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Summary. Penny et al. have written that "The 
most fundamental criterion for a scientific method 
is that the data must, in principle, be able to reject 
the model .  Hard ly  any [phylogenet ic ]  t ree-  
reconstruction methods meet this simple require- 
ment." The ability to reject models is of such great 
importance because the results of all phylogenetic 
analyses depend on their underlying models--to 
have confidence in the inferences, it is necessary to 
have confidence in the models. In this paper, a test 
statistic suggested by Cox is employed to test the 
adequacy of some statistical models of DNA se- 
quence evolution used in the phylogenetic inference 
method introduced by Felsenstein. Monte Carlo 
simulations are used to assess significance levels. 
The resulting statistical tests provide an objective 
and very general assessment of all the components 
of a DNA substitution model; more specific ver- 
sions of the test are devised to test individual com- 
ponents of a model. In all cases, the new analyses 
have the additional advantage that values of phylo- 
genetic parameters do not have to be assumed in 
order to perform the tests. 
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All phylogenetic inferences depend on their under- 
lying models. To have confidence in inferences, it is 
necessary  to have confidence in the models.  
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Aligned DNA and RNA sequences are widely used 
in phylogenetic inference and in this paper I exam- 
ine models for their evolution by substitution, as 
used, for example, in maximum likelihood phyloge- 
netic inference (e.g., Felsenstein 1981, 1991b; 
Bishop and Friday 1985; Hasegawa et al. 1985b, 
1987, 1988; Kishino and Hasegawa 1989, 1990). Re- 
markably few efforts have been made to examine 
the overall adequacy of common models. 

To assess the adequacy of models, they must be 
incorporated into hypotheses which propose differ- 
ent descriptions of the possible behavior of data and 
which may be evaluated by objective statistical 
tests. To perform these tests, a comparative statis- 
tic is needed which quantifies the explanatory 
power of the hypotheses. If the distribution of pos- 
sible values for the statistic is known, it is possible 
to distinguish between acceptable and unacceptable 
deviation from expectations. 

If the hypotheses are sufficiently wide-ranging, a 
good measure of the overall adequacy of models 
may be obtained. However, it is important to note 
that a comparison of hypotheses only tests those 
components in which the hypotheses differ. Any 
shared assumptions remain untested; if the assump- 
tions are incorrect, this will probably pass unno- 
ticed. Careful choice of hypotheses may eliminate 
this problem. 

The only previous attempts to gain insight into 
models' overall adequacy appear to be those of Rit- 
land and Clegg (1987), Hasegawa and colleagues 
(Hasegawa et al. 1988; Kishino and Hasegawa 
1990), and Navidi et al. (1991). These approaches 
make various unverified assumptions: for example, 
those of Ritland and Clegg and Navidi et al. regard- 
ing the distributions of their test statistics. 



At a more detailed level, some work has been 
performed on testing whether particular summary 
features of observed data fit the expectations under 
certain models. For example, the relative propor- 
tions of bases (A, C, G, T) in sequences have been 
tested (Lanave et al. 1984; Gillespie 1986): under 
most models in common use, the relative propor- 
tions should be similar in each sequence studied. 
Another statistic that has been of interest is the ra- 
tio of mean to variance of pairwise counts of differ- 
ences between sequences (Kimura 1983; Bulmer 
1989; Gillespie 1989). These statistics have proved 
difficult to assess, and it may be inadvisable to con- 
centrate on such specific features of models without 
first considering the models' overall adequacy. 

Further study has been made of methods to dis- 
tinguish between two (or more) closely related mod- 
els. In particular, a number of analyses have been 
proposed to test the equality of rates of substitu- 
tional change in different branches of trees (e.g., 
Langley and Fitch 1974; Wilson et al. 1977; Hase- 
gawa et ai. 1990; Kishino and Hasegawa 1990; Ha- 
segawa and Horai 1991). These analyses all assume 
that the tree relating the sequences studied is 
known independently, and some assume that the 
lengths of the branches of the tree are also known. 
This is generally not the case. Felsenstein (1981) 
proposed a test of rate constancy which does not 
make these assumptions, and this is discussed later 
in this paper. A modified version of Felsenstein's 
approach is a special case of the new, more general 
method introduced here. However, by testing only 
similar models all these methods presuppose that 
the shared features of the models are suitable de- 
scriptions of the processes of DNA evolution. If 
both (all) models are inadequate, such tests are 
likely to fail to indicate this. 

Hasegawa et al. (1988) and Kishino and Hase- 
gawa (1990) assumed that the numbers of transition 
and transversion differences in pairwise compari- 
sons of sequences follow a multivariate normal dis- 
tribution. The means, variances, and covariances of 
this distribution were assumed equal to the corre- 
sponding quantities derived from a continuous-time 
Markov chain model for DNA substitution (for sim- 
plicity, referred to here as a Markov model). The 
topology of the tree relating the sequences was as- 
sumed known and branch lengths were estimated. 
In such a case, and providing the assumed tree is 
derived independently o f  the subsequent analysis 
(not the case if the same data are used to estimate 
the tree and then subsequently studied by these 
methods), the probability values reported indicate 
the goodness of fit of the sequence data to the mul- 
tivariate normal approximation model (Hasegawa et 
al. 1988; Kishino and Hasegawa 1990). This method 
has the disadvantages of requiring an independently 
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known tree and using summarized data. (Pairwise 
differences only are studied, with a consequent loss 
of information [Penny 1982].) The adequacy of the 
multivariate normal approximation is not tested at 
any stage. 

Other work has concentrated on the related but 
distinct topic of confidence limits (e.g., Felsenstein 
1981, 1991b; Hasegawa et al. 1985a,b, 1987; Ki- 
shino and Hasegawa 1989). However,  the calcula- 
tion of confidence levels is as dependent on the as- 
sumed models as is the inference of phylogeny. 
Without first the ability to test the adequacy of the 
models, confidence measures are at best of uncer- 
tain value and at worst meaningless. Lockhart et al. 
(1992) have recently reported a case in which boot- 
strap sampling has indicated a high level of confi- 
dence in a tree that they believe is incorrect. The 
cause of this disagreement appears to be a failure of 
the model on which inferences were based. It is 
vital to tackle the fundamental problem of testing 
whether particular models are adequate. 

In this study, I introduce hypotheses and a test 
statistic which use likelihood functions based on all 
the available data to test whether particular phylo- 
genetic models provide a good explanation of ob- 
served sequences. Conventional asymptotic ap- 
proximations to the statistic 's distribution are 
shown not to apply, so significance levels for the 
test are assessed by Monte Carlo methods (Ripley 
1987). The new test is extended to evaluate specific 
components of models--for example, the assump- 
tion of a molecular clock. I demonstrate the use of 
all these new methods with the analysis of primate 
t~-q-globin gene sequences (Koop et al. 1986) and 
small-subunit RNA sequences (Dams et al. 1988). 
No investigation is made of the effect of uncertainty 
in the alignment of sequences, although this itself is 
recognized as a problem in evolutionary inference 
(e.g., Thorne et al. 1991, 1992). 

