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We investigated whether or not evolutionary change in DNA sequence data was
homogeneous across different classes of base pairs. Cytochrome B sequences for 38
vertebrate taxa were obtained from GenBank. Each nucleotide site in the align-
ment was classified according to a number of covariates: its codon position, genetic
code degeneracy, hydrophobicity and secondary protein structure (helix vs. sheet).
The evolutionary transition matrix for each base was estimated by tracing implied
character changes under parsimony on a known phylogenetic tree. A canonical
variates analysis of the transition matrices was performed to determine whether or
not different classes of bases behaved similarly. We found five distinct clusters of
transition matrices that could be roughly defined by combinations of codon posi-
tion and degeneracy. A stochastic model of rate variation based on the interaction
of the covariates was developed to assess the statistical significance of the clusters.
The five-group classification was found to explain significantly more sequence vari-
ation than a codon only classification, a codon degeneracy classification, as well as
a codon and degeneracy classification. These results confirm that there are classes
of base pairs that evolve differently, and suggest that models of sequence evolu-
tion that incorporate covariate information may be useful in the systematic search
for nucleotide substitution models that may more accurately reflect evolutionary
history.

Introduction

Estimating the phylogenetic relationships of organisms is the first step of many
evolutionary studies. Typically, DNA sequence data are collected for the taxa
of interest, and a phylogenetic relationship is estimated using a particular
model of evolutionary change. The model is based on assumptions about the
evolution of DNA. For example, maximum parsimony is based on the assump-
tion that evolutionary changes are rare, and therefore minimizes the number
of substitutions along the resulting phylogeny !. By contrast, maximum likeli-
hood (ML) methods identify the phylogeny from which the observed sequence
data is most likely to have evolved given a particular model of change 2. In
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this approach parameters in the substitution model, the tree topology and
branch lengths can be estimated from the data. Several different models are
used. All use a 4 x 4 transition matrix describing the changes from A —
C, A — G and so on. The Jukes-Cantor model is the simplest, in that it
assumes that all transformations among nucleotides are equally likely. Other
models, such as K2P 2, F814, TKF®, HKY °, variously account for differences
in base composition and the ratio of transitions to transversions. The General
Time Reversible model (GTR) allows for 9 of the 12 possible parameters of
the nucleotide transition matrix ”.

Two critical assumptions in this likelihood approach are (i) that the dif-
ferent base positions along the DNA sequence evolve according to the same
stochastic model, represented by a single transition matrix; and (ii) that sub-
stitutions at different sites occur independently. It has long been known that
these assumptions can be unrealistic %, and several authors have proposed
alternatives. For example, a rate parameter from the gamma distribution
is sometimes incorporated in the models to account for rate variation across
sites %1011 " and dependence among sites has been addressed as well 12:13:14,
The reviews of Yang!® and Lio and Goldman % provide a concise introduction
to these issues.

More recently, structural and functional information have been included
in models for DNA or protein sequence evolution. For example, Goldman
and colleagues 171819 working at the level of amino acid replacements, have
incorporated secondary structure into phylogenetic estimation. Naylor and
Brown2? made allowance for covariates such as hydrophobicity, charge and size.
In this paper, we introduce another approach to rate variation that can be used
in nucleotide-based substitution models. Motivated by methods for analyzing
contingency tables using log-linear models (cf. Dobson 2!, Chapter 9), we
parameterize the rates at each site in terms of main effects and interactions
of a set of covariates. The method appears to be useful for the systematic
identification of parsimonious classes of sites that have similar mutation rates.

