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Abstract

Current methods for constructing evolutionary trees generally do not work well for
sequences in which multiple substitutions have occurred. The covarion hypothesis may
provide a solution to this problem. This hypothesis states that only a limited number of
the codons in a given sequence are free to vary, but that the set of variable codons may
change as mutations are fixed in the population. Although this is reasonable from a
biological point of view, it is a difficult hypothesis to test scientifically because the

apparent large number of parameters involved makes it very hard to analyse statistically.

In this study, computer simulations were carried out on up to 51 machines running in
parallel, using a simple covarion model based on a hidden Markov model (HMM)
approach. This model required two new parameters—the proportion of sites that are
variable at any given time, and the rate of exchange between fixed and variable states.
These two parameters were both varied in the simulations. Sequence and distance data
were simulated on a given tree under this covarion model, and these data were used to

test the performance of standard tree-building methods at recovering the original tree

The neighbour joining and maximum likelihood methods tested were found to perform
better with data generated under the covarion model than with data generated under a
simpler model in which all sites vary at the same rate. This suggests that current tree-
building methods may perform better with biological data than computer simulation

studies suggest.
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1. Introduction

1.1 Overview of the problem

A phylogenetic tree represents a hypothesis concerning the relationship between a set of
taxa. Trees are constructed so that inferences can be made about the biology of the taxa.
Tree-building methods can either use molecular sequence data directly, or they can use

distances or dissimilarities between taxa.

Because events early in the history of life are not directly observable, it is difficult to
know the accuracy of these evolutionary trees. Multiple substitutions at a site are an
important source of error in the reconstruction of phylogenetic trees from sequence data,
particularly when looking at older divergences. For example, if a sequence evolves at a
rate of 3.3 x 10 substitutions per site per year (a realistic rate, Bulmer ez al., 1991), then
after a billion years 5 changes would be expected to have occurred at each site in each

lineage.

Some sites in the sequence may be conserved for functional reasons and do not change at
all over time. Apart from assisting with alignment, these do not give information that can
be used in selecting an optimal tree. At the other extreme, multiple substitutions can
result in randomisation of the sequence at the sites that are free to vary, so that for ancient
divergences these sites no longer contain information that can be used to infer
relationships between the sequences. Computer simulations have shown that current
methods are very unreliable when there has been an average of more than one change per

site (Charleston, 1994, p.139).

Thus we appear to have a paradox. For sequences that diverged over a billion years ago,
we expect sites to be either constant (and contain no relevant information), or so variable
that they are saturated (and no longer contain any relevant information). The aim of this
project is to investigate the covarion hypothesis as a means of finding a way out of this

paradox.



In order to correct sequences for multiple substitutions we must assume a mechanism of
sequence evolution. This mechanism will usually consist of a transition matrix
determining the probability that nucleotide i at site x changes to nucleotide j along a

given edge of the tree.

Many mechanisms have been suggested to describe sequence evolution, and these often
assume that changes in the sequence are ‘independent and identically distributed’(Penny
et al., 1992). That is, they assume all sites follow the same underlying process of
substitution (identically distributed), and that a change at one site does not affect the
chances of a change occurring at any other site, or in any other lineage (independent).

These are known as i.1.d. models.

Commonly used models of sequence evolution include the Jukes-Cantor model (Jukes
and Cantor, 1969) and the Kimura two and three substitution-type (2ST and 3ST) models
(Kimura, 1980 and 1981 respectively). These models assume that changes are
independent and identically distributed, and that the mechanism of change is constant
over the whole tree. The Jukes-Cantor model assumes that all the rates of substitution
from one base to another are equal, while Kimura’s 2ST model allows for two rates, o
and B, one each for transitions and transversions. The 3ST model is more general again,
allowing two parameters, B and v, for transversions (B for A<>T and G&C; y for A«>C
and G&T). Because all three models are symmetric (the rates of change in both
directions between any two nucleotides, say A—G and G—A, are equal), the mean

frequency of each of the four bases is expected to be the same and eventually end up as

1/4.

The ‘identically distributed’ assumption in most cases is not true, since it has been shown
on many occasions that different sites in a macromolecule evolve at different rates (Fitch,
1971a; Uzzell and Corbin, 1971; Holmquist et al., 1983; Tajima and Nei, 1984). There
are two reasons for different rates of evolution at different sites—they may have either
different mutation rates, or different selective constraints. The ‘hot spots’ observed in the

D-loop of mitochondrial DNA (Wakeley, 1993) are an example of the former, but these



may be uncommon, at least in sequences used in phylogenetic analyses. Different
selective constraints at different sites are likely to be much more common. In proteins,
amino acid residues involved in the active site tend to evolve more slowly than other sites
in the molecule, as predicted by Kimura’s Neutral Theory of molecular evolution
(Kimura, 1983), while for protein-coding DNA the third positions of codons evolve faster

than the first and second.

Some models do take into account different rates for different codon positions, but still
assume that changes are independent. However, a substitution at one site may alter the
selective constraints on some other sites, allowing further substitutions, so in a formal
sense changes are not independent. It has been shown that models that ignore correlated

sites underestimate the actual amount of divergence (Schoniger and von Haeseler, 1994).

The covarion hypothesis, first proposed by Fitch and Markowitz in 1970, suggests a
much more realistic, but also much more complex, mechanism. The complexity of this
mechanism, however, makes it very difficult to analyse mathematically. This study uses
a simplified covarion-style model as a basis for computer simulations in order to test the
performance of tree-building methods on more realistic data than that produced by more

widely used models.

1.2 The covarion hypothesis

Fitch and Markowitz (1970) observed that when 29 cytochrome ¢ sequences from fungi,
plants and animals were compared, 32 of the 113 codons were constant over all 29 taxa.
When they reduced the range of species to non-primate mammals, however, the number

of codons that were invariant rose to 95. They explained this by postulating that

“because of the structural restraints imposed by functional requirements,
mutations that will not be selected against are available only for a very
limited number of positions. We shall use the term acceptable for such
mutations. However, as such acceptable mutations are fixed they alter the

positions in which other acceptable mutations may be fixed. Thus, only
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about ten codons, on the average, in any cytochrome ¢ may have
acceptable mutations available to them but the particular codons will vary
from one species to another. We shall term those codons at any one
instant in time and in any given gene for which an acceptable mutation is

»

available as the concomitantly variable codons.”

