows the inference of purifying selection when
NI > 0 and the inference of positive selection when NI < 0 [163].

3.5.5

Gene expression

Expression specificity was calculated as a tissue specificity index (tau) [149], using the
parallel signature sequencing (MPSS) database [167, 168, 169]. Expression levels were
calculated using RNA-seq transcript abundance data, as absolute read values corrected by
gene length in each accession (known as rpkm values: per gene, the number of reads per
kilobase per million mapped reads) [39].

3.5.6

Paralogue number and gene age annotations

Orthologue and paralogue data were obtained from BioMart [207]. A proxy for gene age
was established using taxonomic classifications, based on the phylostratigraphic method
of [208]. If a candidate orthologue was identified for each A. thaliana gene in any of 15
plant and algal species at a minimum identity of 30%, the gene was considered to be as
old as the ‘broadest’ taxonomic category held in common (Table 3.2). This allowed us to
make use of orthologue data despite divergence times relative to A. thaliana being known
for only its closest relatives – at approximately 5 million years for A. lyrata [209], and 20
million years for Brassica rapa [170].
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Table 3.2: Age categories for orthologues of A. thaliana genes.

3.5.7

Transposable element and hotspot motif density

Transposable element (TE) coordinates for A. thaliana strain Col-0 were obtained from
The Arabidopsis Information Resource (file ‘TAIR10_Transposable_Elements.txt’, dated
20th March 2012). For our analyses, we identified every instance of all 25 hotspotassociated motifs (of 5 to 9bp) described by [192] in the Col-0 reference genome. TE
and hotspot motif density for each gene was calculated as the proportion of base pairs
occupied by a TE or a hotspot motif within windows of size 1-100kb centred on the nucleotide at the gene’s midpoint. Windows consist of both coding and non-coding sequence
within a region of length (window size)/2 up- and downstream of the midpoint base. Both
TE and hotspot motif density were calculated as the number of TE or motif bases, respectively, relative to the number of intergenic or genic bases contained within the window,
rather than the total number of bases in the window.

3.5.8

Alternative splicing events

Alternative splicing events were identified using the methods described in [165]. In brief,
the number of alternative splicing events per gene were identified by aligning EST data
obtained from dbEST [164] to the genome sequence (ftp://ftp.ncbi.nih.gov/
repository/dbEST, downloaded 1st May 2011). Those ESTs aligning to regions with no
annotated gene were excluded from the analysis. EST alignments were then used to create an exon template. Alternative splicing events per gene were identified by comparing
alignment coordinates for each individual EST to exon annotations. As a low EST coverage can increase the number of falsely positive claims that an exon is constitutive, rather
than spliced, we excluded genes with 10 or fewer ESTs. ESTs were assigned to genes using gene annotation coordinates. A comparable alternative splicing index that avoids transcript coverage biases was obtained using the transcript normalisation method described
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in [98]. Briefly, for each gene one hundred random samples of 10 ESTs were selected.
Finally, the number of alternative splicing events were calculated for each random sample
(as detailed above), with an overall average calculated per gene.

3.5.9

Randomisation test

A randomisation test was used to obtain numerical p values to assess the statistical significance of any variation in the characteristics of PAV-affected genes compared to ‘intact’
genes. In brief, we contrasted genomic feature parameters in E-PAV (n=330) or CDS-PAV
genes (n = 81) to the distribution of means of the same genomic feature in s = 10, 000
randomly generated subsets of an equal number of genes drawn from the complete gene
set. The numerical p value was calculated as follows: let q be the number of times the
mean value of the PAV set exceeded the mean value of the randomly generated subset.
Letting r = s − q, then the p-value of this test is (r + 1)/(s + 1).
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Chapter 4
Correcting for differential transcript
coverage reveals a strong relationship
between alternative splicing and
organism complexity
4.1

Summary

What at the genomic level underlies organism complexity? Although several genomic
features have been associated with organism complexity, in the case of alternative splicing, which has long been proposed to explain the variation in complexity, no such link
has been established. Here we analysed over 39 million ESTs available for 47 eukaryotic
species with fully sequenced genomes to obtain a comparable index of alternative splicing
estimates which corrects for the distorting effect of a variable number of transcripts per
species – an important obstacle for comparative studies of alternative splicing. We find
that alternative splicing has steadily increased over the last 1400 million years of eukaryotic evolution and is strongly associated with organism complexity, assayed as the number
of cell types. Importantly, this association is not explained as a by-product of covariance
between alternative splicing with other variables previously linked to complexity including gene content, protein length, proteome disorder and protein interactivity. In addition,
we found no evidence to suggest that the relationship of alternative splicing to cell type
number is explained by drift due to reduced Ne in more complex species. Taken together,
our results firmly establish alternative splicing as a significant predictor of organism complexity and are, in principle, consistent with an important role of transcript diversification
through alternative splicing as a means of determining a genome’s functional information
capacity.
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4.2

Introduction

Prior to widespread genome sequencing, it was assumed that organism complexity was
proportional to gene content – that more complex organisms encode a greater amount of
genetic information [210], the unit of which is the gene [211]. However, the sequencing
of the human genome, revealing a lower than expected number of genes [212], initiated
a hunt to uncover the genomic basis of organism complexity [71] as, despite two rounds
of whole genome duplication at the base of the vertebrate lineage [213, 214], the human
genome contains almost as many genes as that of a worm [215]. Several genomic features
have been shown to have a significant association with organism complexity, measured
as the number of distinct cell types per species (cell type number; CTN). These variables
include various measures of the potential number of molecular interactions per protein:
the number and proportion of protein-protein interaction domains in each protein [99,
216] and protein disorder (flexibility in a protein’s 3D structure to adopt a variety of
conformations) [99, 217, 218]. More recently, total coding region length in a genome
was shown to be positively associated with organism complexity [99]. This same study
also showed that when restricting the analysis to metazoans, gene number becomes a
significant predictor of organism complexity.
Alternative splicing, a post-transcriptional process in eukaryotes by which multiple distinct transcripts are produced from a single gene, has the potential to boost the total number of distinct proteins encoded in a genome in the absence of increases in gene number
[71]. As such, an association between alternative splicing and organism complexity has
long been proposed. Under an ‘adaptive’ model, an increase in alternative splicing could
facilitate the evolution of higher organismal complexity, by increasing proteome diversity (and thus, diversifying functionality) at a level disproportionate to increases in the
number of protein-coding genes [69, 70, 219]. Indeed, over the last decade, alternative
splicing prevalence (the proportion of multi-exon genes that have at least one alternative
splicing event) has been successively revised upwards for humans, with recent deep sequencing transcriptome analyses estimating that up to 94% of multi-exon genes undergo
alternative splicing [220, 221]. However, assessing the expansion of alternative splicing
prevalence through evolutionary time and establishing a link between alternative splicing and organism complexity have proved difficult [71]. The main barrier to comparative
studies of alternative splicing prevalence arises from the fact that differences in transcript
sequence coverage across species can distort both the proportion of genes classified as
undergoing alternative splicing and the number of alternative splicing events detected
[98, 222, 71, 99, 223, 224, 225]. Kim et al. [98] devised a method of transcript number
normalisation to obtain comparable alternative splicing prevalence indices involving the
identification of alternative splicing events from a random sample of 10 transcripts per
gene. Importantly, they showed that alternative splicing in vertebrate species was higher
than among invertebrates and that this was not explained by the higher abundance of transcripts available for vertebrate species. Although not directly tested, these findings were
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suggestive of a link between alternative splicing and complexity as vertebrates are generally considered to have a higher CTN compared to invertebrates. Surprisingly, there
are still no current datasets for comparable alternative splicing indices and controlling
for transcript abundance in comparative analyses of alternative splicing prevalence is the
exception rather than the rule. The resulting lack of comparable estimates for the number of alternative splicing events per gene has hampered efforts to quantify alternative
splicing prevalence across taxa [226], the accumulation of splicing events over time [227]
and the link between alternative splicing rates and organism complexity [71, 228]. The
only attempt to directly assess the relationship between alternative splicing variation and
CTN [99] was considered inconclusive by the authors because of the lack of comparable
alternative splicing measures.
Here we assess the prevalence of alternative splicing in 47 eukaryotic genomes by calculating a comparable index of alternative splicing which corrects for differences in transcript coverage (adapted from [98]; see Materials and Methods). The species examined
include metazoans, plants, fungi and protists. We then examined how these alternative
splicing indices relate to organism complexity and compared the strength of alternative
splicing as a predictor of CTN to previously described correlates, including the number of
protein-interacting domains encoded per gene [216], protein disorder [217, 218, 99, 228],
the number of protein-protein interactions, gene number and various measures of coding
region length [99].
We find that alternative splicing has steadily increased over the last 1400 million years
of eukaryotic evolution. We also find that alternative splicing is strongly associated with
CTN and that this relationship is not a by-product of the relationship between various
genomic features and complexity.
It is important to note that if increases in the proportion of alternatively spliced genes
or the level of alternative splicing these genes undergo are linked with CTN, such an
association would not constitute proof of causality. Under a ‘non-adaptive’ model, the
association of alternative splicing and organism complexity could be a by-product of the
link between complexity and a lower effective population size (Ne ). The passive emergence of ‘genomic complexity’ and even organismal complexity itself is suggested by the
work of Lynch and colleagues, who argue that non-adaptive processes explain the majority of the variance in organism complexity as ‘more complex’ organisms have a smaller
Ne [73, 72]. As documented consequences of a comparatively small Ne include the accumulation of slightly deleterious mutations, both in coding [229, 47, 48] and regulatory
[46] sequences, as well as an increase in average intron and coding region lengths [73], it
is reasonable to expect that mutations impairing splicing regulation will accumulate more
rapidly in ‘more complex’ organisms resulting in higher (but not necessarily functional)
transcript diversity. Consistent with this, single species studies have shown that a significant proportion of alternative splicing events are probably the result of non-coding ‘noise’
and not biologically meaningful [74, 76].
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Using a limited sample size, we do not find any evidence to suggest that the association of
alternative splicing and CTN is explained by differences in Ne . To the best of our knowledge this is the most comprehensive assessment of alternative splicing levels covering all
major eukaryotic taxa, and the first time in which the link between alternative splicing and
CTN has been assessed using a comparative index of alternative splicing which corrects
for differential transcript coverage.

