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Abstract.—We used simulations to compare the relative power of eight statistical tests to detect im-
balance in phylogenies that is too great to be ascribed to an equal-rates Markov null model. Three of
these tests have never had their power assessed before. Our simulations are the first to assess perfor-
mance under scenarios in which the speciation rates of various lineages can evolve independently.
In one of the scenarios explored, rates depend upon the value of an evolving trait, whereas in the
other the probability that a species will speciate declines with the time since it last did so. The results
indicate that the relative performance of the methods depends upon how the imbalance is generated.
Different types of processes lead to different imbalance signatures, i.e., different patterns of imbalance
at different depths in the phylogeny, and the measures of tree shape differ in the depth of phylogeny
at which they are most sensitive. Relative performance is also affected by tree size but does not appear
to depend greatly upon the degree of speciation rate variation among lineages. Two of the indices
(Colless’s index Ic and Shao and Sokal’s N̄) show reasonable performance throughout, but another
(Shao and Sokal’s B2) is never indicated to be a preferred method. Two tests that do not require com-
pletely resolved phylogenies, mean I ′ and mean I ′10, have reasonable power. [Imbalance; imbalance
signatures; macroevolution; MeSA; phylogeny; power; simulation.]

Phylogenies are valuable troves of infor-
mation concerning the trajectory of evolu-
tion, and their shapes carry the fingerprints
of the processes that have formed them
(Harvey et al., 1996; Purvis, 1996; Mooers
and Heard, 1997). A striking instance of this
fingerprinting is the presence of asymme-
try within phylogenies, where some groups
are markedly more speciose than their sis-
ter clades. It is commonly held that these di-
verse groups have intrinsic features that ac-
count for their enhanced diversification and
evolutionary success (e.g., Lydeard, 1993;
Sanderson and Donoghue, 1996).

There are many possible measures for as-
sessing tree topology and asymmetry. These
measures often have been used to assess
whether individual phylogenies or sets of
phylogenies have shapes that are compatible
with a simple null model in which probabil-
ities per unit time of diversification are con-
stant among contemporaneous species (see
Mooers and Heard, 1997, for a review); this
model is commonly known as the equal-rates
Markov (ERM) model. The various measures
of tree shape are strongly intercorrelated
but capture slightly different aspects of tree
shape, which raises two issues. First, some
measures may permit more powerful tests of
the null model than others measures. Second,
which tests are more powerful may depend

upon the way in which non-ERM trees have
grown and on how large the trees are. To-
gether, these considerations make it difficult
to compare directly the results of different
studies that have used different tests and to
know how best to test ERM models using a
given phylogeny or set of phylogenies.

In the only previous study to compare
power among tests based on several differ-
ent measures (Kirkpatrick and Slatkin, 1993),
the power of five tree shape statistics (N̄, σ 2

N,
Ic, B1, and B2; see Table 1 for formulations
and references) at three tree sizes (i.e.,
numbers of terminals: 10, 20, and 40 species)
and four strengths of non-ERM process
was measured. However, Kirkpatrick and
Slatkin considered only one kind of process,
generating unbalanced phylogenies by
making the instantaneous rates of speciation
of every pair of sister lineages differ by
a constant factor. Kirkpatrick and Slatkin
found B1 to be always the most powerful of
the five tests listed above; the behaviour of
σ 2

N and Ic approached this power, and N̄ also
performed well except for the smallest trees.
Kirkpatrick and Slatkin cautioned, however,
that the relative performance of the tests they
considered might well be different under
other processes for generating imbalance. An
obvious limitation of the process they simu-
lated is that the speciation rates of lineages
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TABLE 1. Imbalance metrics. N̄ is the mean pathlength from root to tip, where n is the number of tips and Ni

is the number of internal nodes between tip i and the root of the tree. σ 2
N measures the variance of Ni . Ic examines

the n− 1 internal nodes, partitioning the tips that descend from them into groups of sizes r and s, where r ≥ s. B1

examines every subtree of size >3, where M is the maximum number of nodes between the tips and root of this
subtree. I ′ gives imbalance at a single node, and B is the size of the larger subtree. M and m are the maximum and
minimum values possible for B. I ′ is corrected by (n− 1)/n if n is even. 6 I ′ is the sum of I ′ over all nodes where it
is possible to calculate. I ′10 is I ′ calculated for the 10 oldest nodes in a tree.

