Contents

Preface

1. Introduction

2. Hetero: A Program to Simulate the Evolution of DNA on a Four-taxon Tree

3. The Biasing Effect of Compositional Heterogeneity on Phylogenetic Estimates n
be Underestimated

4. Tracing the Decay of the Historical Signal in Biological Sequence Data

5. Estimation of Molecular Divergence Dates: Bias due to Compositional Heteroge

6. A Survey of Compositional Variation in Metazoan Mitochondrial Genomes

References

12

16
39
54

74



Preface

This book is a revised version of a thesis submitted in partial fulfilment of the requirements for a
Master of Science degree at the University of Sydney. The research presented in this book was
performed during the first eight months of 2003. | am indebted to Lars Jermiin and John Robinson
for their supervision of my work, and for their co-authorship of parts of this book (specifically,
Chapters 2, 3, and 4). Sections of this book were also co-authored by Faisal Ababneh, Liam Childs,
and Tony Larkum. Lars Jermiin wrote the computer progtararo, which is presented in Chapter

2 and is used in several subsequent chapters. | would also like to thank others who have provided
me with assistance on various aspects of my research and submitted work, including Ross Crozier,
Andrew Grimm, Peter Lockhart, Andrew Rambaut, Allen Rodrigo, Chris Simon, Jason Wong, my
colleagues in the lab and in Protsville, and the examiners of my thesis.

Financial support was provided by the A.E. and F.A.Q. Stephens Scholarship from the University of
Sydney, the Postgraduate Research Support Scheme, the School of Biological Sciences, and the
Genetics Society of Australia.

Finally, I would like to thank my friends and family, who have provided much support throughout
my research. Above all, | dedicate this book to the memory of my late mother.



Chapter 1. Introduction

The growing volume of genetic data offers an unprecedented opportunity to decipher the
fundamental evolutionary processes behind biological diversity. The field of bioinformatics
provides an array of methods that can allow us to access and understand such information. Using
molecular sequence data and phylogenetic methods, it is possible to determine evolutionary
relationships (topological inference), to compute the time since any two organisms last shared a
common ancestor (divergence date estimation), and to infer the traits of extinct progenitors
(ancestral state reconstruction).

All phylogenetic analyses require, to varying degrees, the reconstruction of evolutionary events that
occurred in the past, which are usually not directly observable (but see, for example, Radrigo
1999). These events are inextricably linked to processes that are inherently complex, and analyses
are often computationally intractable unless they can be simplified. In such analyses, therefore, it is
necessary to make a number of assumptions about the processes that have produced the molecula
sequence data, which are usually obtained from extant taxa. These assumptions are outlined below
and are illustrated with reference to an alignment of nucleotide sequences (Figure 1.1).

Site 000 000 000 111 111 111 122 222 222
123 456 789 012 345 678 901 234 567

Seq A CCT AGT CGT ACA AGA ACT GAT ACC TGA
Seq B CCT AGC CGT ACT TGC ACT GAT ACT TGA
Seq C CCA AGT CGC ACT AGA CCA GAC GCC TGA
Seq D GCA CGC CGT ACC CGC CCG GAC GCC TGA

Figure 1.1 An alignment of four nucleotide sequences, divided into triplets to reflect the
codon-based nature of protein-coding sequences.

The most fundamental assumptions are (i) that sequences are orthologous, such that they can be
aligned with each other, and (ii) that the evolutionary process can be accurately described by a tree
(a connected graph with no cycles; Figure 1.2a) (Swo#oad, 1996). In many cases, it is safe to

make these assumptions, although there are notable exceptions. The first assumption can be violat
by the inclusion of genes that have arisen from duplication events (paralogy) or from horizontal
gene transfers (xenology) (Swoffardal., 1996). The latter would also invalidate the second
assumption, since it would imply that a network (a connected graph with one or more cycles; Figure
1.2b) is required to summarize accurately the relationships among the sequences of extant taxa
(Bandelt and Dress, 1992). Networks may also be employed in situations where there are
ambiguities in the phylogenetic signal. In the alignment of Figure 1.1, for example, sites 3, 16, 21,
and 22 suggest a split among the sequences of theAB{@D, whereas sites 6 and 15 support the

split AC|BD; these cannot be reconciled in a binary tree representation, unless one or both sites are
assumed to have changed at least twice (Jakobsen and Easteal, 1996).



(a) (b)

Figure 1.2 Representations of phylogenetic relationships using (a) a tree, and (b) a network.

There are further simplifying assumptions that concern the nucleotide substitution process itself. It
is convenient to represent this process using a rate mafrix,
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where ", is the conditional rate of change from nucleotide nucleotide in R, andx,, is the

frequency of nucleotidein R,. Assumptions that are often made about the substitution process
include (i) that it is identical in different edges in the tree (rate homogeneity among lineages); (ii)
that it is identical at different sites in the alignment (rate homogeneity among sites); (iii) that it is
constant over time (the 'molecular clock’; Zuckerkandl and Pauling, 1962; Zuckerkandl and Pauling,
1965); (iii) that the substitution processes at different sites are mutually independent (independence
among sites); and (iv) that nucleotide or amino acid content remains constant over time
(compositional stationarity).

Contraventions of these assumptions can arise in various forms. In the alignment of Figure 1.1, for
example, there is an elevated GC content in sequ2ieoenpared with the other three sequences,
suggesting that base content has evolved under non-stationary conditions. Second codon sites hav
experienced no observable base substitutions, and thus are likely to be experiencing a much lower
substitution rate than the remaining two codon positions. Such sites may even be invariant, and it is
necessary to account for the presence of invariant sites, especially when they constitute a substanti
proportion of the alignment (Fitch, 1986b), or when they are unevenly distributed across sites.

Violations of the assumptions are often seen in real sequence data. For example, many studies hav
demonstrated that substitution rate varies among different lineage®(itten, 1986) and over

time (e.g., Ayala, 1997; Sanderson, 1998). There is abundant evidence that compositional variation
is widespread among real sequences (Sacaarie 1999; Sueoka, 1964), indicative of departures

from the assumption of compositional stationarity.
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It is paramount to any phylogenetic analysis that the assumptions made in the course of inferring
trees, and in estimating dates and ancestral states, are met. The consequences of violating some o
these assumptions, such as among-site independence, and rate homogeneity among lineages and
among sites, have been well documented,(Felsenstein, 1978; Fitch, 1986a; Hillisz/., 1994a;

Yang, 1993). However, the adverse impact of variation in nucleotide or amino acid content on
phylogenetic analysis remains relatively under-appreciated, despite having been recognized well
over a decade ago (Loomis and Smith, 1990; Peny, 1990; Weisburgz al., 1989).

In a series of chapters, | explore the effects of compositional heterogeneity, and, to a lesser extent,
rate heterogeneity among lineages, on various aspects of phylogenetic analysis:

In Chapter 2, | present a prograHegtero (written by Lars Jermiin), which can simulate the

evolution of a DNA sequence on a tree with four tips. This program allows the user to specify a
unigue rate matrix for each edge in the tree, and provides a detailed output of the simulation results
Using this program, | investigate a series of cases where phylogenetic inference is confounded by
the signal produced by rate variation among lineages.

In Chapter 3, | use the progrdtetero to explore quantitatively the relationship between
compositional heterogeneity and the accuracy of phylogenetic inference. In particular, | relate the
ability of commonly used methods (maximum parsimony, maximum likelihood, and weighted and
unweighted neighbour-joining) to recover a tree when there are differences in GC content among
the sequences.

In Chapter 4, | test the performance of maximum parsimony, maximum likelihood, and neighbour-
joining in seven different scenarios. Apart from a null case, each scenario involves either rate
heterogeneity among lineages or compositional heterogeneity among lineages, or various
configurations of both. Detailed analyses of the results are provided, including networks showing
the interplay among compositional heterogeneity, rate heterogeneity among lineages, and the deca
of the historical signal. A case study is also presented, focusing on sequences from the beta-tubulin
gene, in order to illustrate the complex interactions that occur among confounding factors.

In Chapter 5, | evaluate the performance of several methods for estimating divergence dates,
including a simple distance-based method, a maximum-likelihood quartet method, and Bayesian
inference, in the presence of compositional heterogeneity. Estimation biases are quantified for
different patterns of compositional variation and for varying disparities in GC content. A case study
involving the split between the kingdoms Metazoa and Plantae is presented, in which the
divergence date estimate is biased due to differences in base composition among the sequences.

In Chapter 6, | survey 366 metazoan mitochondrial genomes in order to describe the patterns of
compositional variation that are present. | conduct a detailed study of this variation using statistical
and comparative methods, taking into account the covariance that is associated with shared
phylogenetic histories. Based on these analyses, | re-evaluate a number of hypotheses that have
been proposed in explanation of directional mutation pressure.



Chapter 2. Hetero: A Program to Simulate the Evolution of DNA on a Four-

taxon Tree

Introduction

Phylogenetic inference is rated among the more difficult challenges facing investigators of
biological questions and, even where it would be appropriate, many scientists still shy away from
using a phylogenetic approach because it is considered too difficult. It need not be that difficult,
however; with practice, it is possible for workers in many scientific disciplines to infer a
generalized phylogeny of any specific area because user-friendly phylogenetic programs are
available for most computer systems. Instead, the challenge lies in (i) choosing the appropriate
phylogenetic data for the question in mind; (ii) choosing the phylogenetic method that most
appropriately applies to these data; and (iii) determining whether the evolutionary events and
processes of the past are indeed correctly inferred.

The performance of molecular phylogenetic methods is usually debated on the basis of well-
justified criteria (Pennyt al., 1992), and it is known that many of them perform well under ideal
conditions {.e., those that are specified by the assumptions under which the phylogenetic methods
operate), and often less so when (i) the sequences are shortefhdillisL994b); (ii) multiple

substitutions at the same positions have eroded the footprints of evolutionary events (Huelsenbeck
and Hillis, 1993); or (iii) the assumptions of phylogenetic methods are violated by rate
heterogeneity among lineages (Felsenstein, 1878&)nong sites (Yang, 199&ompositional
heterogeneity (Lockhaet al., 1992b), invariant site@itch, 1986b; Lockhart al., 1996), or

covariotides and covarions (Fitch, 1986a; Lockhast., 1998). The message emerging from these

and many other studies is the importance of choosing a phylogenetic method that applies most
appropriately to the data. However, the choice of a phylogenetic method is still often made on the
basis of prior experience with a phylogenetic approach, and rarely on the basis of an objective
assessment of the appropriateness of the methods in the context of the data that are to be analysec
One way to appreciate this point of view is to simulate the evolution of a nucleotide sequence on a
known phylogenetic tree. There are several programs available for doing so (Table 2.1), and they al
offer a great deal of flexibility with respect to the substitution models and the tree topology. One
shortcoming, however, is that the substitution models used are all of the time-reversible form,
implying that the sequences generated by these programs will have the same composition of
nucleotides, codons, or amino acids, which is not always the case in realglakoéterer al.,

1997; Jermiiret al., 1994).

Table 2.1 Publicly available computer programs that can simulate the evolution of a
sequence of nucleotides, codons, or amino acids on a tree

Program Data URL

Seq-Gen Nucleotides http://evolve.zoo.ox.ac.uk/

Pseg-Gen  Amino acids http://evolve.zoo.ox.ac.uk/

Treevolve  Nucleotides http://evolve.zoo.ox.ac.uk/

PTreevolve Amino acids http://evolve.zoo.ox.ac.uk/

Rose Nucleotides & amino acids http://bibiserv.techfak.uni-bielefeld.de/downloar
evolver Nucleotides, codons, & amino acid: http://abacus.gene.ucl.ac.uk/software/paml.htrr
Pal Nucleotides, codons, & amino acid: http://www.cebl.auckland.ac.nz/pal-project/
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Hetero is a computer program designed to simulate the evolution of a nucleotide sequence along a
rooted, four-taxon tree. The nucleotide substitution models are lineage-specific, implying that the
evolutionary processes along adjacent edges can be different, both in terms of the average rate of
change and in terms of the equilibrium nucleotide conté&nitro is intended to be a tool for

teaching and research; as such, it produces results in a format that can be analysed using
phylogenetic programs from the PHYLIP package (Felsenstein, 2002).

Fundamental to our approach is the belief that pattern and process are two sides of the same coin:
the pattern is the phylogeny that describes the time and order of divergence events, and the proces
is the mechanism by which mutations in nucleotide sequences accumulate over time in diverging
lineages. It makes no sense to consider the pattern and process independently, even when only on:
of these two components is of interest, because any inference of evolutionary pattern is dependent
on the evolutionary process, ande versa.

Hetero: Description of the Program and its Features

Hetero uses a rooted, four-leaved, binary tree and user-specified edge lengths to allow the evolutior
of an ancestral nucleotide sequence to occur along the edges of the tree (Figure 2.1). The entry of
information needed before the Monte Carlo simulation can proceed occurs in six blocks.

1. Entry of edge lengths in the tree. The edge lengths are given in terms of average number of
nucleotide substitutions per sit€)(or units of time 4). These measures of evolutionary time are
proportional if evolution of the sequences occurs under the same time-reversible model of
nucleotide substitution because the average rate of change per site per tik)asutiie(same for

all the edges. When different substitution models are assigned to different edges, however, the
correct measure of evolutionary time.iJhe default values ate=b =c¢ =d = 0.95,e = f= 0.05.

2. Entry of the ancestral nucleotide composition. In order to run the Monte Carlo simulation, it is
necessary to know the nucleotide content of the ancestral DNA at the root of the tree. By default,
Hetero uses uniform nucleotide contene( !/ ,=/.=!,=1,=0.25).

3. Entry of substitution models for the six edges. In order to run the Monte Carlo simulation, it is
necessary to specify the rate of change per site per timeRyrivi( theith edge in the tree, where

- E ALiny Ty AiacTlic QisgTiG QL iarTig
y=A
RLicallin  — E Ricylyy  QicgTig Xicr g
=C
R, = ” (2.2)
A iGaTlia Qigeic — E Qiy Ty CQigrTlir
y=G
Qira T i AircTic Xirgic — E Ay Ty
y=T -

" iy IS the conditional rate of change from nucleoside nucleotide’ in R;, and! ,, is the frequency
of nucleotidey in R;. By default,Hetero uses time-reversiblR; matrices with predefined
parametersig., !, = 0.25;",,, = 0.2).

4. Entry of the sequence length, number of simulations, and seed for simulation. In order to run
the Monte Carlo simulation, it is necessary to specify the sequence length and the number of
simulations. Additionally, a seed number is needed to primeati®e random number generator,
which has a periodicity of more tharit2L0'® (Presset al., 1992).
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5. Multiple substitutions at the same site. There is widespread evidence to suggest that multiple
substitutions may have occurred at many sites in coding and non-coding DNA throughout
evolution. The result is the disappearance of ancestral states and erosion of the signal that is neede
to infer the evolutionary history correctly. Under some conditions, it may be of interest to allow the
sequences to evolve without the accumulation of multiple substitutions at the samg. siteo(ie

wishes to assess the performance of parsimony methods under conditions that differ in terms of
multiple substitutions at the same sitgyzero can allow this to occur if the expected tree length is

less than or equal to 1.0 substitution per site. If the evolutionary time is givetieas-o will

estimate the length of thith edge in terms of substitutions per skg where

Ki = ti ﬂiA E aiAyﬂiy + jtiCE aiCy‘n—iy + ﬂiG EaiGyniy + ﬂiT EaiTyﬂiy (22)

y=A y=C y=G y=T

and the sum of th&; values will be compared to 1.0. Alternatively, the program will compare the
sum of the user-specifidd values to 1.0.

6. Entry of names of files that will contain results of simulation. Hetero produces output that
appears on the monitor and in two text files. The user is asked to enter the names of these two files
and if the names are valid and non-identi&kero will perform the simulation.

Hetero directs its output to two files and to the standard output. One file contains the alignments of
simulated nucleotide sequences; they are stored in the sequential PHYLIP format, allowing them to
be analysed directly using the phylogenetic programs from the PHYLIP program package
(Felsenstein, 2002). The other file contains the details used in order to do the simulation, and
information collected during the simulation that may be used to obtain a better understanding of
molecular evolution as a dynamic process and to understand why phylogenetic methods do not
always perform as well as expected. In particular, the program produces a table with:
1. Pair-wise differences in the GC content for all pairs of sequences (Columns 1-6);
2. The number of constant sitesg, with A in all four sequences) (Column 7);
3. The number of singleton sitesd., with A in one sequence and G in the other three
sequences) (Columns 8-11);
4. The number of parsimoniously informative siteg.( with A in two sequences and T in the
other two sequences) (Columns 12-14);
5. The number of hyper-variable sitéz.( sites containing three or four different nucleotides)
(Column 15).

These observations are obtained for each simulation and the average is estimated across all the
simulations. In addition, the program produces a table listing the number of sites that have changed
0, 1, 2, ... ntimes; this table may be useful in developing an understanding of how multiple
substitutions accumulate at a site.

Using Hetero to Teach Phylogenetic Inference

Hetero may be used to illustrate specific problems relating to phylogenetic analysis of sequence
data. It has long been knownd., Felsenstein, 1978; Hasegawal., 1991; Steedr al., 1993a)

that rate heterogeneity among lineages can lead to what is commonly called a ‘long-branch
attraction’ effect, but how can this be shown effectively to students studying molecular systematics?
One approach is to ugterero to designR-matrices that differ in their average rates of change. For
example, let us use the default valuesRpandR;, change the values 6t,, and” ., from 0.20 to

0.38, and change those 'tf, and"” 4, from 0.20 to 0.02; this ensures that the average rates of



change foR, andR. are 19 times faster than those RyrandR,. Using these matrices, a sequence
length of 2,000 nucleotides, and allowing multiple substitutions to occur at the same site, we
generated 1,000 data sets that were analysed using maximum parsimony, as implemented in
DNAPARS (Felsenstein, 2002).

