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Evaluating Congruence Among Gene Trees

Whenever different types of data are used in a sci-
entific analysis, a concern is whether they all point to
the same answer except for sampling error. This is no
less the case for phylogenetic analysis. If rates of evo-
lution exceed a certain threshold, and edge (branch or
internode) lengths and branching pattern meet certain
configurations, then maximum parsimony will be incon-
sistent (Felsenstein 1978). That is, the data will indicate
the wrong tree with increasing support as sequence
length tends to infinity. Accordingly, it is possible that
faster-evolving characters strongly disagree with more
slowly evolving characters in recovering the underlying
tree, and the combined data set may also indicate an
incorrect tree (Bull et al. 1993). Furthermore, inconsis-
tency has been shown to be a problem for all classes of
phylogenetic analysis, including distance methods and
maximum likelihood (Waddell 1995; Lockhart et al.
1996).

The data set may consist of a mixture of sites, that
is, data partitions (a generic term that can mean a gene,
a part of a gene, a set of genes, a locus, etc.) which are
either consistent or inconsistent with regard to identi-
fying the historical tree. Because of this, it is unwise to
automatically combine all data (Bull et al. 1993; Huel-
senbeck et al. 1994). Rather, one should make an effort
to detect partitions of the data that lead to inferences of
statistically distinct trees and then proceed with caution
if differences are found (Cunningham 1997). Note that
we use the term ‘‘congruence’’ to mean agreement,
which does not necessarily mean that trees are the same,
but rather that the differences are not statistically
significant.

There are other causes of incongruence apart from
inconsistency of tree estimators and the attendant sys-
tematic error. One is stochastic bias due to finite sample
size, i.e., a difference of the mean estimate with finite
data from that with infinite data. Accordingly, the total
difference between a tree estimate and the historical tree
is a function of stochastic variance about the estimator’s
mean due to finite data, stochastic bias, and systematic
error. However, stochastic bias generally drops away
quickly with increasing sequence length and has rarely
been shown to be a dominant factor in tree inference.
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Another cause of incongruence is ancestral poly-
morphism. However, branch points of taxa outside of
species complexes tend to be separated by reasonably
long periods that are typically much longer than the an-
cestral population coalescence time. Furthermore, given
recombination rates similar to substitution rates, finding
gene trees that disagree strongly, e.g., with the bootstrap,
is even more unlikely (Waddell 1995). A third cause is
horizontal transfer, which seems relatively rare in ani-
mals but is more common in bacteria and in plants, e.g.,
via hybridization. Overall, however, there is consider-
able evidence for inconsistency of tree estimators, e.g.,
quite different trees from first, second, and third posi-
tions, and we feel that this is the a priori most likely
explanation in higher-order vertebrate systematics. That
is, generally, inconsistency (systematic error) of esti-
mators should be considered first, before looking for
other causes. Therefore, associating the tests below with
detection of inconsistency is often reasonable a priori,
as discussed later.

Nested hypotheses of whether the optimal tree to-
pologies for k data partitions are significantly different
can be set up as follows.

H0: The trees from data partitions 1, . . . , k are
congruent, so we expect that the data sets
were generated under the same tree topology
(called , the median tree).TMED

H1: The trees for data partitions 1, . . . , k are not
congruent.

For example, assume there are two genes, A and
B, and four taxa. Thus, there are three unrooted resolved
trees T1, T2, and T3, with parameters u1, u2, and u3,
respectively. Denote the data partitions A and B by XA
and XB, respectively. Then, the maximum likelihood for
tree Ti with Xj is ln L(Xj z i(Xj), Ti), where ln is theû
natural log, and i(Xj) is the maximum-likelihood esti-û
mate of ui, for Ti, based on data Xj. Let ln L(TiA, TjB)
5 ln L(XA z i(XA), Ti) 1 ln L(XB z j(XB), Tj). Further-û û
more, assume that the set of parameters describing the
process of character change is chosen using AIC (e.g.,
Kishino, Miyata, and Hasegawa 1990). The log likeli-
hood for H0, ln L(H0), is