This means that although most codons in a gene may be found to vary over a wide range
of species, very few of the codons in a given species may be free to vary at a given point

in time.

Fitch and Markowitz suggested that the interdependence of events at different coding
positions may be related to the observations of Wyckoff (1968), who noted a spatial
relationship between pairs of substitutions observed between rat and bovine

ribonucleases.

In general, a mutation at one site in a protein is likely to alter the constraints on the
molecule, so that some sites become free to change and others are no longer free to
change. The sites affected in this way are likely to be close to the site in which the
mutation occurs, that is, close in terms of the three-dimensional structure of the protein,
not necessarily close in the sequence. This idea can be extended to the external
constraints on the protein, so that a mutation in one protein may alter the covarion set of

other proteins with which it interacts.

The covarion concept has also been extended to that of concomitantly variable
nucleotides or covariotides (Fitch, 1986), and applied to RNA, where the interactions

between sites are mainly limited to complementary base pairing.

. . . . . . -
The term ‘covarions’ was coined as an abbreviation of the phrase concomitantly variable codons.



1.3 History of the covarion hypothesis

In the two and a half decades since the covarion hypothesis was first proposed, only a
handful of studies have analysed it in any detail. Notable examples of these detailed
studies are Fitch (1971a), Karon (1979), Fitch and Ayala (1994), and Miyamoto and Fitch
(1995).

Fitch (1971a) used a mathematical model for the covarion hypothesis to estimate the
number of covarions, ¢, in cytochrome ¢, and the persistence of variability, v, of the
covarions (where the persistence of variability is the probability of any given covarion
retaining its variable status after a substitution elsewhere in the gene). This was done by
examining the rate at which observable double mutations occur on a phylogenetic tree,
and comparing this to expected values calculated for given values of ¢ and v. The best fit
was found to be between 4 and 10 covarions, with a persistence of variability of less than
0.25. This means that for each mutation fixed, 75% or more (on average) of the

covarions lose their variable status.

Karon (1979) improved Fitch’s mathematical model to account more fully for the
redundancy in the genetic code, and used more robust statistical methods to fit the model
to the data. The same cytochrome ¢ data was used as in Fitch and Markowitz (1970) and
Fitch (1971a). This gave an average number of covarions of at most five, with about 35
to 65% of the covarions losing variability after each substitution. Karon also compared
the covarion model with Holmquist, Cantor, and Jukes’ random evolutionary hit (REH)
interactive model (Holmquist et al., 1972), and found that both models fit the data well,

and thus both may be valid.

Fifteen years later, Fitch and Ayala (1994) used computer simulations to show that Cu,Zn
superoxide dismutase (SOD), which had earlier been found to behave in an apparently
very unclocklike manner (Ayala, 1986), could be a fairly accurate molecular clock under
the covarion model, given an appropriate set of parameters. The parameters used were (i)
sequence length of 118 potentially variable amino acids (out of a total of 162 codons), (ii)

number of covarions = 28, (iii) persistence of variability = 0.01 (persistence of variability
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has a different meaning in this paper than in the earlier studies, being the probability that
no covarion will be exchanged for a presently invariable codon: only one of the covarions
can be exchanged after each substitution—this makes it a somewhat more restrictive
parameter), (iv) an average of 2.5 alternative amino acids at each variable site, and (v) 6

replacements per 10 million years.

Miyamoto and Fitch (1995) performed a more detailed simulation analysis of a subset of
the SOD data of Ayala and Fitch, comparing the covarion model with both the Jukes-
Cantor one-parameter model and the one-parameter process with a gamma distribution of
rates across sites (Nei and Gojobori, 1986; Nei, 1991). The study focused on the
difference between the varied and unvaried codons of mammals and plants, and found
this to be more consistent with the covarion model than with either of the other models

examined.

A few other papers have incorporated aspects of the covarion hypothesis into more
general studies (for example Koonin and Gorbalenya, 1989; Fitch and Ye, 1991;
Marshall et al., 1994). Most papers that refer to covarions, however, only do so in
passing, usually either pointing out possible examples of covarions (e.g. Bogardt er al.,
1976; Penny et al., 1987), or simply citing the covarion hypothesis as established fact
(e.g. Holmquist, 1972; Penny, 1974; Czelusniak et al., 1978; Golding, 1983; Palumbi,
1989; Dorit and Ayala, 1995). A fairly comprehensive search of the literature only
revealed one author (Gillespie, 1986 and 1988) who seems to disagree with the covarion
hypothesis, out of over a hundred papers. Gillespie claims that the covarion model is
simply an extreme example of a model in which some sites evolve more rapidly than
others, apparently ignoring the main point of the covarion model, which is that different

sites are free to change at different times.

1.4 The model

The simulations described in this thesis use a simplified covarion-style model. The
“ovarion hypothesis as originally formulated was considered too complex because each

iite could be ‘on’ or ‘off* (variable or fixed) on different parts of the tree. This appeared
6



to require a large number of parameters, since sites could only switch between the ‘on’
and ‘off’ states as a result of a substitution in one of the ‘on’ sites. With such a large
number of parameters, almost any tree could be made to fit a given data set. One
approach suggested as a way around the problem of too many parameters was o usc a

hidden Markov model (HMM).