Procedures 

Hypotheses and Statistics 

Suppose we desire to test a particular model of the 
evolution of DNA, for example, the Jukes and Can- 
tor (1969) model in which all possible substitutions 
occur at the same rate. A model of current interest 
will form the null hypothesis (H0) for the test: 

Ho: (a) the sequences are related by an 
(unknown) phylogenetic " t ree"  
structure 

(b) the sites of the sequences have 
evolved independently, according 
to the specified model (1) 
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H o is a composite hypothesis: the values of param- 
eters of the model, represented by a vector a, say, 
are not uniquely specified but are to be inferred. 
For example, ot might represent the phylogenetic 
tree relating sequences, the branch lengths of the 
tree, and any free parameters of the DNA evolution 
model. Maximum likelihood methods (Edwards 
1972; Felsenstein 1981) can be used to find optimal 
parameter values (6) and hence the maximal likeli- 
hood value Lo = Lo(x,&), where x represents the 
available data, i.e., the aligned DNA sequences. It 
is convenient to work in terms of the support S, the 
natural logarithm of the likelihood (Edwards 1972), 
e.g., 50 = ln[L0(x,&)]. 

The problem remaining is to assess the null hy- 
pothesis. An alternative hypothesis that is very gen- 
eral will give the broadest test of the null hypothesis 
assumptions. The most general hypothesis possible 
regarding discrete, independent, and identically dis- 
tributed (i.i.d.) events permits each possible out- 
come to occur with a fixed probability which is de- 
pendent on no parametric model and subject to no 
restrictions other than the usual laws of probability. 

In a problem involving n aligned DNA sequences 
of length N sites, each site of each sequence will 
exhibit one of the bases A, C, G, T. Thus the 
aligned sequences will exhibit at each site one of 4 n 
possible combinations or patterns (Lake 1987; Cav- 
ender 1989). If the set of bases is written ff = {A, C, 
G, T}, then the set of patterns (~) is S ~ x 9 ~ x . . . 
x ff -= if". The alternative hypothesis (Hi) now 
takes the form: 

Hi: P(si te j  exhibits pattern % E ~)  
= p ~ , V j  = 1 ,2  . . . . .  N (2) 

= (6a) 
q~E~ 

~ = ~ N~ln(N~) - Nln(N) (6b) 

As ~1 depends only on N and the values N~, it is 
readily calculated for any data set. 

Hypothesis (2) will be called the unconstrained 
model or unconstrained hypothesis, as no con- 
straints are placed on the probabilities p~ by any 
phylogenetic model. It is the most general i.i.d. 
model for the data, and as such permits a very gen- 
eral test for the adequacy of the null hypothesis. 
Having no components that depend on the evolu- 
tionary relationships of the sequences, the uncon- 
strained model allows simultaneous testing of all the 
evolutionary components of Ho. Rejection of H0 im- 
plies that one or more components are inadequate. 
It is unlikely that any sequences will fully satisfy the 
assumption that their sites are i.i.d, but non-i.i.d. 
models are currently intractable. 

The unconstrained model is so general that it in- 
cludes the possibility of generating the same prob- 
abilities that the parametric model of H 0 does. The 
null hypothesis model is a particular case of the 
alternative hypothesis (written H 0 C Ha), and con- 
sequently H1 must give a better explanation of the 
data in the sense that the likelihood is certain to be 
higher. However, H 1 is less useful in the sense that 
it tells us nothing about the evolutionary relation- 
ships of the sequences. The difference between the 
optimal support values for the two hypotheses, 

= 51 - $0 (7) 

where the probabilities p~ are unconstrained other 
than that 

0 ~< p~ ~< 1, V% E ~ ,  and (3a) 

E P~ = 1 (3b) 

can be considered the "cos t"  of using Ho to make 
inferences about phylogeny. A low cost indicates 
that Ho is adequate; a high cost indicates that Ho is 
performing badly and should be rejected. 

Hypothesis Tests 

If N~ is defined as the number of sites at which 
the sequences exhibit pattern q~, then under hypoth- 
esis (2) the likelihood function is simply 

L1 = I-[  (p~)N~ 

This has maximum likelihood solution 

N~ 

If the maximum likelihood criterion was used to 
choose between the unconstrained model and any 
biologically informative null hypothesis, the uncon- 
strained model would always be preferred--even in 
cases where the null hypothesis was correct. This 

(4) means that a criterion other than maximum likeli- 
hood must be used for comparing models. In tradi- 
tional statistical theory, a widely accepted statistic 
for testing the goodness of fit of models is the like- 
lihood ratio statistic 2A = 21n(La/Lo) = 2 ( ~  1 - ~o)  

(Silvey 1975; Lindgren 1976; Kendall and Stuart 
(5) 1979). When H o C H 1 and the null hypothesis is 

correct, this statistic is asymptotically distributed 



as X 2, irrespective of the true value of any parame- 
ters of the null hypothesis (Silvey 1975; Lindgren 
1976). The number of degrees of freedom (d.f.), k, is 
the difference between the numbers of free (esti- 
mated) parameters in Ha and Ho; equivalently, k is 
the number of restrictions on the parameters of H 1 
required to derive the particular case H0 (Silvey 
1975; Lindgren 1976; Kendall and Stuart 1979). 

However,  a ×2 distribution cannot be used in the 
present phylogenetic context  for two reasons. 
Firstly, the ×2 approximation requires that every 
attainable category (pattern) be expected to be ex- 
hibited a few times (McCullagh and Nelder 1989). 
This corresponds to well-known rules of thumb for 
×2 tests of Pearson's X 2 statistic for measuring 
goodness of fit for instance, that the expected 
number of observations of each category should be 
at least five, or that the sample size should be at 
least four or five times the number of categories: 

E(N~)/> - 5 ,  V % ~ 
U I> -51 1 = 5(4 n) 

(8a) 
(8b) 
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This unusual situation could arise because the set of 
possible tree topologies is discrete. In practice, 
however, it is highly unlikely that this limiting case 
will apply, and it is not yet possible to judge the 
effect that the choice of trees will have. (See also 
Felsenstein 1983, 1991a.) Even if an evaluation of 
this does become available it seems likely that the 
problem of many patterns not being exhibited 
would still preclude the use of a X 2 test. 

Ritland and Clegg (1987) and Navidi et al. (1991) 
did not make allowance for the effect of choosing 
amongst trees in their tests of the applicability of 
models. As a result, the estimates of the d.f. for 
their respective ×2 approximations are too high. Rit- 
land and Clegg also encountered problems for even 
small (e.g., five sequence) studies, due to insuffi- 
cient data. Examples showing the importance of 
these effects, including the reanalysis of the RNA 
sequence alignment used by Navidi et al., are given 
below. These show that the effects are sufficient to 
render such techniques untrustworthy. 

(see Lindgren 1976). In the problems considered in 
this paper, such criteria will rarely if ever be satis- 
fied. For most alignments of interest a large propor- 
tion of sites will be expected to exhibit one of the 
four "constant"  patterns in which all sequences 
share the same base. Furthermore, as the number of 
sequences analyzed, n, increases the number of 
possible patterns increases very rapidly (l~l = 4"). 
Considering these features together, it is apparent 
that infeasibly long sequences will generally be 
needed to satisfy conditions similar to equations (8). 
The effects on the distribution of 2A (and similar 
statistics) caused by the failure to satisfy the rules 
of thumb are not well known. 