2 Methods

2.1 Canonical variates analysis

Cytochrome B sequences for 38 vertebrate taxa were obtained from GenBank.
We counted the number of changes occurring at each site using parsimony on
the known phylogenetic tree (Figure 1). This yielded an evolutionary transition
matrix for each site, which was used as input data for exploratory multivariate
analyses. FEach base was then assigned to one of three codon positions, one
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of three genetic code degeneracy classes (2, 4, 6), one of two hydrophobicity
classes (hydrophobic/hydrophilic), and one of three secondary structure classes
(helix, sheet, or neither). All of these classifications were determined using the
modal value in the alignment. The estimated transition matrix for each site
was then used in a canonical variates analysis (CVA) to determine whether
natural classes of sites with distinct modes of evolutionary change existed.

2.2 Statistical approach

To evaluate the statistical significance of the rate classes found by the ex-
ploratory CVA, we use the following likelihood-based approach. We assume
that the substitution matrix at site ¢ has the form m;(@, where the rate matrix
() is common to each site, and m; > 0 specifies the relative rate at site <.
Suppose for ease of exposition that each site can be classified according to a
number of categorical covariates, such as codon position and degeneracy. A
given site is therefore classified into one of J x K x --- x L cells. For a main
effects model, the rate parameter m of a site with covariate values j,k,...,[
satisfying 1 < j < J,...,1 <[ < L is given by

logm =p+a; + B+ + A (1)

Some care must be taken to ensure that the parameters are estimable. For the
rooted trees discussed below, we chose to fix the tree height at 1 (say), and we
set @; = B1 = ... = Ay = 0. In this formulation, e* represents the baseline
rate for a site with covariate values 1,1, ..., 1 and other covariate values affect
this rate in a multiplicative fashion. We note that (i) interactions among the
covariates can be modeled by adding appropriate terms like (af8),, (@f7);ki
on the right of (1); (ii) a quantitative covariate  can be included by adding
terms such as dz to the right of (1); (iii) the link function log on the left of (1)
can be replaced by linear or other functions, and (iv) the method generalizes
naturally to the study of multiple genes.

In our application, we used the TKF ® model that allows for a transition-
transversion parameter £ > 0 (assumed to be the same at each site), and fixed
base frequencies as estimated from the data. Likelihoods, denoted by L, were
obtained for the model with no covariates, corresponding to constant rate
across sites. Covariates (codon position, codon degeneracy, hydrophobicity,
and secondary protein structure) were then added sequentially to the model,
and the corresponding likelihoods were found. The covariate providing the
largest increase in the likelihood was determined. This factor was added to the
‘null’ model, and the remaining factors were added incrementally in a step-wise
regression fashion. The differences in —2log L values were calculated for each
additional factor and compared to a x? distribution to assess significance 22.
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Figure 1: Phylogenetic tree used in this analysis. The tree was derived from both extant
and fossil comparative anatomical data.



3 Results

3.1 Ezploratory analysis

CVA revealed highly significant differences in evolutionary transition matrices
for both codon position and genetic code degeneracy groups, a slight effect for
hydrophobicity, and negligible effects for secondary structure. Five distinct
clusters were recognized in the ordination plot. When bases were assigned to
one of these five groups using the canonical discriminant function, 45% were
correctly classified. Inspection of plots of canonical scores revealed that several
position/codon degeneracy groups that were consistently close to one another,
implying that their evolutionary transition matrices were similar (Figure 2).
All second codon positions formed a distinct cluster, regardless of their de-
generacy groupings. First codon positions from 2-fold and 4-fold groups were
similar, as were third codon positions from 4-fold and 6-fold groups. These
were therefore considered as two larger clusters rather than four individual
groups. Thus, the nine possible (3 x 3) combinations of codon position and
codon degeneracy collapsed to five distinct modes of evolutionary change. We
calculated classification rates for these five larger clusters and found that 65%
of the sites were now correctly classified, implying that many of the original
misclassifications were sites assigned to position-degeneracy groups that were
part of a larger group.