4.3
4.3.1

Results
Alternative splicing prevalence has increased throughout evolutionary time

In order to assess whether alternative splicing levels have changed over time, over 39
million publicly available partial transcripts, representing 112 eukaryotes (20 protists, 18
plants, 23 fungi and 51 metazoans including 23 chordates), were aligned to their corresponding genomes to identify alternative splicing events (see Materials and Methods).
To minimise the strong dependence of alternative splicing event detection on transcript
coverage per gene [98, 222, 224, 71, 99, 223, 225], we used a transcript normalisation
protocol [98] where alternative splicing events are identified in randomly selected samples of 10 ESTs per gene. We obtained a comparable alternative splicing index per gene
by averaging the number of alternative splicing events in 100 samples [98] (Figure 4.1).
Using the comparable alternative splicing index, we calculated for each species both alternative splicing prevalence (ASP), defined as the proportion of alternatively spliced genes
in the sample of genes analysed, and alternative splicing level (ASL), defined as the average number of alternative splicing events per gene. Genomes with comparable alternative
splicing estimates available for fewer than 500 genes were excluded from further analyses
leaving, in total, 47 species (6 protists, 10 plants, 6 fungi and 25 metazoans; Table S4.1).
We found that both ASP and ASL vary among eukaryotic clades with chordates having
both the highest ASP and ASL compared to non-chordate metazoans, fungi, plants and
protists (Figure 4.2 and Table S4.1). While our ASP estimates are higher in most clades
compared to a previous study based on eight species using comparable alternative splicing
indices, the relative differences among clades are consistent [98].
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Figure 4.1: Total transcript number influences alternative splicing level (ASL) detection
but this bias can be corrected using a sampling method.
ASL detection in genes divided by transcript coverage is shown for the nematode (A and
B) and human (C and D) using both the full transcript dataset (A and C) and the random
sampling method (B and D). Large differences in the average EST coverage for both rat
and mouse (E) lead to correspondingly large differences in ASE detection for the two
species (F). These are greatly reduced by the use of a sampling method (H). Inset panels
G and I show the average ASL in both species using both the full transcript dataset and
the random sampling method, respectively.
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Figure 4.2: Variance in alternative splicing over evolutionary time.
Bars show the average percentage of alternatively spliced genes per species grouped according to their divergence from humans, as shown in the adjacent phylogenetic tree (data
from [230]), and their taxonomic category (chordate, non-chordate metazoan, or nonmetazoan). Note that categories without an error bar have only one member. The scatter
plot shows changes in alternative splicing prevalance, i.e. the percentage of alternatively
spliced genes per genome (blue) and in alternative splicing level, i.e. the average number
of alternative splicing events per gene for each species (red). Trend lines represent the
mean of all values at each divergence time. Although the relative positions of cephalochordates and tunicates on this tree are disputed [231], this does not significantly alter the
trend.
An increase in alternative splicing through evolutionary time (Figure 4.2) is consistent
with observations reporting links between ASP and evolutionary time restricted to metazoan species [227] and show that it is not an artifact of differential transcript coverage
among species [71, 99]. The higher prevalence and levels of alternative splicing in plant
species compared to fungi and protists suggest that AS levels have independently increased in this lineage.
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Overall, by using comparable alternative splicing estimates from species covering all major eukaryotic clades and correcting for differential transcript coverage, we show that
alternative splicing has increased over the last 1400 million years of eukaryotic evolution in the metazoan lineage with a more moderate and potentially independent rise in
alternative splicing in plants.

4.3.2

Alternative splicing is a strong predictor of organism complexity, assayed as cell type diversity

A previous attempt to assess the link between alternative splicing and organism complexity, assayed as the number of distinct cell types [99], was rendered inconclusive because
of the known bias caused by differential transcript sequence coverage among genes and
species [98, 222, 224, 71, 99, 223, 225]. As such, we assessed the relationship of ASP
and ASL with the number of distinct cell types per species (cell type number; CTN)
as a proxy of organism complexity using the comparable AS index (see Materials and
Methods). We found that both ASL and ASP are strongly associated with CTN (ASP:
r2 = 0.76, p = 9.36 × 10−9 ; ASL: r2 = 0.83, p = 1.77 × 10−10 ; Table S4.2 and Figure
4.3). This association remains strong when restricting the analyses to the metazoan-fungi
lineage (for ASP, r2 = 0.71, p = 2.45 × 10−5 , and for ASL, r2 = 0.81, p = 1.28 × 10−6 ;
Table S4.3).

100

●
●
●●
●

80

●

5

●

4

●

40
20
0

●

●
●
●
●
●
●
●● ●
●

ASL

ASP

●

60
●
●

0

3

0
50

100 150 200 250 300

●

2
1

●

●
●
●
●●
●●
●
●● ●
●●

0

Cell type number

●

●

●

●●

●
●●

●
●
●●

50

●

100 150 200 250 300

Cell type number

Figure 4.3: Relationship between alternative splicing and organism complexity, assayed
as cell type number.
Graphs show the relationship between cell type number and ASP (r2 = 0.76; p = 9.36 ×
10−9 ) and ASL (r2 = 0.83; p = 1.77 × 10−10 ).
Several genomic and functional parameters have previously been associated with organism complexity (using CTN as a proxy). Xia et al. [216] reported a strong link
between CTN and protein-protein interaction (PPI) domain coverage. Other genomic
variables found to have a more moderate association with CTN include protein disorder [217, 218, 99, 228] and proteome size (assayed as concatenated protein length) [99].
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Gene number, previously found to be unrelated to CTN, has recently been reconsidered as
a significant predictor but only after plant genomes are excluded from the analyses [99].
How does alternative splicing compare to these previously reported predictors of CTN?
To address this, we compared the relationship between CTN and alternative splicing with
that of 12 additional genomic measures of protein interactivity as well as proteome disorder, gene length and number, all previously linked to CTN (see Materials and Methods for
descriptions and sources of each variable assessed). Of all parameters tested, ASL was
found to have the strongest association with CTN (r2 = 0.83, p = 1.77 × 10−10 ) followed
by ASP and the average number of PPI domains per protein (r2 = 0.76, p = 9.36 × 10−9
and r2 = 0.64, p = 8.19 × 10−11 respectively; Table S4.2). We then re-examined the relationship between each parameter with CTN restricting the analyses to a set of 24 species
for which data in all variables tested was available. The mean number of interactions per
protein was not included in this or subsequent analyses due to the small number of species
for which data was available (n = 10). ASL remained the top predictor of CTN (r2 = 0.87,
p = 2.80 × 10−11 ) with ASP showing an increased (r2 = 0.80, p = 2.66 × 10−9 ) and the
average number of PPI domains per protein a decreased association with CTN (r2 = 0.59,
p = 6.42 × 10−6 ; Table 4.1).