To apply a ×2 approximation it is necessary to 
know the appropriate degrees of freedom, k, for the 
test. While this is straightforward for most conven- 
tional tests, it is not at all clear in tree-inference 
problems. Although the numbers of free parameters 
in DNA substitution models are simple to count, the 
assumption that the sequences are related by an 
unknown tree relationship also affects the value of 
the optimal likelihood, because the estimation pro- 
cedure selects one tree from the set of all possible 
trees. The parameterization of tree relationships is 
complex and not well understood; the vast numbers 
of possible trees for even moderate-sized problems 
(Felsenstein 1978), many of them very different 
from that chosen as optimal, make it clear that the 
choice amongst trees may have a significant effect 
on the optimal likelihood. In the asymptotic case 
that the number of sites N becomes very large, it 
may be that the tree topology is effectively known 
and its estimation does not contribute to the d.f. 

Monte Carlo Tests 

When the distribution under H0 of a statistic S can- 
not be calculated, it may be possible to use a Monte 
Carlo statistical test (G.A. Barnard, in the discus- 
sion of Bartlett 1963; Ripley 1987). If the null hy- 
pothesis model is fully specified (possibly not the 
case, for nonparametric models), then the probabil- 
ity distribution for data x is known. It is then pos- 
sible to generate, randomly and repeatedly, data 
(Xl, x2 . . . . .  x m) conforming to Ho and to calculate 
the corresponding values (sl, s2 . . . . .  Sm) of the 
statistic S. A histogram of the values sa, s2 . . . . .  Sm 
gives an estimate of the distribution of S. Taking sa, 
s2 . . . . .  sin, along with the value s calculated from 
the original data, gives m + 1 values of the statistic 
S. If the null hypothesis is true, all m + 1 values are 
from the null-hypothesis distribution of S and the 
probability that s is the rth biggest (or bigger) is 
simply r/(m + 1). By suitable choice of r and m, a 
statistical test with a conventional significance level 
can be constructed. For a 5% test, which I will use 
throughout this study, it is widely accepted that m 
>I -100 gives good results (Hope 1968; Marriott 
1979; Ripley 1987). 

A nonparametric estimate of the distribution of 
S, and a corresponding nonparametric significance 
test, may be obtained by the related "bootstrap" 
method (e.g., Efron 1982; Efron and Gong 1983; 
Efron and Tibshirani 1986). However, it can be of 
little advantage to base tests of parametric models 
on less powerful nonparametric methods. 

Monte Carlo tests were originally devised for use 
with simple null hypotheses, in which all parame- 
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ters of the model are assumed known in advance 
(Ripley 1987). In a phylogenetic context, a simple 
hypothesis might consist of a known tree relation- 
ship between sequences,  with all branches of 
known length, and a fully specified model for DNA 
substitution. In such a case, there would be no in- 
ference being made about parameters of the model, 
but simply an assessment of a model. In practice, it 
will be more common to work with a composite 
hypothesis--the model will generally include an un- 
known tree and branch lengths, and possibly other 
parameters to be estimated (e.g., substitution model 
parameters). This makes straightforward Monte 
Carlo testing difficult, as it is not clear which pa- 
rameter values to use for simulation. In this study I 
use a procedure based on a statistical test devised 
by Cox (1961, 1962). 

Cox ' s  Tes t  

Cox (1961, 1962) considered the question of choice 
between dis t inct  models, i.e., the case in which the 
hypotheses are not in the nested form H0 C H1 and 
the ×2 approximation for the null hypothesis distri- 
bution of 24 does not apply. If H o has likelihood 
function Lo(x,a) for data x and free (possibly vector- 
valued) parameter a ~ 12~, and H 1 has likelihood 
function Ll(X,[3) for data x and free parameter [3 E 
f~ ,  Cox's statistic for discrimination between H0 
and H1 is 

~sup LI(X,[3!I 
= ln l  ~ _ fL l (x ,  t3)] /sup j=ln[  j, i.e 

c ~ f l  a 

(9a) 
= ln[Ll(x,~)] - ln[L0(x,6)] = Sl(X,~) - S0(x,6t) 

(9b) 

( - 8  is equivalent to lfg of Cox 1961:108, equation 
15). In informal terms, this is a likelihood ratio sta- 
tistic in which the likelihood is maximized sepa- 
rately under each of the two hypotheses, and the 
ratio of likelihoods formed. Cox's ~ is a general 
form of the statistic A discussed above. A large pos- 
itive value for 8 indicates that the data are much 
better explained by HI and that this hypothesis 
should be accepted in preference to H0. A large 
negative value suggests that Ho is better and should 
be accepted. The case Ho C H~ is a special case of 
Cox's test in which ~ ,  C f ~  and necessarily 8 ~ 0. 

To assess the significance of a particular value of 
it is considered as a random variable A, under the 

null hypothesis. Cox proposed that, since under Ho 
the best explanation of the data is that the parame- 
ter a takes its maximum likelihood value &, this 

value is used for the calculation of the distribution 
of A. This test has been investigated and found sat- 
isfactory by Cox (1962) and Lindsay (1974a,b). 

Monte Carlo methods can be used for the esti- 
mation of the distribution of A under lq o (Williams 
1970; and in the discussion of Atkinson 1970). Data 
x i (i = 1, 2 . . . . .  m) are simulated under f-I o and for 
each xi, gg is calculated by maximization of the nu- 
merator and denominator of the fractions in equa- 
tion (9a) [equivalently, of the corresponding terms 
in equation (9b)] and hence the Monte Carlo distri- 
bution of A is found. It is crucially important that 
these likelihoods be maximized independently for 
each i (i.e., oL and [~ must be estimated separately 
for each Xg) when performing the Monte Carlo sim- 
ulation, and not simply calculated under  the 
assumption that & and 1~ [as estimated from the orig- 
inal data; equation (9b)] are correct. In other words, 
the form 

r sup 

must be used, and not gi 

LI(Xi,[~) 1 

L0(x,,ot)[ (10) 

= ln[Ll(Xi, ~)/Lo(xi, a)]. 
This has been stressed by Hall and Wilson (1991), 
who demonstrate that failure to use the form of 
equation (I0) may have a "profound e f fec t , "  
greatly reducing the power of a test. 

Having estimated the distribution of 4, Monte 
Carlo testing proceeds as with a simple null hypoth- 
esis. For example, if the value of ~ obtained from 
the original data falls in the largest five of the values 
obtained by including it with 99 simulated values, 
the hypothesis H0 is rejected in favour of H I at the 
5% level. The use of estimated parameters in Monte 
Carlo simulations has been likened to a "parametric 
bootstrap" method (Efron and Gong 1983; Efron 
and Tibshirani 1986). Felsenstein (1988:554) has 
called such methods "one of the best uses of sim- 
ulation," contrasting them with simulation studies 
which strive to infer general properties of analyses 
from specific examples. 

Appl ica t ion  to D N A  Subs t i tu t ion  

In the following DNA substitution model tests, it is 
in fact the case that H o C H1 ( l~  C f~).  But since 
a X 2 test will not be possible and Ho will be a com- 
posite hypothesis, it will not be feasible to test all 
possible values of ot ~ f~ .  The test used will be 
treated analogously to Cox's test, whose rationale 
is that if I-2 o is rejected then H o is rejected also. 

