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Abstract
We tested whether it is beneﬁcial for the accuracy of phylogenetic inference to sample characters that are evolving under diﬀerent
sets of parameters, using both Bayesian MCMC (Markov chain Monte Carlo) and parsimony approaches. We examined diﬀerential
rates of evolution among characters, diﬀerential character-state frequencies and character-state space, and diﬀerential relative branch
lengths among characters. We also compared the relative performance of parsimony and Bayesian analyses by progressively
incorporating more of these heterogeneous parameters and progressively increasing the severity of this heterogeneity. Bayesian
analyses performed better than parsimony when heterogeneous simulation parameters were incorporated into the substitution model.
However, parsimony outperformed Bayesian MCMC when heterogeneous simulation parameters were not incorporated into the
Bayesian substitution model. The higher the rate of evolution simulated, the better parsimony performed relative to Bayesian analyses.
Bayesian and parsimony analyses converged in their performance as the number of simulated heterogeneous model parameters
increased. Up to a point, rate heterogeneity among sites was generally advantageous for phylogenetic inference using both approaches.
In contrast, branch-length heterogeneity was generally disadvantageous for phylogenetic inference using both parsimony and
Bayesian approaches. Parsimony was found to be more conservative than Bayesian analyses, in that it resolved fewer incorrect clades.
 The Willi Hennig Society 2006.

Investigators often favor the sampling of characters
that are evolving at diﬀerent rates from one another,
allowing slower evolving characters to resolve early
derived (or ‘‘basal’’) clades and faster evolving characters to resolve more recently derived clades (e.g.,
Graybeal, 1994; Pennington, 1996; Baker et al., 2001;
Giribet et al., 2001; Kjer et al., 2001). This widely
accepted approach traces back to Hillis (1987, p. 25).
Despite their potential beneﬁts for resolving the more
recently derived clades, it is possible for rapidly evolving
characters to cause errors (e.g., long-branch attraction;
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Felsenstein, 1978) among early derived clades, overwhelming the phylogenetic signal retained in the slower
evolving characters. As Reed and Sperling (1999, p. 286)
noted, ‘‘A character may be both ÔgoodÕ and ÔbadÕ,
depending on what level of divergence it is being used to
resolve.’’
Rate of evolution is only one of several parameters
(e.g., character-state space [number of states available
for each character to change among], character-state
frequencies, relative rates of change among character
states) that aﬀect the informativeness of characters for
phylogenetic inference. One may apply diﬀerent likelihood models to diﬀerent characters when sampling
multiple process partitions (i.e., groups of characters
with identical histories and evolving under similar
parameters; e.g., Bull et al., 1993; Reed and Sperling,
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1999; Caterino et al., 2001), though delimiting natural
process partitions will often be diﬃcult (Siddall, 1997).
Sampling diﬀerent process partitions may also be
advantageous to parsimony-based phylogenetic inference (Wheeler et al., 1993; Cummings et al., 1995). As
Wheeler et al. (1993, p. 16) asserted: ‘‘It is highly
unlikely that some factor would be canalizing protein
coding, ribosomal and morphological features in such a
way that they [all process partitions] are all fooled
identically.’’
An alternative approach when applying model-based
methods of phylogenetic inference is to analyze characters that are all evolving under the same parameters
(including rate of evolution). For example, Jow et al.
(2002, p. 1596) stated that ‘‘We believe that taking a
well-deﬁned set of sites within the RNA helices and
using an evolutionary model appropriate to these sites is
likely to increase the reliability of results.’’ Similarly,
Kelchner (2002, p. 1664) noted that sequence data from
group II introns, ‘‘which evolve under nearly the same
selective constraints… suggests that sequences from
multiple G2 introns can be readily combined’’ under the
same model for model-based phylogenetic inference.
These two alternative approaches are illustrated by
comparing Barkman et al.’s (2000) and Graham and
Olmstead’s (2000) character-sampling strategies for
resolving the early derived lineages of ﬂowering plants.
Although Barkman et al. (2000, p. 13166) expected
congruent histories among the nine loci that they
sampled from the mitochondrial, plastid and nuclear
genomes, they asserted that ‘‘well-supported congruent
phylogenetic estimates from all three genomic compartments would result in the highest conﬁdence of angiosperm relationships.’’ In contrast, Graham and
Olmstead (2000) sampled 17 genes from the plastid
genome, thereby sampling many slowly evolving characters that were expected to be robust to any problems
caused by long-branch attraction. In eﬀect, Barkman
et al. (2000) undertook the extra eﬀort and expense of
sampling characters that evolved under diﬀerent sets of
parameters, whereas Graham and Olmstead (2000)
chose to sample many, easier-to-amplify sequences that
evolved under a similar set of parameters.
In this study, we tested the hypothesis that despite the
extra eﬀort, it is beneﬁcial for the accuracy of phylogenetic inference to sample characters that are evolving
under diﬀerent sets of parameters for phylogenetic
inference. We did so using both Bayesian MCMC (with
the likelihood criterion) and parsimony approaches.
Within the context of nucleotide characters we examined
diﬀerential rates of evolution among characters, diﬀerential character-state frequencies and character-state
space and diﬀerential relative branch lengths among
characters. The results of this study are relevant for
determining gene-sampling strategies. If sampling multiple diﬀerent genes that are evolving under diﬀerent sets