Table 4.1: Association between CTN and genomic features before and after phylogenetic
signal correction in 24 eukaryotic species.
As the relationship between genomic parameters and CTN has been shown to increase
after the removal of plant genomes [99], we reassessed the predictive power of all parameters after restricting the analyses to the metazoan-fungi lineage. This resulted in a
stronger association between CTN and many parameters with the two alternative splicing
indices remaining the best predictors of CTN (Table S4.3). Consistent with previous findings [99], when plant genomes are excluded, gene number was found to be significantly
associated with CTN (r2 = 0.34, p = 1.74 × 10−3 ; Table S4.3).
Due to the tendency of related species to resemble one another it is also necessary to
control for this non-independence in a comparative analysis of patterns across species.
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Pagel’s l measures the extent to which observed correlations between traits reflect their
shared evolutionary history assuming an evolutionary model under Brownian motion
[232]. For the 24 species for which data in all variables tested was available, we obtained estimates of l and restricted log-likelihood for the correlations between CTN and
each genomic variables, re-calculating each correlation to account for phylogenetic nonindependence of the variables by fitting a phylogenetic generalized least squares (PGLS)
model (see Materials and Methods). ASL remained the top predictor of CTN even after
taking into account the strength of the phylogenetic signal (r2 = 0.87, p = 1.59 × 10−13 ,
λ = 0), followed by ASP (r2 = 0.77, p = 8.38 × 10−11 , λ = 0.052) and the percentage
of PPI domain sequence per protein (r2 = 0.60, p = 1.30 × 10−7 , λ = 0; Table 4.1). This
pattern holds true if we only take into account metazoan and fungal species (Table S4.3).
As most of the assessed parameters co-vary among themselves (Tables S4.4 and S4.5), the
association between some variables with CTN may be secondary to their covariance with
another genomic feature which is in turn linked to CTN. In order to identify the genomic
parameters which significantly contribute to CTN, we carried out a stepwise analysis (see
Materials and Methods). In the optimal stepwise regression model, the majority of the
variance in CTN is explained by ASL, supported by proteome size (Table 4.2). Similar
results are obtained when constraining the data to the metazoan-fungal lineage (Table 4.2).
In fact, contrasting each variable directly against AS by including ASL/ASP in multiple
regression models with each additional variable revealed that in all cases only the AS
parameter remained significantly associated with CTN (Table S4.2). The only exception
was proteome size which remained significantly associated with CTN after correcting for
either ASP or ASL but only when fungi and metazoans were included in the analysis
(Table S4.3).

Table 4.2: Forward stepwise regression analysis using 13 functional genomic variables as
predictors of CTN.
Note that due to limited data, the mean number of interactions per protein is not included
as a variable in this analysis.
In order to best capture the predictive value of sets of co-varying variables, we used a
principal component analysis to reduce the dimensionality among the 13 predictors of
complexity. This analysis was performed on a subset of species where data was available
for all predictors (n = 24). Interestingly, PC1 and PC2 (which explain 35.2% and 31.4%
of the variance in the matrix, respectively) allow chordates to be differentiated from all
60

other species (Figure 4.4). Of all resulting principal components, we found that PC1 is
the only significant predictor of CTN (r2 = 0.052, p = 8.58 × 10−7 ). The two alternative
splicing variables (ASP and ASL) and the three protein interactivity variables (average
number of PPI domains per protein, PPI domain coverage and the proportion of proteins
with at least one PPI domain) were found to be the main contributors to PC1. Similar
results were obtained when restricting the analyses to the metazoan-fungi lineage (data
not shown). It is worth noting, however, that the value of r2 when regressing PC1 against
CTN, when including either all species or only metazoans and fungi, is lower than that of
ASL (r2 = 0.83, p = 1.77 × 10−10 ), suggesting that collapsing the dimensionality of the
variables does not improve the prediction of CTN beyond the variance explained by ASL
alone.
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Figure 4.4: Biplot of the first two principal components built from 13 functional genomic
variables available for 24 species.
Graph shows the distribution of species along PC1, which explains 35.2% of the variance
in this dataset, and PC2, which accounts for 31.4%. Points represent each of 24 species
for which data was available for all variables and are coloured by taxonomic category:
chordates (red), non-chordate metazoans (black), plants (green), fungi (blue) and protists
(purple). Ellipses show the clustering of species according to their dispersion along PC1
and PC2 (with confidence limit 0.95). Blue lines radiating from (0,0) represent each variable included in the analysis. The direction of each line represents the highest correlation
coefficient between the PC scores and the variable, with the length of each line proportional to the strength of this correlation. Letter codes for each variable: ASL (A), ASP
(B), % PPI domain sequence per protein (C), proportion of proteins with at least one PPI
domain (D), avg. num. of PPI domains per protein (E), avg. protein length (F), mean
number of disordered binding sites per protein (G), mean proteome disorder (H), mean %
of disordered binding sites per protein (I), number of genes (J), total number of disordered
binding sites per proteome (K), proteome information content (L) and proteome size (M).
Refer to Table S4.1 for raw data.
The above results show that AS is significantly associated with CTN and that this association is not explained as a by-product of the relationship between AS and other genomic
features also related to CTN. However, it is possible that some of these associations might
be explained by ascertainment bias resulting from the fact that humans and other closely
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related species have been disproportionately studied. With the exceptions of C. elegans
and D. melanogaster, larger amounts of data exist for vertebrates than other species. It is
possible that the higher estimates of AS and other genomic features, and even higher cell
type number among vertebrates, might partly result from the greater availability of data
for these species. To address this possibility, we used the total number of ESTs per species
as a proxy for interest in a species as higher transcript availability has a direct impact on
the quality of genome annotation. Compared to other proxies of ‘research interest’ such
as ‘number of publications per species’, the number of ESTs approximates how much
data has accumulated rather than how many interpretations of it there have been.
We established that the number of ESTs per species is significantly associated with various genomic characteristics (Table 4.3). Notably, ASL and ASP, as well as CTN, were
found to be significantly related with transcript number per species (ASL: r2 = 0.45, p =
7.29 × 10−7 ; ASP: r2 = 0.39, p = 8.01 × 10−6 ; complexity r2 = 0.41, p = 5.01 × 10−5 ).

Table 4.3: Regression coefficients of various functional parameters with number of ESTs
as independent variable (quadratic polynomial regression).
Thus, we re-examined the relationship of CTN with AS and other gene features using the
residuals of a quadratic polynomial regression with EST number. This correction resulted
in a marked reduction in the variance in CTN explained by ASL and ASP (r2 = 0.47,
p = 9.84 × 10−5 and r2 = 0.57, p = 8.82 × 10−6 respectively; Table S4.6). Correcting all variables by transcript coverage also reduced the predictive value of other gene
features for CTN (Table S4.6). However, the relative order of gene feature parameters
as predictors of CTN remained unaltered with splicing and, to a lesser extent, the degree of protein-protein interactivity the most strongly associated with CTN (Table S4.6).
Furthermore, if considering all 13 variables, the optimal stepwise regression model (see
Materials and Methods) explained 90% of the variance in CTN (p = 1.81 × 10−5 ), with
the strongest of five predictors being ASP (Table 4.4). When restricting the analyses to
the fungi-metazoan lineage we found that the optimal regression model contained only
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two regressors, ASP and the mean percentage of disordered binding sites per protein
(see Materials and Methods for a description of this variable) (Table 4.4). In fact, only
three parameters (average protein length, the number of genes and the total number of
disordered binding sites per protein) remained significantly associated with CTN in a regression model directly comparing each variable with either ASP or ASL (Table S4.5).
An alternative transformation of the data, taking the natural log of EST number, resulted
in lower correlation coefficients but the relative strength of each variable in a regression
against complexity remained unchanged (Table S4.7).