max {ln L(T , T ), ln L(T , T ), ln L(T , T )},1A 1B 2A 2B 3A 3B

and that for H1, ln L(H1), is

max{ln L(T , T ), ln L(T , T ), ln L(T , T ),1A 1B 2A 2B 3A 3B

ln L(T , T ), ln L(T , T ), ln L(T , T ),1A 2B 1A 3B 2A 1B

ln L(T , T ), ln L(T , T ), ln L(T , T )}.2A 3B 3A 1B 3A 2B

The test statistic cLR 5 ln L(H1) 2 ln L(H0). Clearly,
the hypotheses are nested, but both consist of multiple
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hypotheses (sets of trees), each involving the maximi-
zation of a quantity unknown before the data are ana-
lyzed. Thus, the usual x2 asymptotic distributions of LR
statistics that are often so convenient to use when testing
simple nested hypotheses do not apply here without in-
voking special conditions, namely, that the optimal tree
for each data partition is fixed a priori. The above for-
mulation follows Huelsenbeck and Bull (1996), except
that we do not expect a simple convergence to x2

asymptotically.
To test H0 versus H1 when a tree is unknown a

priori for each gene, brute force Monte Carlo (paramet-
ric bootstrap) computer simulation may be used (Huel-
senbeck and Bull 1996; Huelsenbeck, Bull, and Cun-
ningham 1996). When the tree that minimizes cLR is
searched for (call it ; it is also the overall maxi-TMED̂
mum-likelihood tree, as seen later), then n, e.g., 1,000,
replicate samples of data A and B are simulated under
the optimal parameter values associated with .TMED̂
Each replicate data partition is analyzed in the same way
as the original data (including tree search), and the dif-
ference in ln L under H0 and H1 is stored. The results
of these replicates approximate the true distribution of
cLR under H0. This test follows the outline of Cox
(1962) and is both exact and statistically efficient (for
phylogenetic applications, see Reeves 1992; Goldman
1993). This approach is, unfortunately, computationally
very expensive, and consequently this test is rarely used.

Another test of congruence (Waddell et al. 1999)
takes a tree, e.g., , and asks if the maximum-like-TMED̂
lihood trees of each data partition are within sampling
error of it. This test measures the distance from TMED̂
to the nominated tree, Ti, of each data partition in nor-
malized Dln L units, i.e., dividedln L(T ) 2 ln L(T )MED î
by the standard error of this difference (with the latter
estimated using the formula of Kishino and Hasegawa
[1989]). These normalized likelihood differences should
be close to standard-normally distributed, i.e., N(0, 1).
As long as all trees are specified a priori, the expected
distribution of the sum of squared normalized deviations
approximates x2 (for f data partitions, degrees of free-
dom equals f if the median tree is known a priori, or f
2 1 when is chosen to minimize the squared de-TMED̂
viations). This test does not take into account the in-
creased uncertainty due to tree searching on the data
being analyzed.

We report here a fast way to estimate the distri-
bution of cLR under H0. It takes into account the max-
imization across trees by using centering (e.g., Hall
1992, p. 292) of log likelihood values obtained from
bootstrap replicates. Centering was recently used by Shi-
modaira and Hasegawa (1999) to assist in the selection
of a confidence set of trees for a single data partition,
and this is a natural application of the centering proce-
dure to another type of phylogenetic test.

A Rapid Likelihood Ratio-Based Congruence Test

Let X1, . . . , Xk be the data partitions j 5 1, . . . ,
k, respectively. Next, select an appropriate set of param-
eters describing the evolution of characters in each data

partition (e.g., using AIC). Select a type I error level, a
(e.g., 0.05), and fix n, the number of replicates to be
used to infer the distribution under H0 (n . 100 is pref-
erable), then perform the test as follows.

Step 1. Find the maximum-likelihood tree, i.e., T1, . . . ,
Tk, for the k data partitions. If there are other trees
to be tested, add in z 2 (k 1 1) other trees, Tk11,
. . . , Tz (so that z is the total number of trees
included in the test).

Step 2. The test statistic for the mth tree (m 5 1, . . . ,
z) is

k

cLR 5 ( ln L(X z û (X ), T )Om j j j j
j51

2 ln L(X z û (X ), T )). (1)j m j m

In this step, all free parameter values, including
edge lengths, are reoptimized on each tree. By
shifting the summation in equation (1), clearly,
the tree that gives the minimum value of cLRm,
and hence the minimum sum of likelihood dif-
ferences to the maximum-likelihood trees of
each data partition, is , with statisticTMED̂

.cLRMED

Step 3. (Necessary only if using RELL in step 4). For
each data partition j, j 5 1, . . . , k, store the site
pattern log likelihoods for Tm, m 5 1, . . . , z, in
the vector vjm (giving the set v11, . . . , vkz).