Hidden Markov models (Baum and Petrie, 1966) have been applied to a number of
problems in molecular biology over the last decade. Lander and Green (1987) used
HMMs in the construction of genetic linkage maps, and they have also been used to
distinguish coding from non-coding regions in DNA (Churchill, 1989). Simple HMMs
have been used in conjunction with the Expectation-Maximisation algorithm to model
certain protein-binding sites in DNA (Lawrence and Reilly, 1990; Cardon and Stormo,
1992). Protein families (Krogh er al., 1994; Hughey and Krogh, 1996; Barrett et al.,
1997) and superfamilies (Stultz et al., 1993) have been modelled using HMMs. HMMs
have also been applied to multiple sequence alignment of proteins (Haussler er al., 1993;
Baldi et al., 1994; Krogh et al., 1994; Eddy,1995; Eddy et al., 1995; Hughey and Krogh,
1996; McClure et al., 1996; Barrett et al., 1997), as well as protein structure prediction
(Asai et al, 1993; Hubbard and Park, 1995). Mitchison and Durbin (1995) developed a
tree-based HMM for maximum likelihood evolutionary trees which allows insertions and
deletions, and Felsenstein and Churchill (1996) used an HMM to model variation in

evolutionary rates among sites.

A hidden Markov model is a Markov model where the states of the system are not
directly observable, but the observation is a probabilistic function of the state. That is,
the HMM is a doubly embedded stochastic process with an underlying stochastic process
that is hidden, but can be observed through another set of stochastic processes that

produce the sequence of observations (Rabiner, 1989).

In the case of the covarion hypothesis, the ‘hidden’ part of the model would be changes
between variable and fixed states at each site, and the observations would consist of the
character-state (nucleotide or amino acid) at each site. Since this is such a simple

:xample of an HMM, it can actually be reformulated as a single stochastic process.
7



The process modelled in these simulations (see figure 1) is based on the Kimura 3ST
model, but with sites switching between fixed and variable states as well as between the
four nucleotides. This gives us a total of eight character states, since each of the four
nucleotides can be either fixed or variable at any given time. We will use the notations
Nt and N, (where N can be A, G, C, or T) for fixed and variable nucleotides respectively.
This model only requires two additional parameters—the proportion of sites that are
variable at any given time (that is, the number of covarions), and the rate of exchange
between fixed and variable states. This model is essentially the same as that of Tuffley
and Steel (1996), who analysed a simple covarion-style model based on an 1.i.d. model
but with an additional two-state Markov process that switches sites between the fixed and
variable states. They showed that this model cannot be distinguished from one with a
static distribution of rates across sites by pairwise comparison of sequences, but that the
two models can be distinguished when there are at least four monophyletic groups of

taxa.

This thesis explores the effects of varying the rate of exchange between fixed and
variable states, as well as the proportion of sites that are covarions. Sequence and
distance data are generated by computer simulation on a given tree, and these data are
used to test the performance of two tree-building methods (maximum likelihood and

neighbour joining) at recovering the original tree.

Even though these tree-building methods assume i.i.d. mechanisms, they are expected to
be able to provide a good estimate of the correct tree after longer periods of time with
data generated under the covarion-style model than with data generated under i.i.d.
models, because more information will be lost due to multiple substitutions under an
1.i.d. model. The neighbour joining and maximum likelihood methods tested were in fact
found to perform better with data generated under the covarion model, suggesting that
current tree-building methods may perform better with biological data than previous

computer simulation studies have suggested.
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FIGURE 1: THE MODEL

The covarion-style model used in this study. The subscripts f and v denote fixed and

variabie states respectively.



2. Methods

2.1 The simulations

Simulations were carried out using a program (covarion.exe, written by D. Penny) that
allows the user to specify the following parameters: sequence length, c; e, the rate of
exchange between fixed and variable states (that is, the expected number of
fixed <> variable exchanges per nucleotide substitution); f, the proportion of sites that are
permanently fixed; the initial nucleotide composition; the number of simulations, s, to be
performed; the proportion of sites that are variable, v; the number of character states, r;
number of taxa, n; a tree topology with edge weights; and o, B, and y values of the
Kimura 3ST instantaneous rate matrix, M. The output can be in the form of sequences,

distances, or both.

All of the simulations used the same basic four character-state 2ST instantaneous rate

matrix, with a = 0.005 and 3 =y = 0.0025, that is,

Al-001 0005 00025 00025]
:Gi 0005 001 00025 o.oozsi
C| 00025 00025 -001 0005 |.
Tl 00025 00025 0005 -001 |
A G C T

This means that, for example, the rate per unit time interval at which a site moves from
state G to state C is 0.0025, and the total rate at which a site leaves state G is 0.01. For a

background in continuous-time Markov processes, the reader is referred to Anderson

(1991).
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From this matrix, along with the rate of exchange, e, and the proportion of sites that are

variable, v, the program calculates an eight-by-eight instantaneous rate matrix, R. For

example, withe=1and v=0.5,

A-002 0005 00025 00025| 001 0 0 0

G.| 0005 -002 00025 00025| 0 001 0 0

C.| 00025 00025 -002 0005 | 0 0 001 0

T.| 00025 00025 0005 -002 0 0 0 001
R= acl 001 0 0 0 ~001 0 0 0

G| 0 001 0 0 0 -001 0 0

ci| 0 0 001 0 0 0 -001 0

Te| 0 0 0 001 0 0 0  -001]

Av Gv Cv T Ar Gs Cy Ts

The top left-hand quarter of this matrix is essentially the same as the four-by-four matrix

above, except for the diagonal elements, which have been altered so that each row sums

to zero. A transition matrix, P, for each edge is calculated from the eight-by-eight

instantaneous rate matrix as follows:

P___e!R

that is, R is multiplied by the edge weight 1, and the matrix exponential is taken, where

the matrix exponential is calculated as follows:

11



For example, the transition matrix generated from the rate matrix above with r = 50 is (to

five decimal places)

AJ044406 010980 006504 0.06504 | 025232 003005 001685 001 685—‘
G.| 010980 044406 006504 0.06504 | 0.03005 025232 001685 001685
C.| 006504 006504 044406 0.10980 | 0.01685 001685 025232 0.03005
T 006504 006504 010980 044406 [0.01685 001685 003005 025232
Ar| 025232 003005 001685 001685 |0.67293 0.00527 0.00287 0.00287
Gr| 003005 025232 001685 001685 | 0.00527 0.67293 0.00287 0.00287
Cr| 001685 001685 025232 003005 | 0.00287 000287 0.67293 000527
Tr[ 001685 001685 003005 025232 0.00287 0.00287 0.00527 0.67293
Av G Cv Tv As Gt Cr Ti

A value pj in the matrix represents the probability that a site that is in state i at one end of
the edge will be in state j at the other end. For example, the probability of a site in state

C, changing to state Ty on this edge is 0.03005.