Table 4.4: Regression coefficients of 14 genomic parameters with CTN as the dependent
variable, using as estimates for each variable the residuals of a linear regression between
variable x and the log-transformed number of ESTs per species.
Note that due to limited data, the mean number of interactions per protein is not included
as a variable in this analysis.
Our data spans a diverse range of species with associated variations in the number of
available ESTs per species (Table S4.1). For genomes with lower EST numbers (often
those that also have a lower CTN), highly expressed genes will make a disproportionate contribution to each species’ comparative alternative splicing index as the number of
genes with the minimum required number of ESTs will be smaller. As such, we expect
lowly expressed genes to primarily contribute data for genomes with a higher number of
available ESTs.
Under the ‘non-adaptive’ model, a reduced Ne among ‘more complex’ organisms (assayed
as those with higher CTN) would result in an accumulation of mutations detrimental to
splicing regulation, potentially resulting in the proliferation of ‘noisy’ alternative splicing
events. Such neutral increases in alternative splicing should be particularly pronounced
among lowly expressed genes which, on average, are under lower selective pressures
compared to highly expressed genes. Importantly for this study, if lowly expressed genes
are more highly spliced, then our data would overestimate ASL for species with high EST
numbers, artificially inflating the correlation strength with CTN.
Using microarray data for four model species (human, mouse, C. elegans and A. thaliana;
see Materials and Methods), we find that, as expected, there is a strong correlation between the number of ESTs per gene and gene expression level. However, contrary to the
prediction of the non-adaptive model, we found that the more highly expressed genes have
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a higher number of alternative splicing events (Figures 4.5, 4.6, 4.7 and 4.8). Therefore,
our data might be underestimating ASP and ASL in genomes with a higher number of
available ESTs, as more lowly expressed genes – with lower alternative splicing levels
– disproportionately contribute to the species’ alternative splicing indices. By extension,
the relationship of AS with CTN might also be underestimated.

Figure 4.5: Distribution of both alternative splicing events (n = 17, 738) and ESTs (n =
646, 634) for the genome of A. thaliana, according to the expression level of the associated
gene.
Expression data is partitioned into quartiles each of size n = 4579. Correlations of the
number of alternative splicing events and the number of ESTs against expression level
are significant in both cases (Spearman’s rho = 0.29, p < 2.2 × 10−16 and rho = 0.81,
p < 2.2 × 10−16 ).
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Figure 4.6: Distribution of both alternative splicing events (n = 76, 699) and ESTs
(n = 4, 510, 520) for the genome of H. sapiens, according to the expression level of the
associated gene.
Expression data is partitioned into quartiles each of size n = 1618. Correlations of the
number of alternative splicing events and the number of ESTs against expression level
are significant in both cases (Spearman’s rho = 0.35, p < 2.2 × 10−16 and rho = 0.53,
p < 2.2 × 10−16 ).

Figure 4.7: Distribution of both alternative splicing events (n = 45, 628) and ESTs
(n = 1, 403, 152) for the genome of M. musculus, according to the expression level of
the associated gene.
Expression data is partitioned into quartiles each of size n = 1812. Correlations of the
number of alternative splicing events and the number of ESTs against expression level
are significant in both cases (Spearman’s rho = 0.32, p < 2.2 × 10−16 and rho = 0.51,
p < 2.2 × 10−16 ).
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Figure 4.8: Distribution of both alternative splicing events (n = 2128) and ESTs (n =
80, 237) for the genome of C. elegans, according to the expression level of the associated
gene.
Expression data is partitioned into quartiles each of size n = 2690. Correlations of the
number of alternative splicing events and the number of ESTs against expression level
are significant in both cases (Spearman’s rho = 0.81, p < 2.2 × 10−16 and rho = 0.29,
p < 2.2 × 10−16 ).

4.4

Discussion

Here we have assessed alternative splicing levels in 47 eukaryotic species and showed
that alternative splicing has increased over the last 1400 million years of evolution. Our
data ranges from P. falciparum, in which 3% of genes are spliced with an average of 0.09
splice events per gene, to humans, where 88% of genes are spliced with an average of
5.35 splice events per gene. Consistent with the findings of Kim et al. [98], we find that
chordates have higher levels of alternative splicing than any other taxonomic group with
mammals and birds having both proportionately more genes that are alternatively spliced
(ASP) and a higher number of alternative splicing events per gene (ASL). We observed
significant increases over time in ASP and ASL for the opisthokonts, and show that past
claims for an increased level of alternative splicing along the evolution of metazoans are
not explained by differential transcript coverage [227]. Our data do not support a previous
claim for lower alternative splicing levels among birds compared to mammalian species
[233] and in fact, alternative splicing levels in the chicken genome were found to be
among the highest of all species tested.
Plant genomes were found to have higher levels of alternative splicing than both protist
and fungal species, comparable to those found among invertebrate species. This is consistent with relatively low levels of alternative splicing in the eukaryotic ancestor with
independent rises in the plant and metazoan lineages. None of the plant genomes we
examined, however, match the levels of alternative splicing observed in the vertebrate
lineage.
67

Our results demonstrate a strong association between alternative splicing and organism
complexity providing, to the best of our knowledge, the first systematic evidence for a
link between these two variables. In this study we have used the number of cell types as
a proxy for organism complexity. Cell type number has been proposed as an indicator of
an organism complexity as the higher number of components or cell types in ‘more complex’ organisms should reflect, to some degree, their higher number of functions [234].
We acknowledge, however, that complexity is difficult to define and even more difficult to
measure and that all operational definitions for ‘complexity’ are, to various degrees, contentious [235]. Several proxies of organismal complexity have been proposed, however
these measures are either relevant to some taxonomic groups, such as encephalization
coefficient, or no measurements are available for a large number of species, such as phenotypic complexity [236]. While accepting that ‘organism complexity’ is likely to be a
multidimensional variable encompassing many other features, we chose this measure as,
compared to other proxies, cell types are more easily quantifiable for organisms from distant taxonomic groups. It is important to note that, as CTN data are drawn from a diverse
range of studies (see Materials and Methods), more detailed characterisations of CTN
can appear anomalous. For example, we expect chimpanzees to have a similar CTN to
humans but currently, humans are the better characterised species and as such the human
CTN appears higher (Table S4.1). To address whether this type of outlier confounds our
results, we repeat our analyses using the average CTN for the order each species belongs
to. This makes the assumption that any variation in CTN between species of a given order
reflects measurement noise, rather than relevant biological information. Our results do
not significantly differ when using these alternate values of CTN (Tables S4.8 and S4.9).
Importantly, as most past studies analysing the relationship between various genomic features and organism complexity have adopted cell type number as a proxy [237, 99, 216,
228], its use allowed us to contrast our results with those of others. Such comparisons
showed that the relationship of alternative splicing and CTN is not secondary to other
genomic features previously associated with CTN, including proteome size (measured as
total protein coding sequence length [99]), protein disorder [228, 99], and protein interactivity.
Before the full sequencing of nuclear eukaryotic genomes became widespread, gene number was expected to have a direct relationship with organism complexity as more genes
would encode a higher number of proteins boosting the number of potential molecular
interactions [218, 217]. The sequencing of the human genome, however, found no evidence for such an association [212]. The discrepancy between organism complexity and
gene content became known as the G-paradox [238, 210, 239, 240]. However, a recent
study concluded that gene number and organism complexity are related after all, albeit
only when plant species are removed from the analyses [99].
Our findings also support a significant association between gene number and CTN in the
absence of plant genomes (r2 = 0.34, p = 1.74 × 10−3 ; Table S4.3). However, alternative
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splicing level has a stronger association with CTN (r2 = 0.77, p = 1.09 × 10−8 ) and is
sufficient to explain the relationship between CTN and gene number.
Unlike alternative splicing and gene number which directly impact on the number of interacting proteins, additional gene features linked to CTN can boost the interactivity potential of individual proteins without expanding their number. One of the simplest measures
of the functional potential of the proteome, total coding region length, has been found to
be significantly associated with CTN [99]. Although we observed a similar association
between proteome size and CTN, this relationship is entirely explained as a by-product
of both variables’ covariance with alternative splicing. Proteome size remains a marginal,
albeit significant, predictor of CTN in a stepwise regression model restricted to the metazoan and fungi lineage where alternative splicing level was the strongest variable (Table
4.1). Moreover, proteome size was not a significant contributor to the only principal component found to be significantly associated with CTN.
Protein disorder – the lack of equilibrium in a protein’s 3D structure under physiological
conditions [218] – has been proposed as a candidate predictor of organism complexity as
higher intrinsic disorder allows individual proteins to adopt a greater variety of conformations, increasing the average number of interacting partners per protein and potentially
boosting functional diversification of the proteome [218, 217]. Nevertheless, subsequent
findings show the association between disorder and CTN only explains any substantial
amount of variance when bacterial species are included [99, 228]. Our analyses of protein disorder using both stepwise regressions and principal component analysis do not
provide any evidence of hidden covariance between protein disorder and CTN. Moreover,
despite the fact that past studies have found a higher than expected number of disordered
motifs in alternatively spliced areas at the gene level [241, 218] we do not find a significant association between protein disorder and alternative splicing per species (Tables S4.5
and S4.6).
Finally, a third measure of potential molecular interactions per protein, the presence of
protein-protein interaction domains, has been shown to be strongly associated with CTN
[216]. We found three protein interactivity parameters – PPI domain coverage, the average number of PPI domains per protein and the proportion of proteins with at least one
PPI domain – to be significantly associated with CTN regardless of the set of species examined (Tables S4.2 and S4.3). A head-to-head comparison between predictors of CTN
showed that protein interactivity measures are better predictors of CTN than any other
variable with the exception of alternative splicing. After controlling for alternative splicing, however, no protein interactivity parameter was found to be significantly associated
with CTN (Tables S4.2 and S4.3). An additional measure of protein interactivity previously associated with CTN, the mean number of protein-protein interactions [99], was not
included in most of our analyses as data was limited to only 10 species in our set. These
comparisons show that although protein interactivity is significantly associated with CTN
there is a great overlap between the variance in CTN explained by protein interactivity