Step 4. For each data partition, j 5 1, . . . , k, generate
n bootstrap replicates of the data, storing the hth
replicate as . For each hth replicate, evaluatehI*jm

the likelihood of data partition j on the mth tree
by reoptimizing all free parameters, and store
the likelihood (a single number) as ln . ThehL*jm

method of resampling estimated site log likeli-
hoods (RELL; see Kishino, Miyata, and Hase-
gawa 1990) from step 3, which avoids reoptim-
ization of parameters, is a much quicker way to
approximate ln .hL*jm

Step 5. Calculate 1/n , which is the averagen hS ln L*h51 jm

likelihood of data partition j under tree m, for
the n replicates. Subtract this number from each
likelihood replicate, i.e., 2 1/nh hR* 5 ln L*jm jm

.n hS ln L*h51 jm

Step 6. For each replicate and each tree, calculate
.h h hS* 5 max {R* } 2 R*jm i ji jm

Step 7. For each replicate h and each tree Tm, calculate
Ehm 5 , where Ehm is the hth replicatek hS S*j51 jm

of cLRm.

Step 8. Calculate pm 5 #{Ehm . cLRm}/n, for each m
5 1, . . . , z. If pm , a, for all m 5 1, . . . , z,
reject H0; otherwise, fail to reject H0.

The new test is described in general form. That is,
it allows all trees from step 1 to be tested as congruent
with the maximum-likelihood trees of the data parti-
tions. If one simply wants to test H1 versus H0, then
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rejection of almost certainly means rejection of H0TMED
(thus, in steps 6–8, only need be considered).TMED

Note that steps 5 and 6 involve centering, which
basically acts to conform the sampled log likelihoods of
the data under different trees to what they would be if
they came from a single tree as H0 specifies. Unlike the
parametric bootstrap, centering forces all trees to have
equal expected likelihoods under H0, which is typically
not the case (i.e., some trees really are better than oth-
ers). Generally, the test is conservative; i.e., it rejects H0
too rarely, due to this last point.

The number of replicates, n, can be selected in an
adaptive way with minimal impact on the outcome of
the test. As a simple example, if a 5 0.05 and pm 5 0
for a trial of 100 replicates, it is sufficient to stop; oth-
erwise, return to step 4 and increase n to 1,000.

It may be assumed that the test is made over all
binary trees. However, these trees grow in number ex-
ponentially, so it is not feasible for moderate numbers
of taxa. Additionally, due to the nature of centering, add-
ing in trees far from only makes the test moreTMED̂
conservative. In practice, the test works best when we
keep z small and include mostly trees within sampling
error of each of the maximum-likelihood trees, including

. The test is fast when using RELL, so if the siteTMED̂
likelihoods of promising trees (e.g., by the KH test) can
be stored simultaneously with a tree search, there is min-
imal additional computational load.

A useful aspect of the new test is that any or all
trees, 1, . . . , z, can be tested to determine if they are
acceptable ‘‘median’’ trees, including trees stated a
priori (e.g., a morphological tree, a tree from another
type of genetic data, or an area cladogram). Note that
when testing any Tm as an acceptable median tree, the
distribution of the test statistic is evaluated by centering
on Tm (steps 6–8). For the parametric bootstrap, this is
equivalent to resimulating on Tm (even if it is not an
optimal tree). However, a test based on the distribution
of cLR from the highest likelihood tree alone will often
give the same answer. In testing a completely a priori
tree, the new test tends to be more conservative than
usual because there is no maximization of likelihood
across trees for this tree.

Application to Data Partitions in mtDNA

Consider the question of whether the tree from the
concatenated tRNA sequences (22 genes, 1,240 char-
acters) of vertebrate mtDNA is congruent with the tree
from the concatenated amino acids (AA; 12 genes, 2,272
noninvariant characters) of the same molecule (Waddell
et al. 1999). Each data partition has the same 36 taxa
and spans from lamprey to closely related primates (data
available from http://wheat.ab.a.u.-tokyo.ac.jp). The test
of Waddell et al. (1999) did not show a significant dif-
ference, although as models became more general, this
test came very close to rejecting H0 with a 5 0.05.
Here, we reevaluate using the new test. First, we analyze
the tRNA data with the most general model in PAUP*,
version 4.0 (Swofford 1998), that is, the general time-
reversible model with eight free parameters other than

the edge lengths, plus a mixture of invariant sites (p̂inv
5 0.060) and variable sites following a G distribution
(k̂ 5 0.973) (using successive updating of the maxi-
mum-likelihood estimates of parameters on the optimal
tree following a tree bisection-reconnection tree search).
The maximum-likelihood tree is slightly different from
that found previously, although the differences are not
statistically significant. The best tree now puts the un-
usual fish Polypterus with the ray fins, as most mor-
phologists would favor. Also, the platypus joins the mar-
supials, and the armadillo branches immediately before
the elephant, just one short internode from being sister
to all the other placentals. tRNA trees of near-optimal
likelihood combine local permutations of these parts of
the tree, with those of the relative positions of the lam-
prey, the lungfish, and tetrapods. The amino acids are
analyzed using ProtML, version 2.3 (Adachi and Hase-
gawa 1996), the included mtDNA rate matrix, and re-
moval of invariant sites in proportion to the constant
sites (Waddell et al. 1999).