The correct tree (AB|CD) was found in 3.3% of all cases, whereas the incorrect trees were found in
96.7% (BCJAD) and 0.0% (AC|BD) of all cases. When repeated" Wit " 1, = "oy = " iy = 0.2,

the analysis gave a very different result: the correct tree was recovered in 98.9% of all cases!
Increasing the sequence length from 2,000 to 10,000 nucleotides worsened the recovery rate to
0.0% in the first analysis and improved it to 100% in the second analysis. As expected, using
maximum likelihood with a transition:transversion ratio of 0.5 and a constant rate of change across
all sites, as implemented by DNAML (Felsenstein, 2008 recovery rate of the first analysis
increased to values in the vicinity of 100%.

To appreciate why these results are so different, we need to examine the distributions of sites that
have changed times, and the number of parsimoniously informative sites that support the three
splits (AB|CD), (AC|BD), and (AD|BC). It is clear (Table 2.2) that the number of sites that have
changed more than once is similar for the two cases (11.7%), so the difference between the two
analyses cannot be explained by a change in the proportion of sites that have superimposed
mutations. The average number of sites supporting different splits offers the explanation needed
(Table 2.3); in the case with rate homogeneity among lineages the strongest support is for the
correct split (AB|CD; 33.78s 16.98 and 16.72 sites); in the case with rate heterogeneity among
lineages the strongest support is for another split (AD|BC; 38.26.33 and 3.36 sites).

Table 2.2 The average number of sites that have changed X times, based on a simulation
with default values chosen for the ancestral nucleotide sequence and the sequence length
being equal to 2,000 nucleotides; with 1,000 simulations; with multiple nucleotide
substitutions allowed to occur at the same site; and with uniform nucleotide content

X Uniform Rates® Non-uniform Rates”
0 1114.94 1115.18

1 651.56 650.86

2 190.29 190.51

3 37.17 37.22

4 5.37 5.49

5 0.62 0.66

6 0.06 0.07

7 0.01 0.02

8 0.00 0.00

& Default values were used in Rtmatrices.
® The default values were usedRpandR;, whereas';,, = ", = 0.38 and' ., = " 4, = 0.02 were
used inR, andR,., and inR, andR,, respectively.
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Table 2.3 The average number of sites supporting different splits; details of the analysis
follow those of Table 1.2

Splits Uniform Rates Non-uniform Rates
(ABCD) 1130.63 1144.38
(A|BCD) 170.70 18.27
(BJACD) 169.30 335.23
(C|ABD) 169.61 336.47
(D|ABC) 169.98 18.14
(AB|CD) 33.78 20.33
(AC|BD) 16.98 3.36
(AD|BC) 16.72 33.06
Hyper-variable 122.30 90.77

Based on these observations, we can infer that because the molecular evolutiéraathng

occurred at a faster rate than alangndd (Figure 2.1), B and C are often more similar to each

other than they are to A and D, respectively. Convergent, parallel, and back substitutions must be
the primary reasons for this higher than expected similarity between B and C, and the maximum
parsimony method is clearly unable to identify the correct tree using sequence data that have ariser
through a more complex process of molecular evolution. Interestingly, but perhaps not surprisingly
(see, for example, Hilligt al., 1994b), the maximum-likelihood method performs better under the
very same conditions.

Conclusion

Hetero is a small but efficient computer program to simulate the evolution of a nucleotide sequence
on a phylogenetic tree with four tips. The program allows users to assign lineage-specific
differences in many of the relevant evolutionary parameters. It has a simple user-interface and a
simple output, making it equally useful in the teaching and research of phylogenetics.
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Chapter 3. The Biasing Effect of Compositional Heterogeneity on Phylogenetic

Estimates may be Underestimated

Introduction

The effect of compositional heterogeneity in sequence data on phylogenetic inference was first
identified as a potential problem in the late 1980s and early 1990s (Chang and Campbell, 2000;
Conant and Lewis, 2001; Foster and Hickey, 1999; Hasegawia 1993; Klenket al., 1994,

Lockharter al., 1992a; Lockharéz al., 1992b; Loomis and Smith, 1990; Olsen and Woese, 1993;
Pennyet al., 1990; Sogiret al., 1993; Tarrieet al., 2001; Van Den Busscheal., 1998; Weisburg

et al., 1989), and by 1993 the first methods had been developed to measure the extent of this
problem (Lockharer al., 1993; Steebt al., 1993b; Steeds al., 1995), or to overcome the problem
(Galtier and Gouy, 1995; Galtier and Gouy, 1998; Gadtier., 1999; Gu and Li, 1996; Gu and Li,

1998; Lake, 1994; Lockhaet al., 1994; Steel, 1994; Steglal., 1993b; Steeds al., 1995; Tamura

and Kumar, 2002b; Yang and Roberts, 1995). It is now generally accepted that heterogeneity in the
nucleotide or amino acid content can mislead methods commonly used to infer phylogenetic trees
(see Chapter 4), but it is still unclear how large a compositional difference is required to be before
the phylogenetic methods fail to recover the correct phylogeny. Some simulation studies have
shown that large compositional differences are needed before the inferred phylogenetic tree
converges on an incorrect topology (Conant and Lewis, 2001; Galtier and Gouy, 1995; Van Den
Busschet al., 1998). Based on the study by Galtier and Gouy (1995), it would appear that it is safe
to use DNA for phylogenetic inference as long as the difference in GC content is less than 8-10%.
This may simply be a product of the relative length of the internal edge, however, in that a long
internal edge will allow the true tree to be recovered more easily. Here we investigate this question.

We tested the abilities of several phylogenetic methods to recover the true phylogenetic tree using
data sets generated by Monte Carlo simulation, as implemented by the piagean(see Chapter

2). During these simulations the diverging sequences were allowed to become increasingly GC-rich
along edges andd, and increasingly AT-rich along edgesndc (see Figure 2.1). One thousand
alignments of 10,000 nucleotides were generated on trees with a fixed root-to-tip distance (0.5 time
units) but different internal edge lengtlesHf'= 0.01, 0.025 & 0.05 time units). In other words, if

the first divergence (AB|CD) took place 100 million years ago, then the study aims to determine
how likely it is to infer this event when the two subsequent divergences (A|B and C|D) took place
1.0, 2.5 or 5.0 million years later.

The rate of change per site per time uRp for theith edge of the tree was given by:

- E ALiny Ty AipcTlic QisgTiG QL iarTig
y=A
RLicallin  — E Rieyiy  QicgTic Xicr g
=C
R, = ” (3.2)
A iGaTlia Qigeic  — E Qigy Ty CQigrTlir
y=G
Qira T i A ircTic Xirgic — E Ay Ty
y=T -

where" ,, is the conditional rate of change from nucleotide nucleotides in R;, and! ;, is the
frequency of nucleotide in R,. In each simulation we uséd,, = 0.4,/.,=!4=0.25, and ¢, =
0.25 (o, is the frequency of nucleotiden the ancestral sequence),, /4, !, and! 5 were
allowed to vary in order to generate the desired differences in the nucleotide content.
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Trees were inferred from the simulated data using phylogenetic methods from the PHYLIP program
package (Felsenstein, 2008) maximum-parsimony method (Fitch, 1971); (ii) maximum-

likelihood method (Felsenstein, 1981); (iii) neighbour-joining method (Saitou and Nei, 1987) with
JC-corrected distances (Jukes and Cantor, 1864 (iv) neighbour-joining method with LogDet
distances (Lockhaer al., 1994). When the options were available during the phylogenetic

analyses, we allowed all sites to evolve at the same rate and used a transition:transversion ratio of
0.5.

When the internal edge length was 0.05, the maximum-parsimony method recovered the true tree
every time, even with some compositional differences in the sequence data (Figure 3.1). When the
average difference in GC content exceeded ~9%, however, the recovery rate dropped sharply, and
reached 0% when that difference was ~15%. When the internal edge length was halved to 0.025, th
same pattern of successful recovery was seen but this time the transition from 100% to 0% occurre:
between an average difference in GC content of ~4% and ~12%. In other words, the length of the
internal edge determined the probability of recovering the correct tree when compositional
differences existed in the data. Reducing the internal edge length further to 0.01 produced results
corroborating this observation, but they also showed that the phylogenetic method was not always
able to recover the correct tree, even when the compositional differences were miniscule. This last
result is consistent with our expectations.

When the maximum-likelihood method was used to analyse the data, similar results were obtained,
but there was a tendency for the maximume-likelihood method to recover the correct tree more
frequently than the maximum-parsimony method, particularly when there was a high level of
compositional heterogeneity in the data. When the neighbour-joining method was used to analyse
matrices of JC-corrected distances, similar results were obtained; in fact, there was a tendency for
the neighbour-joining method to recover the correct tree more often than the maximum-likelihood
method when large compositional differences exist. Notwithstanding the differences in performance
of these phylogenetic methods, it is clear that the magnitude of the compositional heterogeneity
determines the probability of recovery of a correct internal edge of a certain length; shorter edges
are more difficult to recover than longer edges, particularly when there is compositional
heterogeneity in the data.

When the neighbour-joining method was employed to analyse matrices of LogDet distances, the
results were remarkably different. Compositional heterogeneity did not affect the performance of
this phylogenetic method; it recovered the correct tree nearly every time, and it was only when the
true internal edge was very short that the rate of successful recovery fell below 100%. This result is
particularly interesting because analyses of empirical data have raised concern about the ability of
the LogDet method to deal with compositional heterogeneity (Chang and Campbell, 200 Tarrio
al., 2001); perhaps some of the true internal edge lengths inferred in these studies are in fact very
short.

The results presented above show that some of the most frequently used phylogenetic methods are
unable to recover the correct tree when there is compositional heterogeneity in the phylogenetic
data, which is consistent with earlier observatiens,(Galtier and Gouy, 1995), and that the
probability of recovering this tree from a data set with a given compositional difference decreased
with the length of the correct tree’s internal edge, which, while perhaps being obvious in hindsight,
is still a novel and important discovery because it counters the current trend of considering
compositional heterogeneity a minor problem in phylogenetic inference (Conant and Lewis, 2001;
Rosenberg and Kumar, 2003b; Van Den Bussché, 1998).
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These observations are important for four reasons: (i) the compositional differences used in this
study are often seen in phylogenetic data, particularly in those from metazoan mitochondrial DNA;
(ii) the edge lengths chosen for this study are comparable to those inferred in many phylogenetic
studies; (iii) as the number of taxa in phylogenetic studies increases, the true internal edges will on
the average (and inevitably) become shorter, and therefore increasingly difficult to infer,
particularly when there is compositional heterogeneity in phylogenetic data; and (iv) the result
sends a much more cautionary message compared to those sent by previous simulation studies
(Conant and Lewis, 2001; Galtier and Gouy, 1995; Van Den Bugsahge1998).

The implications of these observations are: (i) as the number of taxa in phylogenetic studies is
increased, the investigators may face an increasing problem due to compositional heterogeneity; (ii’
the need to use efficient and reliable methods to assess whether phylogenetic data are
compositionally homogenous grows with the number of sequences in the phylogenetic study; and
(i) notwithstanding the existing phylogenetic methods, there is a need for more flexible methods to
infer trees from compositionally heterogeneous data.

We have only examined the effect of one factor confounding phylogenetic inference, and there are
many others to consider, such as rate heterogeneity among lineages and among sites, heterogenei
in the distribution of invariant sites, correlated evolution among sites, and the possible presence of
covariotides and covarions. These are separate problems in their own right but may nonetheless
interact constructively and destructively in the recovery of a historical signal, and may, in fact,
explain some of the discrepancies between results obtained from analyses of simulated and
empirical data sets. It has been shown that the joint effect of rate heterogeneity among lineages anc
compositional heterogeneity can have very complex effects on phylogenetic estimates, both in
terms of tree topology and the estimation of edge lengths (see Chapter 4).

In the light of this, and with a reference to published reseaigh Foster and Hickey, 1999; Foster

et al., 1997; Jermiiret al., 1994), we suspect that the problem of compositional heterogeneity

among sequences may be more widespread than previous research has indicated; hence, we
recommend that the assumption of compositional homogeneity be assessed for any given set of
sequencegrior to the molecular evolutionary analysis, as suggested by several adthors (

Kumar and Gadagkar, 2001). We also recommend that stronger emphasis be given to extending tr
length of sequences, where possible, in phylogenetic data sets, rather than increasing the number ¢
taxa, because it will allow reliable identification of true internal edges even when they are
comparatively short.
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Chapter 4. Tracing the Decay of the Historical Signal in Biological Sequence
Data

Introduction

Inferring phylogenetic trees is an important task in studies of molecular evolution and systematics,
and many methods are now available for this purpose; each method has its own assumptions,
merits, and shortcomings. For all of the methods, however, errors can arise in the inferred edge
lengths and sometimes also in the inferred topology. Errors in estimates of edge lengths and
topology have sometimes been viewed as separate problems, with the latter assigned greater
importance to systematic and taxonomic studies, and the former to divergence date estimation. This
dichotomous treatment of phylogenetic errors is not justified because topological inference relies on
estimates of edge lengths, particularly of the internal edges; hence, the two issues are the obverse
and reverse of the same ‘phylogenetic coin’.

Phylogenetic inference using sequence data entails the recovery of a historical signal, from which
we can estimate the phylogeny. The historical signal is, however, only one of several signals; other
signals, such as those arising from compositional heterogeneity (Loeki&artl992a), rate
heterogeneity among lineages (Felsenstein, 1&7&)mong sites (Yang, 1993), invariant sites

(Fitch, 1986b), and covariotides or covarions (Fitch, 1986a), may interfere adversely with the
extraction of the historical signal. In fact, any signal that has experienced convergence in non-sister
lineages will affect recovery of the historical signal. When the historical signal has been eroded to
the extent that it is no stronger than the other confounding signals, then the methods for inferring
evolutionary distances and topologies are likely to yield biased estimates (Swotibyd 996).

The property of statistical consistency (Felsenstein, 19uw8kh refers to the ability of a given

method to converge on the correct tree with an increasing amount of datignment length),

has become a distinguishing criterion between ‘good’ and ‘poor’ methods, along with other features
such as efficiency, power, and robustness (Penady, 1992). In practice, however, phylogenetic

data comprise sequences of finite length, and notions of statistical consistency, although
theoretically desirable, may not always represent the most practical criterion for assessing
phylogenetic methods (Farris, 1999; Hillisal., 1994b; Kim, 1996).

Inconsistency can arise when certain combinations of evolutionary parameters are not adequately
accounted for in the process of phylogenetic infereage Eelsenstein, 1978; Hendy and Penny,
1989). Accordingly, under ‘simple’ conditionse(, the implicitly or explicitly assumed conditions),
phylogenetic methods are typically consistent, @néeversa (Hillis et al., 1994a). Reducing the

problem into this dichotomy, however, can tempt us into overlooking the true complexity of the
issue. Phylogenetic methods have customarily been judged by their success in recovering the true
tree, often with disregard for the accuracy of the inferred edge lengths. In fact, it is in the latter that
we can trace the symptoms of decay in the strength of the historical signal. For instance, in the
‘grey’ area, where parameter values are intermediate between the ‘simple’ and ‘complex’
conditions, it remains possible to recover the true tree, but the confounding effects of non-historical
signals may mislead estimates of edge lengths and consequently reduce the confidence that can be
placed on the topology that is inferred.

A well-known case of phylogenetic methods being misled by a confounding signal is that of ‘long-
edge attraction’ (Felsenstein, 1978; Hendy and Penny, 1989). Long edges on a phylogenetic tree
can arise as a result of rate heterogeneity among lineages (Felsensteimrliea8e analysis of
non-contemporaneous sequences (Felsenstein, 194/8;/1,i1988). Traditionally associated with
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maximum-parsimony analyses (Felsenstein, 1978), there is now also evidence that maximum-
likelihood and distance methods can be affected by rate heterogeneity among lineages when
inappropriate substitution models are used (Chang, 1996; Gaut and Lewis, 1995 Hillis

1994Db; Lockharer al., 1996). Based on simulation studies using various methods of phylogenetic
inference, the problem is now known to be able to occur not only in quartets of sequences (
Gaut and Lewis, 1995; Hillis and Huelsenbeck, 1993; Tatenb, 1994), but also in data sets
involving many more sequences (Conant and Lewis, 2001; DeBry, 1992; Hendy and Charleston,
1993; Hendy and Penny, 1989; Kim, 1996; Pol and Siddall, 2001; Zharkikh and Li, 1993).

Convergence due to similar nucleotide composition in non-sister lineages can also mislead
inference methods, in a manner similar to that of long-edge attraction. Cogent examples of this
problem in empirical data sets have been presented previously (Chang and Campbell, 2000;
Hasegawa and Hashimoto, 1993; Locklatt!., 1994; Tarricet al., 2001), and it has been shown

by Monte Carlo simulation (Galtier and Gouy, 1995). These concerns, however, have not weighed
heavily in past phylogenetic studies (Mooers and Holmes, 2000), and may in fact be far more
serious than previously thought (see Chapter 3). Methods hitherto developed to accommodate
compositional variation have not been widely accepted or applied, and even the more recognized
methods, such as the LogDet or paralinear distance models (Lake, 1994; Lackhat©94;

Steel, 1994), are limited by their assumptions and certain aspects of their design. The maximum-
likelihood methods (Galtier and Gouy, 1998; Yang and Roberts, 1995), for example, require the
estimation of many parameters, and run the risk of over-parameterization, a problem to which short
edges may be particularly susceptible.