Applying Cox's test to the problem of inferring 
phylogenies from aligned DNA sequences, ~ repre- 
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sents the null hypothesis maximum likelihood tree 
and branch lengths, as well as any free parameters 
of the substitution process model. Assuming that 
these values are correct, ~0 specifies the probabil- 
ities with which each possible pattern occurs, i.e., 
P(~[I2Io), for all 4 n patterns ~ E ~ .  Using this mul- 
tinomial distribution, a sample of N patterns may be 
drawn randomly. This represents a simulated data 
set Xl ofn  aligned sequences, each of length N sites. 
By definition, these data conform to the null hy- 
pothesis. Calculating P(%[IZIo) for all % may be in- 
convenient for large n (since [~[ becomes very 
large). An alternative method for simulating data 
sets according to I:Io is to simulate the evolution of 
a random ancestral sequence, according to the null 
hypothesis DNA substitution model. This approach 
is described by Oliver et al. (1989), whose paper 
also reviews others which have used similar tech- 
niques. 

The simulated data xl are now analyzed under 
the hypotheses H0, the appropriate parametric 
model [hypothesis (1) above], and H 1, the uncon- 
strained model [hypothesis (2) above]. Values of 
~0(X1) a n d  ~l(Xl) are calculated as though x 1 were 
the actual data; i.e., likelihoods are maximized in- 
dependently under the two hypotheses. The differ- 
ence ~l = ~1(Xl) - ~o(Xl) gives one value of A. If 
this Monte Carlo simulation is performed repeat- 
edly, many values (~i, i = 1, 2 . . . .  , m) are found; 
in general, 

~i---~ ~l(Xi)  -- ~o(Xi) (11) 

[from equations (9, 10)]. The values are best sum- 
marized in a histogram, and the position of the ac- 
tual attained value can be compared to this distri- 
bution to see whether it is acceptable under the null 
hypothesis. 

The principles of this model testing analysis are 
not dependent on the particular model used. All that 
is required is a complete specification of the model 
so the Monte Carlo simulations can be performed, 
and the ability to find the maximum likelihood es- 
timates of the parameters of the models. Although 
particular Markov models are used in this paper 
(see below), they could readily be exchanged for 
other Markov models or indeed entirely different 
DNA substitution models. 

Evolutionary Models 

Markov Models 

In this paper, I study stochastic processes known as 
continuous-time Markov chains (Cox and Miller 
1977) used to model the substitutional evolution of 

sites of DNA sequences. It may be helpful to sum- 
marize some common notation. Each site of a DNA 
sequence evolving along a branch of a tree is in one 
of the four states A, C, G, T. Substitutions from a 
state i to a different state j are assumed to occur 
according to a Poisson process (Cox and Miller 
1977) with instantaneous rate Q;j, and the Q0 form 
the off-diagonal elements of a square matrix Q 
which is completed by setting 

Qii = - E  Qij 
jE~ 
j#i 

V i E 5  ° - {A, C, G, T} (12) 

This formulation permits the general solution 

P(t) = exp(tQ) (13) 

(Cox and Miller 1977) where the element P0,(t) is the 
probability that a site is in state j at time t o + t, 
given that it was in state i at time to, for any i, j E 90 
and any t t> 0. If the vector ~r is the (generally 
unique) solution to 

7rQ = 0, E ~ i  : 1 (14) 
i 

then 7r is the equilibrium distribution for Q (Cox 
and Miller 1977). At this equilibrium the mean 
rate of substitutional change is constant, equalling 
-Ew;Qii. Rate-time products are confounded in 
these models, making it impossible to infer anything 
other than numbers of substitutions unless addi- 
tional information is available (Felsenstein 1973; 
Goldman 1990). 

Many substitution models are accommodated by 
this formulation. (See, e.g., Rodr/guez et al. 1990.) 
The Jukes and Cantor (1969) or equiprobable 
( "EQU")  model assumes all substitutions occur at 
the same rate; setting Qij = 1/3 for all off-diagonal 
elements of Q ensures a mean overall rate of 1. 
Transition probabilities P(t) are given by Bishop 
and Friday (1985:281); the equilibrium distribution 
is ~r = (1/4, 1/4, 1/4, 1/4). 

Felsenstein (1981) was dissatisfied with the bio- 
logical assumption corresponding to the solution ~r 
= (1/4, 1/4, 1/4, 1/4) of the EQU model, as this suggests 
that all nucleotides should appear equally often. 
Felsenstein proposed the use of a model equivalent 
to Qo = Pj for i, j E 5e, i ~ j, where pj is the pro- 
portion of bases j found in a given set of sequences 
to be analysed. I refer to this as the " F E L "  model; 
transition probabilities are given by Felsenstein 
(1981:371) and ~r = (PA, PC, PG, PT). This last for- 
mula shows how the equilibrium distribution is 
matched to the empirically found proportions of the 
bases. 
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A further generalization was proposed by Hase- 
gawa et al. (1984). In this case, 

~ Kpj if i ~ j represents a 
transition (A ~ G, C ~ T) 

Qu = / PJ if i ~ j represents a (15) 

L transversion (A,G ~ C,T) 

I refer to this as the " H K Y "  model after M. Ha- 
segawa, H. Kishino, and T. Yano, the authors who 
give the full solution P(t) in Hasegawa et al. (1985b: 
163-164). In this case, the equilibrium distribution "rr 
= (PA, PC, PG, PT), and the equilibrium distribution 
and transition/transversion rate ratio can be simul- 
taneously controlled by choice of PA, PC, PC, PT, and 
K. Values of K > 1 make transitions relatively more 
probable than transversions. The HKY model is 
very similar to that embodied in Felsenstein 's  
DNAML program (Felsenstein 1991b). The transi- 
tion/transversion rate ratio R in DNAML can be 
closely related to K by the formula 

assumption and corresponds to the assumption that 
a different scalar multiple of Q may apply to each 
branch of a tree. When the molecular clock assump- 
tion is relaxed in this way, I use the abbreviation 
DR to indicate that Different Rates may apply to 
different branches. In this case, using the Markov 
models studied in this paper, the root of a tree can- 
not be uniquely determined (Felsenstein 1981; 
Goldman 1991). These two possibilities can be used 
in conjunction with any of the three Markov models 
EQU, FEL,  and HKY described above, yielding 
models abbreviated SREQU, DREQU, DRFEL,  
etc. All models assume a tree structure of phyloge- 
netic relationships. 

FORTRAN source code of the computer pro- 
grams used in this study is available on request. 

Results 

Primate O'q-globin Pseudogenes 

K('ITA'/r G + "trC'l'rT) 
R -- (TrA + TrG)(axC + TrT) (16) 

In the implementation of this study, and unlike the 
DNAML program, the optimal value of the param- 
eter K is found by maximum likelihood methods. As 
with the FEL model, the estimates 4r are taken from 
the base frequencies observed in the data. This is 
done to save computational effort; the estimates are 
expected to be close to maximum likelihood esti- 
mates and an example in which this is so is given 
below. 