Importantly, we have a priori biological trees from
independent data. Traditional methods (paleontology
and morphology) favor the tree Tbio1, (lamprey, (shark,
((rayfins, Polypterus), (coelacanth, (lungfish, (frog, (rep-
tiles, (monotremes, (marsupials, (placentals))))))))))
(e.g., Carrol 1987), while relationships within placentals
are often assumed to follow Novacek (1992, p. 64). An
additional tree, Tbio2, our own estimate of the historical
tree, is the same as above except that relationships with-
in placentals follow Waddell, Okada, and Hasegawa
(1999). Support for Tbio2 is largely independent of the
mtDNA data. Are these trees congruent with the maxi-
mum-likelihood trees from amino acids and tRNA?

In performing the test, a 5 0.05 and n 5 10,000.
Our set of z trees incorporates 20 trees within sampling
range of the maximum-likelihood tree from either tRNA
or amino acid data partitions, plus the two biological
trees (in this case, trees around the amino acid maxi-
mum, TAA2, are also trees around ). The results ofTMED̂
testing each individual tree are shown in table 1. Clearly,
the new test does not reject H0 for the trees that have
near-maximal likelihood based on the amino acid data,
but it does reject all the best trees based on the tRNA
data. This result implies that the tRNA sequences have
low resolving power in parts of the phylogeny where
tRNA and amino acid trees disagree. Thus, there is no
evidence of the phylogenetic inferences based on tRNA
and amino acid sequences being out of harmony with
each other, so a joint estimate of the best tree would not
seem unreasonable.

As seen from table 1, both a priori biological trees
are clearly incongruent with the trees from the data. Ex-
planations include the biological estimates being wrong
and/or the mtDNA data not being analyzed adequately.
We expect predominantly the latter explanation outside
of placentals, while within placentals, nuclear genes tend
to support the relationships in Tbio2 (unpublished data),
making it a likely explanation within placentals for Tbio2.
Regarding mtDNA evolution, the interaction of rate var-
iation across sites and a nonstationary substitution pro-
cess is very hard to model properly.
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Table 1
Testing Trees Under Which the mtDNA Data Might Have Been Generated

Tree ln L AA BPa AA ln L tRNA BPa tRNA cLR P1
b P2

c

AA1 . . . . . . . . . . . 272,736 0.080 218,871 0.000 39.86 0.668 0.685
AA2 . . . . . . . . . . . 272,739 0.204 218,864 0.002 35.23 0.746 0.746
AA3 . . . . . . . . . . . 272,766 0.003 218,870 0.000 68.64 0.355 0.352
AA4 . . . . . . . . . . . 272,753 0.066 218,860 0.005 45.72 0.630 0.608
AA5 . . . . . . . . . . . 272,741 0.077 218,872 0.000 46.15 0.593 0.602
AA6 . . . . . . . . . . . 272,739 0.152 218,878 0.000 49.74 0.554 0.555
AA7 . . . . . . . . . . . 272,740 0.256 218,885 0.000 57.31 0.477 0.467
AA8 . . . . . . . . . . . 272,744 0.059 218,876 0.000 52.28 0.525 0.526
AA9 . . . . . . . . . . . 272,742 0.102 218,872 0.000 46.25 0.609 0.601
AA10. . . . . . . . . . . 272,757 0.001 218,886 0.000 76.01 0.300 0.290
tRNA1 . . . . . . . . . 272,893 0.000 218,832 0.038 156.96 0.006 0.011
tRNA2 . . . . . . . . . 272,861 0.000 218,832 0.309 124.98 0.029 0.048
tRNA3 . . . . . . . . . 272,907 0.000 218,833 0.042 172.75 0.002 0.005
tRNA4 . . . . . . . . . 272,919 0.000 218,833 0.154 184.51 0.001 0.003
tRNA5 . . . . . . . . . 272,867 0.000 218,833 0.037 132.19 0.018 0.035
tRNA6 . . . . . . . . . 272,884 0.000 218,833 0.044 149.56 0.012 0.016
tRNA7 . . . . . . . . . 272,949 0.000 218,834 0.011 214.59 0.000 0.000
tRNA8 . . . . . . . . . 272,936 0.000 218,834 0.048 202.12 0.000 0.001
tRNA9 . . . . . . . . . 272,937 0.000 218,833 0.177 202.28 0.000 0.001
tRNA10 . . . . . . . . . 272,949 0.000 218,832 0.124 213.19 0.001 0.000
bio1. . . . . . . . . . . . 273,208 0.000 218,871 0.009 511.24 0.000 0.000
bio2. . . . . . . . . . . . 273,009 0.000 218,873 0.001 314.14 0.000 0.000