Previous studies have addressed the abovementioned confounding factors as separate problems. |
real sequence data, however, there can be complex interactions between them, with an outcome th
is difficult to predict. In this paper, we present the results of simulation studies that explore the
interplay between compositional heterogeneity and rate variation among lineages. In order to gain
an insight into the complex problems this can pose for phylogenetic analysis, we evaluate the
performance of commonly used tree inference methods in relation to the strength of the historical
signal in the sequence data.

Materials and Methods

Data sets were generated using the computer prageano (see Chapter 2), which simulates the
evolution of a nucleotide sequence on a rooted binary tree with four terminal nodes (Figure 4.1).
Each simulation was based on a tree with pre-specified edge lergths: 7, =z, = ¢, andz, = ¢, =

0.01. Unlike other available simulation prograifissero allows the user tspecify a model of
substitutionR;, for each edgé along with other parameters. We used a restricted substitution
model, with all 12 conditional rates of change set at the same value, to generate the sequences:

_E ALiny Ty AipcTlic QisgTiG QL iarTig
y=A
RLicallin  — E Ricylyy  QicgTig Xicr g
=C
R, = ” (4.2)
A iGaTlia Qigeic  — E Qigy Ty CQigrTlir
y=G
Qira T i A ircTic Xirgic — E Ay Ty
y=T -
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Figure 4.1 The rooted tree used Biezero to simulate sequence evolution in order to produce
alignments of sequences A, B, C, and D. Base frequencies are specified for the root node (O), and
were set to 0.25 for each of the four nucleotides. Each gdg@&ssigned its own rate matrix;

Edge lengthst() are specified in units of time, unlike in most previous programs that have used
average substitutions per site; it is necessary to observe this distinction when the nucleotide conten
is not stationary across the whole tree.
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where" ;, is the conditional rate of change from nucleotide nucleotides, measured in average
substitutions per site per unit time, ahgis the frequency of nucleotide Every simulation began
with a randomly generated nucleotide sequence with uniform nucleotide content.

The output offetero includes the alignments, user-specified parameters, and other characteristics
of the simulation, including the pairwise differences in GC content among the four sequences.
Hetero also produces a table with the proportion of sites that have charigeds (=0, 1, 2, ...),

and a numerical summary of the number of sites supporting each of the parsimoniously informative
splits for an unrooted tree with four leaves.

Seven cases of interest were explored by Monte Carlo simulation, including a null case where all of
the fundamental phylogenetic premises were met. The remaining six cases involved converging
nucleotide contents or rate heterogeneity among lineages, or combinations of the two, along
different edges. Details about each case are provided in the next section. In each case, simulated
data sets were analysed using maximum parsimony (Fitch, 1971), maximum likelihood
(Felsenstein, 1981), and neighbour-join{8aitou and Nei, 1987) methods, as implemented in the
Phylogenetic Inference Package (Felsenstein, 2002). The pregighbor (Brunoet al., 2000)

was also used for weighted neighbour-joining analyses. Distance matrices were estimated using the
nucleotide substitution model of Jukes and Cantor (1969) and the LogDet (tn@tkbarter al.,

1994; Steel, 1994). For data sets where one or more observed pairwise distances exceeded the
maximum allowed by the models (and were thus undefined), which sometimes occurred at large
values oft, offending alignments were removed prior to inference by the distance methods.

For three of the simulation cases, we also used the outplgte@b to draw three-dimensional

networks (e., connected graphs with one or more cycles) to represent the available information
(including both historical and conflicting signals) found in the sequence alignments.

Results
Case I — The Null Case

In this case, the nucleotide sequences were allowed to evolve at the same constant rate and with
base compositions similar to that of the ancestral sequence. Hence, the sequences evolved under
homogeneous and stationary conditians, (those that most of the phylogenetic methods assume).

The four phylogenetic methods perform comparably when their assumptions are met (Figure 4.2).
As ¢t increases, the historical signal becomes increasingly faint, and the probability of inferring the
correct tree topology converges on 33%, corresponding to the point where the historical signal has
been lost completely. At that point, the sequences are said to be phylogenetically uninformative
(and most aptly represented by a star phylogeny with very long edge lengths), and a tree is
effectively being selected at random.

In order to appreciate what underpins the decay of the historical signal, it is necessary to assess the
relative proportions of parsimoniously informative splits. For very low value$<00.5), the

relative proportion of sites supporting the correct split (AB|CD) is much larger than those
supporting the alternative splits (AC|BD and AD|BC), butlaescomes larger, support for the

alternative splits approaches the level of support for the correct split (Figure 4.2). The primary
reason for this change is that the fraction of sites that have changed repeatedly (multiple hits)
increases with the size ofFigure 4.3); percentages of sites that have experienced more than one
change are 12.3% for= 0.5; 33.7% for = 1.0; 69.0% for = 2.0; and 87.3% far= 3.0. Thus, it is

not surprising that asincreases, levels of support for the two incorrect splits become increasingly
similar to the support for the true split.
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Figure 4.2 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. For this case, we
assigned identicd®; matrices (with”,, = 0.4 and' ;, = 0.25) to the six edges to produce data sets

with 1,000 alignments of 10,000 nucleotides. The data sets were then analysed using the
phylogenetic methods. The expected tree is illustrated above the five panels, followed by four
panels showing how frequently the correct tree topology is inferred by the following methods,
respectively: maximum parsimony (MP); maximum likelihood (ML); neighbour-joining using
Jukes-Cantor (NJ-JC) and LogDet (NJ-LD) distances; and weighted neighbour-joining using Jukes-
Cantor (WJ-JC) and LogDet (WJ-LD) distances. In the analyses using maximum likelihood, we set
a transition:transversion ratio of 0.5, corresponding to the value used in generating the data. The
dashed horizontal line represents the probability of randomly choosing the correct tree (33%). The
fifth panel shows the relative proportions of sites supporting each of the three parsimoniously
informative splits.
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Figure 4.3 Multiple substitution profiles for sequences generated under null conditions, with
terminal edges equivalent in length. Each graph shows the frequency (%) of sites that have change
Xtimes, wherel =0, 1, ..., 10. Even after a short time=(0.5), some sites experienced up to four
changes. When terminal edges had evolved#d8 time units, producing a tree with a total length

of 3.606 average substitutions per site, some sites had experienced up to 12 substitutions (not on
chart scale).
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The effect of a decaying historical signal on estimates of the length of internal edges is shown in
Figure 4.4. For each of the phylogenetic methods and each of the splits, the estimated length of the
internal edges increases with the sizefobm the expected values to values that are several times
larger. Interestingly, the bias appears to be similar for the three splits but notably different among
the phylogenetic methods. In particular, maximum likelihood substantially overestimates the
lengths of all three possible internal edges.

The effect of a decaying historical signal on the estimates of topology and edge lengths is shown
using networks (Figure 4.5). As the size ofcreases, the lengths of the internal and terminal edges
approach an equilibrium value, where each edge has approximately the same length. It becomes
increasingly difficult to determine the correct topology and edge lengths; simultaneously, it also
becomes difficult to reconcile variation in the alignment with the binary tree that formed the basis
for the alignment, which is often the implicit aim during phylogenetic analysis.

In the absence of other factors confounding phylogenetic inference, multiple nucleotide
substitutions at the same site is the principal factor contributing to the erosion of the historical
signal. Even with an average rate of 0.4 substitutions per site per unit time, the historical signal is
quickly eroded; after 0.5 time units (equivalent to 0.2 average substitutions per site), 12.3% of the
sites had undergone multiple substitutions. For real coding sequences, however, this proportion is
very likely to differ from this value, since the evolutionary rate may vary among sites due to codon
structure and other selective constraints.

Bearing in mind the results presented above, we are now ready to examine scenarios in which the
phylogenetic assumptions are contravened by the data. Again, we wilkw#se to generate the
sequences, but henceforth we will change the parameters such that one or more of the phylogeneti
assumptions are violated. By choosing the parameters carefully, we will be able to compare directly
the results from the following six cases with those obtained from the Null Case.

Case Il — Rate Heterogeneity among Sister Lineages

In this case, the nucleotide sequences were allowed to evolve with base compositions similar to tha
of the ancestral sequence but the average rates of change along &adgiésvere set to be 1.6

times those along edgesndf, and the average rates of change along edlgadc were set to be

0.4 times those along edgeandf. Thus, there was a fourfold difference among the substitution

rates in the terminal edges. The sequences can be said to have evolved under heterogeneous but
stationary conditions.e., those that many of the phylogenetic methods are not designed to account
for).

The ability of the maximum-parsimony method to recover the true tree declined rapidly as the value
of z increased (Figure 4.6); this is the classical example of a long-edge attraction effect. The
performance of maximume-likelihood and distance methods was better than that of the maximum-
parsimony method, but worse than in the Null Case (Figure 4.2). It is remarkable that the
maximume-likelihood and distance methods were able to recover the tree with such accuracy,
because the proportion of sites supporting an incorrect split (AD|BC) exceeded that supporting the
correct split (AB|CD) for ! 0.4 (Figure 4.6). Apparently, correction for multiple substitutions at

the same site has the capacity to alleviate the effect of rate heterogeneity among the lineages.
Although this case has been studied extensivedy, Gaut and Lewis, 1995; Hillig al., 19944;
Swofforder al., 2001), it appears that this has not been explicitly enunciated.
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Figure 4.4 Estimates of internal edge lengths as a function of the terminal edge length. For each
simulation, we estimated the average internal edge length for the correct split (AB|CD) and for the
incorrect splits (AC|BD and AD|BC); these estimates were obtained by maximum parsimony (MP),
maximum likelihood (ML), and neighbour-joining with JC-corrected distances. We set a uniform
nucleotide content and a transition:transversion ratio of 0.5 for estimation by maximum likelihood
and neighbour-joining. The dashed horizontal lines correspond to the expected length of the interna
edge in the correct split (AB|CD); the expected lengths of the internal edges in the incorrect splits
(AC|BD and AD|BC) equal 0.0.
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Figure 4.5 Network representations of the split information contained in the sequence data, for
times ranging from = 0.1 tor = 3.5. Each network is based on the number of singleton sites and
parsimoniously informative sites, which is given as output by the profeaero; these numbers

were then scaled according to the length of the alignniesé./ - Initially, the correct tree is

inferred, but as increases and multiple substitutions at the same sites accumulate, some sites begin
to support non-historical splits (AC|BD and AD|BC). When substitutional saturation occurs to the
extent that the historical signal is completely lost, the lengths of different internal edges are
approximately equal, and the central prism representing the internal edges metamorphoses into a
cube.Case III - Ast increases, the historical signal is eroded by multiple substitutions at the same
site. Concomitantly, the compositional signal is increased, and by the!tbné the compositional

signal is so strong that it dominates over the historical signal. At that stage the major split separates
A and D from B and C, and this remains the case as the point of mutational saturation is approache
(i.e., ast approaches 3.50ase VI - Ast increases, the internal edge supporting an incorrect split
(AD|BC) grows in length, due to the rate signal produced by the elevated substitution rates in edges
a andd compared with the lower rates in edgeandc. Whent increases beyond 1.5, however, the
length of the internal edge supporting the correct split (AB|CD) grows due to a compositional

signal, which is consistent with the historical signal.
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Figure 4.6 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. For this case, we use(
differentR; matrices (foR, andRy, " oy = "4y = 0.64 and ,, = I 4, = 0.25; forR, andR, "4y, =

"oy = 0.16 and ,, = !, = 0.25; and foR, andRy, " ., = "5, = 0.4 and/, = I 5, = 0.25) to produce

data sets with 1,000 alignments of 10,000 nucleotides. These values were chosen because they
ensured that the distribution of sites that have chaigedes remained similar to those from the

Null Case; in other words, we can compare the results from Case Il with those from the Null Case,
and any difference between these two sets of results can be ascribed exclusively to the fourfold
difference in the average rates of change along edgedd vs » andc. Figure details and methods

of analyses follow Figure 4.2.
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Case Il — Compositional Heterogeneity among Sister Lineages

In this case, the sequences were all set to evolve at the same conditional rates of change, but with
differences in the nucleotide content arising as the sequences evolved along the different edges. Tt
nucleotide content along edgeandf'was set to match that of the ancestral sequence whereas the
GC content was set to decrease along ed@esid, and to increase along eddeandc. Hence, the
sequences evolved under heterogeneous and non-stationary condéiotm®gée that many of the
phylogenetic methods are not designed to account for).

As noted previously (Galtier and Gouy, 1995; Lockleari., 1994), phylogenetic methods can fall
when the nucleotide composition converges in non-sister lineages. This was clearly the case for all
of the methods assessed, except when the LogDet metric was used to estimate the distances betwt
pairs of sequences (Figure 4.7). As expected, the LogDet metric has the capacity to assuage the
effect of compositional heterogeneity among the lineages, eveh@®ot, when the proportion of

sites supporting an incorrect split (AD|BC) exceeds that supporting the correct split (AB|CD).
Indeed, under those conditions, the method performed as well as it did in the Null Case.
Interestingly, the accuracy of the maximume-likelihood method increased from 0% to 10% as the
value ofr approached 3.5; we are unable to explain this increase but nate th&t corresponds to

a situation where every site in the alignment has changed on the average 3.7 times and about 91.6¢
of the sites have changed more than once!

The joint effect of a decaying historical signal and compositional heterogeneity on the inference of
topology and edge lengths is illustrated using networks (Figure 4.%5)n&\®ases, the lengths of

the internal and terminal edges converge on different values, with the terminal edges being
approximately identical to each other in length, but with the internal edge lengths differing
considerably. Simultaneously, it becomes increasingly clear that the raw data support an incorrect
split (AD|BC). In view of this, it is noteworthy that the LogDet metric can still produce distances
that will lead to inference of the correct binary tree.

Our results are not in agreement with a number of previous studies, which claimed that only
‘extreme’ levels of compositional disparity can affect the accuracy of phylogenetic methods
(Conant and Lewis, 2001; Rosenberg and Kumar, 2003a). The correct tree could not be unfailingly
recovered every time with conventional phylogenetic methods when differences in GC content (A
and Dvs B and C) exceeded 6.7%, and when they exceeded 10.7% (19.5%), it was impossible for
the maximum parsimony (maximum-likelihood) method to recover the correct tree. By contrast, use
of the LogDet metric enabled neighbour-joining to recover the true tree over a wide range of
differences in GC content.

Compositional disparities of the scale described above are not uncommon in mitochondrial
sequence data, particularly among metazoan phyla (Saecahel999). An extreme example can

be seen in the ATP synthase subunit BR6) genes of rainbow troutgcorhynchus mykiss) and
honeybeeApis mellifera), which show a 49.6% difference in their GC content. Disparities of an

even greater magnitude are seen among bacterial genomes, whose GC contents vary from 25% to
75% (Sueoka, 1964Thus, this case may be regarded as a fairly realistic example.

Case IV — Rate and Compositional Heterogeneity among Sister Lineages

In this case, the nucleotide sequences were allowed to evolve in a complex manner with the averag
rates of change along edgeandd set to be 1.6 times those along edgandf, and the average

rates of change along eddgeandc set to be 0.4 times those along edgardf. Concurrently, the
nucleotide sequences were allowed to accumulate a lower GC content along aoig@and a

higher GC content along edgesndc. The ancestral sequence had a uniform nucleotide content.
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Figure 4.7 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. In this study, we used
differentR; matrices (foR, andRy, "oy = "4y = 0.4,/ sy =!sr =l =!ir=04and ,c =!,6 =

Lac=1a46 = 01, fObe andRc, "bxy = ”cxy = 0-4,!bA =lyr=l == 0.1 and’bc =lyg=!.c=

!'.¢=0.4; and foR, andRy, ", = "4, = 0.4 and ., = ! 5, = 0.25) to produce data sets with 1,000
alignments of 10,000 nucleotides. Figure details and methods of analyses follow Figure 4.2.
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The sequences, therefore, evolved under heterogeneous and non-stationary cangdjttbose
that many of the phylogenetic methods are not designed to account for).

The combined impact of a decaying historical signal, rate heterogeneity among lineages, and
compositional convergence on the ability of phylogenetic methods to infer the correct tree is
illustrated in Figure 4.8. The proportion of sites supporting one of the two incorrect splits (AD|BC)
already exceeds that supporting the correct split (AB|CD) wheh3 (Figure 4.8), which is a

smaller value than those observed in CasedIl(.4; Figure 4.6) and Case I11I£ 0.4: Figure 4.7),

so the convergences in substitution rates and in nucleotide compositions have a cumulative effect o
our ability to recover the correct tree. This is reflected most strikingly in the results produced by the
maximum-parsimony method, which is particularly sensitive to both of these confounding factors.
Perhaps not as intuitively, however, the success of the maximume-likelihood method in recovering
the true tree is greater than that seen in Case lll, whereas neighbour-joining using LogDet distance:
shows a slight decrease in accuracy. The various results collectively imply that there may be
grounds for elevated levels of concern when phylogenetic data have evolved under a more comple»
process of evolution, like the one studied here.

Case V — Rate and Compositional Homogeneity among Sister Lineages

In this case, the nucleotide sequences were allowed to evolve in a complex manner with the averag
rates of change along edgeandb set to be 1.6 times those along edgandf, and the average

rates of change along edgeandd set to be 0.4 times those along edgardf. At the same time,

the nucleotide sequences were allowed to accumulate a lower GC content alongaeujeand

higher GC content along edgeandd. The ancestral sequence had a uniform nucleotide content.

