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ABSTRACT
Motivation: The desire to compare molecular phylogenies
has stimulated the design of numerous tests. Most of these
tests are formulated in a frequentist framework, and it is
not known how they compare with Bayes procedures. I
propose here two new Bayes tests that either compare
pairs of trees (Bayes hypothesis test, BHT), or test each
tree against an average of the trees included in the
analysis (Bayes significance test, BST).
Results: The algorithm, based on a standard Metropolis–
Hastings sampler, integrates nuisance parameters out and
estimates the probability of the data under each topology.
These quantities are used to estimate Bayes factors for
composite vs. composite hypotheses. Based on two data
sets, the BHT and BST are shown to construct similar
confidence sets to the bootstrap and the Shimodaira
Hasegawa test, respectively. This suggests that the known
difference among previous tests is mainly due to the null
hypothesis considered.
Availability: http://statgen.ncsu.edu/stephane/
Contact: stephane@statgen.ncsu.edu
Supplementary Information: Supplemental material ref-
erenced in the text can be found at http://statgen.ncsu.edu/
stephane/bayestests.htm

INTRODUCTION
Because the amount of data sampled is finite and the true
evolutionary process unknown, estimating a phylogenetic
tree is prone to uncertainty. This uncertainty concerns
not only the amount of evolution separating different
taxa (branch lengths), but also and mainly the topology.
In the framework of maximum likelihood (Felsenstein ,
1981), selection procedures of competing trees have been
available for almost two decades (e.g. Swofford et al.,
1996). Felsenstein (1985) first proposed the bootstrap
probability (BP) as a means of evaluating the support
of an estimated tree. Kishino and Hasegawa (1989) then
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proposed a test to evaluate whether two prespecified
topologies differ significantly. Recent implementations
of this test (e.g. Yang, 1997), traditionally denoted KH,
approximate the confidence interval of the log-likelihood
difference by assuming it is normally distributed under
the central limit theorem. Under the null hypothesis, the
expected log-likelihood difference is zero. If the observed
difference is greater than a critical value, then the two
models are declared significantly different.

However, the BP is known to be problematic (Hillis
and Bull, 1993; Felsenstein and Kishino, 1993; Efron et
al., 1996; Newton, 1996), while the KH test is subject
to selection bias, since the maximum likelihood tree is
usually one of the tested trees (Shimodaira and Hasegawa,
1999; Goldman et al., 2000; Shimodaira, 2002). Selection
bias is partly alleviated in the SH test (Shimodaira
and Hasegawa, 1999), but this test appears conservative
(Shimodaira and Hasegawa, 1999; Goldman et al., 2000)
and is sensitive to the number of topologies included in the
analysis (Goldman et al., 2000; Strimmer and Rambaut,
2002). The parametric bootstrap (SOWH test; Goldman et
al., 2000) is immune to the number of trees included in
the analysis, but seems very liberal (Goldman et al., 2000;
Buckley, 2002). The more recent AU test (Shimodaira,
2002), developed as a third-order accurate estimation
procedure of BP, possesses some desirable properties such
as unbiasedness, at least approximately.

Bayes selection procedures are known to avoid some of
the difficulties existing in the frequentist approach such
as the definition of a sample space, lack of coherence or
issues related to multiple comparisons (Lindley, 1990).
The Bayes factor has recently been used to test phyloge-
netic hypotheses while accommodating uncertainty about
the true tree, both in terms of nuisance parameters and of
topology (Huelsenbeck and Imennov, 2002). However,
Bayes approaches are criticised for their choice of a prior
distribution, or their sensitivity to the (unknown) model
of evolution (e.g. Shimodaira, 2002). Also, some Bayes
algorithms can fail to sample topologies that have small
probabilities (Huelsenbeck and Imennov, 2002). Besides,
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it is unknown whether Bayes credibility sets can be
similar to the frequentist confidence sets at a given level.

Here, I review the posterior probability of trees with
one possible approximation, and propose two new Bayes
tests. Both are based on the Bayes factor, estimated from
the output of a standard Metropolis–Hastings sampler.
The first test compares pairs of trees within the Neyman–
Pearson framework of hypothesis testing (e.g. Cox and
Hinkley, 1974), and is denoted hereafter Bayes hypothesis
test (BHT). The second test adapts pure significance tests
(e.g. Cox and Hinkley, 1974) to the Bayes approach, and is
denoted Bayes significance test (BST). As in a frequentist
framework, both BHT and BST can be inverted to give
credibility sets of trees at a certain level. I show that
BHT gives credibility sets that include trees with large
BP and posterior probabilities, while BST produces the
same sets as the SH test. These results are illustrated
by two examples, one using DNA sequences from HIV-
1 isolates (Goldman et al., 2000), and one using the
complete mitochondrial DNA genome of six mammals as
in Shimodaira and Hasegawa (1999).