The initial nucleotide composition in all the simulations was 0.25:0.25:0.25:0.25, no sites
were permanently fixed, and s= 1000 simulations were performed for each set of
parameters. Unless otherwise specified, ¢ = 1000 and v=0.5. The output from each set

of simulations was a sequence file and a distance file, both in PHYLIP input file format.

2.2 The trees

Two tree topologies were used in the simulations: the four-taxon tree shown in
figure 2(a) and the five-taxon tree in figure 2(b). Although these are shown as rooted
trees, the simulations treat them as unrooted. Since the model is time-reversible, the
sequences are essentially evolved from one of the final taxa (chosen arbitrarily) rather
than from an initial root distribution, so that the position of the root does not need to be
specified. The edge weights x and y (see figure 2) were given a range of values between
5 and 690, and z was initially given a value of 5. (An edge weight of 100 corresponds to
an average of one substitution per site, or roughly 260 to 450 million years at the neutral

substitution rate, estimated by Bulmer er al. (1991) as 22%x107 to 3.8x107)

12



Consequently, the internal structure of each tree is fixed while the lengths of the external
edges are increased, to simulate increasing time since the taxa diverged. Simulations
were also carried out on the five-taxon tree with y fixed at 240 and z ranging from 5 to
80, to test whether information could be recovered from sequences that would normally

be randomised under an i.i.d. model due to the length of the external edges.

First, a series of simulations was run on the four-taxon tree, with the rate of exchange, e,
ranging between 0.001 and S. Simulations were then run with e = 1 and sequence lengths
of 100 and 500, to test whether the effects of increasing rate of exchange between fixed
and variable states are similar to those of increasing sequence length. Simulations were
run on the five-taxon tree with e ranging between 0.001 and 5. A set of simulations was
also run with v=1 (all sites variable) and all rates in the instantaneous rate matrix

halved, which is equivalent to setting e at infinity.

The effect of v, the proportion of variable sites, was investigated by running a series of
simulations on the five-taxon tree with ¢ = I, y =70 and z = 5, with values of v from 0.01
to 1. Since this meant that the overall substitution rate was different for each value of v,
another series of simulations was run with the edge weights adjusted such that the
expected number of substitutions on the tree was the same (0.8 substitutions per site
between the root and any external node) for all values of v. This was done by dividing all

edge weights by 2v, that is, y = 70/2v and z = 5/2v.

2.3 Tree-building

Trees were reconstructed from the simulated data (the output from covarion.exe) using
programs from PHYLIP version 3.572 (Felsenstein, 1993). DNAML and DNAPARS
were used for maximum likelihood and parsimony, respectively, on the sequence data,

and NEIGHBOR for neighbour-joining on the distances.

Due to the computational time involved (especially for the maximum likelihood tree-
building, which in some cases can take 48 hours or more to run on a 133MHz Pentium

for a set of a thousand five-taxon trees), the simulation and tree-building steps were

13



performed using up to 51 Pentiums running in parallel in a student computing laboratory,
controlled remotely from a network account. This process was largely automated by
using a batch file and input files to control each set of simulations and transfer its output
into the tree-building programs. One of these batch files is given in the appendix, along

with the associated input files.

The output from the tree-building programs was in the form of tree files of a thousand
trees. The output files for the four-taxon tree were analysed using a program
(nexustrd.exe, written by D. Penny) that counts the number of times each possible tree
occurs and gives the proportion of simulations for which the correct tree is inferred. For
the five-taxon tree files, a similar program (nexustre.exe, written by D. Penny) was used,
that gives the proportion of simulations for which 0, 1, or 2 edges are wrongly inferred.

An example of an output file from each of these programs is given in the appendix.

14



(a)

Taxon 1 Taxon 3 Taxon 4

(b)

Taxon1 Taxon2 Taxon3 Taxon4 Taxon5

FIGURE 2: THE TREES

The two basic trees used in the simulations: (a) a four-taxon tree in which the weights of
the internal edge and one of the four pendent edges are fixed; and (b) a five-taxon tree in
which the weights of both internal edges are fixed. The edge weight parameters x and y

take a range of values to simulate increasing time since the initial branching.
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3. Results

3.1 Four-taxon simulations

Both of the tree-building programs tested performed better (that is, they had a higher
probability of selecting the correct tree) with data from simulations that used higher
values of e, the rate of exchange between fixed and variable states. This is illustrated in
figure 3. The effect of increasing e was similar to that of increasing the length of the
sequences, as shown in figure 4. This implies that the effect of increasing the rate of
exchange between fixed and variable states is in some way equivalent to an increase in

‘effective sequence length’.

Even though the same data was used for both programs, DNAML performed better than
NEIGHBOR for all values of e tested. As table 1 shows, increasing e from 0.001 to 5
improves the performance of both programs first at low confidence levels and later at the
higher confidence levels. For example, increasing e from 0.001 to 0.5 allows a 134%
increase in the tree length for which DNAML is 50% correct but only a 10% increase in
tree length at the 95% confidence level, while increasing e from 0.5 to 1.5 allows a 32%
increase in tree length at the 95% confidence level but no increase in tree length at 50%

confidence.