The sequences thus evolved under heterogeneous and non-stationary condifitmassé that

many of the phylogenetic methods are not designed to account for) that are different from those
used in Case IV.

Positive estimation biases, introduced by the convergences of rates and of base composition in sist
lineages, led to the proportion of sites supporting the correct split (AB|CD) always exceeding those
supporting the incorrect splits (AC|BD and AD|CB); accordingly, the accuracy of the phylogenetic
methods was enhanced (Figure 4.9), relative to their performance in the Null Case (Figure 4.2).

The maximum-parsimony method recovered the correct tree every time, regardless of the level of
sequence divergence; the suite of parameters conducive to this phenomenon has been variously
referred to as the “Farris zone” (Siddall, 1998), the “anti-Felsenstein zone” (Bruno and Halpern,
1999), and the “inverse Felsenstein zone” (Swoftord., 2001). When the evolutionary rates

along sister lineages are increased in relation to the rates along the other lineages, maximum
parsimony initially outperforms the maximum-likelihood method, as shown in Figure 4.9. However,
Swofforder al. (2001) discovered that this effect disappears when more sites are added to the
alignment.

Based on the Jukes-Cantor (JC) distances, the neighbour-joining and weighted neighbour-joining
methods produced the correct phylogeny even for relatively divergent sequences; conversely, wher
distances based on the LogDet metric were used, the accuracy of the method dropped considerably
As in the previous case, convergences in substitution rates and in base frequencies have a
cumulative effect on our ability to recover the correct tree, but the effect is the opposite of that seen
in Case IV. Again, however, it suggests that we should proceed with caution when phylogenetic
data have evolved under a more complex process of evolution, like the one studied in this case.
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Figure 4.8 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. For this case, we use(
differentR; matrices (foR, andRy, "oy = "4y = 0.64,) sy =l yr=!au=lir=04and ,c =! .6 =

Lac=1a46 = 01, fObe andRc, "bxy = ”cxy = 016,’ wma=lpr=toy=1.r= 0.1 and we=lyp=1!.c=

!'.¢=0.4; and foR, andRy, ", = "4, = 0.4 and ., = ! 5, = 0.25) to produce data sets with 1,000
alignments of 10,000 nucleotides. Figure details and methods of analyses follow Figure 4.2.
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Figure 4.9 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. In this study, we used
differentR; matrices (foR, andRy, "oy = "1y = 0.64,) oy =l sr=!ps=lyr=04and ,c =! 6=

loe=1yg = 01, fOch ande, "cxy = ”dxy = 016,’ ed=ler=ly="!;= 0.1 and cc=lwc=1ai=

!4 =0.4; and foR, andRy, ", = "4, = 0.4 and' ,, = I 5, = 0.25) to produce data sets with 1,000
alignments of 10,000 nucleotides. Figure details and methods of analyses follow Figure 4.2.
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Case VI — Rate Heterogeneity and Compositional Homogeneity among Sister Lineages

In this case, the nucleotide sequences were allowed to evolve in a complex manner with the averag
rates of change along edgeandd set to be 1.6 times those along edgandf, and the average

rates of change along eddgeandc set to be 0.4 times those along edgardf. Concurrently, the
nucleotide sequences were allowed to accumulate a lower GC content along aidfeand

higher GC content along edgeandd. The ancestral sequence had a uniform nucleotide content.
Hence, the sequences evolved under heterogeneous and non-stationary coielitiblesé that

many of the phylogenetic methods are not designed to account for) that are different from those
used in Case IV and Case V.

All of the phylogenetic methods were able to infer the correct tree with greater accuracy (Figure
4.10) than they could under the Null Case (Figure 4.2), a result attributable in part to the proportion
of sites supporting the correct split (AB|CD) always exceeding those supporting the incorrect splits
(ACIBD and AD|CB).

For small values of the accuracy of the maximum-parsimony method initially declined due to
attraction of the two sequences that had evolved at a higher rate (A and D), but as their nucleotide
contents became increasingly different from one another, and more similar to those of B and C,
respectively, the correct tree was inferred with a rising accuracy that eventually reached 480% at
3.2. Obviously, in this case, the convergence in nucleotide composition allowed the maximum-
parsimony method to overcome completely the effect of long-edge attraction. The performance of
distance-based methods was similar to that in Case V, partly due to the concordance of the
compositional signal with the correct tree. The sharp drop in the performance of the neighbour-
joining method based on JC-corrected distances was due to the fact that, in all alignments, the
observed distances between A and D reached values that transcended the expected upper limit for
this model. The maximume-likelihood method also performed in a manner reminiscent of its
performance in Case V.

The impact of a decaying historical signal, combined with the effects of rate heterogeneity and
compositional homogeneity among sister lineages, on the inference of topology and edge lengths is
depicted by networks (Figure 4.5). The ratio of the lengths of long edges to internal edges declines
ast increases, which is a symptom of substitutional saturation. The internal edge supporting the
correct split (AD|BC) increases in length compared with the remaining internal edges, reflecting the
converging base compositions in sister lineages. To a lesser extent, one of the incorrect splits
(AD|BC) also grows in length, due to higher substitution rates along the edges leading to A and D.

As in the previous two cases, convergences in substitution rates and in base frequencies have a
cumulative impact on our ability to recover the correct tree, but the effect is different from that seen
in Case IV and similar to that seen in Case V. This result demonstrates again the grounds for even
greater concern when phylogenetic data have evolved under a more complex process of evolution,
like the one studied in this case.

Case VII — Rate Homogeneity and Compositional Heterogeneity among Sister Lineages

In this case, the nucleotide sequences were allowed to evolve in a complex manner with the averag
rates of change along edgeandb set to be 1.6 times those along edgandf, and the average

rates of change along edgeandd set to be 0.4 times those along edgasdf. The nucleotide
sequences were also allowed to accumulate a lower GC content along addésand higher GC
content along edgésandc. The ancestral sequence had a uniform nucleotide content. In other
words, the sequences evolved under heterogeneous and non-stationary conditions that differ from
those used in Case IV, Case V, and Case VI.
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Figure 4.10 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. In this study, we used
differentR; matrices (foR,, "4, = 0.64,! .y =!,7=0.4 and ,c = ! ,c = 0.1; forR,, we used',, =
0.16,/,4u=1,7=04 and ve=1!p=0.1; fOch, we USEd'cxy =0.16,/! 4,=!.7=0.1 and «c=!.

= 04, fOfRd, " dxy = 064,’ aa=lar= 0.1 and ac=1lic= 04, and fORe ande, " exy = ”fjcy =04

and/., =14 = 0.25) to produce data sets with 1,000 alignments of 10,000 nucleotides. Figure
details and methods of analyses follow Figure 4.2.
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Maximum parsimony and neighbour-joining (both weighted and unweighted) methods were able to
infer the correct tree with greater accuracy (Figure 4.11) than they could under the Null Case
(Figure 4.2), a result partly attributable to the proportion of sites supporting the correct split
(AB|CD) initially exceeding proportion supporting the incorrect splits (AC|BD and AD|CB).

Initially, the accuracy of the maximum-parsimony method was high due to attraction of the
sequences evolving at a higher rate (A and B), but as their nucleotide contents became increasingly
dissimilar to each other, and converged with those of D and C, respectively, the correct tree was
inferred with declining accuracy. Here, the compositional convergence sent a stronger confounding
signal than that provided by rate heterogeneity. The performance of distance-based methods was
similar to that in Case Il because of the dominance of the compositional signal. Neighbour-joining
using the Jukes-Cantor model performed poorly, due in part to the confounding compositional
signal and in part to the large distances among sequences. The maximum-likelihood method was
troubled by compositional convergence at smaller valuesbot fromz = 1 its accuracy gradually
increased, for reasons that are not entirely clear.

As in the previous three cases, convergences in substitution rates and in base frequencies have a
cumulative impact on our ability to recover the correct tree, but the effect is different from that seen
in Case V and Case VI, and similar to that seen in Case IV. This result further suggests that when

phylogenetic data have evolved under a more complex process of evolution, like the one studied in
this case, we have ample reason to be concerned.

Case Study: Beta-Tubulin in Metazoa

We present a data set in which non-historical signals appear to mislead phylogenetic inference
methods. The microtubule element beta-tubulin has been widely used in analyses of deep eukaryot
relationships, such as among eukaryotic kingdoms (Baldauf and Palmer, 1993 ¢Ealintio96;

Keeling and Doolittle, 1996; Keeling al., 2000; Liet al., 1996; Simpsoet al., 2002), and among
metazoan groups (Schitzez/., 1999). It remains one of the genes of choice for studies of deep
divergences, because of its availability for a diverse range of taxa and the relatively high level of
sequence conservation at the amino acid level (Keeling and Doolittle, H38@¢ver, while the

inferred trees have been in agreement with evidence 'frtubulin sequences, there are topological
inconsistencies when they are compared with trees inferred from other molecular sources (Keeling
and Doolittle, 1996).

Nucleotide sequences were obtained from GenBank for the beta-tubulin genes of the tobacco
budworm {eliothis virescens; accession number U75868), fruit flpdosophila melanogaster;
NM_079071), giant Pacific octopu®dropus dofleini; L10111), mouseMus musculus;

NM_011655), Norway ratRattus norvegicus; AB011679), and Chinese hamst€ricerulus

griseus; AF120325). Sequences were aligned by eye, and variable regions at the beginning and the
end of the alignment were removed, leaving a data set of 1338 base pairs. Phylogenetic trees were
inferred using the maximum-parsimony method, and maximum-likelihood, neighbour-joining, and
weighted neighbour-joining methods using the F84 (Felsenstein, 2002) substitution model.

Analyses of compositional variation at the three codon positions were performed by constructing a
neighbour-joining tree from a matrix of Euclidean distances (Figure 4.12), which summarized the
compositional differences; the method was employed by Lockhait(1994) in their illustration

of the LogDet method. While base frequencies are relatively uniform at first and second codon
sites, there is substantial compositional heterogeneity at the third codon sites. In particular, the
sequences dfleliothis andOctopus have converged in composition to the exclusioPmfsophila,

even thouglHeliothis andDrosophila are almost certainly sister taxa in the true tree.
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Figure 4.11 The ability of four phylogenetic methods to infer the correct tree from nucleotide
sequences generated by Monte Carlo simulation using the tree in Figure 4.1. For this case, we use(
differentR; matrices (foR,, we used’ ., = 0.64,! .4 =!,r=0.4 and ,c = !, = 0.1; forR,, we

used” bxy = 064,/ ,,=1,7=0.1 and e =1p6=0.4; fOch, " ey = 0.16,/ 4,=!.r=0.1 and cCc =

!.c=0.4; forRy, " dxy = 0.16,/ yy=!,;r=0.4 and 4c =! 45 =0.1; and foR, ande, " exy = ”fjcy =

0.4 and’., = !4 = 0.25) to produce data sets with 1,000 alignments of 10,000 nucleotides. Figure
details and methods of analyses follow Figure 4.2.

34



Figure 4.12 Neighbour-joining trees constructed entirely on the basis of compositional differences.
Full species names are given in the text. Each éptrythe distance matrix is the Euclidean

distance between compositional vectors of teaad;, where the four elements in each vector are

the frequencies of the bases A, C, G, and T (Lockdart, 1994). The three trees are drawn to the
same scale. The third codon sites have the largest compositional difference, with the observed
distance betwee@Qctopus andDrosophila equal to 0.23ife., 16.2% of the maximum possible
difference). The third codon sites frdteliothis andOctopus have converged in composition,
particularly in relation tdrosophila.
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A relative-rates test (Muse and Weir, 1992; Wu and Li, 1985) was conducted using the program
K2WulLi (Andrewser al., 1998) in order to detect rate heterogeneity among the lineages. By setting
the octopus as the outgroup, large rate differences were found (Table 4.1), with a long edge leadinc
to Heliothis.

Table 4.1 Application of relative-rates tests for aligned sequences of beta-tubulin. Columns
show the difference between the distances to the outgroup, the standard deviation of this
difference, and its-score.

Difference in Standard

Comparison distance” deviation z-score”
Drosophila — Cricetulus -0.01731 0.01591 1.08833
Drosophila — Rattus -0.01184 0.01612 0.73438
Drosophila — Mus -0.01095 0.01589 0.68934
Drosophila — Heliothis -0.11159 0.02073 5.38252
Cricetulus — Rattus 0.00548 0.01120 0.48889
Cricetulus — Mous 0.00636 0.01109 0.57387
Cricetulus — Heliothis -0.09427 0.02159 4.36571
Rattus — Mus 0.00089 0.00914 0.09710
Rattus — Heliothis -0.09975 0.02179 457799
Mus — Heliothis -0.10064 0.02118 4.75108

#Using theOctopus sequence as the outgroup.
® Significance values have been omitted as the tests do not account for phylogenetic covariance due to
common ancestry.

All of the phylogenetic methods testea.( the maximum-parsimony method, and the maximum-
likelihood, neighbour-joining, and weighted neighbour-joining methods using the F84 model of
nucleotide substitution) failed to infer what is thought to be the true tree, instead pairing the
lepidopteran and octopus together as sister taxa to the exclusion of the fruit fly (Figure 4.13). The
three species of rodents were correctly identified as constituting a monophyletic group. In order to
reduce the compositional heterogeneity at third codon sites, purines (As and Gs) were recoded as
Rs, and pyrimidines (Cs and Ts) were recoded as Ys (RY-recoding; Phillip2001). Even after

this recoding, only the weighted neighbour-joining and maximume-likelihood methods succeeded in
inferring the expected tree. In this case study, therefore, it was necessary to extricate both the rate
and compositional signals before the true tree could be recovered.

Discussion

The decay of the historical signal is an unavoidable problem when analysing sequence data, unless
the sequences are highly conserved or are sourced from very closely related species. This
observation endorses previous warnings that phylogenetic methods will construct trees when
requested, irrespective of whether any biologically meaningful information remains in the sequence
data (even if the data are completely random). However, an efficient and consistent method to
determine the reliability of phylogenetic data is currently unavailable, posing an interesting
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Figure 4.13 (a) Tree inferred by neighbour-joining using distances under the F84 substitution
model (Felsenstein, 200Aull species names are given in the text. Edges leadidgdpus and

Heliothis appear to be experiencing long-edge attraction. Other phylogenetic methods produced the
same (incorrect) topology: maximum parsimony, maximum likelihood with empirical base
frequencies, optimized transition:transversion ratio, and uniform rates across sites, and weighted
neighbour-joining with the F84 model. The scale bar represents average substitutions per site.

(b) Tree correctly inferred by weighted neighbour-joining usingJi®es and Cantor, 1969)

distances, with RY-recoding of third codon sites. The same topology was inferred from the recoded
data using maximum likelihood, but not with other methods.
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problem, particularly to studies of ancient divergences. Huelsenbeck (1991) proposed that the skew
of a tree length distribution might be a good indicator of phylogenetic information, but our research
indicates that this approach might be inaccurate when the phylogenetic assumptions are violated,;
another technique is clearly needed.

The ability of phylogenetic methods to infer the correct tree diminishes when there is a discrepancy
between (i) how the nucleotide sequences were generated through evolution and (ii) the nucleotide
substitution model assumed in the analysis. Ideally, we would like sequence data to contain only a
historical signal, but the reality is that compositional and rate signals are also commonly found in
sequence data. The effect of each of these two signals is well known, but the present findings show
that the interactions among the different signals in sequence data can be more problematic and
cryptic than previously anticipated. The scenarios presented here are more complex than most of
those communicated in previous studies, but are nevertheless simplifications of the processes actin
upon real sequence data. Other factors, such as among-site rate variation, non-uniform conditional
rates of change, and correlated evolution among sites, will undoubtedly obscure the historical signa
further.

It is difficult to predict the outcome of the interplay between the confounding signals, even when
split information has been investigated. This emphasizes the need for examining biases in edge
length estimation, due to their fundamental impact on the accuracy of topological inference. In the
networks presented above, evidence of the effects of confounding factors can be traced in the
lengths of internal edges. It is apparent that support for different topologies makes gradual
transitions, rather than abrupt switches between trees, as is seen when the sequence data are fittec
binary trees. The distinction between these two views cannot be made if edge lengths are ignored.
That said, we cannot evaluate the phylogenetic tree on the basis of its appearance; instead, we mu:
find ways to assess sequence alignments prior to phylogenetic analysis.

From a more general viewpoint, it appears that there are many estimation biases affecting
phylogenetic analysis that are difficult to address, unless they are detected. Simple substitution
models, although adequate in many cases, can only approximate real evolutionary processes to a
certain degree. Models that are flexible enough to accommodate deviations from traditional
assumptions are often parameter-rich, and are limited due to their computational intractability for
larger data sets. Consequently, until the advent of greater processing power, we recommend that a
rigorous investigation of the sequence data of interest be conducted prior to phylogenetic analysis.
Preliminary surveying by compatibility (Jakobseml/., 1997) and spectral analyses (Hendy, 1993;
Lentoer al., 1995), for example, can provide some indication of the presence and relative strength
of the signals. It should also be noted that, in the presence of conflicting signals, optimality criteria
can be preferable to algorithm-based approaches, because inspection of sub-optimal trees can
provide some insight into the interplay among conflicting signals (Swoétart, 1996).

Nonetheless, blind reliance on optimality criteria is also inadvisable, and it is only when
confounding factors have been adequately considered that one can be in a position to make a
judgment regarding the analytical approach that should be taken.