METHODS
Posterior probability of trees and its approximation
Models of molecular evolution have two components:
a parametric substitution process, and a topology. A
specific tree Ti can be evaluated by computing its posterior
probability p(Ti | X) (Yang and Rannala, 1997; Larget
and Simon, 1999), derived from the Bayes theorem as

p(Ti | X) = p(X | Ti )p(Ti )/p(X). (1)

Unlike the topology, the parameters θ of the evo-
lutionary process are continuous. For instance, under
HKY85 + � (Hasegawa et al., 1985; Yang, 1994), they
include branch lengths, the transition–transversion rate
ratio, base frequencies and the shape parameter of the
gamma distribution modelling among-site rate variation.
As they are not of prime interest here and because
their value is uncertain, these nuisance parameters are
integrated out:

p(X | Ti ) =
∫

�

p(X | Ti , θ)p(θ | Ti )dθ. (2)

The normalising constant in (1), p(X), is the prob-
ability of observing the data X . It is expressed as∫

T,�
p(X | T, θ)d P(T, θ), that is, the likelihood func-

tion averaged over the (discrete) tree space T and over
the (continuous) parameter space �. The cumulative
distribution P(Ti , θ) is chosen to be non-informative
(proper uniform priors, as in Huelsenbeck and Imennov
(2002)). Since p(X) must be integrated over the tree space
(Larget and Simon, 1999), it is expensive to calculate,

and Markov chain Monte Carlo (MCMC) is employed to
approximate (1) (see supplementary information).

Another possibility is use the Bayes theorem for K
possible trees to approximate (1):

p(Ti | X) = p(X | Ti )p(Ti )/

K∑
j=1

p(X | Tj )p(Tj ) (3)

If the trees are equally probable, p(Ti | X) in (3)
reduces to p(X | Ti )/

∑K
j=1 p(X | Tj ), which can be

approximated by

p̂(Ti | X) ≈ exp{�(T̂i )}
/

K∑
j=1

exp{�(T̂ j )} (4)

where �(T̂i ) is the optimised log-likelihood of Ti (Kishino
and Hasegawa, 1989; Yang and Rannala, 1997; Shi-
modaira, 2001). The exponentiations can be calculated
with computer programs such as Mathematica�. Note
that (4) is not equivalent to (1) as it ignores the uncer-
tainty about parameters θ (e.g. Burnham and Anderson,
1998, p. 126). Moreover, (4) should be computed for the
K = (2s − 5)!/{2s−3(s − 3)!} unrooted trees of s species.
In practice, most of the trees have negligible probabilities,
and computing (4) is limited to k < K evaluated trees
(Yang and Rannala, 1997), even though this calculation
may be imprecise for small values of k. This approximate
posterior is noted AP hereafter.

Bayes factor for Bayes hypothesis test (BHT)
Like BP, posterior probabilities assess uncertainty (Efron
et al., 1996; Larget and Simon, 1999), but none of
them strictly allows hypothesis testing. Yang and Rannala
(1997) suggested that topologies be compared by means
of the Bayes factor (BF), which can be seen as a device to
transform posterior probabilities to another, comparative,
scale. This statistic was recently used in phylogenetics
(Huelsenbeck et al., 2000; Huelsenbeck and Imennov,
2002). I present here a different implementation. The BF
is defined in terms of a decision rule to compare pairs of
models (e.g. Kass and Raftery, 1995). In testing tree Ti
against Tj , it is computed as the ratio of the probabilities
of the data under each model:

B Fi, j = p(X | Ti )/p(X | Tj ) (5)

where p(X | Ti ) is computed as in (2). Another customary
way of defining the BF is as the ratio of the posterior odds
of Ti to its prior odds (Huelsenbeck and Imennov, 2002).
However, for diffuse posterior distributions, MCMC es-
timates can be imprecise, especially for trees with small
posterior probability (Huelsenbeck and Imennov, 2002).
Integrating as in (2) should give more precise estimates,
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Table 1.Bayes and frequentist tests of topologies for HIV-1 gag and pol gene nucleotide data set under two substitution models