Molecular Clock 

Kimura, in his "neutral theory" of molecular evo- 
lution (e.g., Kimura 1983), has discussed biological 
models which would lead to rates of DNA substitu- 
tion being approximately constant over time for the 
majority of sites of sequences and for different spe- 
cies, i.e., lineages in trees. (See also Bishop and 
Friday 1985.) This has given a possible explanation 
of empirical findings of a "molecular clock" (e.g., 
Pesole et al. 1991). The assumption of a molecular 
clock corresponds to the assumption that Q is con- 
stant over all branches of a tree. In this paper, I 
abbreviate  models embodying this assumption 
" S R "  to indicate that the Same Rate applies to all 
branches of a tree. In this case, it is possible to infer 
the ancestral " roo t"  of a phylogenetic tree (Bishop 
and Friday 1985; Goldman 1991). 

In contrast, Felsenstein (1981) proposed the use 
of a different overall rate for each branch of a tree. 
This model does not make the "molecular clock" 

As a first illustrative example, I use the +-q-globin 
gene alignment published by Koop et al. (1986). 
These sequences represent a pseudogene present in 
a number of primates. Although longer sequences 
are now available for more species (Bailey et al. 
1991), for simplicity and ease of comparison of re- 
suits, the sequences for human, chimpanzee, go- 
rilla, orangutan, rhesus monkey, and owl monkey 
are used here. After alignment and removal of sites 
where insertions or deletions have occurred, the se- 
quences are 2040 base pairs (bp) long. These data 
have also been analyzed by Hasegawa et al. (1987, 
1988, 1989), Holmes et al. (1989), and Kishino and 
Hasegawa (1989, 1990). 

A test was performed of the adequacy of the 
SREQU model, i.e., the equiprobable Markov 
chain model, assuming the same substitution rate 
throughout the tree (i.e., molecular clock). This 
gave the following null hypothesis: 

H0: (a) the sequences are related by an 
(unknown) " t ree"  structure 

(bl) the sequences have evolved 
according the "equiprobable" 
(EQU) Markov model 

(bz) the same overall rate of change 
applies to all branches of the tree (17) 

The tree inferred by maximum likelihood analy- 
sis under this model is shown in Fig. 1. The optimal 
support is 

~o = ln(Lo) = -4915.0 (18) 

To explain these data as well as is possible, while 
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Fig. 1. Maximum likelihood tree for the 
~'q-globin data under the SREQU model. 
For SR models, branch-length labels are 
expressed as relative times when the mean 
overall rate of substitution is arbitrarily 
fixed equal to 1. Rooted trees (SR models) 
are drawn with vertical distances 
proportional to these times; i.e., the 
vertical edges of the page form a "time 
axis." The maximum support S o is as 
explained in the text. 

still assuming the sites of the sequences to be i.i.d., 
but making no phylogenetic inference, the uncon- 
strained model forms the alternative hypothesis 
[hypothesis (2)]: 

Hi: P(site j exhibits the pattern of bases % - 
(C~H, C~C, ~ G ,  ~O ,  C~RM, q~OM) for the 
sequences for human, chimpanzee, 
gorilla, orangutan, rhesus monkey, 
owl monkey) 

= p ~ ,  V j =  1,2 . . . . .  N (19) 

where the only constraint on the 4096 (4 6 ) probabil- 
ities p~ is that they must form a meaningful set of 
probabilities; i.e., equations (3) must hold. 

From equation (5), the maximum likelihood esti- 
mates of p~ are 

N~ N~ 
/5~ - N - 2040 (20) 

and so under the alternative hypothesis, using equa- 
tion (6b) the maximum support is calculated to be 

~1 = X N~ln(N~) - 20401n(2040) = -4646.6 

(21) 

Cox's test statistic ~ was then calculated [equa- 
tion (9)]: 

= 51 -- ~0 = (--4646.6) -- (--4915.0) 
= 268.4 (22) 

The significance of ~ is assessed by the Monte 
Carlo test. Monte Carlo data sets were generated by 

simulating the evolution of random ancestral se- 
quences. For the SREQU model, random ancestral 
sequences are easily generated according to the 
equilibrium distribution ~ = (1/4, 1/4, V4, 1/4). The 
optimal null hypothesis tree of Fig. 1 is used with 
the SREQU model to allow the simulated ancestral 
sequences to evolve using the appropriate substitu- 
tion probabilities (Bishop and Friday 1985:281), cre- 
ating simulated data sets xi. For each one, S0(x;), 
~l(X/), and thus gi [from equation (11)] were calcu- 
lated. 

The histogram of 100 values for gi is shown in 
Fig. 2. It is clear that the actual value of 268.4 for 
falls far beyond the distribution of A, and I conclude 
that the null hypothesis Ho is false and should be 
rejected. 

Following the rejection of the SREQU model as 
a description of the evolution of the t~'q-globin se- 
quences, it is clearly necessary to alter some or all 
of the three components of the rejected hypothesis 
(17). Assumption (a), the existence of a tree struc- 
ture, is fundamental to phylogenetic studies and will 
not be questioned in this study. The candidates for 
alteration are assumptions (bl) and (b2), regarding 
the substitution process model. 

In the interests of simplicity, these assumptions 
are treated separately and the assumption (bz) that 
rates of substitution are equal throughout the tree 
will be retained for the present. An alternative to 
assumption (bl) will be considered. Inspection of 
the aligned sequences (not shown) reveals two rel- 
evant features: first, that amongst the constant pat- 
terns the data exhibit a bias toward AAAAAA and 
TTTTTT and away from CCCCCC and GGGGGG. 
The overall base frequencies also show a preva- 
lence of A and T over C and G. Second, sites at 
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Fig. 2. Monte Carlo distribution of A for the Cox test of the 
SREQU model applied to the +-q-globin data. The attained value 
of ~ falls far beyond the null hypothesis distribution; the SREQU 
model is rejected. 

which one sequence differs from the other five are 
strongly biased toward this difference being a tran- 
sition and away from transversions. Considering 
these points, it would seem that the model could be 
improved by altering the overall base frequencies so 
that they better matched the data, and that transi- 
tions should be favored over transversions. This 
suggests the use of the HKY model in which both of 
these features may be controlled. The null hypoth- 
esis for a test of the SRHKY model is: 

Ho: (a) 

(bl) 

( 0  

the sequences are related by a " t ree"  
structure 
the sequences have evolved according 
to the HKY Markov model 
the same overall rate of change applies 
to all branches of the tree (23) 

The alternative hypothesis, representing the possi- 
bility of "any other i.i.d, model," is precisely as 
before [hypothesis (19)]. 