Measure Formula Reference

N̄ 1
n

∑n
i=1 Ni Shao and Sokal, 1990

σ 2
N

1
n

∑n
i=1(Ni − N̄)2 Shao and Sokal, 1990

Ic
2

(n−1)(n−2)

∑n−1
i=1 (ri − si ) Colless, 1982; corrected by Heard, 1992

B1
∑n−2

i=1
1

Mi
Shao and Sokal, 1990

B2
∑n

i=1
Ni

2Ni
Shao and Sokal, 1990

I ′ (B−m)
(M−m) Fusco and Cronk, 1995; corrected by Purvis et al., 2002

6 I ′ this paper
Mean I ′ Purvis et al., 2002
Mean I ′10 this paper

do not change independently but are tightly
coordinated. A doubling of the speciation
rate of one lineage must be accompanied by
a halving in its sister’s speciation rate. More
recent simulations (e.g., Heard and Mooers,
2000) vary rates more plausibly depending
upon characters that evolve along lineages
but have not been used to compare the power
of various tree shape statistics. Here, we
consider two processes in which rate of spe-
ciation in a lineage evolves independently of
the rates in other lineages. In the first model,
rates depend upon the value of an evolving
trait, and in the second model a lineage’s rate
declines with the time since the last specia-
tion event it experienced. These models are
obviously still caricatures of whatever pro-
cesses truly generate phylogenies, but they
are a step in the direction of greater biolog-
ical plausibility. We also consider three tests
based on a recently proposed (and hitherto
unsimulated) measure of phylogeny shape
(Purvis et al., 2002), two of which can be used
both on incompletely resolved phylogenies
and on the fully bifurcating trees required
for the use of the older measures.

COMPARING TESTS OF IMBALANCE

Phylogenies were generated and their
imbalance was measured by MeSA (ver-
sion 1.3.2), a framework for analyzing
and simulating the growth of phylogenies
(Agapow and Purvis, in prep., available from
http://www.agapow.net/software/mesa/).

We used two non-ERM processes to evolve
unbalanced phylogenies. In one, speciation
rates are a decreasing function of a lineage’s
time since last speciation (age), and in the
other speciation rates depend upon values
of an evolving trait. For each process, we ran
simulations using two values of one of the
parameters to vary the degree of imbalance
produced. Parameter values were chosen
to yield trees having a level of imbalance
broadly similar to those observed in a recent
compilation of phylogenies (Purvis and
Agapow, 2002).

For age-based rates, speciation rate of each
lineage is a function of its time since last
speciation event, t, with both products of a
speciation event being considered newborn.
Specifically, we set λ = At−0.5 + 0.5, where A
was set to 0.3 and 0.6 for weaker and stronger
dependency of rates on age, respectively.
MeSA uses discrete-time approximation to
represent continuous processes. In this case,
ages and hence rates of species were re-
assessed at least every 0.001 time units (they
were also assessed at every speciation event).
By inspection, this step size was sufficient to
prevent the pathologies that can arise using
discrete-time approximations. This model
differs from previous ones (Losos and Adler,
1995; Chan and Moore, 1999) in which rates
were age dependent in that rate increases
with time after a speciation.

For trait-based rates, speciation rate of
each lineage is a function of its value of a
continuous character, X. The root value of X
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was set to 100; X then evolved according to
speciational Brownian evolution, with both
lineages changing only at speciation events
and changes being drawn from a normal dis-
tribution of µ = 0. The strength of clade se-
lection was varied by adjusting the rate of
Brownian motion evolution. The trait-based
model is largely similar to that used by Heard
(1996), but here the trait evolves by Brown-
ian rather than log-Brownian motion. This
difference is not purely semantic, because
both models have rates of speciation depend-
ing upon absolute trait values. Thus, our
model is not merely a log-transformed ver-
sion of Heard’s. Although there are good
reasons to expect many traits to evolve in
a log-Brownian rather than Brownian fash-
ion (Heard, 1996), it is unclear whether
rates of speciation would be more likely to
depend upon raw or log-transformed trait
values.