The present results have implications for how phylogenetic analyses should be conducted. The
influence of the different signals is likely to vary among data sets; for example, some sequences
will exhibit substantial disparities in base composition, whereas others may have more uniform
nucleotide content. Bearing this in mind, there may not always be a straightforward explanation for
why the application of a given method to real data produces a tree that is obviously incorrect.
Choosing a phylogenetic method based on personal preference or prior experience is usually not th
best approach; it is more appropriate to make an informed decision, based on a survey of the data
using methods that can detect evidence of decay in the historical signal and violation of the
phylogenetic assumptions.
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Chapter 5. Estimation of Molecular Divergence Dates: Bias due to

Compositional Heterogeneity

Introduction

Shortly after the elucidation of the structure of DNA in 1953, it was recognized that the four bases
are rarely found in equal proportions in real nucleotide sequences (Suebka959). In an early

survey of compositional variation, Sueoka (1964) showed that the GC content of bacterial genomes
ranges from about 25% to 75%, and that animal and plant genomes exhibited a large amount of
intragenomic compositional variation. The extensive sequencing efforts of the past two decades
have also revealed that there are substantial disparities in base content among chloroplast (Morton,
1998) and nucled[Carelset al., 1998) genomes in plants, among the nuclear genes of mammalian,
avian, and reptilian taxa (Bernakdial., 1997), and among the mitochondrial genomes of metazoan
phyla (Jermiiret al., 1994; Sacconer al., 1999). Skews in base composition are particularly

common at third codon sites, where nucleotides are relatively free to vary (Jermiiri994;

Perna and Kocher, 1995). Disparities in base composition can also affect amino acid frequencies in
the protein products of coding sequenees (Foster and Hickey, 1999; Singer and Hickey, 2000;
Sueoka, 1961b).

Phylogenetic methods have been applied to these data, in most instances without due regard for th
effects of compositional heterogeneity. This is not due to a lack of warning, however, as a number
of influential studies have explicitly demonstrated that the inference of phylogenetic trees can be
confounded by a convergence in nucleotide composition in non-sister lineages (Galtier and Gouy,
1995; Lockhartr al., 1992a, 1994). Compositional heterogeneity is almost always ignored in
divergence date studies, despite there being a number of implicit indications that compositional
heterogeneity has the potential to mislead estimates of divergence dates, particularly when they are
made using conventional distance methods (Baake and von Haeseler, 1999;eBulm&991; Gu

and Li, 1996; Kumar and Subramanian, 2002; Pegalk, 1995; Tamura and Kumar, 2002a).

Recent reviews of divergence date estimation (Arbagagt, 2002; Bromham and Penny, 2003;

Smith and Peterson, 2002), which were otherwise comprehensive in their discussion of its
limitations and hazards, collectively failed to acknowledge the potential impact of compositional
heterogeneity.

The estimation of divergence dates from molecular data is possible because of the tendency of
nucleotide and amino acid sequences to diverge over time. A small but growing range of methods is
currently available for placing dates on the last common ancestor of two descendent lineages,
ranging from linear plots of sequence dissimilarity against geological ¢éige@ickerson, 1971;
Runnegar, 1982; Zuckerkandl and Pauling, 1962), to maximume-likelihood methods (Cutler, 2000;
Rambaut and Bromham, 1998; Sanderson, 2002) and Bayesian inference (Huelsarihetd00;
Kishinoet al., 2001; Thorne and Kishino, 2002; Thowte/., 1998). Perhaps due to the abundance

of methods that have been proposed, some techniques have become popular while many others
remain poorly characterized. However, modern views of phylogenetic relationships and molecular
evolutionary processes are frequently based on the estimates produced by such methods.

Molecular estimates of divergence dates have often been in conflict with dates inferred from the
fossil record, most notably in regard to the evolution of the three multicellular kingdoms (Doolittle
et al., 1996; Fengt al., 1997; Wangt al., 1999), metazoan phyla at the base of the Cambxrian
Bromhamet al., 1998; Runnegar, 1982; Wrayal., 1996), mammalian and avian orders at the
Cretaceous-Tertiary boundamryd., Cooper and Penny, 1997; Eizidkal., 2001; Hedgest al.,

1996), terrestrial plants in the Siluri@@utler, 2000), and angiosperm lineages in the Cretaceous
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(e.g., Brandlet al., 1992; Goremykirt al., 1997; Martiret al., 1989; Wolfeet al., 1989). These
discrepancies have led some molecular scientists to question the adequacy of the fossil record
(Easteakr al., 1995; Hedgesr al., 1996). On the other hand, considerable latitude can be seen in
the estimates derived from molecular sequence data, which has raised questions about the validity
of assuming clock-like behaviour, and about the adequacy of the phylogenetic methods that have
been usede(g., see Benton, 1999; Easteal, 1999).

The most important assumption made when estimating divergence dates is that the data used to
calibrate the estimates, which are normally derived from independent palaeontological or
biogeographic sources, are accurate. Apart from this, the major assumption on which to focus is
homogeneity of substitution rates among lineages (the 'molecular clock’; Zuckerkandl and Pauling,
1962; Zuckerkandl and Pauling, 1965). Several surveying methods, including a number of relative-
rates tests (Muse and Weir, 1992; Sarich and Wilson, 1967; Wu and Li, h888)been developed

for the purpose of identifying data that do not conform to a molecular clock. In recent years, a
collection of divergence date estimation methods have been designed to operate under various
degrees of rate inconstancy (Cooper and Penny, 1997; Cutler, 2000; Hasegavif®89;

Huelsenbeckt: al., 2000; Kishino and Hasegawa, 1990; Sanderson, 1997; Takezakil995;

Thorneet al., 1998; Yoder and Yang, 2000). While the amount of attention directed towards
violations of rate assumptions is well justified, it appears that the assumption of compositional
stationarity has been largely overlooked in the process.

In order to gain some insight into the effects of compositional heterogeneity on divergence date
estimation, we survey a range of simple compositional patterns that have the potential to confound
methods used to infer divergence times. Using sequence data generated by Monte Carlo simulatior
under various stationary and non-stationary conditions, we evaluated the impact of compositional
variation on dates estimated by distance methods, maximume-likelihood quartet dating, and
Bayesian inference.

Distance-Based Method

Pioneering studies (Brow# al., 1972; Dickerson, 1971; Margoliash and Smith, 1965; Zuckerkand|
and Pauling, 1962) in divergence date estimation using molecular sequence data inferred dates by
plotting pairwise sequence distances against the time since divergence, thereby exploiting the
approximately proportional relationship between the two. This method has remained popular to the
present day, despite early warnings about its limitations (Dickerson, 1971 ¢t aird1969;

Zuckerkandl, 1987) and the recent recognition of various methodological shortcomings (Rodriguez-
Trelleset al., 2002; Sanderson, 1998; Wayie/., 1991; Wrayer al., 1996). In the simple case

where we wish to infer the unknown datg ¢f the last common ancestor (LCA) of two taka,

andU, the estimate must be calibrated by reference to another pair of taa@]C-, for which

the date ) of the LCA is known. Under the assumption of a molecular clock, the time since
divergence can be calculated by the following:

t,=d,(t.1d,) (5.1)

whered, andd, are the estimated distances between xandC>, andU; andU-, respectively.

Strictly speaking, it is also possible to calibrate the date estimate by using a known date for either
the C;-U, or C;-U, divergence, but the use of a fourth seque@gegliminates the common

phylogenetic history and the need to consider the associated covariance (Felsenstein, 1985; Pagel,
1999; Wrayet al., 1996). Alternatively, one can avoid calibration altogether by using an absolute
rate of substitution obtained from an independent source.
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Distance estimates are influenced by factors such as the assumed substitution process, the extent
which the sequences have diverged, the presence of alignment gaps, the proportion of invariant
sites, among-site rate heterogeneity, and sequence length (Hoyle and Higgs, 2003; Zharkikh, 1994)
Errors in distance measures can also arise when symmetric substitution medalsy(time-

reversible models) are applied to sequences that have evolved under non-stationary conditions (Gu
and Li, 1996). For example, in their analysis of mammalian sequence data, Kumar and Subramania
(2002) showed that compositional heterogeneity could substantially inflate pairwise distance
measures. Bearing this in mind, it can be deduced from Equation 5.1dhsteverestimated, then

t, will be underestimated, andce versa. We investigate this problem using sequences generated on

a known tree in order to determine the extent to which compositional heterogeneity may distort
divergence date estimates that are made using Equation 5.1. However, the results are pertinent to
other distance-based methods for date estimation, including non-parametric rate smoothing
(Sanderson, 1997), the quartet method of Cooper and Penny (1997), an¢egth@&stton ez al.,

2002; Takezaket al., 1995).

In this study, all Monte Carlo simulations were performed using the prageanv (see Chapter
2), which can simulate nucleotide sequence evolution on a rooted tree with up to four tips. The
following rate matrixR,, was applied to each edge,

-3 027, 0.8, 0.27,]
i= ]
027, -1 027, 08y,

R, = iy 5.2

*|08m, 0271, -Yr 027, (5-2)
i

027, 0871, 027, -

i=j

where! . is the equilibrium frequency of bagé= A, C, G, or T) in edge, and the diagonal entries
are such that the entries in each row sum to zero. Conditional rate parameters, given in average
substitutions per site per unit time, were set at 0.2 for transversional substitutions and 0.8 for
transitional substitutions, yielding a transition:transversion ratio of 2.0.

We examined three distinct scenarios that differed in the position of the calibration point (Figure
5.1). Only one calibration point is needed for each estimate, provided that we make the reasonable
assumption that the genetic distance is 0.0 between sequences that diverged 0.0 time units ago. Tr
compositional patterns that we investigated are outlined in Figure 5.2. Distances required for
Equation 5.1 were estimated using the prog#andist from the PHYLIP package (Felsenstein,

2002) using the F84 (Felsenstein, 2002) and LogDmtkharter al., 1994; Steel, 1994) models.

The transition:transversion ratio was fixed at 2.0 in accordance with the conditional rates specified
for the simulations.

In many of the cases examined, the true divergence date was not contained in the 95% confidence
interval about the mean of the date estimates. As expected, increasing sequence length shortened
these intervals without affecting the mean estimates. Thus, as moreadadtigned sites) are

added, there is an increase in the probability that the true date will be statistically rejected due to a
systematic estimation problem. The estimation biases were similar among the three scenarios,
regardless of the method of calibration (Figure 5.2). Larger extrapolations, however, such as in the
estimation of a date ten times older than the calibration divergence, can increase the associated 95
confidence intervals (results not shown). Both of these results have implications for hypothesis
testing because the use of short sequences or poorly chosen calibration points will compromise
statistical power.
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Figure 5.1 Trees used for Monte Carlo simulation, drawn to scale. Trees in the first column were
used to generate the calibration sequenceandC,, while trees in the second column were used

to generate another two sequendésandU,, for which we wish to infer the ‘unknown’ divergence
date. Three situations are depicted: (a) calibration by a pair of sequences that diverged at the same
time as the ‘unknown’ pair; (b) calibration by a pair of sequences that diverged 50% later than the
‘unknown’ pair (internal calibration); and (c) calibration by a pair of sequences that diverged 50%
earlier than the ‘unknown’ pair (external calibration).
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Figure 5.2 Divergence dates estimated from simulation data using F84-corrected distances. Each
bar represents the mean of 500 date estimates and is accompanied by its 95% confidence interval.
Date estimates were calibrated by a pair that diverged at the same time (equal), 50% later than
(internal), or 50% earlier than (external) the divergence of the pair being dated (see Figure 5.1).
Asterisks denote cases in which date estimates could not be made because distances were
undefined. Dashed horizontal lines indicate the true divergence date (100%). Trees on the right
correspond to adjacent graphs, with notation following Figure 5.1. Thin unbroken lines indicate a
uniform equilibrium nucleotide content; thick unbroken lines represent edges in which the
equilibrium GC content was set at 0i&.( 7. = 7, = 0.4 in Equation 2.2); and thick dashed lines
represent edges in which the equilibrium GC content was set at 0.2. Simulations were performed fo
sequence lengths of 1,000, 2,000, and 5,000 bp, and for root-to-tip distances of 1.0, 2.0, and 3.0
time units; in the case with uniform nucleotide content, these correspond to 0.3, 0.6, and 0.9 averag
substitutions per site, respectively. In the cases with heterogeneous nucleotide frequencies
throughout the tree, the root-to-tip distances correspond to 0.228, 0.456, and 0.684 average
substitutions per site, respectively.
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In all cases, estimates based on F84 distances showed greater variance as the root-to-tip distance
increased (Figure 5.2). There was an overestimation bias in the situation where compositional
disparity arose between the sequences of interest {ivi@C-rich andl/; AT-rich) while

calibration sequences had uniform nucleotide contents. When this pattern was reversed, the date
was underestimated, but the magnitude of estimation bias was smaller. This difference is due to the
asymmetry about the calibration point: dates are extrapolated externally in a multiplicative manner,
but are extrapolated internally in a divisive manner (Rodriguez-Teelids 2002). Furthermore,

internal calibration points confer fewer bounds on variances, as there is a fixed lower bound but no
upper bound, and uncertainty consequently increases with the magnitude of extrapolation
(Bromham and Penny, 2003).

The opposite trends were seen in the divergence date estimates based on LogDet distances (Figurt
5.3). When there was compositional heterogeneity in the sequences being analysed and uniformity
in the calibration pair, the divergence date was underestimatedicamdrsa. There were some

cases in which date estimates could not be made, as LogDet distances were undefined. These rest
highlight that, although LogDet distances have been relatively successful in the inference of trees
even when there is substantial compositional heterogeneity (Loekl&rt1994), they may not
necessarily be suitable for divergence date estimation under such conditions. Moreover, the LogDef
metric, in its present form, is unable to accommodate among-site rate variation (Leckhart

1994), which is also known to influence divergence date estimates (Rambaut and Bromham, 1998).

Maximum-Likelihood Quartet Method

A quartet-based method for estimating divergence dates was developed by Cooper and Penny
(1997) and subsequently implemented in a maximum-likelihood framework by Rambaut and
Bromham (1998)It has been used in studies of the Cambrian Explosion hypothesis (Bramham

al., 1998), the ordinal diversifications of mammals (Eizéik!., 2001) and birds (Cooper and

Penny, 1997), and the evolution of vertebrate enamel (Delgado 2001). The design of the

guartet method allows for the relaxation of the molecular clock assumption, such that only a local
clock constraint is required for date estimation, and avoids the problem of phylogenetic non-
independence that can complicate distance-based methods. Confidence intervals produced by the
method also enable the testing of hypotheses about divergence times. While the quartet method
addresses the problem posed by rate heterogeneity among lineages (and across sites, through the
application of gamma-distributed rates), it does not accommodate compositional heterogeneity
among lineages. Divergence date estimates from the quartet method will also be subject to bias if
transition:transversion weighting or among-site rate heterogeneity are modelled incorrectly
(Rambaut and Bromham, 1998).

Simulations were performed using the progiderero on a series of trees with four different
patterns of compositional variation (Figure 5.4). Divergence dates were inferred using the
maximume-likelihood quartet method under the HKY85 (Hasegawa, 1985) substitution model,
implemented by the progra@Date (Rambaut and Bromham, 1998), with the ratio of transitions to
transversions set to 2.0 to match simulation conditions.

The quartet method performed well when nucleotide composition was uniform throughout the tree
(Figure 5.4), but large overestimation biases arose when one of the two pairs in the sequence quart
evolved towards a GC-rich composition and the other pair towards an AT-rich composition
(between-pair differences). The degree of overestimation increased with the root-to-tip distance: at
a value of 3.0, the mean date estimate was 42% above the true divergence date. Conversely, when
there were differences in GC content between the two sequences in each pair (within-pair
differences), estimates were slightly biased in the downward direction. As seen in estimates made
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Figure 5.3 Divergence dates estimated from simulation data using LogDet distances. Details
follow Figure 5.2.
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Figure 5.4 Divergence dates estimated from simulation data using (a) the maximume-likelihood
guartet method of Rambaut and Bromham (1998). Each bar represents the mean of 500 date
estimates and is accompanied by its 95% confidence interval. Dashed horizontal lines indicate the
true divergence date. Trees on the right correspond to adjacent graphs, and were used for generatii
sequences. All edge lengths are equat b =c =d =e = f). Thin unbroken lines indicate a

uniform equilibrium nucleotide content; thick unbroken lines represent edges in which the
equilibrium GC content was set at 0i&.( 7. = 7, = 0.4 in Equation 5.2); and thick dashed lines
represent edges in which the equilibrium GC content was set at 0.2.
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using the distance method, the magnitude of underestimation was smaller than that of
overestimates. This is because underestimates are lower-bounded by the two calibration points,
while overestimates face no upper bound; this effect has been noted previously for divergence date
estimation using distance methods (Rodriguez-Tretles, 2002).

These patterns of estimation bias can be understood in terms of edge length estimation, which is
based on the rate estimates obtained from each of the two pairs in the quartet. When the sequence
of sister taxa evolve towards having different base frequencies, the maximum-likelihood estimate of
the edge length between theent(f) will be systematically inflated. If such compositional disparity

is present within one or both of the pairs of sequences in the quartet, the estimated rate used to
calibrate the estimate of the root of the quartet will be too high, leading to an underestimate of the
time to divergence of the two pairs. In the reverse situation, the substitution rate estimated from
sequences with similar base frequencies is used to estimate the edge length between sequences w
divergent GC contents, leading to an overestimation of the time to the most recent common
ancestor.

Larger GC differences are usually found among distant taxa than among closely related,taxa (
between-pair differences are usually larger than within-pair differences), due to the latter sharing a
greater amount of their phylogenetic history and possessing physiological and biochemical
similarities. Consequently, estimation biases in quartet dates are more likely to be in the upward
direction, particularly when deep splits are being studied. These results suggest that the application
of the quartet method to highly divergent sequences, such as those from different kingdoms of life
or metazoan phyla, must proceed with caution. However, we recommend that a preliminary survey
of compositional variation always be conducted to detect any problems and potential sources of
error in divergence date estimates.