Tree �� BP p(Ti | X) AP SOWH BHT SH BST

HKY85 + �

TM L 0.00 0.792 0.976 0.994 – – – 0.014
T2 6.03 0.081 0.014 0.002 0.000 6 × 102 0.160 7.684
T3 5.52 0.127 0.010 0.004 0.000 5 × 102 0.190 9.377

JC69
TM L 0.00 0.961 1.000 1.000 – – – 9× 10−10

T2 29.48 0.021 0.000 0.000 0.000 2 × 1013 0.035 5 × 104

T3 30.54 0.017 0.000 0.000 0.000 5 × 1013 0.027 2 × 104

NOTE—The tested trees are: TM L : ((B,D),((E2,E1),A2),A1); T2: ((B,D),(A2,A1),(E2,E1)) and T3: ((E2,E1),((B,D),A2),A1). �� denotes the log-likelihood
difference between TM L and Ti . BP is the bootstrap probability estimated by the RELL approximation. p(Ti | X) is the posterior probability of Ti and AP is
its approximation based on (4). Non-significant results (α > 1%; BF < 100) are in bold.

as p(X | Ti ) is estimated for each tree (see below), irre-
spective of its probability.

If BFi, j is greater than 1, Ti is favoured by the data
against Tj , while BFi, j � 100 is usually considered as
decisive evidence in favour of Ti (e.g. Kass and Raftery,
1995). Let us assume that Ti is the maximum likelihood
tree, TM L . Evaluated against the k − 1 alternative trees,
the object of BHT is to examine whether some tree Tj is
as plausible as TM L in light of the available data. Note that
as BHT compares trees two by two, it is not sensitive to the
number of trees included in the analysis.

Bayes significance test (BST)
The BF can also be used to compare more complex
hypotheses (Bernardo and Smith, 2000, pp. 391–394). To
represent adequately the implicit alternative hypothesis
characterising significance tests (Cox and Hinkley, 1974),
one of the composite hypotheses is taken as the average
over the tree space T and the parameter space �. This
leads to an extension of the (pairwise) BHT defined in (5):

B FT̄ ,i =
∫

T,�

p(X | T, θ)d P(T, θ)/p(X | Ti ) (6)

where p(X | Ti ) is computed as in (2). For computational
reasons, the arithmetic average in the numerator of (6)
is approximated by the geometric average. As above, a
convenient approximation is to restrict (6) to the set of the
k tested trees. If moreover, a uniform distribution for the
different trees is assumed as in (4), (6) reduces, on a log
scale, to an easily computed expression

log B FT̄ ,i ≈ 1

k

k∑
j=1

log p(X | Tj ) − log p(X | Ti ). (7)

As with BHT, the composite hypothesis T̄ is decisively
favoured against Ti when BFT̄ ,i is greater than 100. When

it is not the case, Ti is included in the set of trees not
significantly worse than any of the tested trees, i.e. in the
credibility set of trees at the Bayes equivalent of the least
favourable distribution (see Shimodaira and Hasegawa,
1999).

Note that the numerator in the right-hand side of (6)
is equal to p(X). This gives another way of computing
BFT̄ ,i , as the ratio of the prior of Ti to its posterior
probability. This method, not pursued here, is similar that
used by Huelsenbeck and Imennov (2002) to compute
BFi j .

The computational details relative to the calculations of
posterior probabilities and of the two Bayes tests described
above appear in the supplementary material available at
http://statgen.ncsu.edu/stephane/bayestests.htm.

RESULTS
The Bayes tests described above were applied to two data
sets, for which the BP, the SH and the SOWH tests were
computed (see supplementary information). All tests were
performed at 100 units of likelihood in Bayes approaches,
or at level 1% in frequentist approaches. Although there is
no formal relationship between these two levels, both are
usually interpreted as decisive evidence either in favour of
(Bayes) or against (frequentist) a hypothesis.

The first data set consists of six HIV-1 nucleotide
sequences originally compiled by Goldman et al. (2000):
subtypes A (two sequences: A1 and A2), B (one se-
quence), D (one sequence) and E (two sequences:
E1 and E2). These sequences are 2000 nucleotides
long and include the gag and pol genes. Although the
conventional tree groups A1 and A2 together, TM L is
((B,D),((E2,E1),A2),A1) (Goldman et al., 2000). Under
the HKY85 + � nucleotide substitution model, the
Bayes tests BHT and BST led to different credibility sets
(Table 1). High credibility was found in TM L for being
the correct tree (BHT), which is consistent with results
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Fig. 1. Distributions of log-likelihoods sampled at stationarity
for the three HIV-1 trees. Vertical arrows identify the maximum
likelihood tree (black curve) and the two alternative trees (grey
curves). Trees with a posterior probability larger than the average
probability of the data over the three tested trees (broken vertical
line) are included in the credibility set of BST. They are indicated
by a solid grey line. Distributions in a grey broken line indicate
trees not included in this set. (A) Results under the HKY85 +
� nucleotide substitution model. (B) Results under the JC69
nucleotide substitution model.