Tests were carried out on fully bifurcating
ERM trees of each of four clade sizes (8, 16, 32,
and 64 species) spanning the size range for
which most of these tests are likely to be used.
(Larger trees would be more informative,
but most of the tests can be used only with
fully bifurcating trees, which, because each
branch in the true phylogeny has a nonzero
chance of being reconstructed as having zero
length, tend to be small [Heard and Mooers,
1997].) We generated 5,000 eight-species trees
and 1,000 trees of each of the other sizes.
We measured N̄, σ 2

N, B1, B2, Ic, and 6 I ′ (see
Table 1) for each ERM tree, thus building up
null distributions against which other trees
could be compared. Given that real phylo-
genies tend to be too unbalanced for ERM
rather than too balanced (e.g., Mooers and
Heard, 1997), we used one-tailed tests of
ERM, with imbalance as the alternative hy-
pothesis. Observed values of measures for
which high values indicate imbalance (N̄, σ 2

N,
Ic, and 6 I ′) were therefore compared with
the 95th percentile of their null distributions,
whereas observed values of measures where
high values indicate balance (B1 and B2) were
tested against the 5th percentile of their null
distributions.

We also used a randomization test to as-
sess whether mean I ′ exceeded 0.5, the ex-
pectation of a node’s I ′ under ERM. For each
tree, 4,000 randomizations were performed
in which each I ′ value had an independent
50% probability of being replaced by 1 − I ′.

The P value for the null hypothesis that the
tree was not unbalanced was then the pro-
portion of means of the randomized data
that at least equalled the observed mean I ′.
The randomization test does not have ele-
vated type I error rates when applied to ERM
trees (results not shown). The reason for us-
ing a randomization test rather than com-
paring observed trees with the distribution
from ERM trees is that this test can be ap-
plied even when phylogenies are not fully
resolved. If we were instead to compare ob-
served trees with the null distribution, we
should also need to know the number of
nodes from which a nodal I ′ score could be
computed. The distinction is clearest where,
for the largest tree size, we also assessed the
power of the mean I ′ test applied to only
the earliest 10 nodes in each tree (mean I ′10).
This assessment is intended to roughly in-
dicate the power that might be expected us-
ing mean I ′ when the tree is incompletely
resolved and the other tests can therefore not
be applied.

MeSA 1.3.2 was used to simulate all trees
and data sets and to compute all tree shape
measures. All trees were saved onto CD-
ROM (topology, branch lengths, and where
applicable values of the evolved trait on
which speciation probabilities depended), fa-
cilitating comparisons with any future mea-
sures. All statistical testing was performed
using R 1.3.1 for Macintosh (Ihaka and
Gentleman, 1996).

Table 2 shows the mean and critical values
of N̄, σ 2

N, B1, B2, Ic, and 6 I ′ under ERM for
each tree size. Similar tables have appeared
elsewhere for all but6 I ′, although they have
been designed for use with two-tailed tests
of ERM (e.g., Heard, 1992; Kirkpatrick and
Slatkin, 1993). The other tables show the
mean values of these measures, mean I ′,
and for 64-species trees the mean I ′10 and
the power of all the tests to reject ERM un-
der age-based (Tables 3, 4) and trait-based
(Tables 5, 6) scenarios.

A large number of the power values are
very low, notably for eight-species trees gen-
erated under trait-based speciation rates: the
power of some tests is <5%, the expected
type I error rate. This is unsurprising be-
cause, for a tree to give a significant result,
it must be more unbalanced than 95% of
ERM trees of its size. For very small trees
(e.g., five species), even a totally unbalanced
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TABLE 2. Null distributions. Means are rounded to three significant figures. The last figure in the critical values
(CV) is rounded down for B1 and B2 (for which values lower than the critical value are significant) and rounded up
for the other measures. These are the critical values for a one-tailed test of ERM, with imbalance being the specified
alternative hypothesis.

8 tips 16 tips 32 tips 64 tips

Test Mean CV Mean CV Mean CV Mean CV

N̄ 3.44 4.00 4.76 5.56 6.13 7.13 7.49 8.58
σ 2

N 1.25 2.75 2.25 4.66 3.43 6.78 4.71 8.66
Ic 0.416 0.762 0.262 0.420 0.165 0.254 0.100 0.146
B1 3.98 3.28 8.34 7.18 16.9 15.2 34.0 31.6
B2 2.59 2.10 3.32 2.61 4.02 3.13 4.73 3.76
6 I ′ 1.50 3.17 3.50 5.91 7.52 10.9 15.7 20.3

TABLE 3. Age-dependent rates with the weaker of the two sets of parameter values. Power is the percentage of
1,000 trees that rejected ERM at the α = 0.05 level.