Bayesian Inference

In recent years, there has been an increasing use of Bayesian approaches for addressing
phylogenetic problems, including the dating of ancestral nodes. A number of Bayesian methods anc
models have been applied to molecular divergence date estimation (Aris-Brosou and Yang, 2002;
Huelsenbecktz al., 2000; Kishincet al., 2001; Thorne and Kishino, 2002; Thowute:/., 1998).

These methods have gained a large amount of attention due to their speed, among other features,
which has facilitated their application to demanding phylogenetic conundrums that were previously
intractable for the maximume-likelihood method. In the context of phylogenetic analysis, however,
these methods are still in their infancy, and a number of issues have not yet been addressed
satisfactorily: the number of Markov Chain Monte Carlo (MCMC) steps that are needed to ‘burn in’
the chain, the choice of priors, the sensitivities of posterior probabilities to prior probabilities, and
the amount of confidence that can be placed on the resultant date estimates (Huetsehbeck

2002). Furthermore, there have been few studies into the performance of Bayesian methods under
different conditions, particularly in the context of divergence date estimation. Here we use data
generated by Monte Carlo simulations to investigate the success of the Bayesian approach to
divergence date estimation when there is compositional heterogeneity in the sequence data.

Using the sequence data from the above quartet analysis, which were generated on the trees in
Figure 5.4, we inferred divergence dates using the profffedayes (Huelsenbeck and Ronquist,
2001). The true tree was fixed as a user-specified tree, and the transition:transversion ratio was
fixed to the true value. For each simulation replicate, posterior probabilities were estimated by
Markov Chain Monte Carlo analysis (Hastings, 1970; Metropolié, 1953): four chains, three of
them heated, were run for a burn-in period of 10,000 steps. From preliminary investigations, the
chains converged considerably earlier than this. The mean edge lengths of 500 trees, which were
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obtained by saving the tree at every twentieth step over 10,000 steps after the burn-in period, were
used for divergence date estimation. The entire process was repeated 500 times for each of the
combinations of simulation conditions shown in Figure 5.5.

Trends in estimation biases were similar to those seen for the maximume-likelihood quartet method,
reflecting the use of the likelihood function in Bayesian inference. However, divergence date
estimates made using Bayesian inference were inferior in three respects. First, the divergence date
was underestimated even in the case where sequences evolved under homogeneous conditions, w
the estimation bias growing with the root-to-tip distance. This is also evident in the case where the
equilibrium nucleotide content changes from ancestral to descendent edges. Second, biases in
Bayesian date estimates were larger, given the same conditions, reaching 51% for overestimation
and 14% for underestimation compared with respective values of 42% and 7% for quartet dating.
Third, intervals circumscribing 95% of estimates were larger for Bayesian inference than for the
guartet method. This situation is likely to improve with further refinement of Bayesian-based
methods of phylogenetic inference and divergence date estimation.

Our results must be interpreted with the further caution that they represent the best possible results
given the data, since several parameters were fixed at their true values. Although this caveat applie
to all of the investigations conducted in this paper, it is particularly pertinent to the interpretation of
our results from Bayesian analyses because of the effects of prior specification on the posterior
probabilities. If priors are poorly chosen, divergence date estimation will err unpredictably,
particularly when there are limited data available or when sequences are relatively uninformative. In
such cases it may be preferable to resort to using flat (uninformative) priors, which would
unfortunately increase the size of associated credibility intervals.

Relationship Between Estimation Bias And Compositional Disparity

The results presented above suggest that cexiainns of compositional variation can lead to

biases in divergence date estimates, but do not provide any indicationetthef compositional
heterogeneity that are likely to be problematic. Some studies have suggested that topological
inference fails only at high levels of compositional heterogeneity (Conant and Lewis, 2001; Galtier
and Gouy, 1995; Van Den Busschel., 1998), while others have produced evidence to the

contrary (Chang and Campbell, 2000; Locklattl., 1992a; Tarri@s al., 2001). To investigate the
relationship between the degree of estimation bias and compositional differences among the
sequences, we analysed sequences of length 5000 bp generated orbt{veitingepair

differences in GC content) and treéetween-pair differences in GC content) in Figure 5.4. In

order to create a progression of GC differences, equilibrium GC fractions were increased from 0.5
to 1.0 (to generate GC-rich sequences) or decreased from 0.5 to 0.0 (to generate AT-rich sequence
in increments of 0.05. Date estimates were made using the maximum-likelihood quartet method as
implemented by)Date.

Even at low GC differences, divergence date estimates showed some estimation bias (Figure 5.6),
but remained within about 10% of the true date. With an increasing between-pair disparity in GC
content, however, there is a dramatic rise in the degree of overestimation, and the true date is not
contained in the 95% confidence interval (centered on the mean) at a GC difference in excess of
about 0.2. Conversely, underestimation bias grows as within-pair GC differences develop. The
degree of underestimation appears to be relatively small, although the bias may increase when the
positions of the two calibration points are closer to the tips of the tree (results not shown; see also
Kishinoet al., 2001). Above a within-pair GC difference of about 0.27, the 95% confidence interval
does not include the true divergence date.
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Figure 5.5 Divergence dates estimated from simulation data using Bayesian inference. Simulation
and figure details follow Figure 5.4.

49



Figure 5.6 Relationship between divergence dates estimated using the maximum-likelihood quartet
method and differences in GC content within and between pairs. The true date is represented by the
dashed horizontal line at 100%. Sequences were generated dnareksfrom Figure 5.4. Mean

difference in GC content was calculated by averaging the differences between GC-rich and AT-rich
sequences in each quartet.
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Most importantly, the levels of compositional heterogeneity in real data are sufficient to cause
concern for estimates of divergence dates, although, as mentioned earlier, it is more likely that
sequences will exhibit the compositional patterns conducive to overestimation by the quartet
method. For example, at the maximum GC difference observed between two bacteria (50%
difference betweeMycoplasma capricolum andMicrococcus luteus) (Sueoka, 1964Yhe estimated
divergence date was about 60% above the true value. Apart from sudden changes in composition
arising from large insertions, deletions, or horizontal transfer events among microbial organisms, it
is generally implausible that differences of this magnitude will occur within pairs, although this will
depend on the taxa involved in the analysis and on the age of the node being dated.

Case Study: Divergence between Plantae and Metazoa

We present an example with four real sequences in which compositional heterogeneity appears to
inflate divergence date estimates, made using the three methods tested above. The timing of
kingdom-level divergences in eukaryotes has been widely debated, with conflicting dates derived
from molecular (Doolittleet al., 1996; Fengt al., 1997; Wangt al., 1999) and palaeontological

(Lee, 1999; Redecker al., 2000) sources. Analyses of data from such divergent groups, however,
are beset by problems due to compositional heterogeneity, and it is necessary to account for
disparities in base frequencies to avoid estimation biases. We estimate the date of the plant-animal
divergence using nucleotide sequences from the mitochoiviaenes of two plants

(Arabidopsis thaliana, GenBank accession NC_00128%hioglossum engelmannii, AF020572)

and two animalsrioceris duodecimpunctata, NC_003372Drosophila melanogaster,

NC_001709). These sequences clearly exhibit a pattern of base composition that is liable to cause
the overestimation of divergence dates (Table 5.1).

Table 5.1 Nucleotide composition of th€O! gene for two plant and two animal sequences

Nucleotide composition (%)

Species

A C G T
Arabidopsis thaliana (thale cress) 23.0 20.0 215 355
Ophioglossum engelmannii (fern) 215 204 225 356
Drosophila melanogaster (fruit fly) 304 142 151 40.3

Crioceris duodecimpunctata (spotted asparagus beetl 30.1 16.7 16.1 37.0

Model parameters (gamma shape parameter, transition:transversion ratio, and base frequencies)
were estimated from 1413 aligned sites usiagm!/ from the PAML package (Yang, 1997); these
values were used in all divergence date analyses. Dates were estimated using three methods: (i)
F84-corrected distances calculated usinglist from the PHYLIP packag@-elsenstein, 2002); (ii)

the maximum-likelihood quartet method implementedt®uze (Rambaut and Bromham, 1998);

and (iii) Bayesian inference as performediBayes (Huelsenbeck and Ronquist, 2001). In the
Bayesian approach, four Markov Chains were run for 300,000 steps, and edge lengths were
obtained and averaged from trees sampled at every 50 steps after a burn-in period of 50,000 steps.
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Divergence dates estimated from the real data may have been biased, because the sequences had
evolved under non-stationary conditions (in addition to other possibly confounding factors, such as
the presence of covariotides, which are ignored here), whereas the estimation methods operated
under an assumption of stationary evolution. To determine whether there would be any discrepancy
between dates estimated from data produced from stationary and non-stationary processes, we
conducted a simulation study based on@l¥ data. The tree topology and edge lengths required

for the simulation study were estimated from the €&l data, under an assumption of non-

stationary sequence evolution, ustiagem!. The same program was also used to infer the ancestral
sequence at the root node (the common ancestor of alltalsequences). We used this ancestral
sequence, along with the tree obtained using maximum-likelihood (as described above), to simulate
the evolution of 1,000 replicate sequence quartets under stationary conditions using the simulation
programSeg-Gen (Rambaut and Grassly, 1997The divergence date of the common ancestor was
inferred from each replicate using the three methods listed above, with the same parameter values
those used earlier. The 1,000 divergence date estimates were used to generate a mean value and
95% confidence intervals, which were used in the comparisons of divergence dates estimated from
data generated under stationary and non-stationary conditions.

There were considerable but non-significant differences between the dates inferred from real and
simulated data (Table 5.2), at least some of which is attributable to a violation of the assumption of
compositional stationarity in the real data. The wide confidence intervals are partly the result of the
relatively short length of th€OI gene, and the use of longer alignments should reduce the
uncertainty in the date estimates. Given the differences in GC contents (Table 5.1), the
disagreement between mean estimates from the real and simulated data were larger than expected
since the results from our simulation study suggest that a 10% difference in GC content can lead to
a 3% overestimate. Undoubtedly, some proportion of the discrepancies among the various estimate
are caused by intrinsic differences among the methods, and by the indeterminate accuracy of
computer programs in emulating real evolutionary processes, but the trend in the results suggests
that non-stationary substitution processes can lead to estimation biases.

Table 5.2 Date estimates for the plant-animal split, given in millions of years before present

Simulated data (stationary)

Method (norlf-zi‘zllt(:z::lr )
y Average” 95% confidence interval
F84 Distances 1330.6 1249.9 1109.7 — 1418.5
ML Quartet 1549.1 1411.3 1183.6 — 1621.4
Bayesian 1576.5 1462.9 1261.9 - 1704.9

® Average of 1,000 date estimates, each made from an independent simulation run.

Discussion

Rate heterogeneity among lineages and the reliability of calibration points are undoubtedly the most
important factors that need to be considered when estimating divergence dates from molecular
sequence data, and the wealth of literature and proposed methods addressing these two factors are
fitting testament to this. We have shown, however, that it may be necessary to account for an

52



additional factor that has been hitherto largely ignored. Compositional heterogeneity can have a
considerable influence when estimating molecular divergence dates, whether the methods are base
on pairwise distances, maximum-likelihood estimates, or Bayesian inference. While it is difficult to
generalize from the present results, it is conceivable that other methods for inferring divergence
dates will also be affected by compositional heterogeneity. At the levels seen in real sequences,
particularly among bacterial genomes and among metazoan mitochondrial genes, different patterns
of compositional variation can substantially mislead divergence date estimation. It is uncertain how
these biases will be affected when compositional heterogeneity is compounded with other potential
sources of inaccuracy, including among-site rate variation and substitutional saturation, or when
other aspects of the evolutionary process are modelled incorrectly.

The estimation biases that arise due to compositional non-stationarity can be addressed by
preliminary surveying of the sequences. Methods for identifying offending data can take the form of
statistical testse(g., Bowker, 1948; Lanave and Pesole, 1993; Rzhetsky and Nei, 1995; Waddell

al., 1999) or indices of compositional heterogeneity (Kumar and Gadagkar, 2001). Based on the
results of these investigations, it can then be decided whether it is necessary to use more complex
methods that allow the substitution process to vary in different branches, or to modify or exclude
the offending data altogether.

It has been proposed that sequence analysis should be conducted at the amino acid level to
circumvent the problems associated with base compositional heterogeneity (Hasegawa and
Hashimoto, 1993; Lockhaet al., 1992a; Loomis and Smith, 1990; Yang and Roberts, 1995). There
is evidence, however, that nucleotide and amino acid compositions are correlated in bacterial
genomes (Sueoka, 1961b; Sueekal., 1959), and in mitochondrial (Jerminal., 1994; Jukes

and Bhushan, 1986) and nuclear genes (Collins and Jukes, 1993; D'@nefri@991; Singer and
Hickey, 2000). Moreover, there is a greater amount of information contained in nucleotide
sequences, and many amino acid sequences are too short to yield date estimates with the levels of
confidence required for testing evolutionary hypotheses using current methods.

Estimation biases due to compositional heterogeneity may have contributed, at least in part, to the
discrepancies that have been observed between molecular date estimates and time-scales inferred
from the fossil record. It remains to be seen, however, whether accounting for compositional
heterogeneity among sequences will affect current interpretations of evolutionary divergences.
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Chapter 6. A Survey of Compositional Variation in Metazoan Mitochondrial

Genomes

Introduction

In line with the rapid increase in genomic sequencing efforts worldwide, the number of completely
sequenced mitochondrial genomes has been growing at a phenomenal rate. Since the publication ¢
the human mitochondrial genome in 1981 (Andeksari., 1981), output from sequencing projects

has now risen to the extent that several new mitochondrial genomes are becoming available each
week, a trend that does not appear to be abating. These projects have revealed extensive variation
among mitochondrial genomes, both in gene content and in total size. For example, the
mitochondrial genome of the muskmeld@uumis melo) is 2,400 kb in length, about 400 times

larger than that of the malaria parasR&smodium falciparum, which is only 6 kb in length

(Gillham, 1994).

In Metazoa, the mitochondrial genome has a number of properties that render it particularly suitable
for sequencing projects: its comparatively small size, averaging 16.4 kb; its wide taxonomic
representation, being present in all eukaryotes with the ability to respire; the conservation of genes
across diverse taxa, notwithstanding the occurrence of multiple genome reorganization events; the
high proportion of coding sequence within the genome; and the absence of introns (with the
exception of thé/etridium senile genome). Their relative abundance, compared with nuclear DNA,
also implies that mitochondrial DNA is easier to extract, not only from fresh biological material, but
also from preserved tissues. Pioneering studies in this field include the compari¥ah of

sequences from the zebra and the extinct quagga (Higuohi1984), and the elucidation of ratite
relationships using the complete mitochondrial genomes of two extinct moas (€o@pe2001).

It is widely known that the nucleotide composition of the mitochondrial genome varies considerably
among metazoans (Asakaera:l., 1991; Fosteer al., 1997; Jermiiret al., 1995; Jermiiret al.,

1994; Sacconert al., 1999). This variation is characterized by large differences in GC content,

which is high among vertebrate taxa but exceptionally low in invertebrates (Sacadn&999).
Directional mutation pressure was originally defined as occurring when the rate of change of
nucleotides A and T to C and G differed from that of the reverse change (Freese, 1962; Sueoka,
1962), but this definition has subsequently been altered (Jermaiin 1996), such that it now

describes a difference in the rate of a nucleotide substitution relative to the complementary
substitution ¢.g., A" G vs G — A). Other proposed explanations, such as biased cellular tRNA
concentrations (Ikemura, 1981; Ikemura, 1982), asymmetric replication mechanisms (Clayton,
1982; Francino and Ochman, 1997; Goddard and Wolstenholme, 1980), and defective repair
machinery (Kunkel, 1985), similarly espouse non-selectionist scenarios. There have also been lines
of reasoning based on selective pressures, including translational selectiore{Gha#|®93) and

the existence of optimal base contents (Gillespie, 1991). The specific causes may not be clear, but
is evident that observed compositional patterns depend on a dynamic equilibrium between
directional mutation pressure and selective constraints (Sueoka, 1992).

Directional mutation pressure can act either to create the same compositional bias in both strands c
DNA (symmetric DMP) or to effect strand-specific compositional differences (asymmetric DMP).
The former can usually be detected by investigating variation in GC content, whereas asymmetric
DMP can be detected through violations of Parity Rule 2 (PR2), proposed by Sueokawh$9b)
stipulates thatr, = 7, andz. = 7, on each strand, whervg, is the frequency of nucleotide
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There have been a number of expositions on directional mutation pressure in mitochondrial
sequences, which have supplied a range of measurements, interpretations, and explanations of the
phenomenon (Jermiigx al., 1995; Jermiirer al., 1994; Martin, 1995; Reyes al., 1998). Such

studies are important not only for understanding the substitutional processes that drive genomic
evolution, but also for appreciating the factors that need to be considered in sequence analysis and
phylogenetic inference. However, most previous analyses of directional mutation pregsure (
Jermiinet al., 1994; Lobry and Sueoka, 2002; Sueoka, 1982) of compositional patterns among
mitochondrial genomeg.g., Sacconer al., 1999), have tended to ignore the underlying phylogeny
when correlations and regressions were being performed (but see Gu, 1998 REy£398).

In this study, we survey the patterns in base composition and directional mutation pressure in the
protein-coding genes of 366 metazoan mitochondrial genomes. A series of detailed comparative
analyses were conducted on 101 of these genomes, with the underlying phylogenetic relationships
taken into account where necessary. By estimating ancestral states, we also traced the evolution of
the GC content of mitochondrial protein-coding genes throughout the metazoan tree. Finally, we
have re-assessed some of the previously presented hypotheses concerning the causes of
compositional heterogeneity.