An interesting anomaly can be seen in figure 3, in that, for low values of e, the lines drop
below the percentage of correct trees expected by chance (33.3%), before levelling off at
this value. In order to check whether this was significant, 18 sets of 1000 simulations
were carried out with e =0.001 and x = 190. The mean percentage of correct trees was
found to be 29.3% for DNAML and 28.9% for NEIGHBOR, with standard deviations of
1.5 and 1.4 respectively. Both tree-building programs found the correct tree less than
33.3% of the time for all 18 replicates. The anomaly therefore appears to be significant.
This could be due to a long edge attraction effect (Hendy and Penny, 1989) causing the

longest external edge (leading to taxon 1) to pair with either of the other long edges more
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often than it pairs with the short edge leading to taxon 2, because of parailel changes

accumulating on the long edges. Further testing would be required to confirm this.

3.2 Five-taxon simulations

The effects of increasing e (the rate of exchange) were found to be the similar for five
taxa as for four, in that the performance of the tree-building programs improved as e
increased (see figure 5). However, DNAML only performed better than NEIGHBOR for
e greater than 1. As table 2 shows, NEIGHBOR performs better than DNAML for low
values of e. Even at the highest values of e, DNAML performs only slightly better,
whereas for the four-taxon tree DNAML did substantially better than NEIGHBOR for all

values of e.

When the external edges of the tree were fixed (y = 240) and the internal structure was
lengthened (z ranging from 5 to 80), the tree was recovered most successfully with
relatively low values of e (0.1 with DNAML and 0.5 with NEIGHBOR,; see figure 6).
The reason for this is probably that when e is high, more sites are free to accept
substitutions at some point on each of the long external edges, so that the sequences are
closer to being randomised. Conversely, if e is too low, any sites that fix substitutions on
the internal edges remain free to vary on the external edges, so that any useful
information that may have been generated is lost as those sites are randomised. For this
set of simulations, NEIGHBOR performed better than DNAML in all cases. This is
surprising, since maximum likelihood is generally more robust than neighbour joining
against differences in the model of evolution, such as the presence of invariant sites
(Lockhart et.al., 1996). Serious study is required to clarify the behaviour of the different

tree-building methods under the covarion model.

All of the results above were for simulations with v, the proportion of variable sites, fixed
at0.5. Changing v gave the curve shown in figure 7, with the tree-building programs
performing best with v around 0.5. However, this effect could be due to the fact that with
the unadjusted edge weights, the overall substitution rate is proportional to v (since the

rate per variable site is constant), so that for low values of v the number of substitutions
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1s too small to provide enough information to reconstruct the tree reliably, while for high
values of v the information is lost due to multiple substitutions. When the edge weights
were adjusted to give the same overall rate despite the different proportions of variable
sites, this effect disappeared and changing v had little or no effect on the programs’
performance. The proportion of sites that are variable therefore does not have a large
effect on the performance of the tree-building programs used, as long as the rate of
substitution per site (a parameter that is relatively easy to estimate from real data) is

fixed.
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FIGURE 3: PERFORMANCE OF TREE-BUILDING PROGRAMS ON THE FOUR-TAXON TREE
WITH DIFFERENT RATES OF EXCHANGE

The percentage of trials in which (a) DNAML and (b) NEIGHBOR infer the correct four-

taxon tree is shown for values of e ranging from 0.001 to 5, and for values of x (see

figure 2) up to 690. The edge lengths x are plotted on a log scale. The horizontal line at

33.3% shows the percentage of trials in which the correct tree should be inferred by

chance from random sequences.

19



(a) DNAML

100% & —8—e=0.001
90% —A—e=0.01
—o—e=0.1
. 80% A — —e=0.25
Q
£ 70%- e=0.5
3 —A—e=0.75
§ 60% i & e=1
5 50% ——e=15
2 —&—e=5
& 40% A
[
@
2 30% A
@
Q
20% -
10%
0% v
10 100 1000
edge length x
(b) NEIGHBOR
—l—e=0.001
—A—e=0.01
—&—e=0.1
——0=(),25
§ e=0.§
§ —&—e=0.75
§ —@—e=1
z ~#—e=16
3 —h—e=5
[=]
I
€
-1
2
-4
0.1
o L
10 100 1000

edge length x

20



TABLE 1: VALUES OF X FOR WHICH THE CORRECT FOUR-TAXON TREE IS INFERRED
WwITH 50, 67, 90, AND 95% PROBABILITY

Values of the edge length x for which DNAML and NEIGHBOR infer the correct tree in

50%, 67%, 90% and 95% of trials, with different values of the rate of exchange, e.

between fixed and variable sites. Values of x were calculated by linear interpolation from

the two values between which the lines in figure 3 cross each probability value (shown as

horizontal lines in figure 3).

DNAML NEIGHBOR

e 50% 67 % 90% 95 % 50% 67 % 90 % 95 %
0.001 60.5 47.1 29.2 26.0 43.0 32.9 211 18.4
0.01 63.5 47.6 30.6 25.6 43.8 32.9 22.3 19.3
0.1 113 b 31.4 259 46.5 349 226 19.7
0.25 ¥ &) 594 34.0 29.8 52.2 40.2 239 20.0
0.5 155.2 13,9 40.0 29.8 77.8 46.2 26.0 21.9
0.75 147.1 90.3 44.7 34.6 83.1 54.8 29.6 24.0
1 155.8 102.1 48.7 38.0 86.8 62.1 30.9 26.1
1.5 154.2 99.9 53.8 42.6 91.7 61.3 333 293
5 — 919 60.2 47.0 11.3 58.5 395 33.5
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FIGURE 4: PERFORMANCE OF TREE-BUILDING METHODS WITH DIFFERENT SEQUENCE

LENGTHS
The percentage of trials in which (a) DNAML and (b) NEIGHBOR infer the correct four-

taxon tree is shown for sequence lengths s = 100, 500 and 1000, and for values of x (see
figure 2) up to 690. The edge lengths x are plotted on a log scale. The horizontal line at
33.3% shows the percentage of trials in which the correct tree should be inferred by

chance from random sequences.
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FIGURE 5: PERFORMANCE OF TREE-BUILDING PROGRAMS ON THE FIVE-TAXON TREE
WITH DIFFERENT RATES OF EXCHANGE, PART 1