8 tips 16 tips 32 tips 64 tips

Test Mean Power Mean Power Mean Power Mean Power

N̄ 3.58 10.1 5.14 21.2 6.80 27.2 8.53 42.0
σ 2

N 1.69 10.1 3.44 20.6 5.82 30.4 8.66 38.9
Ic 0.505 10.1 0.343 23.5 0.225 28.3 0.143 42.4
B1 3.76 6.2 7.82 18.4 15.7 33.8 31.6 47.9
B2 2.48 10.1 3.04 20.9 3.60 22.4 4.11 27.2
6 I ′ 1.95 7.5 4.53 19.1 9.94 35.2 20.4 48.6
Mean I ′ 0.552 6.3 0.580 17.2 0.599 32.3 0.602 49.1
Mean I ′10 0.618 29.4

TABLE 4. Age-dependent rates with the stronger of the two sets of parameter values. Power is the percentage
of 1,000 trees that rejected ERM at the α = 0.05 level.

8 tips 16 tips 32 tips 64 tips

Test Mean Power Mean Power Mean Power Mean Power

N̄ 3.69 16.9 5.39 34.8 7.15 43.8 9.03 60.5
σ 2

N 1.95 16.9 4.41 37.7 7.24 44.0 10.5 56.6
Ic 0.559 16.9 0.395 38.2 0.255 44.5 0.162 60.5
B1 3.64 9.9 7.48 33.0 15.2 47.5 30.5 72.6
B2 2.41 16.9 2.91 30.7 3.43 31.4 3.86 41.5
6 I ′ 2.18 11.3 5.21 32.8 10.8 47.7 22.4 73.9
Mean I ′ 0.594 10.0 0.632 28.8 0.631 44.7 0.639 73.0
Mean I ′10 0.658 39.7

TABLE 5. Trait-dependent rates with the slower rate of trait evolution (and hence weaker selection). Power is
the percentage of 1,000 trees that rejected ERM at the α = 0.05 level.

8 tips 16 tips 32 tips 64 tips

Test Mean Power Mean Power Mean Power Mean Power

N̄ 3.54 8.9 5.08 17.9 6.83 28.6 8.59 43.4
σ 2

N 1.55 8.9 3.23 19.5 5.64 26.0 8.32 35.8
Ic 0.478 8.9 0.329 21.2 0.226 28.5 0.144 43.1
B1 3.86 3.3 8.02 12.2 16.3 15.9 32.9 18.7
B2 2.50 8.9 3.08 16.7 3.45 25.0 4.04 30.6
6 I ′ 1.78 4.7 4.20 13.3 9.00 18.3 18.2 22.4
Mean I ′ 0.517 3.3 0.556 12.5 0.567 19.9 0.563 25.7
Mean I ′10 0.618 29.7
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TABLE 6. Trait-dependent rates with the faster rate of trait evolution (and hence stronger selection). Power is
the percentage of 1,000 trees that rejected ERM at the α = 0.05 level.

8 tips 16 tips 32 tips 64 tips

Test Mean Power Mean Power Mean Power Mean Power

N̄ 3.622 12.5 5.215 25.6 6.956 36.5 8.843 55.9
σ 2

N 1.779 12.5 3.682 27.3 6.098 32.0 9.225 48.9
Ic 0.528 12.5 0.356 29.3 0.237 36.2 0.134 55.6
B1 3.739 5.6 7.922 16.5 16.148 19.3 32.868 19.3
B2 2.437 12.5 2.998 21.4 3.478 29.0 3.909 38.8
6 I ′ 2.006 7.5 4.446 16.0 9.307 21.4 18.465 26.1
Mean I ′ 0.561 5.6 0.577 18.1 0.580 21.2 0.571 31.8
Mean I ′10 0.636 31.6

topology will not be more unbalanced than
95% of ERM trees because the most unbal-
anced topology is found in >5% of ERM
trees. Likewise, for eight-species trees, <5%
of ERM trees are actually more unbalanced
than 95% of ERM trees. The low power of sin-
gle trees to reject ERM, also found in earlier
simulations (e.g., Kirkpatrick and Slatkin,
1993), led previous workers to analyze either
collections of trees (Guyer and Slowinski,
1991; Heard, 1992; Mooers, 1995; Mooers
et al., 1995; Purvis and Agapow, 2002; Stam,
2002) or single nodes from deeper within
phylogenies (Guyer and Slowinski, 1993). In
the first case, collection of a sufficient number
of trees is eased when these trees need not be
completely resolved. Of the tests considered
here, only mean I ′ and mean I ′10 can be used
with partially resolved phylogenies. In the
second case, our results support the solution
first suggested by Fusco and Cronk (1995): a
set of basal nodes from a single phylogeny,
which does not need to be fully resolved to
the level of species, can often contain enough
signal of imbalance to reject ERM.