Materials and Methods

We obtained the complete mitochondrial genomes of 366 metazoan taxa from GenBank
(http://www.ncbi.nim.nih.gov). From all of these genomes, the nucleotide sequences of each of the
13 protein-coding genes and from the intergenic regions were extracted using the pragram
(written by Liam Childs, University of Sydney). Segments of DNA from overlapping portions of
adjacent genes were removed, as they may have evolved under selective constraints imposed by
more than one open reading frame. Intergenic DNA is defined as consisting of regions without any
known function, and which are thus putatively free from selective constraints; control regions,
repeats, and known or putative reading frames were excluded from this category. The amino acid
sequences of the 12-13 mitochondrial proteins were also obtained from GenBank for the genomes
being analysed (some metazoan mitochondrial genomes, including those of the urochordates,
bivalves, nematodes, and most of the platyhelminths, lacketith®gene;Sphenodon punctatus

lacked the ND5 gene).

To measure the deviation of intergenic base composition from uniformity, we used a simple
Euclidean distance:

Deviation from uniformity = $ (", #0.25)2 (6.1)

wherei = A, C, G, T. This measure produces values in the range of 0 (when nucleotide composition
is uniform) to+/0.75 (when a sequence is entirely composed of a single type of nucleotide).

The symmetrical directional mutation pressure exerted on the intergenic DNA is defined as being
equal to its GC content. The symmetrical directional mutation pressure exerted at synonymous
codon sites, measured lpy,, was calculated using the progrédm/P (Jermiinet al., 1996; Jermiin

et al., 1994). This measure of directional mutation pressure is equivalent to the GC content at
degenerate third codon sites, but with a correction for differences among genetic codes.

Various measures of asymmetric directional mutation pressure have been employed in previous
studies é.g., Jermiinet al., 1995; Perna and Kocher, 1995; Sueoka, 1995). We use the following
simple measures:
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B - (6.2)
T + Ty

B, =—7¢ (6.3)
J'L'C +.7'L'G

These measures of bias relate directly to deviations from Parity Rule 2: if there is no strand
asymmetry, therB, = B, = 0.5. Positive and negativB, values denote strand-specific A- and T-

biases, respectively, with, values similarly defined.

In order to investigate the influence of nucleotide composition on the amino acid content of protein
products, the proportions of amino acids encoded by GC-rich codons (GARP proportion) and AT-
rich codons (FYMINK proportion) were calculated for all corresponding translations of protein-
coding genes (Foster al., 1997). The GARP proportion is equal to the sum of the frequencies of
glycine (encoded by GGN; AGR in ascidians), alanine (GCN), arginine (CGN), and proline (CCN);
the FYMINK proportion is the sum of the frequencies of phenylalanine (TTY), tyrosine (TAY;

TAH in flatworms), methionine (ATR; ATG in echinoderms), isoleucine (ATY; ATH in
echinoderms), asparagine (AAY; AAH in flatworms), and lysine (AAR; AAG in echinoderms and
flatworms).

It is essential that evolutionary relationships are acknowledged when comparing data from different
species, because shared phylogenetic histories confer an amount of statistical covariance, implying
that individual data points are not mutually independent and may be heteroscedastic (Felsenstein,
1985; Harvey and Mace, 1982; Martins and Hansen, 1997; Pagel and Harvey, 1988).

In order to conduct phylogeny-based comparative analyses, it is necessary to specify the tree on
which the data evolved. This tree cannot be inferred using the data themselves, because this is
equivalent to assuming that variation in the data perfectly reflects the underlying phylogeny,
thereby confounding any comparative analyses that are performed. Thus, it is preferable to use an
independently derived tree to avoid logical circularity (Felsenstein, 1985). We used a tree available
from the Ribosomal Database Project Il (http://rdp.cme.msu.edu), which had been inferred from
small subunit rRNA. Taxa without available mitochondrial genome sequences were manually
pruned away, leaving 101 taxa on the tree (Figure 6.1). The topology of the tree has some
fundamental inconsistencies with the currently accepted views on phylogenetic relationships,
although most of these problems probably stem from very short internal edges. The dipteran genere
Anopheles andDrosophila were not represented as sister taxa in the tree; the two testudines
(Chelonia mydas andPelomedusa subrufa) were resolved as the sister clade to birds, to the

exclusion ofd/ligator mississippiensis; the eutherians are resolved as the sister group to the two
prototherians, rather than to the metatherians; and the amphibians are in an incorrect position. The
edge leading tdscaris suum andCaenorhabditis elegans is the major point of concern, however,

with an inferred length of over 8.5 average substitutions per site.

Ultimately, using a tree with some inaccuracies is almost certainly better than the star tree that is
assumed in non-phylogenetic comparative analyses, provided that our model of evolution is
appropriate. The tree that we use is a compromise between accuracy and the maximization of
taxonomic representation. We did not allow for alternative topologies for the contrast analyses, but
instead generated 1,000 sets of edge lengths on which analyses were replicated. As our correlation
results from these replicates produced levels of significance that were similar or identical to those
obtained from the original tree, they are not presented here.
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Figure 6.1 Tree with 101 metazoan species inferred from small subunit rRNA sequences, used for
phylogeny-based comparative analyses throughout the study. The tree was obtained from the
Ribosomal Database Project Il. The scale bar represents a length of 1 average substitution per site.
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A popular approach to conducting phylogeny-based comparative studies is to use independent
contrasts (Felsenstein, 198B)owever, this method is sensitive to violations of its premises (Diaz-
Uriarte and Garland Jr, 1996), including the assumption that a model analogous to Brownian
motion can accurately describe trait evolution on a given tree. Here, we perform comparative
analyses using two different methods, implemented by the pragsaipare (Martins, 2003): (i) a
generalized least-squares (GLS) approach, with a simple exponential model in which the exponent,
a, was estimated using maximum likelihood and reflects the degree of selective constraint on the
character under investigation (Martins and Hansen, 1997); and (ii) non-phylogenetic correlation,
which ignores evolutionary relationships altogether, thereby treating data from all taxa as being
mutually independent’(=#). We present the results produced by both methods, following a
suggestion by previous authors (Garlaner 4., 1999; Price, 1997), but test the fit of the models
using the likelihood-ratio (LR) statistic:

LR =2In|H, /H,| (6.4)

where H, and H, represent the likelihoods of the phylogenetic and non-phylogenetic models,
respectively. This statistic is approximatefy-distributed with one degree of freedom,
corresponding to the parametey which is free to vary in the phylogenetic model but is fixed (at

a =) in the non-phylogenetic model. The method of independent contrasts (Felsenstein, 1985)
which assumes that selective constraints are absen®}, was also used to analyse the data;
however, using the maximum-likelihood estimatexofinder the phylogenetic GLS model was
almost always significantly better than assuming0, so we choose to omit the results from
independent contrasts here.

In order to survey the historical patterns of compositional evolution, we estimated the GC contents
of all protein-coding sites (including all three codon positions from all 12-13 genes) at all ancestral
nodes in the phylogeny, using a linear GLS model as implemented by the pragnam-e.

Results

The average size of the 366 metazoan mitochondrial genomes was 16,354 bp, with an average of
11,242 bp coding for 12 to 13 proteins (some genomes lacked £ftR&or ND5), 1,510 bp

coding for 22 transfer RNAs (this number varied among taxa, from two tRNAs in each of the
cnidarian taxa to 24 i@iona savignyi), and 2,474 bp coding for the two ribosomal RNAs, and 233
intergenic sites. Differences in the GC content of protein-coding regions were evident among
different metazoan groups (Figure 6.2), with higher average GC fractions in deuterostome phyla
than in protostome phyla.

Reconstruction of the ancestral GC contents of all mitochondrial protein-coding regions suggested
that the common ancestor of metazoan phyla possessed a moderately low GC content, and that thi:
proportion rose independently in several descendent groups (Figures 6.3 and 6.4). The largest
changes in GC content occurred along the branches immediately leading to the insects (a decrease
of 0.05) and to the birds (an increase of 0.04). In general, the GC content has evolved quite slowly,
with variation approximately reinforcing the underlying phylogeny, but there is clearly some
convergence in distant lineages. The high levels of uncertainty in ancestral state inferences must be
acknowledged, however, along with the evident inaccuracies in the assumed phylogeny.

In almost all of the correlations that were performed throughout this study, ignoring the degree of
phylogenetic relatedness among the sequences led to an apparent statistical significance that
decreased or disappeared when the phylogenetic GLS approach were used. Likelihood-ratio tests ¢
the different models showed that, without exception, the phylogenetic GLS model always provided
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Figure 6.2 Variation in GC content of all protein-coding sites (first, second, and third codon sites
for all 12 or 13 genes) for the mitochondrial genes of 366 metazoan taxa. The whiskers of the
boxplots represent the range in GC content, while the boxes exclude the lower and upper quartiles;
the vertical line in each box represents the median. Sequences are grouped according to taxonomy
Annelida (26 sequences, with 12 genes from each of three taxa), Chelicerata (78 sequences),
Crustacea (104), Uniramia (338), Brachiopoda (39), Agnatha and Chondrichthyes (130), Amphibia
(78), Aves (325), Cephalochordata (39), Mammalia (1040), Osteichthyes (1,924), Reptilia (143),
Cnidaria (26), Echinodermata (78), Hemichordata (13), Mollusca (102), Nematoda (97),
Platyhelminthes (120), and Urochordata (36).
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Figure 6.3 Generalized-least squares estimates of ancestral GC contents of all protein-coding sites
(first, second, and third codon sites for all 12-13 genes) for the non-mammalian portion of the 101-
taxon tree given in Figure 6.1. Pie charts at internal nodes show AT (white) and GC (black)
fractions.
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Figure 6.4 Generalized-least squares estimates of ancestral GC contents of all protein-coding sites
(first, second, and third codon sites for all 12-13 genes) for the mammalian portion of the 101-taxon
tree given in Figure 6.1. Pie charts at internal nodes show AT (white) and GC (black) fractions.
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a better fit (at the 0.1% level of significance) to the data than a model in which the phylogeny was
completely ignored; this can be seen in the various correlation results presented below. This
suggests that the evolution of the metazoan mitochondrial genome has a strong phylogenetic
element, and underlines the importance of accounting for phylogenetic covariance. While some of
the findings that we present will add further weight to various lines of evidence that have been
offered by previous authors, it is also clear that the findings of several previous non-phylogenetic
comparative studies may need to be reassessed.

Ubiquity of DMP

Analyses of concatenated intergenic regions of all metazoan mitochondrial genomes demonstrated
that there were considerable departures from uniformity, with all deviations falling in the upper half
of the range of possible values (Figure 6.5a). In most cases, this manifests itself in the form of a
high AT content, as indicated by the left-skewed distribution of the GC contents of intergenic DNA
(Figure 6.5b). In the absence of mutational biases and selective pressure, the nucleotide frequencie
would be expected to be approximately uniform. The distributions of deviation values and GC
contents show that this is not the case, and that intergenic sites are subject to some form of
directional mutation pressure, assuming that there are no selective constraints operating on
intergenic DNA and preventing it from reaching a state of uniformity.

Having established that the intergenic regions of metazoan mitochondrial genomes generally
display low GC contents, it is now possible to interpret variation in the GC content of the protein-
coding genes in relation to this point of reference. Directional mutation pressure, measuged by
and estimated from each protein-coding gene, was correlated to the GC content of intergenic
regions (Table 6.1). There were also significant correlations for pairwise comparisons among 12 of
the protein-coding genes (Table 6.2), but notdo¥. The estimate of DMP frol@O/ was the most
strongly correlated to the GC content of intergenic DNA.

Table 6.1 Correlations of the GC content of intergenic DNA with directional mutation
pressure, measured Ipy,, estimated from each protein-coding gene

Correlations"™* Correlations"™*
a,b a,b
Gene Phylogenetic Non- Gene Phylogenetic Non-
GLS phylogenetic GLS phylogenetic

ATP6 = 0.21 * 0.69 ND2 wox 0.37 wox 0.73 wox
ATPS = 0.31 = 0.66 ND3 wox 0.29 *x 0.70 wox
col wox 0.43 0.75 ND4L  » 0.32 wox 0.70 wox
coll wox 0.26 *x 0.70 == ND4 wox 0.38 wox 0.73 wox
COIll  »= 0.33 0.72 ND5 wox 0.32 wox 0.71 wox
Cytb wox 0.37 0.72 ND6 wox 0.32 wox 0.65 wox
NDI wox 0.32 0.71 o

& Asterisks representing the results of a likelihood-ratio test of whether a phylogenetic model was
significantly better than a non-phylogenetic model in fitting the data.

® Asterisks denote significance at the 5% (*), 1% (**) level, or 0.1% (***) level.

¢ Correlation (r) values, with asterisks representing the results of a test of whether the correlation is
significantly different from O.
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Figure 6.5 Non-uniformity of the base content of intergenic DNA from 366 complete
mitochondrial genomes. (a) The deviation from uniformity of intergenic DNA, as calculated by
Equation 6.1, with the entire range of possible values shown on the horizontal axis. The
intergenic regions of all genomes deviate considerably from uniformity. (b) GC content of
intergenic DNA. The distribution is skewed to the left, with the left tail largely comprising the
genomes of invertebrate taxa. Distributions have not been corrected for phylogenetic covariance
or sampling biases.
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Table 6.2 Pairwise correlations of the GC contents of 13 mitochondrial genes (incorporating
all three codon positions), calculated under non-phylogenetic (above diagonal) and
phylogenetic (below diagonal) models of trait evolution

o % ~ S| < J

Q~< I I~ N ~ - ~ [N o0 ~ < " ©

~ = ) Q Q

T ¥ 8§ 8 & & g2 &g g 58 g2 &2 &z
ATP6 091 066 09 094 095 096 095 094 091 097 0.97 094

ATPS | 0.76 - 0.71 090 085 089 092 092 090 089 097 091 0.92
cor 0.21 0.20 - 0.70 062 070 073 071 0.72 073 0.70 0.72 0.71
cornlr (083 066 0.01 - 092 094 096 095 093 091 097 096 0.95
comnr (083 064 0.00 078 - 092 093 090 091 0.88 0.93 0.93 0.89
Cytb 0.86 0.67 0.04 084 0.79 - 0.97 095 093 090 0.97 0.98 0.93
NDI 0.88 069 005 085 082 0.87 - 0.96 095 090 0.98 0.98 0.94
ND2 0.83 064 010 084 074 086 083 - 0.94 094 097 0.97 0.96
ND3 0.74 062 016 080 069 079 082 0.78 - 091 095 095 0.93
ND4L | 0.68 0.64 -0.09 0.70 0.70 0.68 0.67 0.75 0.60 - 092 092 0.95
ND4 089 089 015 087 081 091 090 090 0.81 0.68 - 0.98 0.95
ND5 0.88 069 013 086 080 090 088 089 081 0.79 092 - 0.95
ND6 0.83 066 0.06 083 077 081 083 083 073 068 085 0.86 -
Phylogenetic GLS correlations

Non-phvlogenetic correlations

For all protein-coding genes, apart fr@ér®/, u, values showed a significant correlation with the

GC content at first and second codon positions (Table 6.3). The implications of these results are the
directional mutation pressure acts throughout the genome, even on the selectively constrained
codon positions; however, variation in GC content appears to be considerably smaller in the latter.
The constraints acting on first and second codon sites are complex, and are probably dictated by a
combination of selective pressures (Thanaraj and Argos, 1996). Apart from Darwinian selection
acting against frameshift and deleterious point mutations, the identities of bases at first codon sites
are related to the synthetic pathways of amino acids (Taylor and Coates, 1989), and there is also a
CT-bias at second codon positions related to the abundance of hydrophobic residues in the protein
products of mitochondrial genes (Naytowu!/., 1995; Volkenstein, 1966; Woeseu!l., 1966). All

13 of the mitochondrial proteins are components of membrane-spanning complexes; for example,
the protein encoded ByO!III has seven transmembrane helices and no significant extra-membrane
components. However, althougliP§ codes for a subunit of the FO membrane component of ATP
synthase, the majority of the subunit is extra-membranous and extends from within the
mitochondrial membrane to the tip of the protein complex. These properties give rise to a number of
distinctive compositional patterns, which are discussed in detail below.

Strand asymmetry

During the course of evolution of the Metazoa, the coding sequences of some mitochondrial genes
have switched from the light strand to the heavy strandcewersa (Table 6.4). The strand-

specific location of protein-coding genes has remained unchanged for all vertebrates, without
exception, whereas there are three different arrangements among molluscs. These patterns sugges
that there is a selective force preventing the strand-switching of genes, despite evidence of multiple
gene re-ordering events (Boore, 1999)
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Table 6.3 Correlations of directional mutation pressure, measured,bwyith the GC
content of combined first and second codon positions

Correlations”™* Correlations"™*
a,b a,b
Gene Phylogenetic Non- Gene Phylogenetic Non-
GLS phylogenetic GLS phylogenetic

ATP6 = 0.46 0.84 ND2 wox 0.72 wox 0.84 wox
ATPS = 0.38 = 0.77 = ND3 wox 0.56 wox 0.84 wox
col wox 0.11 0.52 ND4L  » 0.44 wox 0.80 wox
coll wox 0.36 == 0.82 ND4 wox 0.78 wox 0.89 wox
COIll  »= 0.49 0.74 ND5 wox 0.73 wox 0.90 wox
Cytb wox 0.61 == 0.87 ND6 wox 0.55 wox 0.79 wox
NDI wox 0.68 = 0.89

& Asterisks representing the results of a likelihood-ratio test of whether a phylogenetic model was
significantly better than a non-phylogenetic model in fitting the data.