from the BP or the SOWH test. On the other hand, the
trees T2 and T3 were not significantly worse than T̄ under
BST (Table 1; Fig. 1A), consistently with the results from
the SH test (Table 1). Note that the posterior probability
of TM L , 0.976, is larger than the bootstrap proportion
(BP = 0.792), an effect already mentioned (e.g. Yang
and Rannala, 1997), probably due to the lack of fit of
HKY85 + � and a greater sensitivity of Bayes procedures
to misspecification (see below). The approximation (4),
AP (Table 1), is larger than the posterior probability
computed along the MCMC, which might be due to the

small number of trees compared.
To evaluate the relative effect of misspecification of the

substitution model on the different tree selection proce-
dures, I evaluated the competing trees under JC69 (Jukes
and Cantor, 1969). When compared with HKY85 + � un-
der TM L , this substitution model was rejected by a like-
lihood ratio test (2�� = (−5085.36) − (−5464.93) =
379.57; p < 0.001). Table 1 shows that T2 and T3 are
very improbable, both in terms of posterior probabilities
and AP values. These two trees were also rejected by both
Bayes tests (BHT and BST), with large BHT ratios, indi-
cating a probable sensitivity to misspecification of the sub-
stitution model. Overconfidence in TM L can also be seen
in Figure 1b where distributions of log-likelihoods sam-
pled from the MCMC do not overlap, and p(X | TM L)

is distinctly the largest. However, p-values of the SH test
were greater than the chosen α level. When the substitu-
tion model is highly misspecified, BST puts a larger cre-
dence than the SH test in a smaller set of trees. BST may
therefore be more sensitive to misspecification of the sub-
stitution model than the frequentist SH test.

In a larger data set, I analysed the mitochondrial
genomes of six mammalian species: human, harbour
seal, cow, rabbit, mouse and opossum. These genomes
were analysed by Shimodaira and Hasegawa (1999)
and Goldman et al. (2000) at the amino acid level.
I used the alignments of the complete mitochondrial
genome (10 806 nucleotides) compiled by Yoder and
Yang (2000). The HKY85 + � model of nucleotide
substitution was assumed. The topologies considered
were the fifteen selected by Shimodaira and Hasegawa
(1999), and were labelled by decreasing order of �(T̂i )

(Table 2). This ordering differs slightly from the one
found in the aforementioned paper, where the likelihood
values were computed from amino acid data. Two trees
(TM L and T2) were strongly supported by BP, p(Ti |
X) or its approximation AP, with probabilities close to
1/2. The BHT selected the same two trees (Table 2
and Fig. 2). However, only TM L was supported by the
SOWH test, which may be due to the undue sensitivity
to misspecification (Buckley, 2002). On the other hand,
the credibility set given by BST included more trees,
as trees T3 to T6 were not rejected (Fig. 2). This set is
identical to the confidence set given by the SH test. In this
significance framework, the traditional Glires grouping
(Lagomorpha + Rodentia), represented by trees T5, T10
and T14, has little support when all three codon positions
are considered. The Primates + Lagomorpha grouping has
more support since T2 and T6 (but not T7) are included in
both credibility and confidence sets.

Results at the nucleotide level appear inconsistent with
those at the amino acid level obtained by Shimodaira
and Hasegawa (1999). However, when only the first two
codon positions were used, the trees TM L to T6 and T10
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Table 2.Bayes and frequentist tests of topologies

Tree �� BP p(Ti | X) AP SOWH BHT SH BST

Three codon positions of the mammalian mitochondrial DNA data set under HKY85 + �

TM L 0.00 0.502 0.554 0.579 – – – 6× 10−16

T2 0.32 0.488 0.446 0.421 0.000 2.565 0.844 1× 10−15

T3 14.11 0.003 0.000 0.000 0.000 7 × 106 0.344 4× 10−9

T4 24.96 0.006 0.000 0.000 0.000 3 × 1010 0.093 2× 10−5

T5 32.65 0.000 0.000 0.000 0.000 5 × 1014 0.019 0.252
T6 34.44 0.000 0.000 0.000 0.000 5 × 1014 0.020 0.305
T7 39.09 0.000 0.000 0.000 0.000 2 × 1017 0.007 1 × 102