69

and that explained by alternative splicing.
Several studies have proposed an association between alternative splicing and protein
domain content, suggesting that alternative splicing could act as a buffer against reduced
functionality because of ‘domain overload’ – too many protein domains or domains in
the wrong combination [242, 79, 243]. A large scale analysis has shown that protein
domains are non-randomly combined in functional proteins with fewer protein domain
co-occurrences observed than expected, suggesting that certain protein domains ‘avoid’
each other [244], whilst other domains – including PPI domains – are ‘promiscuous’ and
tend to coexist within individual transcripts [245]. Our analyses of covariance among
functional gene variables showed that alternative splicing and PPI measures are positively
correlated – genomes with higher levels of alternative splicing also have a higher PPI
domain presence. We further examined the association between ASL and PPI domain
coverage within species but found only a marginal association between the two variables
constrained to a few species (Table S4.10). This finding suggests that although genomes
with a high level of alternative splicing also tend to have a higher PPI domain coverage,
there is no support for a role for alternative splicing acting as a buffer of PPI domain
overload.
Overall, our results are consistent with a direct association between alternative splicing
and CTN, one which is not explained by other genomic features previously associated
with organism complexity. This finding is, in principle, consistent with previous suggestions that alternative splicing may underlie the rise in complexity during eukaryotic
evolution thanks to its potential to expand transcript diversity and thereby increase the
number of potential molecular interactions and functions (reviewed in [71, 219, 69]).
Nevertheless, it is important to note that the rise in CTN has been accompanied by a reduction in effective population size [73]. Classical nearly neutral theory proposes that as
effective population sizes diminish so too does the efficiency of purifying selection, resulting in the accumulation of slightly deleterious mutations, both in coding [229, 48, 47] and
regulatory [46] sequences. The increased role of drift relative to selection has also been
invoked to explain the proliferation of a number of genomic features among increasingly
complex species [72, 73]. Although more recent studies have disputed this conclusion
[246, 247, 248], a significant proportion of alternative splicing events have nevertheless
been suggested to result from ‘noisy’ alternative splicing [74, 76, 77]. Thus, it is possible
that the observed increase in alternative splicing among more complex species might be
the result of increased genetic drift as a result of reductions in effective population size,
rather than being directly associated with organism complexity. Using estimates of Ne µ
(a composite parameter of effective population size and mutation rate) for the 12 species
represented in this study [73] we found that a genome’s capacity for alternative splicing
remains strongly correlated with CTN even after controlling for Ne µ (partial Spearman’s
correlation coefficients: ASL= 0.71, p = 2.37 × 10−3 ; ASP= 0.70, p = 3.35 × 10−3 ).
Although based on a small sample of species, this finding suggests that the association
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between CTN and alternative splicing is not a by-product of reduced effective population
sizes among more complex species. Future studies should be able to assess the functional
contribution of increases in alternative splicing in the eukaryotic lineages we report here.
In addition, it is worth noting that a significant correlation of any genomic feature with
CTN does not necessarily demonstrate a causal role on the evolution of organism complexity, i.e. a higher CTN. It is beyond the scope of this study to address this directly.
Nevertheless, network theory provides some clues which allows us to speculate as to
the likelihood that increases in transcript diversification, facilitated by alternative splicing, have affected the evolution of organism complexity. Boolean networks have been
proposed as models for genetic networks as the attractors, representing different stable
patterns of gene expression, correspond to different cell types [249, 250]. In Boolean
networks, increases in the number of nodes leads to a higher number of attractors within
the network at a rate equal to or exceeding the square root of the number of nodes in the
network [251]. If we imagine each distinct transcript as a node in the genetic network we
can speculate that alternative splicing, by increasing the number of nodes (transcripts),
would lead to an increased number of attractors (cell types). Indeed, a previous study
that generated relational networks for seven species associated the number of functions
in a proteome with the number of polyform transcriptional units in the genome, those
that produce protein isoforms with different functional assignments (which are strongly
associated with the levels of splicing). Various properties of these networks (such as the
number of nodes) were found to be strongly associated with organism complexity, suggesting a link between splicing and both multifunctionality and multicellularity [252].
We conclude that alternative splicing increases over the last 1400 million years of eukaryotic evolution are strongly associated with CTN. Furthermore, this association is stronger
and more robust than other parameters previously associated with CTN although we cannot rule out the contributions of other genomic features as many co-vary. Our findings
are consistent with an ‘adaptive’ scenario whereby a genome’s capacity for alternative
splicing – with its resulting expansion of the transcript pool – could constitute a critical
component of the underlying mechanisms explaining the diversification of cell types and
the rise in organism complexity over time. Nevertheless, the data here presented do not
allow us to reach a conclusion on the functional relevance of increases in alternative splicing or to establish causality regarding the association of alternative splicing and organism
complexity; thus, it is possible that a ‘non-adaptive model’ may account for it.
To the best of our knowledge, our results represent the first systematic assessment of the
relationship between alternative splicing, evolutionary time and CTN and provide evidence for a strong association of alternative splicing and CTN. Our results further constitute the most comprehensive head-to-head comparison, to date, of variables associated
with CTN.
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4.5
4.5.1

Materials and Methods
Organism complexity

The number of unique cell types was used as a proxy of organism complexity. Estimates
of cell type number per species were compiled from [253, 99, 254, 255, 256, 257]; data
in graph form from [253] as interpreted by both [258] and [259] was also included. Following the methodology of [259], where more than one estimate of cell type number was
available for a species, the average of the minimum and maximum number was used. In
addition, we included a revised cell type number estimate for humans [260]. Table S4.1
provides averaged complexity estimates for both pro- and eukaryotic species whereas Table S4.11 shows the sources.