of parameters (i.e., rates of spontaneous mutations
and ⁄ or selective constraints) is advantageous, then this
helps to justify the time and expense (e.g., cloning nuclear genes) necessary to sample such loci (e.g., Wheeler
et al., 1993; Stanger-Hall and Cunningham, 1998;
Barkman et al., 2000; Simmons et al., 2001). Alternatively, if it is not advantageous, then we should simply
sequence the genes that are easiest to amplify and that
are evolving at an ‘‘appropriate’’ rate (i.e., slow enough
to avoid potential for long-branch attraction, yet fast
enough to provide suﬃcient variation; e.g., Graham and
Olmstead, 2000; Rai et al., 2003).
The results of this study also bear on the choice
between parsimony and model-based approaches for
analyzing empirical data. Several simulation-based
studies have shown maximum likelihood (Felsenstein,
1973) to be robust to violations of assumptions regarding rate heterogeneity among characters, and between
character states (e.g., Huelsenbeck, 1995; Sullivan and
Swoﬀord, 2001). Recent studies (Kolaczkowski and
Thornton, 2004; Gadagkar and Kumar, 2005; Gaucher
and Miyamoto, 2005; Spencer et al., 2005) have compared the relative performance of parsimony and modelbased approaches with respect to diﬀerential relative
branch lengths among characters. However, to our
knowledge, no simulation studies have compared the
relative performance of parsimony and model-based
approaches by progressively incorporating more diﬀerent sets of heterogeneous parameters (diﬀerential rates
of evolution among characters, diﬀerential characterstate frequencies and character-state space, and diﬀerential relative branch lengths among characters) and
progressively increased the severity of this heterogeneity,
as we do in this study.
Our a priori hypotheses were that parsimony would
perform relatively better than model-based approaches
as: (1) more diﬀerent sets of heterogeneous parameters
were incorporated in the simulations, and (2) the
severity of the heterogeneity increased. The ﬁrst hypothesis is contra Yang’s (1996a, p. 297) hypothesis that
‘‘parsimony may be expected to perform worse when
rate variation among sites exists than when rates are
constant.’’ Yang (1996a, p. 294) concluded that, ‘‘As the
complexity of the process of nucleotide substitution in
real sequences is well recognized, the likelihood method
appears preferable to parsimony.’’ Our hypotheses were
constructed on two related bases. The basis for our ﬁrst
hypothesis was that as the likelihood model being used
becomes increasingly underparameterized relative to the
simulated data, its performance would decrease relative
to parsimony.
The basis for our second hypothesis was that modelbased approaches, for which the model and ⁄ or model
parameters are estimated rather than given (contra
Huelsenbeck, 1995; Yang, 1996a; Sullivan and Swofford, 2001) are less likely to accurately ﬁt the pattern of
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evolution when the characters are evolving under more
diﬀerent, and increasingly heterogeneous, parameters
(as is the case with empirical data). That is, one may
more accurately ﬁt a model to data that are evolving
under a uniform set of parameters. The exception to this
is the heterogeneity that the models incorporate in a
similar (or identical) manner to which the heterogeneity
was simulated (e.g., if gamma-based rate heterogeneity
among characters, in which a ¼ b, was simulated and
used by a model-based method of phylogenetic inference; see Sullivan and Swoﬀord, 2001).