The rank ordering of the different tests in
terms of power varies with tree size and,
more markedly, with the process used to gen-
erate imbalance. When rates are based on the
ages of species (Table 3), B1 and the I ′ mea-
sures are least powerful for small trees but
most powerful for larger trees. B2 is as pow-
erful as any measure for small trees but is
easily the least powerful for the largest trees
considered. The remaining measures always
perform quite well. When rates depend upon
trait values, B1 and the two I ′ measures are
the least powerful measures, with N̄ and Ic
always among the most powerful. The differ-
ence arises because the two scenarios we sim-
ulated leave different imbalance signatures,
and the various measures are most sensitive

to imbalance in different regions of the tree.
When rates are based on age, imbalance is
spread fairly evenly between basal and dis-
tal nodes in the tree. When rates are based on
trait values, however, imbalance is concen-
trated toward the root of the tree. This effect
is seen most clearly by comparing the values
of mean I ′ and mean I ′10 for the trees with
64 tips. The basal nodes are markedly more
unbalanced than average nodes when spe-
ciation rates depend upon trait values (with
mean I ′10 being about as powerful as mean I ′),
whereas the difference is much smaller when
rates depend upon ages. Mean I ′ and B1 do
not distinguish between basal and distal im-
balance, whereas B2, Ic, N̄, and σ 2

N are more
influenced by basal imbalance (see also Shao
and Sokal, 1990). Mooers and Heard (1997)
discussed this feature with respect to Ic and
proposed a variant of Ic in which all nodes
have equal influence, but the variant has to
our knowledge never been used. Our results
and the above interpretation are consistent
with the findings of Kirkpatrick and Slatkin’s
(1993) simulations. Their process also spread
imbalance evenly throughout the tree (every
sister pair of lineages differed in rate by the
same factor), and they too found B1 to out-
perform N̄, σ 2

N, and Ic, with B2 the least pow-
erful. Although the relative performances of
the imbalance measures depend upon tree
size and the process used to generate the
trees, performance is essentially unaffected
by the strength of the unbalancing process,
at least across the range of parameter values
we have explored.

Given that our two scenarios led to dif-
ferent measures being most powerful, how
should a given actual phylogeny be ana-
lyzed? If the aim were simply to test ERM,
one approach would be to use a test that
has reasonable power under both of our
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scenarios and under that simulated by
Kirkpatrick and Slatkin (1993). N̄ and Ic are
the best general choices, whereas B1 and
to a lesser extent 6 I ′ do poorly under one
of our scenarios, even though they are the
most powerful measures under the other.
Another approach (Kirkpatrick and Slatkin,
1993) would be to use two tests that are most
sensitive to imbalance in different parts of
the tree, in which case either N̄ or Ic might
be used in conjunction with either B1 or 6 I ′,
with suitable adjustment of critical values to
account for multiple tests. This sort of ap-
proach will be particularly important if real
processes give qualitatively different imbal-
ance signatures from either process simu-
lated here (e.g., greater imbalance at the tips
than near the root). Mean I ′ has reasonable
power and is the only test that is easy to apply
to nonbinary trees, for which it is therefore
by default the current method of choice. De-
pending upon the scenario, analysis of only
the oldest few nodes may give power at least
comparable to that to be had from analyzing
the full set. These two tests might usefully be
used in conjunction. B2 never performs well
and should not be used.

The importance of imbalance location
can also be seen from real phylogenies.
Kirkpatrick and Slatkin (1993) used the mea-
sures they assessed on two species-level phy-
logenies. One of them (Phyllobrotica; Farrell
and Mitter, 1990) is very unbalanced near the
root and much more symmetric distally; only
B1 failed to reject ERM. The other phylogeny
(Ophraella; Futuyma and McCafferty, 1990)
has one quite balanced node near the root and
is otherwise very unbalanced; here, B1 was
the only test to reject ERM. Mean I ′ shows the
same qualitative pattern as B1 (Phyllobrotica
P = 0.15; Ophraella P = 0.04).

Capturing tree shape in multiple ways
opens up the possibility of analyzing the im-
balance signature for insights into the pro-
cess generating the phylogeny, a possibility
we are currently investigating. For instance,
the pattern of significant results for Phyl-
lobrotica seems to be more consistent with
trait-based variation in diversification rates,
whereas the pattern for Ophraella seems more
consistent with age-based variation. Testing
trees against models with greater biologi-
cal realism than ERM may help gain under-
standing of some of the “rules” that govern
phylogenesis.
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