4.5.2

Identification of alternative splicing events

Comparable alternative splicing events were obtained using the following approach. Over
39 million EST sequences, accounting for 112 species, were downloaded from dbEST
[164] and matched to their corresponding genome using GMAP [261] (these species are
identified in Table S4.1 by a positive value in the column titled ‘total number of ESTs’).
Genome sequences and annotations were obtained from sources contained in Table S4.1.
Cancer-derived EST libraries from human and mouse were removed from all analyses presented. To ensure high quality alignments, we only retained those ESTs with 95% identity.
ESTs were assigned to genes using gene annotation coordinates. EST alignments were
then used to create an exon template. These templates were generally in agreement with
existing exon annotations but also identify a small number of non-annotated exons and
discard orphan exons likely to be nested genes. Alternative splicing events per gene were
identified by comparing alignment coordinates for each individual EST to exon annotations. A comparable alternative splicing index that avoids transcript coverage biases was
obtained using the transcript normalisation method described in [98]. Briefly, for each
gene with greater than 10 ESTs one hundred random samples of 10 ESTs were selected.
The number of alternative splicing events were calculated for each random sample (as
detailed above), with an overall average calculated per gene. The ability of this method
to correct for transcript coverage bias and calculate an accurate number of alternative
splicing events is shown in Figure 4.1. To estimate alternative splicing prevalence, a gene
was considered to be alternatively spliced if it had at least an average of one alternative
splicing event identified in each of the 100 random samples.

4.5.3

Additional functional genomic parameters

Gene number per species was obtained from Ensembl BioMart version 0.8 (March 2013)
[262]. Proteome size (total amino acids encoded by all peptides), proteome information
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content (total amino acids encoded by primary transcripts only) and average protein length
were calculated from mRNA transcripts obtained from Ensembl BioMart version 0.8
(March 2013) [262]. The exception is the lancelet, Branchiostoma floridae, where transcripts were obtained from [263]. Protein-protein interaction (PPI) domains per protein
were identified using HMMER3 with default parameters [264] and the Pfam-A database
[265], with results parsed to consider matches to the 642 confirmed PPI domains as described in [216]. Protein disorder data was obtained from [99]. ‘Disordered sites’ are
those which are not at equilibrium in the protein’s 3D structure under physiological conditions and can thus adopt a greater variety of conformations. We obtained the mean
number of disordered binding sites per protein, the total number of disordered binding
sites across all annotated proteins per species, and the mean percentage of disordered
binding sites per protein (i.e. the mean number of disordered sites per protein as a percentage of the protein’s length). The latter term is considered the disorder of the protein.
Mean proteome disorder is taken as the mean disorder per protein. The average number
of protein-protein interactions per protein for each species was also obtained from [99].
Data on the composite parameter Ne µ (effective population size and mutation rate) was
obtained from [73].

4.5.4

Statistical analysis

All statistical tests were performed in R, version 2.15.2 [266]. For stepwise regression
analysis, new regressors are included at each step according to the Akaike Information
Criterion [267], estimated using the package ‘MASS’ [90]. Principal components analysis
was performed using the R packages ‘FactoMineR’ [268] and ‘Vegan’.

4.5.5

Correction for phylogenetic autocorrelation

To assess and control for the strength of the phylogenetic signal on the correlation between CTN and the different genomic variables in this study, we computed Pagel’s λ
[232] based on maximization of the restricted log-likelihood using the gls subroutine from
the R-package nlme [269]. Optimum negative values of Pagel’s l are reported as λ = 0.
We used the subroutine PGLS in the R-package Caper [270] to examine the ‘true’ associations between the different genomic variables and CTN after using the optimal λ
values to control for the strength of the phylogenetic signal. This method implements
generalized least squares models which account for phylogenetic non-independence by
incorporating the covariance between taxa into comparisons that determine the correlation between dependent and independent variables. PGLS is an extension of the independent contrasts methods proposed by Felsenstein [271] that provides a more general and
flexible approach for assessing correlations between traits while accounting for phylogenetic divergence. An ultrametric phylogenetic tree for the analysed species was created
by obtaining the divergence time between each pair of species from [230].
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4.5.6