NOTE.—AA 5 amino acid.
a Bootstrap proportions from RELL with n 5 10,000.
b P value of the new test.
c P value if the distribution of the test statistic is fixed on that of the overall highest total likelihood tree, AA2.

FIG. 1.—The maximally different distributions of cLR generated
under different trees (specifically, TAA2 and Tbio1).

The estimated distributions of the cLR test statistic
when testing TAA2 and Tbio1 as possible median trees are
shown in figure 1. The long tail with Tbio1 illustrates one
facet of the conservativeness due to centering. Note that,
in contrast to the present test, a failure to record even
1% of bootstrap support for a tree (table 1) does not
indicate incongruence, since this type of inspection does
not take into account the number and proximity of com-
peting trees.

Discussion

Because the desire to combine conflicting data is
strong in real studies (e.g., Liu and Miyamoto 1999),

the conservativeness of the present test is unlikely to be
a major concern for some. Combining data often makes
sense if one’s major concern is stochastic error. That is,
if one expects to get an additional three edges correct
by reducing sampling error, but only one additional edge
wrong due to systematic error, one has a valid argument
for combining.

Conservativeness of a test is also presently desir-
able, because maximum-likelihood tests of congruence
assume that we can identify and generate the data under
the true model of character evolution; failure to take this
process into account causes tests of homogeneity to re-
ject H0 too often (Waddell 1995; Huelsenbeck, Bull, and
Cunningham 1996). Furthermore, in reality, site evolu-
tion is typically correlated, so this breakdown of the
independence of sites also leads to the parametric boot-
strap rejecting H0 too often.

If the new test is considered too conservative, a
parametric bootstrap can be invoked in those cases
where rejection of H0 is not quite achieved (e.g., 0.05
, P , 0.3). Initial results of a computationally fast ver-
sion of Huelsenbeck and Bull’s (1996) test are also
promising. The test is the same until data sets are
evolved according to the model on , except thatTMED̂

during the tree search on the original data, trees that are
within sampling error of and the maximum-like-TMED̂

lihood trees of each partition are also stored. Next, n
replicates for j partitions are made. Then, all n replicate
sets of characters evolved for partition j are temporarily
pooled to allow a single estimate of parameters and site
likelihoods on each tree to be made and stored. The site
log likelihoods just estimated are substituted in for each
pattern in the replicate data sets (like RELL). This al-
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lows the likelihood of each tree in each replicate parti-
tion to be evaluated by simply summing the site likeli-
hood scores. For each of the n replicates, the sum of log
likelihood differences from the tree of the highest total
likelihood from each of the best trees for the j partitions,
the cLR statistic, is used to build the test distribution.
For moderate sequence lengths, this method builds a dis-
tribution of cLR similar to that constructed using full
reoptimization and tree search, as long as the set of trees
stored includes all that are likely to be optimal for each
replicate. Because of this, the tree search should be ex-
tensive, e.g., based around the TBR function of PAUP*.

Note that the centering test assumes that the data
evolved on the same tree topology, but edge lengths do
not have to show any relationship across data partitions.
The test modifies easily to impose either the same edge
lengths for all data partitions or the same edge lengths
except for some scalar, such as overall evolutionary rate.

The hypotheses for the new test can be rephrased
and used to test for systematic error, which is predom-
inantly due to the inconsistency of tree estimators, when
there is a biological reason to expect that the historical
trees from all data partitions are identical. For example,
in the case with nonrecombining mtDNA, we have H0:
the estimated trees are mutually consistent; H1: at least
one of the trees is an inconsistent estimate of the his-
torical tree. Thus, we do not need to know the historical
tree to test for inconsistency if we can safely disregard
stochastic bias.

The earlier test in Waddell et al. (1999) using
squared normalized likelihood differences works well in
combination with the present test to diagnose which data
partitions most strongly disagree with H0. It is also the
case that if the test of Waddell et al. (1999) fails to reject
H0, the present test will most likely do the same. Thus,
as a very quick test, it retains utility even when trees
are not specified a priori.
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