® Asterisks denote significance at the 5% (*), 1% (**) level, or 0.1% (***) level.

¢ Correlation (r) values, with asterisks representing the results of a test of whether the correlation is
significantly different from O.

Table 6.4 Mitochondrial genes located on the heavy strand

Gene Heavy strand”

ATP6  Gastropods

ATPS8® Gastropods

cor -

coln -

Colll  Gastropods

Cytb  Cephalopods, polyplacophorans

NDI1  Arthropods, cephalopods, polyplacophorans
ND2 -

ND3  Gastropods

ND4L  Arthropods, cephalopods, polyplacophorans
ND4  Arthropods, cephalopods, polyplacophorans
ND3°  Arthropods, cephalopods, polyplacophorans
ND6  Cephalochordates, echinoderms, gastropods, polyplacophorans, verte

& Heterodoxus macropus andTrichinella spiralis exhibited unique patterns of gene strand location,
and are omitted from this table.

® Twenty-two genomes lacked tH&P8 gene.

¢ One genome (that Sphenodon punctatus) lacked theVD5 gene.

Plots of B, againstB, at intergenic sites and at the three codon sites indicated that violations of PR2
are extensive. Clear A- and C-biases exist in the intergenic regions of most mitochondrial genomes
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(Figure 6.6); exceptions to this trend are generally the genomes of invertebrate taxa, particularly
those of vermiform taxa (nematodes and platyhelminths). These patterns are renparkabkes

they suggest that a biased mutational process at sites that have no known biological function.
Similar, but more distinguishable, trends were seen imBthe B, plots from coding regions. First
codon sites (Figure 6.7) generally exhibit A- and C-biases, with sequenceSGQI0!!, COIIl,

andND6 genes being exceptions. The distributions are somewhat bimodal, usually with a dominant
clustering in the first quadrant (A- and C-biased) and with a much smaller group in the third

guadrant (G- and T-biased). The smaller group often, but not always, comprised data from genes
located on the heavy strand.

The nucleotide composition at first codon sited/Dis sequences is strongly G- and T-biased,

which is the complete reverse of the general trend seen in the remaining mitochondrial genes. This
is consistent with the fact that, in the genomes of all vertebrate taxa, without any known exceptions,
the gene foND¢ is located on the heavy strand, whereas the remaining 12 mitochondrial proteins
are encoded on the light strand.

At second codon sites (Figure 6.7), the base composition is unmistakably T-biased, and there is als
a slight C-bias for most genes. Sequences from T8 gene represent a conspicuous exception to
the former trend. The striking T-bias is related to the hydrophobicity of protein products encoded by
mitochondrial genes (Table 6.5); all codons with T in the second codon position encode
hydrophobic amino acids. For all of the mitochondrial genes, such codons constitute an average of
75-80% of all codons that code for hydrophobic residues, and, on average, form 40-50% of all
residues in the protein product. The protein encodedi7i$ contained an average of only 34.5%
hydrophobic residues.

Table 6.5 Vertebrate mitochondrial genetic code with hydrophobic amino acids shaded

Amino acid Codons |Amino acid Codons [Amino acid Codons [Amino acid Codons
TTT TCT TAT TGT
Phe (P 11¢ ser(s) TCC WM 1ac [0 16c
TTA TCA TER TAA Tr (W)a TGA
TTG TCG | Tyr(Y) TAG P TGG
CTT CCT . CAT CGT

Leu (L
ulb) e eo @y CCC His(H)  cac ag(R)  CGC
CTA CCA GIn (Q) CAA CGA
CTG CCG CAG CGG
ATT ACT AAT AGT
lle (1) ATC e () ACC Asn (N) AAC Ser (S) AGC
Met (M) ATA ACA Lys (K) AAA TER AGA
ATG Acc |~ AAG |Ser(S) AGG
GTT GCT GAT GGT
Asp (D)

GTC GCC GAC GGC
ValV) oA AR Gea @ CAA GG Gea
GTG GCG GAG GGG

 Tryptophan is not entirely hydrophobic, as one of its structural features (the N-H moiety of its indole
ring) allows it to interact with water.
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Figure 6.6 Violations of Parity Rule 2 at intergenic sites from each of 366 taxa, illustrated by plots
of B, vs B,. The intersection of the axes represents the point where there are no compositional
biases.
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Figure 6.7 Violations of Parity Rule 2 at first and second codon sites from the protein-coding
genes of each of 366 taxa, illustrated by plot®ofs B,. Black and grey points represent first and
second codon sites, respectively. Filled circles and hollow triangles represent data from light and

heavy strands, respectively. The intersection of the axes represents the point where there are no
compositional biases.
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The slight C-bias is perhaps explained by the fact that half of the codons with C at the second
position encode hydrophobic residues. However, the occurrence of the reverse trend in second
codon sites oND6 sequences, which are found on the heavy strand in most of the genomes (Table
6.4), suggests that imbalances between the proportions of C and G are dictated by an asymmetric
directional mutation pressure rather than by a hydrophobicity criterion. This is supported by the
correlations betweep, and the GC content of first and second codon sites (Table 6.3).

Base frequencies at third codon sites (Figure 6.8) are strongly A- and C-biased, again with the
exception ofVD6 sequences. As with first codon sites, the distributions are slightly bimodal, with
G- and T-biased sequences mostly located on the heavy strand. These biases exist in spite of the
relaxed selective constraints at third codon sites, and it is clear that an asymmetric process is
generating a preponderance of As and Cs on the light strand. This is supported by significant
correlations of A-biases for most protein-coding genes, and C-biases for some genes, with the
respective biases in intergenic regions (Table 6.6). As expected, the only significant negative
correlations involved th&D6 gene. There is, therefore, strong evidence that asymmetric directional
mutation pressure has been acting on metazoan mitochondrial genomes, and it is possible that
variation in GC content is merely an epiphenomenon associated with strand-specific mutation
pressures. The compositional biases found in the present analysis broadly agree with those observe
in previous studies (Jermiu al., 1995; Jermiiret al., 1994; Pepet al., 1983; Perna and Kocher,
1995; Reyest al., 1998; Sacconet al., 1981, 1999).

Table 6.6 Correlations of A- and C-biases in intergenic DNA with the respective A- and C-
biases in protein-coding genes

A-bias C-bias
Correlations"™* Correlations”™*
a,b a,b
Gene Phylogenetic Non- Gene Phylogenetic Non-

GLS phylogenetic GLS phylogenetic
ATP6 0.32 0.52 ATP6 0.03 0.56
ATPS o 0.07 0.38 ATPS -0.16 0.08
cor 0.28 = 054 cor 0.26 * 0.57 =
Coll = 0.16 0.51 o= col - e 0.33 = 0.63
COIll  »= 0.31 = 0.53 COIll = 0.25 * 0.60
Cytb 0.28 = 0.52 Cyth = 0.05 0.59
NDI 0.23 * 042 o NDI 0.16 0.26 *
ND2 0.34 0.49 ND2 0.02 0.53 =
ND3 0.32 0.55 ND3 0.32 0.59
ND4L  » 0.20 * 0.35 o= ND4L 0.02 0.32 =
ND4 0.36 == 0.44 o ND4 0.19 * 0.25 *
ND5 0.35 0.45 ND5 0.31 = 0.27 *
ND6 -0.12 -0.23 = ND6 -0.24 =~ -0.17 *

& Asterisks representing the results of a likelihood-ratio test of whether a phylogenetic model was
significantly better than a non-phylogenetic model in fitting the data.

® Asterisks denote significance at the 5% (*), 1% (**) level, or 0.1% (***) level.

¢ Correlation (r) values, with asterisks representing the results of a test of whether the correlation is
significantly different from O.
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Figure 6.8 Violations of Parity Rule 2 at third codon sites from the protein-coding genes of each of
366 taxa, illustrated by plots @ vs B,. Filled circles and hollow triangles represent data from

light and heavy strands, respectively. The intersection of the axes represents the point where there
are no compositional biases.
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Effects on amino acid content

As demonstrated above, directional mutation pressure acts ubiquitously throughout coding
sequences. Since all changes at second codon sites are hon-synonymous, apart from certain chang
within the six-fold degenerate codon sets of leucine and serine (Table 6.5), it is likely that such
mutational biases will influence the amino acid content of the protein encoded by the gene. This is
confirmed by positive correlations @f, with the GARP proportion, and negative correlations of

U, with the FYMINK proportion, of corresponding amino acid translations (Table 6.7).

Table 6.7 Correlations of directional mutation pressure for protein-coding genes, measured
by u,, with the GARP and FYMINK proportions of the corresponding protein products

GARP FYMINK
Correlations"™* Correlations"™*
a,b ayb
Gene Phylogenetic Non- Gene Phylogenetic Non-

GLS phylogenetic GLS phylogenetic
ATP6 0.15 0.61 = ATP6 -0.24 =~ -0.66 =
ATPS 0.26 = 0.61 = ATPS -0.22 * -0.61 o
cor 0.10 0.60 o= cor -0.16 -0.49
Coll = 0.08 0.46 coll = -0.13 -0.73

COII w» 023 w 051 = |COHI =  -025 w»  -061
Cyth w023 + 053 = | Cyth w031 e 075 e
NDI w038 w071 e |NDI =  -050 s  -0.80 s
ND2 e 042 w069 e | ND2 e -048 e 072
ND3 s 023 w065 e |ND3 w037 s  -0.80 =
ND4L e 0.40 e 068 o | NDIL = 021 +  -0.67 s
ND4 s« 053 w065 e |ND4 w046 w076 =
ND5 s« 031 w076 e |ND5 w066 w073 =
ND6 e 040 w072 e | ND6 e  -048 e 079

& Asterisks representing the results of a likelihood-ratio test of whether a phylogenetic model was
significantly better than a non-phylogenetic model in fitting the data.

® Asterisks denote significance at the 5% (*), 1% (**) level, or 0.1% (***) level.

¢ Correlation (r) values, with asterisks representing the results of a test of whether the correlation is
significantly different from O.

This result is concordant with previously presented evidence of a relationship between the
nucleotide and amino acid contents of nuclear protein-coding genes (Collins and Jukes, 1993;
Foster and Hickey, 1999; Gu, 1998; Singer and Hickey, 2000; Sueoka, 1961a; Sueoka, 1961b). Oui
results confirm that this relationship is one of mutual interdependence, and, in this respect, that
compositional variation at the two different levels are inextricably linked.
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Discussion

We have presented results suggesting that the compositional patterns observed among metazoan
mitochondrial genomes are caused by asymmetric directional mutation pressure, and that this
operates throughout the genome. Selective constraints imposed by the codon-based nature of the
genetic code reduce the degree of bias in the nucleotide frequencies observed at first and second
codon sites, and hydrophobicity appears to be a substantial determinant of base composition at
second codon sites.

In view of our results, which encompass a larger number of genomes than previous studies, it is
worthwhile re-evaluating some of the previous hypotheses that have been proposed to account for
strand-specific compositional biases and the biased usage of synonymous codons. We have chose
not to consider a number of factors that are unlikely to have any major impact on the composition of
the metazoan mitochondrial genome, such as thermal stability (Marmur and Doty, 1959) and
horizontal transferse(g., Lawrence and Ochman, 1998). There are also several hypotheses that are
highly speculative, and which have not been experimentally verified, including disparities in
available dNTP pools in the mitochondrion (Reyesl., 1998); these will not be discussed further

here.

Abundance of transfer RNAs

In regard to the nuclear genome, imbalanced concentrations of iso-accepting tRNAs has been put
forward as an explanation for the favouring of certain synonymous codons over others (Kurland,
1993). This is unlikely to occur in mitochondria, however, because there is only a single tRNA
associated with each amino acid, with the exceptions of serine and leucine (Boore, 1999; Perna anc
Kocher, 1995). There are a number of conceivable processes by which the diversity of iso-accepting
tRNAs could be increased. The existence of RNA editing, which involves modification of the
anticodons of existing mitochondrial tRNAs to create sets of iso-accepting tRNAs, has recently
been demonstrated for the tRNAs in plant mitochondria éFe¥, 2002). It is possible that

alternative nuclear-encoded tRNAs are imported from the cytosol, and there is evidence that this
occurs in certain protozoa, fungi, algae, cnidarians, and molluscs, especially in cases where one or
more tRNAs are absent from the mitochondrial genome (Schneider and Maréchal-Drouard, 2000;
van Opperer al., 1999). These possibilities require further investigation.

Unequal tRNA binding affinities

Bulmer (1991)suggested that different codons in fourfold degenerate sets may have different tRNA
binding affinities, but this hypothesis has been inconsistent with a number of subsequent
observationsdg., Asakaweet al., 1991). In all cases, the mitochondrial tRNA molecules associated
with fourfold synonymous codon sets contain anticodons with uracil in the third ‘wobble’ position.
Codons that produce exact triplet complementarity for anticodon-codon pairing, that is, codons with
adenine in the third position, should have the highest tRNA binding affinity. Therefore, such codons
should be the most frequently used, under conditions in which there were no selective pressures
favouring one codon over another in a synonymous set. Indeed, there is evidence of strong biases i
codon usage in mitochondria (Saccone and Shisa, 1994), but these biases are towards codons that
are not exactly complementary to the anticodon triplet (Liam Childs, unpublished data). While it
may have some influence, there is little evidence to show that differences in tRNA binding affinities
play a significant role in influencing mitochondrial base composition.
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Asymmetric repair and replication

The non-transcribed strand of mitochondrial DNA remains as a single strand during transcription,
and is offered only partial protection by binding proteins against chemical damage (Clayton, 1982;
Mignotteer al., 1985). Experimental evidence has demonstrated that transcription-coupled repair
increases the proportion of A in the transcribed strand, which is caused by a surfgitDf C
mutations on the non-transcribed strand (Beletskii and Bhagwat, 1996). In view of the results from
the present analysis, which has demonstrated that compositional biases also exist in intergenic
regions, it is unlikely that the mechanisms behind asymmetric directional mutation pressure are
entirely transcription-coupled.

In a study of mammalian mitochondrial genomes, Reyes (1998) discovered a significant

correlation between the base frequencies at fourfold degenerate sites and the duration of single-
strand exposure during replication, finding that frequencies of A and C increased at rates similar to
the rates of decrease of the frequencies of G and T, respectively. This has provided strong evidenct
for a replication-coupled cause for asymmetric directional mutation pressure, which would have a
genome-wide impact. Invertebrate mitochondrial genomes tend to be T-rich, however, and a
comparable study of non-mammalian genomes would be extremely valuable in exploring this
possibility.

Chemical instability of DNA

The primary structure of DNA is comparatively stable, but is still vulnerable to damage by
oxidation, methylation, and hydrolysis. The nuclear genome is relatively protected from oxidative
damage by the assignment of metabolic functions to the mitochondrion (Lindahl, 1993). The
transient single-stranded state adopted during replication increases the susceptibility of the
mitochondrial genome to chemical damage. The most common such reaction is the hydrolytic
deamination of C, resulting in its conversion into uracil (Shapiro, 1981), which pairs with A. Minor
hydrolytic reactions include the deamination of A into hypoxanthine, which tends to base-pair with
C rather than with T (Karran and Lindahl, 1980). The most common form of oxidation involves the
conversion of G into T (Kasai and Nishimura, 1984). Differences in the frequencies of these
reactions may be a major influence on the equilibrium base compositions of mitochondrial
genomes.

Implications for analysis of mtDNA

Metazoan mitochondrial gene sequences are frequently used for a variety of molecular studies.
Therefore, it is important to have some understanding of the patterns and processes that underlie it:
evolution, and to determine whether these are adequately accounted for in analyses of mitochondri:
sequence data. Quantifying directional mutation pressure has implications for research into the
evolution of genetic codes and codon usage, as there is evidence that the events leading to codon
disappearance and reassignment are strongly influenced by mutation pressure (but seedfnight
2001; Muto and Osawa, 1987). Studies of compositional variation should examine different codon
positions separately, since dissimilar patterns of bias are clearly being generated at different sites.

Phylogenetic analyses of metazoan organisms have employed mitochondrial sequence data
extensively, largely due to the ease of extraction and the assured orthology of sequences, even
among highly divergent taxa. The effects of compositional heterogeneity on phylogenetic inference
have been well documented (Kumar and Subramanian, 2002; Loekinartt992a; Lockharéz

al., 1994), and it is clear that the levels of compositional variation among mitochondrial sequences
are sufficient to cause some concern. Furthermore, our demonstration of the relationships between

73



base composition and the frequencies of the corresponding amino acids, which agree with those
found by Foster and Hickey (1999), strongly suggests that resorting to analyses at the protein level,
as suggested by some authers.( Loomis and Smith, 1990; Yang and Roberts, 198%&)y not

always be sufficient for circumventing biases caused by compositional heterogeneity.

Conclusion

The present study surveyed 366 mitochondrial genomes, 101 of them in detail, and found strong
evidence demonstrating that asymmetric directional mutation pressure has acted throughout the
metazoan mitochondrial genome to create strand-specific compositional heterogeneity. It appears
that this mutation pressure is responsible for the characteristic patterns of compositional variation
among metazoan mitochondrial genes and gene products. The presence of a strong phylogenetic
component in all aspects of compositional variation suggests that phylogenetic analysis and
interpretation of mitochondrial data should be conducted with appropriate caution. The mechanisms
underlying directional mutation pressure still remain unclear, but this does not reduce the value of
the mitochondrial genome as a model system for understanding genomic evolution.
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