3.2 Likelihood results

Results for the main effects models are shown in Table 1. These results cor-
respond to statistical tests for the exploratory CVA analyses, and reveal a
similar pattern to that described above. Likelihood scores associated with dif-
ferent decompositions of covariate structure are shown in Table 2. It is clear
that codon position and degeneracy make an important contribution to the
fit, whereas hydrophobicity and structure are less important. The five-group
codon position/degeneracy model suggested by the exploratory analysis in-
cludes interaction effects, and its likelihood was also computed. A comparison
of likelihoods shows that the five-group model is better than the main effects
model using degeneracy and codon position. We conclude that there is a signif-
icant interaction effect between degeneracy and codon position in determining
the rates at these sites. The five-group model seems to capture much of the
true biological signal in sequence variation for Cytochrome B.
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Figure 2: Canonical variates plot of all possible codon position-degeneracy combinations;
only group means are shown (Wilks’ A = 0.1220, P << 107?). Labels for group means are
as follows: c_d: c-th codon position, d-folddegeneracy.

Table 1: Likelihood scores for main effects covariate models

Model # Param -2log L  Difference Df P
Constant rate 38 52983.1

+ codon 40 48470.9 3912.2 2 Horkk
+ degeneracy 42 47159.5 13114 2 Rk
+ hydrophobicity 43 47125.6 339 1 *

+ structure 45 47107.9 71 2 *




Table 2: Likelihood scores for different decompositions of covariate structure

Model # Param  -2log L
Constant rate 38 52983.1
degeneracy 40 52547.7
codon 40 48470.9
codon + degeneracy 42 47159.5
5 groups 42 46844.0

4 Discussion

The fact that the multidimensional ordination yielded five distinct clusters of
transition matrices, and that these clusters are statistically significant from
one another indicates that sequence evolution is far from homogeneous across
sites. Furthermore, the variation in rates is more complicated than that pre-
dicted by considering codon position alone. A covariate model fitting separate
parameters for each class of sites is more likely to capture the diversity of molec-
ular dynamics than is a ‘one-model-fits-all’ approach. While we acknowledge
that complicated and parameter-rich homogeneous models can outperform the
covariate approach advocated herein, such models have less biological explana-
tory power.

The five groupings we identified correspond closely to the combinatorial
freedom to vary that might be predicted from a careful study of the genetic
code. We found that all second position sites formed a distinct cluster: changes
at those sites involve a one-to-one mapping between nucleotide and amino-acid
sequence, because a second position change necessarily results in a change in
amino acid regardless of the amino acids’ degeneracy. Similarly, changes at
third codon positions for both 4-fold and 6-fold degenerate amino acids involve
a 4-to-1 mapping from the nucleotide sequence to the amino acid sequence,
and thus might be expected to have similar degrees of evolutionary room to
maneuver. Finally, changes at first position sites for both 2-fold and 4-fold
amino acids involve a one-to-one mapping, as both result in a change in amino
acid. It might seem surprising that second positions sites and 2-fold and 4-fold
first position sites fall out in separate clusters, given that they both involve
a one-to-one mapping. The explanation is that changes at first position sites
generally involve transformations among amino acids with similar properties,
whereas those at second positions do not. Thus, from a functional perspective,
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first position changes have more freedom to vary than do second position sites,
even though both have similar degrees of freedom from a purely combinatorial
perspective.

We feel that this preliminary survey of the use of covariate models shows
promise for the systematic assessment of the role of chemical and structural fea-
tures in improving our understanding of molecular evolution and phylogenetic
estimation from sequence data. It should be noted that all of the models used
in this study were implemented for rooted tree topologies. We are currently
extending and generalizing these methods to accommodate unrooted trees and
more complex biologically-based covariate structures, and plan to determine
whether or not the five-group model found above is broadly applicable across
genes. We are also implementing a covariate approach for gamma rate varia-
tion23 in which the mean rate at a site is parameterized as in (1). It should not
escape notice that all covariates used in this study were scored as the modal
value in the alignment. This is clearly a first approximation and methods that
allow time-varying covariate assignments for individual sequences need to be
developed.
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