Expression level

Microarray data for four species (H. sapiens, M. musculus, A. thaliana and C. elegans)
was obtained from the following sources. For H. sapiens and M. musculus, Affymetrix
array data analysed by [272] was obtained from BioGPS (http://biogps.org). For H. sapiens, we obtained the expression of 11,449 genes across 28 tissues. We summarized
gcRMA (GC robust multi-array average) normalized probe intensity levels to Ensembl
IDs corresponding to protein coding genes. All probes matching to more than one Ensembl gene ID were removed. Expression values were then normalized against the total
signal level in each tissue. For M. musculus, we obtained 9825 genes with one-to-one
orthologues in the human across 79 different tissues and cell types. Where more than
one array exists for a given tissue, data were averaged. The per probe expression signal was summarized to Ensembl gene IDs using the average expression of all the probe
sets matching a single Ensembl ID. All probes matching to more than one Ensembl gene
ID were removed. Expression values were then normalized against the total signal level
in each tissue. For A. thaliana, data was obtained from the Arabidopsis Development
Atlas (ADA), as generated by the AtGenExpress Consortium [62] (NASCARRAYS reference numbers 149-154, together representing 79 tissues, were downloaded from NASC
AffyWatch (http://affymetrix.arabidopsis.info/)). Expression level was then quantified as
the average gcRMA across all 79 tissues (with each value itself the mean of triplets)
[108]. For C. elegans, tissue-specific expression for 13 tissues (germline, hypodermis,
intestine, muscle, neurons, pharynx, coelomocytes, distal tip, excretory cells, spermatheca, spermatheca uterine valve, uterus and vulva) were obtained from [273] (http://wormtissue.princeton.edu), who analyzed a compendium of 916 microarray experiments from
53 datasets. Expression values in this dataset are already normalized to have mean 0 and
variance 1. Expression level is taken as the mean across all tissues.
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Chapter 5
General discussion
This thesis has addressed various questions relating to how signs of adaptive evolution can
be distinguished from neutral evolution. A general conclusion of the work presented in
this thesis is the importance of carefully contrasting any observations suggestive of positive selection (e.g. a disproportionate enrichment amongst certain functional categories
of genes with particular structural variants) with a null hypothesis of neutral evolution
[122]. This allows the following questions to be asked: firstly, how are potential signs
of selection interpreted if these observations are considered in isolation (i.e. for individual genes or a set of genes of interest), and secondly, what can reasonably be inferred if
instead there is an established context for any observations, e.g. data pertaining to the
remaining genes in a genome? Taken together, the emphasis is upon what would falsify
an adaptive hypothesis, a question more easily addressed given the ongoing expansion
of available genomic data [104] and accordingly the means by which non-adaptive alternatives are evaluated. These points are addressed in all chapters and demonstrate that in
some instances a neutral interpretation can explain observations that have been considered
adaptive.
Chapter 2 discusses how individual signatures of selection may themselves be influenced
by biasing factors. Various characteristics can be used to infer whether a gene is under
selection. One of the most common is a sequence’s dN/dS ratio, which quantifies the
degree of substitution acting on both synonymous and non-synonymous sites, with high
values (> 1) suggestive either of positive selection or relaxed selective constraint [102].
However, interpretation of this ratio in such a way as to infer the activity of selection
requires certain assumptions. One of the key assumptions is that selective pressures upon
synonymous sites are constant, such that dS (the number of synonymous substitutions per
synonymous site) is an effective proxy of the background rate of mutation.
Chapter 2 demonstrates that when taking into account the higher level of purifying selection at exon edges, this doesn’t, in general, mask signatures of positive selection, but
does weaken the relationship of a gene’s structural and functional characteristics to its
dN/dS. This is of interest as if any structural or functional traits are the target of selection, the strength of selection acting explains less variance in the substitution rate than
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expected. For instance, more highly expressed genes have their products more frequently
‘exposed’ to selection and accordingly the signature of selection (i.e. dN/dS) is expected
to correlate with expression level. That exon edge conservation partially accounts for this
relationship suggests that there is increased scope for the role of other evolutionary forces
– including selection acting upon other parameters (such as splicing accuracy) – at explaining variation in substitution rate. This suggests future avenues for research, as it is
of interest to understand which forces, acting upon which parameters, influence substitution rate. We have shown that when accounting the effect of conservation at exon edges,
the ability of many genomic parameters at explaining variation in dN/dS is diminished
(Table S2.12). We do not find that exon edge conservation masks a stronger association
between dN/dS and any given parameter, as none explain greater variation in dN/dS after
junction regions are removed. However, when accounting for lineage-specific substitution
patterns, some genomic parameters do explain a greater amount of variation in dN/dS,
in particular gene length (Table S2.17). This work is limited by the draft state of the T.
parvula genome (used as an outgroup to calculate lineage-specific dN/dS for A. thaliana)
and the accordingly small amount of data available (n = 73) to address the two factors –
lineage-specific substitution and junction conservation – together. As such, the aggregate
role of both factors in mitigating dN/dS biases is not yet known.
It would also be of interest to examine the relationship of gene length to lineage-specific
dN/dS in further detail, after junction regions (with their higher selective constraint) are
removed. We found that gene length is one of the strongest covariates of lineage-specific
dN/dS, equivalent in strength to expression level, and that the relationship between the
two is not explained by the covariance of length with expression level. If lineage-specific
substitution rates indeed provide more accurate estimates of dN/dS, then junction removal – which removes a further source of bias from dN/dS – would better reveal the
relationship of dN/dS to gene length.
If, as chapter 2 suggests, a gene’s length and expression level are indeed among the
stronger predictors of dN/dS, and the relationship of either parameter to dN/dS is not
entirely explained by its covariance with the other, it is of interest to know what selection
is acting upon, and why. For instance, although selection is likely to influence a gene’s
length and expression profile, it is unclear in what manner selection is acting – is a gene’s
length in part explained by it being selected for higher expression, or can genes become
more highly expressed because their length is constrained?
It has already been shown that selection for translational efficiency can influence gene
length – in animals, longer genes will be expressed at lower levels, assuming that elongation rate is the limiting step in translation [274]. Alternatively, if transcription and
translation are slow, expensive processes in general, shorter genes will be biosynthetically economical and enriched amongst the highly expressed [126, 275]. Explanations
underlying the relationship of gene length to expression are more speculative in plants,
but are likely to involve a gene’s intron content – both the total and average intron lengths
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are longer in plants than in animals, with their regulatory roles perhaps necessary for
higher levels of expression [276].
Overall, removing sources of bias from dN/dS estimates and reassessing the relationship
of dN/dS to its known correlates – in particular, gene length and expression – will help
identify which characteristics are under potential selection.
Chapter 3 examines a polymorphic variation within a single species. It had previously
been shown that in A. thaliana genes with presence/absence variation (PAV) in their coding regions – i.e. structural variation that is potentially adaptive – are enriched for R
(resistance) genes [184, 185], including members of the NBS-LRR family [43], known to
be involved in pathogen detection [187]. Due to their recent, and substantial, structural
divergence, alongside frequent recombination, copy number variation and high dN/dS
ratios, R genes have been considered strong candidates for undergoing positive selection
[41, 42]. It is reasonable to consider whether PAV, which contributes to this divergence, is
adaptive also. However, functional categorisation of these PAV genes was defined without
reference to the set of ‘intact’ genes in A. thaliana, and as such it is arguable that certain
data – of use in clarifying the evolutionary history of PAV – is absent. This data can be
considered ‘contextual information’, a broad term representing any comparative observations drawn from the wider genome, not just the set of genes of interest. This would
allow the observed characteristics of any genes of interest – by definition, a subset of the
wider genome – to be more accurately contrasted with the expected characteristics of the
‘average gene.’
To that end, chapter 3 shows that the characteristics of genes with PAV in A. thaliana
are similar to the characteristics of intact genes of that functional group anyway (Table
S3.6). For example, the NBS-LRR family is enriched in genes with polymorphic exon
deletions (exon presence/absence variation; E-PAV). Given the known functionality of,
and the recent divergence amongst members of, the NBS-LRR family, E-PAV is arguably
adaptive in this context. Nevertheless, we find the set of E-PAV genes, if compared with
the set of genes with all exons present, and the set of NBS-LRR genes, if compared to
the set of genes belonging to other families, have similar properties. The observation that
NBS-LRR genes are enriched for E-PAV and the implication that this E-PAV is adaptive
can then be re-interpreted: NBS-LRR genes, with or without E-PAV, are similar to genes
in which E-PAV is observed anyway. The set of NBS-LRR genes and the set of E-PAV
genes can both be characterised as being newer additions to the genome (i.e. are likely to
be under relaxed selective constraint as they are less likely to be essential), having higher
dN/dS ratios (i.e. consistent with a scenario of relaxed purifying selection), having a
higher number of paralogues (i.e. there is a possible degree of functional redundancy in
their protein products, such that mutations in one gene are less likely to be deleterious),
and having a higher number of alternative splicing events (i.e. functional protein products
encoded by the gene do not necessitate the presence of every exon). In this respect, we
show that an observation interpretable as adaptive (E-PAV) can also be considered as
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comparable to background selection.
Defining the characteristics common to a set of genes with shared function (NBS-LRR)
and a set of genes with shared variation (PAV) suggests a direction for future research. As
an a posteriori explanation of positive selection can reasonably be considered meaningful
if significant variance is observed in particular functional categories (such as NBS-LRR),
it is of interest to further characterise members of those categories in which the proportion
of positively selected genes is enriched. It is reasonable to believe that genes in certain
functional categories are more likely to experience positive selection due to the exposure
of their protein products to strong and ongoing environmental pressures related directly
to their function (e.g. those involved in sensory perception or immune responses [277],
or those involved in the virulence of pathogens [278]). If a whole category is likely to
have experienced greater positive selection there may be structural commonalities between those individual genes considered as positively selected and other members of that
category. These other members may not show signs of positive selection at the point
of observation but are more likely to have been influenced by it at some point in their
evolutionary history. It would be of interest to identify how the structural characteristics
of genes vary by how positively selected the ‘average gene’ in that functional group is
likely to be. This could provide an evidence base for comparative purposes when candidate signatures of positive selection are found. Studies of positive selection often report
their findings by functional category (e.g. positively selected genes in seven ant genomes