Materials and methods
Simulations
Matrices were simulated using the Evolver program
within the PAML suite (Yang, 1997). The ‘‘MCaa.dat’’
parameter ﬁle was used to simulate the nucleotide
characters with a proportional model of evolution (i.e.,
the probability of change from one character state to
another is proportional to their frequencies; Felsenstein,
1981). Ten replicate matrices were simulated for each set
of model parameters. Two thousand characters were
simulated for each matrix to reduce stochastic errors
caused by the use of fewer characters, and to emulate the
number of parsimony-informative characters that are
often available in contemporary multigene analyses.
This relatively high number of characters was expected
to alleviate any problems with contemporary, commonly used likelihood models (i.e., GTR + I + G or
one of its more restrictive variants) trying to estimate
too many parameters from too few characters.
Characters were simulated on to a tree of 36 terminals, with branch lengths following a molecular clock
(Fig. 1). Thirty-six terminals were selected to be representative of many empirical studies and to allow
thousands of separate tree searches to be computationally tractable. The tree topology was selected so as to be
intermediate between a totally symmetrical tree (which
is generally very easy to reconstruct given a molecular
clock) and a totally asymmetrical tree (which is often
very diﬃcult to reconstruct given a molecular clock, due
to short internal branches and many long-terminal
branches). The tree consisted of 12 terminal clades,
each of which was composed of three terminals. All
internal branches that connected these 12 clades were
relatively short (one branch segment; see below), making
phylogenetic inference more diﬃcult. The branch
lengths leading to, and within, the terminal clades
towards the ‘‘base’’ of the tree (terminals 7–30) were
varied in length creating four cases in which long-branch
attraction could occur between long internal branches
that are not sister groups (clades [7, 8, 9], [13, 14, 15],
[19, 20, 21] and [25, 26, 27]), and four cases in which
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Fig. 1. Tree topology and relative branch lengths (drawn proportionally along the horizontal axis) used for simulations.

long-branch repulsion could occur between long internal
branches that are sister groups (Siddall, 1998; clades [10,
11, 12], [16, 17, 18], [22, 23, 24] and [28, 29, 30]). As a
result, the tree topology with its relative branch lengths
was not expected to be strongly biased in favor of either
the parsimony or likelihood approaches.
The simulated tree consisted of 69 total branches,
including 36 terminal branches and 33 internal branches.
Of the 69 branches, 45 were one branch segment long, 11
were two branch segments long, four were three branch
segments long, four were four branch segments long,
four were ﬁve branch segments long and one was six
branch segments long (Fig. 1). Four branch lengths per
branch segment (hereafter ‘‘rates of evolution’’) were
examined: 0.2, 0.3, 0.4 and 0.5. These resulted in an
average of 24.2, 36.3, 48.4 and 60.5 expected substitutions per character, respectively, across the entire tree.
Note that these branch lengths represent highly divergent sequences for which phylogenetic inference by any
method is expected to be diﬃcult. These rates of
evolution, which average from 35% to 88% internodal
change, roughly correspond with the higher end of rates
typically examined in four-taxon simulations (from 2%
to 74% internodal change; e.g., Gaut and Lewis, 1995;
Huelsenbeck, 1995). Shorter branch lengths (e.g., 0.05
per branch segment) were not examined because the
correct tree would not have been challenging to infer (as
long as a suﬃcient number of characters were sampled)
and would have led to trivial results. Extremely long
branch lengths (e.g., 1.0 per branch segment) were
excluded because this does not represent a realistic level
of variability for genes that are typically used for
phylogenetic inference, and the genes would probably be
unalignable across all 36 terminals.
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Table 1
Combinations of model parameters for which heterogeneity was simulated
Rate heterogeneity among
characters
Simulation