T8 42.02 0.000 0.000 0.000 0.000 2 × 1018 0.003 8 × 102

T9 42.81 0.000 0.000 0.000 0.000 3 × 1018 0.002 2 × 103

T10 45.31 0.000 0.000 0.000 0.000 2 × 1019 0.001 1 × 104

T11 46.26 0.000 0.000 0.000 0.000 4 × 1020 0.000 2 × 105

T12 46.27 0.000 0.000 0.000 0.000 1 × 1020 0.000 6 × 104

T13 49.20 0.000 0.000 0.000 0.000 7 × 1020 0.001 4 × 105

T14 51.14 0.000 0.000 0.000 0.000 9 × 1021 0.000 5 × 106

T15 56.38 0.000 0.000 0.000 0.000 6 × 1024 0.000 3 × 109

Codon positions one and two of the mammalian mitochondrial DNA data set under HKY85 + �

TM L 0.00 0.664 0.996 0.994 – – – 1× 10−9

T2 7.21 0.086 0.001 0.001 0.006 9 × 102 0.556 1× 10−6

T3 5.32 0.188 0.003 0.005 0.000 2 × 102 0.652 2× 10−7

T4 19.31 0.001 0.000 0.000 0.000 8 × 107 0.094 0.085
T5 16.05 0.010 0.000 0.000 0.000 5 × 106 0.172 0.005
T6 22.63 0.003 0.000 0.000 0.000 6 × 109 0.052 6.748
T7 30.36 0.000 0.000 0.000 0.000 2 × 1013 0.004 2 × 104

T8 29.30 0.000 0.000 0.000 0.000 3 × 1012 0.007 4 × 103

T9 31.71 0.000 0.000 0.000 0.000 3 × 1014 0.002 3 × 105

T10 17.81 0.045 0.000 0.000 0.000 5 × 107 0.133 0.059
T11 23.03 0.000 0.000 0.000 0.000 6 × 1010 0.041 7× 101

T12 23.08 0.000 0.000 0.000 0.000 8 × 109 0.041 9.056
T13 24.20 0.001 0.000 0.000 0.000 3 × 1010 0.034 3× 101

T14 23.20 0.000 0.000 0.000 0.000 4 × 1010 0.036 4× 101

T15 34.91 0.000 0.000 0.000 0.000 1 × 1015 0.001 1 × 106

NOTE—The tested trees are: TM L : (((H,(P,B)),O),M,D), T2: (((H,O),(P,B)),M,D), T3: ((H,((P,B),O)),M,D), T4: (((H,(P,B)),M),O,D), T5:
((H,(P,B)),(O,M),D), T6: (((H,O),M),(P,B),D), T7: ((H,O),((P,B)M),D), T8: (((H,M),(P,B)),O,D), T9: ((H,((P,B),M)),O,D), T10: ((H,(O,M)),(P,B),D),
T11: ((H,M),((P,B),O),D), T12: (H,(((P,B),O),M),D), T13: (((H,M),O),(P,B),D), T14: (H,((P,B),(O,M)),D) andT15: (H,(((P,B),M),O),D) where the taxa are
labelled as: H = Homo sapiens (human), P = Phoca vitulina (harbour seal), B = Bos taurus (cow), O = Oryctolagus cuniculus (rabbit), M = Mus musculus
(mouse) and D = Didelphis virginiana (opossum). �� denotes the log-likelihood difference between TM L and Ti . BP is the bootstrap probability estimated
by the RELL approximation. p(Ti | X ) is the posterior probability of Ti and AP is its approximation based on (4). Non-significant results (α > 1%;
BF < 100) are in bold.

to T14 were included in the sets of trees derived from
both BST and the SH test (Table 2). This corresponds
to the results obtained and discussed by Shimodaira and
Hasegawa (1999), and suggests that the results obtained
with all codon positions are due to the effect of saturation.
Note that in this case, BP, posterior probabilities, AP,
SOWH and BHT consistently selected TM L as the true
tree.

DISCUSSION
As an alternative to Huelsenbeck and Imennov (2002), I
have presented a means of computing BF based on the

estimation of the probability of the data from MCMC
outputs. Besides the classical use of BF to compare pairs
of trees, I have extended the test statistic to composite
hypotheses including several trees, hereby defining a
Bayes equivalent to significance tests.