Under H 0, the maximum likelihood solution is as 
shown in Fig. 3. Notice the optimal value of the 
transition/transversion ratio parameter k = 5.06 
[corresponding to a ratio R = 2.50 in Felsenstein's 
(1991b) DNAML model: see equation (16) above] 
indicates a strong bias toward transitions. The op- 
timal support value is: 

go = - 4771.5 (24) 

an increase of 143.5 on the value under the SREQU 
model. Under H 1 ,  a s  before, the optimal support is 
g~ = -4646.6. The test statistic ~ is now [from 
equation (9)]: 

= gl - ~o = -4646.6 + 4771.5 
= 124.9 (25) 

The significance of this value for 8 is tested using 
a Monte Carlo test. Simulated ancestral sequences 
of 2040 bp were generated randomly using the em- 
pirical base frequencies (rr A, "rrc, v6,  rra-) = (0.295, 
0.191, 0.237, 0.277). The evolution of these se- 
quences along the branches of the null hypothesis 
optimal tree (Fig. 3) was simulated according to the 
SRHKY model with the above value for "rr and K --- 
5.06. The resulting sequences (xi) were analyzed un- 
der H 0 and H1 and the Monte Carlo sample values 
of the support difference statistic (g;) calculated; 100 
simulations give the Monte Carlo distribution (gl, 
g2, • • . ,  gl0O) shown in Fig. 4. The attained value 
= 124.9 falls below the 95th percentile of this dis- 
tribution; i.e., it is not significantly different from 
the value expected were the null hypothesis true, 
and the null hypothesis is accepted. 

Small Subunit RNAs 

As a second example, the new model-testing meth- 
ods are applied to the small-subunit RNA se- 
quences taken from the alignment of Dams et al. 
(1988) and used by Navidi et al. (1991) while ex- 
tending Lake's method of invariants (Lake 1987). 
The sequences are for Sulfolobus solfatarius, Ha- 
lobacterium salinarium (both Archaebacteria) ,  
Escherichia coli (Eubacteria), and human (Eukary- 
ota). The aligned sequences contain 1352 bp after 
sites containing gaps are excluded. 

Navidi et al. (1991) analyzed these sequences us- 
ing maximum likelihood inference based on the 
DRFEL model and using Lake's method of invari- 
ants. Their likelihood analysis differed very slightly 
from that used in this paper in that the parameter rr 
was estimated by maximum likelihood instead of 
directly from the observed frequencies of the bases 
A, C, G, T in the data. For the likelihood analysis, 
Navidi et al. suggested a likelihood ratio test similar 
to Cox's test discussed above. They proposed the 
same alternative unconstrained hypothesis [hypoth- 
esis (2)], but neglected to consider the choice 
amongst all possible trees as a component of the 
estimation process. 

Their simplification suggested the use of a stan- 
dard likelihood ratio test instead of Cox's test, and 
Navidi et al. used the X 2 approximation discussed 
above. They calculated the degrees of freedom as 
follows (Navidi et al. 1991:140). The unconstrained 
hypothesis has 255 d.f. (4 4 --  1) and the null hy- 
pothesis 8 d.f. [5 independent "branch lengths" 
(representing expected numbers of substitutions) 
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Fig. 4. Monte Carlo distribution of A for the Cox test of the 
SRHKY model applied to the 0~q-globin data. The attained value 
of ~ falls below the 95th percentile; the SRHKY model is ac- 
cepted. 

plus 3 parameters "tr i (the fourth being fixed by the 
other 3)]. If the contribution to the null hypothesis 
d.f. of the estimation of the optimal tree from 
amongst the set of all possible trees is omitted, the 
difference (247) should give the d.f. for a X 2 test, 
assuming there are sufficient data for the ×2 approx- 
imation to apply. In fact, the DRFEL model has 
more than 8 d.f. since a choice is also being made 
between possible trees. Consequently, it would be 
expected that Navidi et al.'s statistic should have 
fewer than 247 d.f. 

Analysis of these data using the DRFEL model 
gives the optimal tree shown in Fig. 5a. As ex- 
pected, this agrees well with the corresponding tree 
found by Navidi et al. (1991:140, equation 21; Na- 
vidi et al.'s branch lengths t i should all be multiplied 
by 3/4 to match the formulation of this study in 
which, in contrast to Felsenstein 1981, substitution 
of a base by itself is precluded). Notice the good 

correspondence between the empirical estimates of 
base frequencies, 4r of (0.240, 0.254, 0.321, 0.185) in 
this study and Navidi et al.'s maximum likelihood 
estimates, r = (0.229, 0.259, 0.309, 0.203). The 
maximum support value under the DRFEL mod- 
el is: 

~0 = -5867.7 (26) 

the maximum support under the unconstrained 
model is: 

gl = -5591.1 (27) 

and the Cox test statistic is: 

8 = gl - g0 = -5591.1 + 5867.7 
= 276.6 (28) 

According to Navidi et al.'s simplification, this sta- 
tistic should be distributed as 1/2X247 (i.e., 2A 
X247); its actual distribution, estimated by Monte 
Carlo methods, is shown alongside a 1/2X247 distri- 
bution in Fig. 5b. The discrepancy between these 
distributions is clear. (See below for further discus- 
sion.) For these RNA sequences there is no doubt 
about rejecting the DRFEL model, a conclusion 
also drawn by Navidi et al. (1991:141). 

The data were  fur ther  analyzed using the 
SRHKY model, which was found acceptable for the 
t~-q-globin pseudogene alignment discussed above. 
The optimal tree under this model is shown in Fig. 
6a; however, the SRHKY model is also rejected in 
favor of the alternative unconstrained hypothesis 
(Fig. 6b). 

Further Tests 

I now return to the question of choosing between 
two more-closely related models. By choosing hy- 
potheses that differ only in a small component, a 
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Fig. 5. a Maximum likelihood tree for the RNA sequences 
studied by Navidi et al. (1991) under the DRFEL model. For DR 
models, branch-length labels are expected numbers of substitu- 
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Fig. 6. a Maximum likelihood tree for the RNA sequences under the SRHKY model, b Monte Carlo distribution of A for the Cox test 
of the SRHKY model applied to these data. The attained value of ~ falls beyond the 95th percentile; the SRHKY model is rejected. 

test may effectively be performed of the contribu- 
tion that that component makes to the adequacy of 
the model. For example, by varying only the mo- 
lecular clock assumption [e.g., hypotheses (17b2) 
and (23b2)] it is possible to test whether constancy 
of substitution rate in all branches of the tree is 
indicated. Using Cox's test statistic, with signifi- 
cance levels assessed by Monte Carlo simulation, 
such a test may be performed without making any 
further assumptions about the relationships of the 
sequences or other phylogenetic parameters. 

The only proposal for a method which avoids 
untested assumptions about parameter values ap- 
pears to be that of Felsenstein (1981:374), who sug- 
gested the use of a likelihood ratio statistic to com- 
pare the assumption of rate constancy throughout a 

tree (the null hypothesis) against the possibility of 
different rates in different branches. The signifi- 
cance levels for this test were to be evaluated using 
a ×2 distribution and Felsenstein (1981, 1991b) de- 
rived the d.f. for such a test, appropriate in the 
limiting case N --+ oo. This test is oversimplified, for 
some of the same reasons that a ×2 distribution 
could not be used to test a single parametric model 
against the unconstrained alternative hypothesis. In 
any real problem too many patterns will not be ex- 
hibited by the data and, as before, it is unlikely that 
any asymptotic limit applies. Ritland and Clegg 
(1987) used Felsenstein's testing methodology and 
devised other tests between closely related models 
but faced problems about the sample sizes in rela- 
tion to the number of possible patterns. Ritland and 
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Clegg (1987:$81) commented on this, but without 
analysis of the possible effects. 