Gamma

Dual

Nucleotide
frequencies

Relative
branch lengths

Number of
partitions per run

A
B
C
D
E
F
G
H
I
J
K

+
–
–
–
+
–
+
–
–
+
–

–
+
–
–
–
+
–
+
–
–
+

–
–
+
–
+
+
–
–
+
+
+

–
–
–
+
–
–
+
+
+
+
+

1
2
2
2
2
4
2
4
4
4
8

(2–6)*, 4 (7–10)
(2–6), 4 (7–10)
(2–6), 8 (7–10)

(2–6), 8 (7–10)
(2–6), 8 (7–10)
(2–6), 16 (7–10)

*Numbers in parentheses refer to particular simulation runs.

Table 2
Increasing heterogeneity in substitution rate among characters, nucleotide frequencies and relative branch lengths per branch segment for simulation
runs 1–10
Rate heterogeneity among characters

Simulation
run
1
2
3
4
5
6
7
8
9
10

Relative branch
lengths

Nucleotide frequencies

Gamma

Dual

alpha

char. 1

char. 2

A

G

C

T

char. 1

char. 2

inﬁnite
100
50
10
5
1
0.75
0.5
0.25
0.1

100%
110%
120%
130%
140%
150%
160%
170%
180%
190%

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0.25
0.30
0.35
0.40
0.45
0.50
0.60
0.70
0.80
0.90

0.25
0.30
0.35
0.40
0.45
0.50
0.40
0.30
0.20
0.10

0.25
0.20
0.15
0.10
0.05
0
0
0
0
0

0.25
0.20
0.15
0.10
0.05
0
0
0
0
0

100%
110%
120%
130%
140%
150%
160%
170%
180%
190%

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

Three model parameters were varied in the simulations: rate heterogeneity among sites, nucleotide frequencies and rate of evolution. Increasing heterogeneity
in each of these parameters was simulated individually,
and in all possible combinations (Table 1). For each of
the three model parameters that were varied, heterogeneity was progressively increased from the ﬁrst run
(no heterogeneity) to the tenth run (extreme heterogeneity; Table 2). For each of the four rates of evolution
simulated, the total expected number of substitutions
was identical for each of the 10 runs across all
combinations of parameters simulated, making the
results for each of these simulations directly comparable
with the others.
Rate heterogeneity among sites was simulated using
either a discrete gamma distribution (Yang, 1993) with
400 separate rate categories (to more ﬁnely partition
heterogeneity) or two discrete rates (dual rates) that
were proportionally adjusted. Note that the heteroge-