The results presented above show that Bayes and non-
parametric tree selection procedures can give consistent
results under the same null hypotheses. In the examples
examined here (Tables 1 and 2), selection procedures of
the true tree (BP, posterior probability, AP and BHT) gave
the same credibility or confidence sets of trees under the
HKY85 + � nucleotide substitution model. The same was
found for significance tests (SH and BST). Also, it is
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Fig. 2. Distributions of log-likelihoods sampled at stationarity for
the fifteen mammalian trees tested (analysis over the three codon
positions). Vertical arrows identify the maximum likelihood tree
(black curve) and the alternative trees included in the credibility set
of BST (grey solid curves). The vertical broken line indicates the
average probability of the data over the fifteen tested trees (Bayes
equivalent of the least favourable distribution); grey distributions in
a broken line indicate trees not included in the credibility set of BST.

clear from the definition of the Bayes tests that BHT is
independent of the number of trees tested. This property
appears to be common to selection procedures of the true
tree, as it also characterises the BP, the SOWH test, as
well as information-theory-based procedures (Strimmer
and Rambaut, 2002). On the other hand, BST is dependent
on which trees are included in the analysis, a characteristic
shared with the SH test (Goldman et al., 2000; Strimmer
and Rambaut, 2002; Shimodaira, 2002).

However, because of the sensitivity of the BF to prior
distributions, it is expected that using informative priors
should give different credibility sets. This problem also ex-
ists in the frequentist approach where different confidence
intervals can be constructed either by measuring distances
from the null hypothesis or further than the null hypoth-
esis from the boundary (e.g. Efron et al., 1996). Poten-
tially more problematic, the Bayes procedures described
here appear more sensitive to specification of the substitu-
tion model than non-parametric procedures such as the SH
test. This confirms some recent claims about the behaviour
of the BF (e.g. Shimodaira, 2002), and extends it to Bayes
tests in a significance test context. The parametric boot-
strap also appeared sensitive to specification of the substi-
tution model, as it rejected all the alternative trees in the
few data sets considered (Tables 2). The SOWH test might
be more sensitive to misspecification than the BHT, but
their relative sensitivity is difficult to assess here. Because

of the approximation ‘posPpud under HA’ used to per-
form the SOWH test, its p-values may slightly be inflated
(Goldman et al., 2000). On the other hand, the parametric
bootstrap is known to be very sensitive to misspecifica-
tion (Huelsenbeck et al., 1996) and can have large type I
error rates (Buckley, 2002). As the interplay between sen-
sitivity to model specification and diverse consequences
of computational optimisations is not clear, it might be
wise to use the Bayes tests like parametric tests should
be used: with realistic substitution models (Huelsenbeck
et al., 1996), and cautiously (Buckley, 2002).

The consistency between Bayes and non-parametric ap-
proaches in terms of confidence sets of trees underlines
the importance of the null hypothesis tested. However, se-
lection procedures of the true tree such as BP, the pos-
terior probability, AP or BHT may not give appropriate
measures of confidence when the objective is to compare
topologies in a significance test framework. This raises
the issue of the framework best suited to molecular phy-
logenetics. Unlike hypothesis tests, significance tests ex-
plicitly work on a set of trees, and avoid repeated pair-
wise comparisons against the maximum likelihood tree.
Pairwise comparisons typically lead to suboptimal proce-
dures, in the sense that they do not use all the information
available from the data. A similar situation is encountered
when distance methods are used to estimate phylogenetic
trees (Swofford et al., 1996) or when counting methods are
used to detect positive selection (Yang and Nielsen, 2000).
Moreover, phylogeneticists are more often interested in
multifaceted questions rather than in comparing only two
trees. In that case, significance tests may be more suitable,
and are safer to use (Shimodaira, 2002; Buckley, 2002).

To conclude, Bayes tests and their non-parametric
counterparts can give consistent results. This suggests
that the difference observed between tests of phylogenetic
hypotheses mainly amounts to the exact null hypothesis
tested (Goldman et al., 2000): On the one hand, Bayes
hypothesis tests (BHT) evaluate the null hypothesis that
a given tree is correct and explicitly use an alternative
hypothesis, usually taken at the maximum likelihood
tree; On the other hand, Bayes significance tests (BST)
formulate a null model as an average over a set of
trees, against which each tree is compared. However,
the Bayes tests implemented here seem more sensitive
to the specification of the substitution model than non-
parametric approaches, and can hence be misleading
(Buckley, 2002). Although Bayes tests may be less
sensitive than the parametric SOWH test, they should be
use cautiously.
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