The test I now propose is analogous to the like- 
lihood ratio statistic 8 introduced above for testing a 
parametric model against a very general nonpara- 
metric alternative hypothesis. Here, however, in- 
terest is in the distinction between two parametric 
models which may both appear to describe the data 
adequately. If one model is a particular case of the 
other, then, as in traditional statistical theory, the 
null hypothesis will be the simpler (i.e., the less 
general) hypothesis. This corresponds to the case 
Ho C H 1. Cox's test may still be used when the 
models are not nested in this way (Cox 1961, 1962). 
Consequently, the test is more general than the ap- 
plications shown here might imply and is in fact 
suitable for comparing any pair of parametric hy- 
potheses. For example, it can be used to choose 
between two hypotheses which share the molecular 
clock assumption but embody different Markov 
models (Goldman unpublished). Its application to 
the choice between models which respectively do 
and do not embody the assumption of constancy of 
overall rate of substitutional change is very similar 
to the test suggested by Felsenstein (1981), differing 
only in the method for assessing the significance of 
the test statistic, although the justification is neces- 
sarily somewhat more complicated than Felsen- 
stein's. 

Care must be exercised when using this type of 
test---only the significance of the differences be- 
tween the hypotheses is evaluated, and any inade- 
quacies shared by the hypotheses will be ignored. 
Acceptance of a hypothesis by this test means that 
it is significantly better than the rejected hypothe- 
sis, but not that it is necessarily an adequate de- 
scription of the processes involved. 

Consider the primate ¢-q-globin sequences ana- 

lyzed previously: the SRHKY model was found to 
be satisfactory for these sequences. The DRHKY 
model is a more general version of the SRHKY 
model, as it permits a different overall rate in each 
branch of a tree, and thus it necessarily gives a 
greater optimal support for any given data set. We 
may desire to know whether this increase is no 
more than would be expected even if the SRHKY 
model were actually correct or whether the explan- 
atory power of the DRHKY model is such that it 
should be accepted. In other words, the test should 
be between the following hypotheses: 

H0: (a) the sequences are related by a " t ree"  
structure 

(b 1) the sequences have evolved according 
to the HKY Markov model 

(b2) the same overall rate of change applies 
to all branches of the tree (29) 

Hi: (a) the sequences are related by a " t ree"  
structure 

(bl) the sequences have evolved according 
to the HKY model 

(b~) different overall rates of change apply 
in different branches of the tree (30) 

Since hypotheses (29) and (30) differ only in the 
assumptions (29b2) and (30b;) regarding rates in dif- 
ferent branches of the trees, only this is tested. Ef- 
fectively, a test of the molecular clock is performed, 
without any further assumptions about the models' 
parameter values having to be made. 

The Cox test statistic for this comparison is as in 
equation (9). Hypothesis (29) has been used previ- 
ously [hypothesis (23)]; the optimal tree under hy- 
pothesis (30) is shown in Fig, 7a. We then calculate: 

8 = gl - ~o = -4765.7 + 4771.5 
= 5.8 (31) 



194 

20 6 = 119.1 

E 

O "  

15 

10 

0 
0 

= 5.8 

I I I 

2 3 4 5 6 7 

Fig. 8. Monte Carlo distribution of A for the Cox test between 
the SRHKY and DRHKY models applied to the 0-q-globin data. 
The attained value of ~ falls beyond the 95th percentile; the null 
hypothesis (SRHKY) model is rejected in favor of the alternative 
hypothesis (DRHKY model). 

As usual, the significance of this value is as- 
sessed with a Monte Carlo test. Data are simulated 
under the optimal null hypothesis tree (Fig. 3) and 
analyzed under hypotheses (29) and (30) to give 
simulated values ai (i = 1, 2 . . . . .  100) whose his- 
togram is shown in Fig. 8. This represents the dis- 
tribution expected for A when the null hypothesis is 
true. As the attained value ~ = 5.8 falls beyond the 
95th percentile of this distribution, it is judged un- 
likely to be from the null hypothesis distribution of 
A, and the SRHKY model is rejected in favor of the 
DRHKY model. 

A Monte Carlo test of the DRHKY model against 
the unconstrained model, using the methods above, 
confirms that the DRHKY model is accepted as a 
good explanation of the observed data (Fig. 7b). 
The conclusion from these results is that two 
closely-related models both seem adequate para- 
metric descriptions of the evolution of the primate 
t~'q-globin, but one is significantly better than the 
other. In this case, the test directly comparing the 
two takes precedence and the D R H K Y  model 
should be used by choice. The molecular clock hy- 
pothesis is rejected and the preferred estimates of 
the tree and other parameters are those shown in 
Fig. 7a. 

It is interesting to illustrate the effect of using 
Navidi et al.'s (1991) ×2 approximation in the test of 
the DRHKY model for these data. As noted above, 
if no account is taken of either the large number of 
patterns which are rarely (or not at all) exhibited in 
the data or the selection of one (optimal) tree from 
amongst the set of all possible trees, then an esti- 
mate of the d.f. for a ×2 approximation can be made. 
In this example the unconstrained model has 4095 
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Fig. 9. Monte Carlo distribution of A for the Cox test of the 
DRHKY model applied to the 0"q-globin data (left, as Fig. 7a) 
and the 1/2×2o83 approximation derived from Navidi et al. 's (1991) 
method (continuous curve, right). 

d.f. ( 4  6 - -  1) and the DRHKY model, according to 
the methods of Navidi et al., has 12 d.f. (3 free 
parameters %. + 1 parameter K + 8 independent 
branch lengths). Consequently, the estimate of the 
d.f. for the test is 

k = 4095 - 12 = 4083 (32) 

In the notation of this study, Navidi et al.'s methods 
estimate the distribution of A to be V2×2o83 . Figure 9 
shows this predicted distribution alongside the sim- 
ulated distribution of Fig. 7b. A test using the 
I.'/2X20S 3 distribution to assess ~ would imply an im- 
plausibly good fit of the data to the model; in fact, 
Fig. 7b shows the fit is much nearer to that expected 
under the DRHKY model. 

As a second example of the test of the molecular 
clock, the SRHKY and DRHKY models are com- 
pared as possible descriptions of the evolution of 
the small-subunit RNA sequences. The SRHKY 
model is a particular case of the DRHKY model and 
so forms the null hypothesis: the null and alterna- 
tive hypotheses are precisely hypotheses (29) and 
(30). The SRHKY model has already been used for 
these data (Fig. 6); the optimal tree under the 
DRHKY model (not shown) has support ~1 = 
-5837.6. Cox's test statistic ~ is thus 

= ~1 - ~0 = -5837.6 + 5840.5 
= 2.9 (33) 

The Monte Carlo distribution for A for this test is 
shown in Fig. 10. The attained value of ~ is below 
the 95th percentile, indicating that the apparent in- 
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crease in explanatory power of the DRHKY model 
is in fact no more than would be expected if the 
SRHKY model was true. Consequently there are no 
grounds for preferring the DRHKY model: the mo- 
lecular clock hypothesis is accepted for these se- 
quences. However, this last result must be inter- 
preted with caution. While the SRHKY model is 
preferred because the more general DRHKY model 
provides no statistically significant increase in ex- 
planatory power, recall (Fig. 6b) that the SRHKY 
model is itself rejected in favor of the (phylogenet- 
ically uninformative) unconstrained model. 