The percentage of trials in which (a) DNAML and (b) NEIGHBOR infer the correct five-

taxon tree is shown for values of e ranging from 0.001 to infinity, and for values of y (see

figure 2) up to 690. In order to give e a value of infinity, the proportion of variable sites,

v, was set to 1 and all values in the instantaneous rate matrix M were halved. The edge

lengths y are plotted on a log scale. The horizontal line at 6.67% shows the percentage of

trials in which the correct tree should be inferred by chance from random sequences.
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TABLE 2: VALUES OF Y FOR WHICH THE CORRECT FIVE-TAXON TREE IS INFERRED
WITH 50, 67, 90, AND 95% PROBABILITY

Values of the edge length y for which DNAML and NEIGHBOR infer the correct tree in

50%, 67%, 90% and 95% of trials, with different values of the rate of exchange, e.

between fixed and variable sites. Values of y were calculated by linear interpolation from

the two values between which the lines in figure 5 cross each probability value (shown as

horizontal lines in figure 5).

DNAML NEIGHBOR

e 50% 75%  90%  95% | 50% < 75% = 90% = 95%
0.001 40.6 29.3 732 19.6 44.8 335 25.7 223
0.1 43.4 32.1 243 20.5 48.6 34.9 25.8 591
0.5 60.0 38.6 27.7 24.5 63.8 41.6 30.5 353
| 722 45.1 32.8 27.3 76.2 48.8 33.1 282
2 75.3 51.6 39.] 32.5 75.7 52.1 39.0 30.8
5 75.5 56.3 42.8 35.6 76.9 54.9 42.0 35.9
» 76.8 58.2 42.9 35.7 71.7 53.8 40.1 34.5
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FIGURE 6: PERFORMANCE OF TREE-BUILDING PROGRAMS ON THE FIVE-TAXON TREE
WITH DIFFERENT RATES OF EXCHANGE, PART 2

The percentage of trials in which (a) DNAML and (b) NEIGHBOR infer the correct five-

taxon tree with external edge weights y fixed at 240 is shown for values of e ranging from

0.001 to infinity, and for values of z (see figure 2) up to 80. In order to give ¢ a value of

infinity, the proportion of variable sites, v, was set to 1 and all values in the instantaneous

rate matrix M were halved. The horizontal line at 6.67% shows the percentage of trials

in which the correct tree should be inferred by chance from random sequences.
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FIGURE 7: PERFORMANCE OF TREE-BUILDING PROGRAMS ON THE FIVE-TAXON TREE
WITH DIFFERENT PROPORTIONS OF VARIABLE SITES

The percentage of trials in which (a) DNAML and (b) NEIGHBOR infer the correct five-

taxon tree is shown for values of v ranging from 0.01 to 1. For the lines labelled

‘unadjusted,’ the edge lengths are y = 70 and z = 5, while for the lines labelled ‘adjusted’,

the edge lengths are inversely proportional to v, that is, y = 70/2v and z = 5/2v, so that the

overall number of substitutions per site is fixed at 0.4.
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4. Discussion

The main outcomes of this study are to show that the covarion hypothesis can be
successfully modelled as a simple hidden Markov model, and that relationships generated
using this model can be inferred further back in time than those generated with i.i.d.
models, even when the models used to reconstruct the trees are i.i.d. This means that if
the covarion hypothesis describes a realistic biochemical mechanism of evolution (and it
seems to be generally accepted that it does), and if the model described in this study is a
good approximation of the covarion hypothesis, then the tree-building programs tested
should perform better with real sequence data than they do with data simulated under an
i.i.d. model. It seems likely, therefore, that somewhat older divergences can be
reconstructed reliably from sequences than is currently thought possible, even with
current tree-building methods that assume an i.i.d. mechanism of change. For some of
the conditions modelled here, divergences about 50 to 75% older can be reconstructed
than under an i.i.d. model, but there may be conditions under which the covarion model
could perform even better. The model parameters need to be explored further to find
such conditions, and the parameters should be estimated from real data to see whether the

optimal conditions are realistic.

The results of Miyamoto and Fitch (1995) are consistent with a gamma distribution of
rates across sites being a closer approximation to the covarion model than the one-
parameter i.i.d. model, although observed superoxide dismutase (SOD) data fit the
covarion model better than the gamma model because different sites were found to have
changed in plants and mammals, so that the rate at a given site is not constant across the
tree. The conclusion that the gamma distribution is a good approximation for the
covarion model, is supported by the mathematical analysis of Tuffley and Steel (1996),
who obtained a distance measure that is tree-like for certain parameters of a covarion
model, but is generally not tree-like under rates-across-sites models. Although this
measure can in principle be used to distinguish between the covarion model and rates-

across-sites when there are at least four monophyletic groups of taxa, it is not clear
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whether the two models can be distinguished on the basis of pairwise comparison of
sequences. Since it is difficult to distinguish between the covarion model and a gamma
distribution of rates across sites, tree-building programs that incorporate a gamma model
may perform better than those using an i.i.d. model, while requiring one less parameter

than even the simplified covarion model presented here.

Covarion parameters need to be estimated from a variety of real data sets, to determine
realistic parameter values and to ascertain whether the parameters are the same for
different genes, or whether they vary. The proportion of sites that are free to change at
any point in time is likely to differ greatly among genes due to the diverse constraints on
different genes, and it could even vary over time for a single gene. This may also be true
for the proportion of sites that are considered to be permanently fixed, especially if there
is any change in the gene’s function, as noted by Lockhart et al. (1996). On the other
hand, e, the rate of exchange between fixed and variable sites, may be fairly constant,
since the mechanism of exchange should be largely the same for all genes. It would be

interesting to test how widely these parameters vary among different genes.