neities simulated in runs 2–10 (Table 2) for these two
approaches are not directly comparable with one
another with respect to the degree of heterogeneity,
other than the fact that the rate heterogeneity becomes
progressively more extreme within each approach. For
the dual rates approach, runs 2–10 each required two
simulations, with 50% of the characters simulated in
each (Table 1).
Heterogeneity in nucleotide frequencies was simulated
using all four nucleotides potentially represented at each
character in simulations 1–5, and two nucleotides
potentially represented at each character in simulations
6–10 (Table 2). Considering all 2000 characters
together, each nucleotide was equally represented
(25%) for all 10 simulations. Runs 2–6 each required
two simulations, with 50% of the characters simulated
in each, whereas runs 7–10 each required four
simulations, with 25% of the characters simulated in
each (Table 1). For example, run seven consisted of:
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60% A, 40% G (500 characters); 40% A, 60% G (500
characters); 60% C, 40% T (500 characters), and 40%
C, 60% T (500 characters).
Heterogeneity in relative branch lengths (as in a
covarion model and heterotachy; Fitch and Markowitz,
1970; Lopez et al., 2002) was simulated such that all
branches that were shortened for half of the characters
were lengthened for the other half of the characters, and
vice versa. These relative increases and decreases were
applied to 68 of the 69 branches in the tree; the one
exception being the ‘‘basal-most’’ branch of the tree
connecting terminals 1–18 with terminals 19–36 (Fig. 1).
For example, the six-segment-long branch was 11.4
segments long for half of the characters and 0.6
segments long for the other half of the characters in
run 10. Starting at the base of the tree, sister branches
were varied such that one was shortened and one was
lengthened for each group of characters. This was
performed in a consistent manner such that branches on
the right side of the tree (for terminals 1–18) drawn
below their sister branch were lengthened for the ﬁrst
group of characters, and shortened for the second group
of characters. In contrast, branches on the left side of
the tree (for terminals 19–36) drawn below their sister
branch were shortened for the ﬁrst group of characters
and lengthened for the second group of characters.
The matrices were re-simulated in order to vary two or
three of the model parameters simultaneously. This
required the product of the number of partitions for each
of the parameters involved when simulated individually
(Table 1). For example, varying dual rate heterogeneity
and relative branch lengths simultaneously (simulation
H; Table 1) required four partitions of 500 characters
each. So, for the ﬁfth run, characters 1–500 were
simulated such that they evolved at 140% of the initial
rate, and the ﬁrst set of sister branches was lengthened by
140%, whereas the second set of sister branches was
shortened by 60%. Characters 501–1000 were simulated
such that they evolved at 140% of the initial rate, and the
ﬁrst set of branches was shortened by 60%, whereas the
second set of sister branches was lengthened by 140%.
Characters 1001–1500 were simulated such that they
evolved at 60% of the initial rate, and the ﬁrst set of sister
branches was lengthened by 140%, whereas the second set
of sister branches was shortened by 60%. Characters
1501–2000 were simulated such that they evolved at 60%
of the initial rate, and the ﬁrst set of branches was
shortened by 60%, whereas the second set of sister
branches was lengthened by 140%. The blocks of
simulated characters were then concatenated together to
form a matrix of all 36 terminals for 2000 characters using
CONCAT (available at: http://www.biology.colostate.
edu/Research/). A total of 4000 simulated matrices were
generated: 11 sets of simulations · 9 runs per set ¼ 99 + 1
initial baseline simulation ¼ 100 times 10 replicates per
run ¼ 1000 · 4 rates of evolution ¼ 4000.
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Tree searches
Each of these 4000 simulated matrices was analyzed
using both equally weighted parsimony and Bayesian
MCMC analyses (Yang and Rannala, 1997). Parsimony
jackknife analyses (Farris et al., 1996) were conducted
using PAUP* 4.0b10 (Swoﬀord, 2001) with the removal
probability set to approximately e)1 (37%), and ‘‘jac’’
resampling emulated. One thousand replicates were
performed with 10 tree-bisection-reconnection searches
per replicate and a maximum of 10 trees held per search.
Modeltest 3.06 (Posada and Crandall, 1998) was used
to select the single best-ﬁt likelihood model among the
56 examined for Bayesian analyses, using the ﬁrst
replicate from each of the 400 runs (a run is composed
of 10 replicate matrices simulated under a given set of
model parameters). The likelihood ratio test (Huelsenbeck and Crandall, 1997) was used to select among
models, given that it has been found to outperform the
Akaike Information Criterion (Akaike, 1974) in selecting the correct model from simulated data (Posada and
Crandall, 2001; but see Pol (2004) for concerns regarding alternative model-selection starting points). The
selected model, using the default priors for nucleotide