Discussion 

The phylogenies inferred for the two sets of aligned 
sequences studied in this paper agree well with the 
results of previous studies. For the ¢-q-globin 
pseudogene sequences, Koop et al. (1986) inferred 
the same tree relationship as Figs. 1, 3, and 7a, 
except for the relationships of human, chimpanzee, 
and gorilla. Koop et al.'s Wagner parsimony anal- 
ysis suggested the groupings ((human, chimpan- 
zee), gorilla) and ((chimpanzee, gorilla), human) but 
was unable to distinguish between the two. Holmes 
et al. (1989) preferred the grouping ((human, chim- 
panzee), gorilla), applying the methods of Bishop 
and Friday (1985; equivalent to the SREQU model 
of this study) and Lanave et al. (1984) to the se- 
quences for human, chimpanzee, gorilla, and oran- 
gutan only. Hasegawa and colleagues assumed the 
grouping (human, chimpanzee, gorilla) to be correct 
(Hasegawa et al. 1989; Kishino and Hasegawa 1990) 
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and concluded that rates of substitutional change 
are less in the branches leading to the hominoid 
sequences. Using the HKY substitution model, 
they estimated the relative transition/transversion 
rate parameter ~ (&/[3, in their notation) to be ap- 
proximately five. My methods reach broadly the 
same conclusions as Hasegawa and colleagues, 
without the assumption of a particular tree topol- 
ogy. 

A new result in the present study is that the HKY 
model is a statistically acceptable description of the 
evolution of the ¢-q-globins, with or without the ad- 
ditional assumption of a molecular clock. The de- 
velopment of a new model-testing technique which 
permits comparison of two closely related models 
indicates that the molecular clock assumption is not 
warranted, as the data are significantly better de- 
scribed by different substitution rates. These results 
are encouraging. The sequences are for a pseudo- 
gene which has no coding function, and there is no 
reason to believe that natural selection operates on 
them in this respect (Li et al. 1981; Maeda et al. 
1988). The sites of such sequences are more likely 
to evolve independently of one another and accord- 
ing to the same processes, satisfying the i.i.d, as- 
sumption. 

For the smaU-subunit RNA sequence alignment, 
one conclusion drawn is that Navidi et al. (1991) 
were right to reject the DRFEL model, although 
their statistical justification for doing so rested upon 
a potentially dangerous oversimplification. The 
SRHKY and DRHKY models were also rejected 
for these data. This is perhaps unsurprising, since 
for coding sequences the message carried by the 
DNA is important and any mutations will generally 
be highly significant. Natural selection will act upon 
these and will affect substitution. Assumptions of 
independence and of identical distribution may both 
be violated in this way. For protein coding se- 
quences, the existence of the genetic triplet coding 
structure (codons) also imposes further complex bi- 
ological constraints that are being ignored. Both of 
these effects have been discussed in detail by 
Bishop and Friday (1985:296-298). The tree inferred 
under the SRHKY model (Fig. 6a) and that ob- 
tained using the DRFEL model (Fig. 5a) differ from 
Lake's (1988) assessment of a larger data set using 
his method of invariants (Lake 1987). Further study 
of these sequences may enable us to relate these 
different findings to the failure of the models tested 
in this study. Most importantly, methods are now 
available for assessing objectively the suitability of 
the models upon which inferences are based. 

One criticism of phylogenetic analyses has been 
that most are unable to discriminate between cases 
in which they are or are not reliable (e.g., Penny 
and Hendy 1986; Penny et al. 1992). Virtually all 
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analyses have produced estimates of phylogenetic 
parameters under certain assumptions but without 
testing these assumptions, and it has been impossi- 
ble to assess whether the data are well described by 
the models or ill described. Without validation of 
models, it is difficult to assess the worth of the in- 
ferences made (Penny et al. 1992). These points 
may be compared to the stronger statement made 
by Bross (1990:1214): "Methods that require as- 
sumptions t h a t . . ,  are not verifiable lack statistical 
validity. Such methods should not be used by bio- 
statisticians to obtain scientific findings." 

The computational burden of the simulation tests 
proposed in this paper is quite considerable. It 
would be a great advantage to replace Monte Carlo 
simulation with a suitable approximation for the dis- 
tribution of A. Although, as discussed above, this 
will be difficult, it may be instructive to try to use as 
a natural starting point a 1/2× 2 distribution. The ex- 
pectation of a 1/2×2 distribution is k/2 (Lindgren 
1976), and using this result it is easy to fit a 1/2×2 
distribution to the Monte Carlo distribution of A 
simply by matching the means. For example, this 
suggests that the distribution of A in Fig. 5b, if it 
matches any l/z×2 distribution, is approximately 
1/2×267. 

Kendall and Stuart (1979) suggest fitting a X 2 dis- 
tribution to the actual distribution of a support dif- 
ference statistic by multiplying the statistic by a 
constant. In the notation of this study, this corre- 
sponds to comparing cA with a 1//2X224 7 distribution in 
the current example, for some constant c. Future 
study of the general problem of approximating the 
distribution of A might eventually lead to the reli- 
able use of ×2 or  other tabulated distributions, sav- 
ing much computational effort. 

Notice that in the example of Fig. 5b, the appar- 
ent d.f. (approximately 267) is greater than the es- 
timate of 247 made by Navidi et al. (1991), rather 
than fewer as predicted above. The explanation of 
this may be that the data fail the criterion that every 
pattern should be expected to be observed at least a 
few times. This seems likely to have some effect on 
the distribution of A; in this example it may have 
increased the apparent d.f. An alternative explana- 
tion could be that nonindependence of sites inflates 
the value of A. In contrast, for the qrq-globin exam- 
ple of Fig. 9 the apparent d.f. is much less than the 
naive estimate of 4083. For this six-sequence prob- 
lem there are far more candidate trees and we might 
conclude that the effect on the d.f. of choice be- 
tween them outweighs any effects of low expected 
numbers of observations of patterns or low total 
amounts of data. [Cf. equations (8).] 

×2 approximations may be more useful in tests 
between two similar models (McCullagh and Nelder 

1989), as discussed above. Further work is needed 
to evaluate this possibility. In addition, it would be 
encouraging to show that the distribution of A is not 
strongly dependent on 1~I0 (Loh 1985). This is as- 
ymptotically the case for traditional problems (H 0 C 
H I )  in which X 2 distributions have been used and 
would strengthen the argument that if I2I 0 is rejected 
then H0 is rejected also. 

The results of this study remind us how far we 
are from having widely applicable and accurate 
models for the evolution of DNA sequences. In 
cases where specific models are rejected it is of 
interest to know why--in what respects do the as- 
sumptions of the model fail to match the reality of 
the data? One biological factor missing from the 
models used in this study is natural selection, which 
may be manifested as a lack of independence of 
sequence sites. Attempts to tackle this problem 
have concentrated on models of inhomogeneity of 
nucleot ide base  composi t ion  along single se- 
quences. Neighboring base effects have generally 
been found significant, and some success has been 
achieved with models in which the base present at a 
given site depends on those before it (Avery 1987; 
Bulmer 1987; Churchill 1989). The effects this could 
have on phylogenetic comparison of many se- 
quences are unknown and could be extremely dif- 
ficult to ascertain. 
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