Some studies estimating covarion parameters have been carried out already (those of
Fitch (1971a), Karon (1979), and Fitch and Ayala (1994); see introduction for details),
but these used slightly different parameters than those in the present model, using
‘persistence of variability’ rather than the rate of exchange between fixed and variable
sites. Persistence of variability is a more restrictive parameter than e, since it assumes
that an exchange between fixed and variable sites can only occur after a substitution, and
that such exchanges are strictly on a one-for-one basis, that is, one covarion can be
exchanged for one fixed site after each substitution. This assumption is unrealistic from
a biological point of view (as Miyamoto and Fitch (1995) recognised), since changes in
external constraints on the molecule (such as mutations in other molecules that interact
physically, or changes in temperature or pH) could result in changes in the covarion set,

or a single mutation could cause several covarions to be exchanged for fixed sites.

In order to estimate covarion parameters for a gene, it is necessary to have a phylogeny

for the sequences that is based on data independent of the gene in question and that is
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widely accepted. Palaeontological dates need to be estimated for some divergences in the
phylogeny. Ideally, the sequences should come from a large and diverse group of taxa
(for example, Fitch and Ayala used 67 SOD sequences from plants, animals, fungi,
bacteria, and even a virus). Of course, the larger the number of species, the less likely it
is that a robust, independently supported tree with dates will be available. Given such a
tree, it is relatively easy to estimate the proportions of sites that are variable and that are
permanently fixed, as shown by the studies cited above. The rate of exchange between
fixed and variable sites, and the underlying substitution rate, however, are likely to be
somewhat more difficult to determine. but could probably be done using some form of

maximum likelihood analysis.

Extreme values of some parameters need to be explored further, as the current simulation
program does not allow for values greater than or equal to 10 in the eight-by-eight
instantaneous rate matrix. This study only considered the topologies of the reconstructed
trees, but it would also be interesting to examine how their edge lengths relate to those
used in the simulations. This would shed some light on the workings of the molecular
clock, which can appear very unreliable if the covarion model is not taken into account,

as shown by Fitch and Ayala (1994).
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Appendix

This appendix gives an example of each of the files involved in running a set of
simulations remotely over the local Massey network, as well as output files from the

programs nexustre.exe and nexustr4.exe.

A.1 Batch file

A batch file (100e2000.bat) used for a set of simulations and tree-building. Comments

are given to explain each step in the file.

o
cd \user\sims

covarion < h:\100e2000.sim
{Executes the simulation program covarion.exe and reads in the input file 100¢2000.sim. }
ren covarion.log 100e2000.1log
{Renames the file covarion.log to 100e2000.1og. }
neighbor < h:\dis.in
{Executes the tree-building program NEIGHBOR and reads in the input file dis.in. }
ren treefile 100e2000.nj
{Renames the file treefile (the output from NEIGHBOR) to 100e2000.nj.}
del covarion.dis
{Deletes the file covarion.dis (to save space on the hard disk).}
dnaml < h:\seg.in
{Executes the tree-building program DNAML and reads in the input file seq.in. }
ren treefile 100e2000.ml
{Renames the file treefile (the output from DNAML) to 100e2000.ml.}
del covarion.seq
{Deletes the file covarion.seq (to save space on the hard disk—each of these files is
several megabytes in size).}
hi
move c:\user\sims\100e1000.* h:\

{Moves the files 1002000.log, 100¢2000.nj and 100e2000.ml to the network drive.}
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A.2 Input files

The input file 100e2000.sim for covarion.exe, with comments:

d
3

{Sets the output format to both sequences and distances. )

s
1000

{Sets the number of simulations to 1000.}

e
z

{Sets the rate of exchange between fixed and variable states to 2.}
=
{ Accepts the above values and the default values of the other parameters.

m
h:\5k100mdl. txt

{Reads in the model file 5k100mdl.txt.}

The input file dis.in for NEIGHBOR:

covarion.dis

{Gives the name of the data file (covarion.dis) to read in.}
1

{Switches on the lower-triangular data matrix option.}
2

{Suppresses indications of the progress of the run. }

m
1000

{ Allows multiple data sets to be processed, and sets the number of these to 1000.}

¥
{ Accepts the options set above, and begins the tree-building. }

The input file seq.in for DNAML and DNAPARS:

covarion.seq
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{Gives the name of the data file (covarion.seq) to read in.}
;i

{Switches off the interleaved input sequences option. )
2

{Suppresses indications of the progress of the run.}

m
1000

{ Allows multiple data sets to be processed, and sets the number of these to 1000.}

¥
{ Accepts the options set above, and begins the tree-building. }

A.3 Model file

The file 5k100mdl.txt, containing the tree model (topology, edge lengths, and rate

matrix) to be used by covarion.exe:

o d ¥
{Specifies the number of taxa (5), the format for the topology (1 = Fitch format), and the

number of instantaneous rate matrices (one matrix for the whole tree—it is possible to

specify a different matrix for each edge).}
taxon_1 taxon_2 taxon_3 taxon_4 taxon_5
{Gives the names of the taxa.})

7
1 2 6 5 ! 3 4

{Specifies the number of edges in the tree (7 for a five-taxon tree), and the topology in

Fitch format (a format used in the Fitch parsimony algorithm (Fitch, 1971b)). }
90 S0 ] 105 5 90 S0
{Gives the edge weights. }

-0.0100 0.0050 0.0025 0.0025
0.0050 -0.0100 0.0025 0.0025
0.0025 0.0025 -0.0100 0.0050
0.0025 0.0025 0.0050 -0.0100

{Gives the Kimura 3ST instantaneous rate matrix. }
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A.4 Output from nexustrd.exe and nexustre.exe

The output file €0500ml.tre generated by nexustrd.exe. The input files were tree files
from DNAML for the four-taxon tree with the rate of exchange between fixed and
variable states set to 1.5, and the edge weight x ranging from 10 to 490. Values of x

greater than 490 caused an error in the simulation program, and were not used.