are enriched for those with mitochondrial functions [279]; in the sea urchin Allocentrotus
fragilis, for sulphur metabolism [280]), and in this respect categories enriched for positive
selection are identified alongside individual genes.
Taken together, chapters 2 and 3 provide examples of how adaptive signatures can be
distorted or re-interpreted, and that the potential signs of selection can be more reliably
assessed against the null hypothesis of molecular evolution, neutrality [122], when an
additional amount of ‘contextual information’ is available. Such ‘context’ can be the indepth characterisation of a limited number of genomes or the broad characterisation of a
single feature in many genomes.
In this respect, chapter 4 discusses the relationship of alternative splicing to organism
complexity, assayed as the number of unique cell types, using data spanning all major
eukaryotic taxa. Although a relationship has previously been proposed between these two
variables, arguing that increased alternative splicing leads to greater proteome diversity –
and thus, organism functionality – irrespective of increases in gene content [70, 219, 69],
this has historically proved difficult to test [71]. One of the principal problems is that
comparative estimates of the number of alternative splicing events per gene, and the proportion of genes that are alternatively spliced, are susceptible to biases introduced by the
differential coverage of transcripts per species. This chapter describes and implements a
comparable index of alternative splicing estimates to account for these transcript coverage biases, showing that the rise in alternative splicing over eukaryotic history is strongly
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associated with increases in organism complexity. Furthermore, this association is not
explained by covariance with other variables previously linked to complexity, such as
proteome disorder [217, 218] and the degree of protein-protein interactions [216].
This is suggestive, although not explicit evidence of, an adaptive role of alternative splicing throughout eukaryotic evolution, and is consistent with previous reports ascribing a
central role to alternative splicing in many biological processes (see chapter 1). It is also
consistent with a previous report that genes with higher levels of alternative splicing are
enriched for cytoskeleton-associated functions in ‘complex’ vertebrates [93], suggesting
a role for alternative splicing in the evolution of cellular complexity. Although these observations are consistent with the expansion of functionally relevant alternative splicing
throughout eukaryotic evolution, it is still contentious as to whether alternative splicing
has been shaped largely by selective or by neutral forces.
It has been argued that as ‘more complex’ organisms have lower effective population
sizes, the relative strength of drift to selection increases with organism complexity [72,
73]. As a consequence of this, there is a greater likelihood of slightly deleterious mutations – including those affecting splicing regulation – reaching fixation. This would result
in a higher diversity of transcripts, but not necessarily those that are biologically meaningful. This is supported by the fact that few alternative splicing events appear conserved
between ‘higher’ species (i.e. those with a higher number of cell types) and that as a
consequence most alternative splicing is arguably ‘transcriptome noise’ [74, 76] – observations of such splicing events are consistent with their passive emergence via drift and
their maintenance is best explained by the fact that purifying selection has yet to eliminate
them. Even so, these studies contrast the presence of alternative splicing only amongst
the ‘most complex’ species – humans and mice – and as such the absolute number of
functionally relevant alternatively spliced genes, and the distribution of these genes by
functional category, could still have been shaped by adaptive processes.
It would be of interest to identify the degree of conservation of alternative splicing events
across the spectrum of species with comparatively lower levels of complexity (i.e. cell
type number) to determine whether ‘transcriptome noise’ is indeed common throughout
eukaryotic history, and whether – by extension – there are conserved functional categories
in which alternative splicing is enriched. This could identify candidate groups within
which any evidence of selection may be examined.
Although an association is found between alternative splicing and organism complexity,
chapter 4 also shows that this is concomitant with – but not itself explained by – the decline in effective population size (Ne ). Notably, however, this is not evidence of a causal
relationship and as such the above ‘non-adaptive’ model of alternative splicing evolution
may yet account for it. Nevertheless, this finding is limited by the small quantity of Ne
data available (n = 12) [73] and a natural extension would be to employ a proxy, expanding the scope of the study and more reliably determining the contribution made by
Ne . Although compendiums of Ne data have developed substantially [281, 282], there is
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still minimal overlap between the set of species for which Ne is estimated and the set of
species for which alternative splicing levels are estimated. As such, the most appropriate proxy would appear to be generation time, a known negative correlate of Ne [283].
Generation time data for 31 species for which alternative splicing estimates are also available can be found in previous studies [284, 285, 286, 287, 288, 289, 290, 291, 292, 293,
294, 295, 296, 297, 298, 299, 300]; compiling such a dataset would better address the extent to which neutral processes can explain the relationship of complexity and alternative
splicing. Future studies can address other predictions of the ‘non-adaptive’ hypothesis
for genomic complexity, particularly with regard to the evolution of exon/intron architecture. The scope of this hypothesis is broad, although largely theoretical, and as such a
reasonable means of furthering chapter 4 would be to establish explicitly testable predictions with regard to quantifiable genomic characteristics. This could expand the evidence
base for determining whether certain aspects of genome evolution – in particular, but not
limited to, the rise in alternative splicing – are indeed primarily associated with neutral
processes. Of particular interest is whether increases in the relative strength of drift to
selection are associated with changes to the exon/intron architecture that are themselves
associated with alternative splicing [301, 302, 303].
For instance, as a reduction in Ne also decreases the strength of selection against mildly
deleterious into-intron insertions, gene length and intron content are expanded in ‘more
complex’ genomes [73]. Importantly, intron size in vertebrates is a strong determinant
of whether splicing proceeds via the exon definition or intron definition pathway – i.e.
whether the splicing machinery is placed across the exon or the intron – with the latter
pathway more efficient at shorter intron lengths, but becoming less so beyond approx.
250nt, whereupon the exon definition pathway becomes more common [304]. Further
to this, we can predict that the lengthening of introns increases the selective pressure
upon the (comparatively) smaller exons for stronger splice site signals – consistent with
observations in C. elegans [305], D. melanogaster [306], fungi [307], humans and mice
[308] – which could lead to a higher number of included exons. Nevertheless, the effect
of intron length upon the relative strength of intronic and exonic splice site recognition
may also lead to increased alternative splicing, particularly exon skipping, if exonic splice
sites are, for instance, insufficiently strong. This would result in certain exons, within an
increasingly intron-rich sea, being ‘too weak’ to distinguish from their flanking introns.
This is consistent with observations in humans, mice and rats: compared to constitutive
exons, alternatively spliced exons have higher dN/dS ratios, suggesting relaxed selective
constraint with regard to their functional contribution to any protein product [309] and by
extension, predicting they have weaker splice sites.
As such, there are both theoretical and empirical links between gene structure and alternative splicing, which emphasise the non-adaptive aspects of this association.
General trends in the evolution of exon/intron architecture – increases in intron relative to
exon content (e.g. as reported by [310, 311, 153]) – are also consistent with the predictions
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of this ‘non-adaptive’ model, and as such it is reasonable to expect that the observed
increase in alternative splicing over eukaryotic history [152] naturally follows.
Observations consistent with these predictions would support the notion that the observed
instances of alternative splicing are, in general, largely non-functional. By contrast, deviation from this neutral expectation could shed additional light on the coding potential of
alternative splicing and any role it may have in proteome expansion, particularly if the extent to which genes undergo alternative splicing is disproportionately enriched for certain
families. Additional predictions consistent with this non-adaptive hypothesis of splicing
evolution can be made. We initially expect that as organisms with a lower Ne have a
longer generation time [283], and, by association, a slower rate of molecular evolution
(due to less frequent genome replication) [312], mutations affecting splicing regulation –
which could lead to new splice variants – should be less likely to arise (as there are a lower
number of DNA replication errors per unit time) although will be less likely to be eliminated if they do (as the strength of drift relative to selection is higher). We also expect the
likelihood of such mutations to be increased by two other factors. Firstly, organisms with
longer generation times are expected to ‘tolerate’ longer introns, as fewer genes will be
under strong selection for mRNA processing time [288], and secondly, longer introns are
more prone to splicing error, having a greater number of mutable sites than shorter introns
[313]. As such, this predicts a higher proportion of genes to be alternatively spliced in
organisms with a longer generation time.
In addition, as a gene’s structure is inherently conducive to alternative splicing – those
with a higher number of exons, for instance, can generate more alternatively spliced transcripts by probable combinations alone [314] – the number of alternative splicing events
(ASEs) per gene should correlate with the number of possible ASEs per gene, with these
correlation strengths themselves strongly associated with both Ne and generation time.
For each gene with n exons, a maximum of 2n − 1 transcript isoforms are possible assuming alternative splicing is limited only to distinct exon-intron combinations (i.e. excluding, for instance, alternative promoter or polyadenylation usage). There is no reason
to believe that anything other than a limited proportion of this total would be observed,
although it is reasonable to expect a strong correlation between the number of observed
ASEs (i.e. ASL) and the number of possible ASEs. The hypothesis that eukaryotic splicing is predominantly noisy predicts that the strength of these correlations will be higher
for species with lower Ne .
Taking these factors together, a reasonable null hypothesis is that the majority of ASEs
are ‘transcriptome noise’ [76] – that they are primarily the consequence of a non-adaptive
expansion of the eukaryotic exon/intron architecture and accordingly show few signs either of conservation or of functionality. Nevertheless, given the importance of alternative
splicing to many biological processes (discussed in chapter 1), there arguably remains a
role for selection in the evolutionary history of splicing, alongside the role of drift. As
such, future work to characterise the exon/intron architectures of alternatively spliced
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genes in multiple taxa, and to examine the evidence of conservation for alternatively
spliced regions, may yet uncover adaptive signatures. For this example and in general,
compiling and contrasting evidence of selection alongside evidence of non-adaptive processes is necessary to establish the evolutionary history of biological phenomena.
In summary, this thesis has addressed the means by which the activity of selection at the
genome-wide level can be distinguished from neutral processes, focusing on three aspects
of genome evolution: the rate of protein evolution, the distribution of presence/absence
variation and the evolution of alternative splicing. A generalised conclusion is that the
signatures of adaptation can either be masked by, or re-interpreted in the context of, nonadaptive processes and that with the increasing availability of high-throughput data, such
considerations are of increasing relevance.
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