file 1s: 020e0500.ml
{ The name of the input tree file.}

final 1000 0] 0]
{ The number of times each of the three possible tree topologies (The correct tree with taxa
1 and 2 together, then the tree joining taxa 1 and 3, and that joining taxa 1 and 4) is found
in the tree file.}

file is: 025e0500.ml

final 359 1 0
file is: 030e0500.ml
final 997 3 0
file is: 035e0500.ml
final 975 15 10
file is: 040e0500.ml
final 949 27 24
file is: 045e0500.ml
final 928 36 36
file is: 050e0500.ml
final S00 51 49
file is: 060e0500.ml
final 827 82 91

file is: 070e0500.ml
final 746 127 127
file is: 080e0500.ml
final 716 135 149
file is: 090e0500.ml

final 633 180 187
file is: 100e0500.ml
final 626 172 202

file is: 110e0500.ml
final 619 192 189
file is: 150e0500.ml
final 544 217 239
file is: 170e0500.ml
final 486 265 249
file is: 200e0500.ml
final 415 298 287
file is: 250e0500.ml
final 420 289 291
file is: 300e0500.ml
final 421 299 280
file is: 400e0500.ml
final 387 307 306
file is: 500e0500.ml
final 362 304 334
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The output file €2000nj.tre generated by nexustre.exe. The input files were tree files
from NEIGHBOR for the five-taxon tree with the rate of exchange between fixed and
variable states set to 2, and the edge weight y ranging from 10 to 240. Values of x greater

than 240 caused an error in the simulation program, and were not used.

file is: 020e2000.nj
bipartitions and their frequencies:

31000 121000
distribution of edges wrong
0 10 2
1000 0 0
mean # of edges wrong 0.00 0. 1000.

file is: 025e2000.nj
bipartitions and their frequencies:

31000 7 . 12 988
distribution of edges wrong
0 1 2
999 1 0
mean # of edges wrong 0.00 1. 1000.

file is: 030e2000.nj
{The name of the input tree file.}
bipartitions and their frequencies:
3 997 11 5 12 9585 153 2 14 1
{The bipartitions (see Hendy and Penny (1993) for an explanation of bipartitions) found in
the input tree file and their frequencies (the correct tree contains bipartitions 3 and 12).}
distribution of edges wrong

0 1 2
982 8 0

{The number of trees with 0, 1, and 2 incorrect edges (only the two internal edges can be
incorrect, the external edges are always correct). )

mean # of edges wrong 0.01 8- 1000.
{The mean number of incorrect edges per tree, the total number of incorrect edges in the
tree file, and the total number of trees.}

file is: 035€2000.nj
bipartitions and their frequencies:

3 989 7 2 11 5 12 993 13 5
14 6
distribution of edges wrong
0 1 2
982 18 0
mean # of edges wrong 0.02 18. 1000.

file is: 040e2000.nj
bipartitions and their frequencies:

3 981 7 11 11 14 12 975 13 10
14 9
distribution of edges wrong
0 1 2
956 44 0
mean # of edges wrong 0.04 44 . 1000.

file is: 045e2000.nj
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bipartitions and their frequencies:
3 962 T 23 10 i
33 20 14 18
distribution of edges wrong
0 26 2
919 &8O il
mean # of edges wrong 0 ..08

file is: 050e2000.nj
bipartitions and their freguencies:
3 950 7 29 10 i
13 28 14 21
distribution of edges wrong
0 i 2
895 104 1
mean # of edges wrong B.11

file is: 060e2000.nj
bipartitions and their freguencies:
3 B87 5 1 € 3
10 2 1L 55 12 882
distribution of edges wrong
0 vi 2
776 217 7
mean # of edges wrong g.23

file is: 070e2000.nj
bipartitions and their frequencies:
3 8I2 S 16 6 10
10 14 17, 87 12 799
distribution of edges wrong
0 g 2
655 301 44
mean # of edges wrong 0.3%2

file is: 080e2000.nj
bipartitions and their frequencies:
3 768 5 23 b T
10 20 11 116 12 25
distribution of edges wrong
0 1 2
561 371 68
mean # of edges wrong 0.51

file is: 090e2000.nj
bipartitions and their frequencies:
3 646 5 36 6 30
10 39 11 122 12 689
distribution of edges wrong
0 1 2
454 427 119
mean # of edges wrong 0.67

file is: 100e2000.nj
bipartitions and their frequencies:
3 603 5 49 6 53
10 50 11 154 12 ‘€19
distribution of edges wrong
0 1 2
390 442 168
mean # of edges wrong 0.78

file is: 110e2000.nj
bipartitions and their frequencies:
3 564 5 65 6 69

39

1

B2.

il

106.

2331

389

507 .

685 .

778.

7

20

27

60
37

91

124
102

123
136

134
146

182

12

1000.

12

1000.

1000.

1000.

1000.

1000.

1000.

956

944

10

19
89

31
148

50
142

58



10 62 11 166 12 533
distribution of edges wrong
0 1. 2
325 447 228
mean # of edges wrong 0 .80

file is: 130e2000.nj
bipartitions and their frequencies:
3 450 5 93 6 109
10 86 11 178 12 456
distribution of edges wrong
0 i 2
252 402 346
mean # of edges wrong 1.08

file is: 150e2000.nj
bipartitions and their frequencies:
3 388 5 118 6 119
189 115 11 186 12 399
distribution of edges wrong
0 1) 2
200 387 413
mean # of edges wrong i.21

file is: 170e2000.nj
bipartitions and their frequencies:
3 337 & g 6 138
10 425 I1 130 12 355
distribution of edges wrong
0 1 2
148 396 456
mean # of edges wrong 1. 3%

file is: 200e2000.nj
bipartitions and their frequencies:
3 309 5 162 § 139
10 156 11 187 12 3312
distribution of edges wrong
0 1 2
134 353 513
mean # of edges wrong 1.38

file is: 250e2000.nj
bipartitions and their frequencies:
3 231 5 19% & 171
10 176 1) 199 12 254
distribution of edges wrong
0 1 2
85 315 600
mean # of edges wrong 1.51

23

903.

1094.

1213,

1308.

1378,

1515,

146

176
159

192
169

194
210

196
203

197
203

14

1000.

1000.

1000.

1000.

1000.

1000.

155

108
184

124
190

131
213

144
192

160
212
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