frequencies, shape of the gamma distribution (if applicable), and/or proportion of invariant sites (if applicable),
was then used for all replicates within the corresponding
run by MrBayes 3.0b4 (Huelsenbeck and Ronquist,
2001). The model selected for each set of parameters is
available as supplemental data at: http://www.
biology.colostate.edu/Research/. A single Bayesian analysis was performed for each matrix, consisting of four
chains with default temperature settings, 500 000 generations, and trees sampled every 100 generations. The
2001 trees sampled from the last 200 100 generations
were used to construct majority rule consensus trees in
PAUP*, which served to estimate the posterior probability for each of the resolved clades. A representative
sample of matrices was examined to ensure that
stationarity in log-likelihood had been reached within
the ﬁrst 300 000 generations. Maximum likelihood
analyses were not performed because they are not
currently computationally tractable for conducting a
suﬃcient number of conventional bootstrap (Felsenstein, 1985) or jackknife replicates for each of the 4000
matrices (Sanderson and Kim, 2000; but see Waddell
et al., 2002).
Statistical analyses
Both 50% and 95% majority rule consensus trees
were calculated for the parsimony jackknife and Bayesian analyses of each matrix. These two cutoﬀs represent
the range of support values for clades that are generally
considered to have suﬃcient support to test phylogenetic
hypotheses. PEST version 2.2 (Zujko-Miller and Miller,
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2003) was used to determine the number of clades
correctly and incorrectly resolved between the parsimony jackknife and Bayesian trees relative to the
reference tree (i.e., the tree topology on which the
characters were simulated) for each matrix. This was
used to calculate the overall success of resolution
(Simmons and Miya, 2004), for which the maximum
score was 33, for all clades correctly resolved, and the
worst possible score was )33, in which all clades from
the reference tree would be contradicted. The overall
success of resolution scales linearly to the Robinson–
Foulds distance (Robinson and Foulds, 1981; Penny
and Hendy, 1985) for fully resolved trees, which would
range from 0 to 66 for our trees. The average congruence
for each run of 10 replicates was determined using
CONDENSE (Simmons et al., 2004b; available at:
http://www.biology.colostate.edu/Research/), but the
statistical analyses incorporated the replicates individually using standard multiple regression techniques as
opposed to using average replicate values.
Two groups of statistical analyses using multiple
regression were performed in JMP IN (SAS Institute,
Inc.) to address our hypotheses. Multiple regression is
generally used to learn more about the relationship between several independent or predictor variables
(e.g., the method of phylogenetic analysis, the rate of
evolution, the degree of heterogeneity) and a dependent
or response variable (e.g., the number of correctly
resolved clades). Multiple regression partitions the
variability seen in the dependent variable into proportions that can be explained by each of the independent
variables (main eﬀects) as well as by interactions among
the independent variables. Our simulations were done
using several parameter sets, and we were often interested in questions involving the relationship between a
speciﬁc independent variable and the dependent variable
across parameter sets. The multiple-regression approach
allows us to address these types of questions across the
entire dataset instead of using subsections of the data.
The main advantages to this approach are a greater
statistical power, a larger scope of inference, and the
ability to deal with any correlations among the independent variables of interest. Multiple regression can
also be used to obtain least squares means estimates
(sometimes called ‘‘adjusted mean’’). The least squares
means for a speciﬁc independent variable are means that
have been corrected for the eﬀects of other independent
variables (such as those generated by correlations).
Independent contrasts of the least squares means are
then used to compare if they are signiﬁcantly diﬀerent
from one another.
Because of the inherent correlation between data for
50% and 95% majority-rule consensus trees, we analyzed the data separately for the 50% and 95% cutoﬀs.
It is not possible to appropriately analyze the data from
both the 50% and 95% cutoﬀ values in a standard

regression model without running into problems with
over-speciﬁcation of the model and ill-conditioned
regression.
‘‘Group 1’’ of the multiple regressions were performed
separately using the number of correctly resolved clades,
the number of incorrectly resolved clades and the overall
success of resolution (the number of clades correctly
resolved minus the number of clades incorrectly
resolved) for each replicate as response variables. Eleven
such sets of regressions were performed, corresponding
to each set of simulations (Table 1). Each individual
regression model included the following main eﬀects: the
method of phylogenetic analysis (categorical: Bayesian
or parsimony), the rate of evolution (continuous: 0.2,
0.3, 0.4 or 0.5 branch lengths per branch segment), and
the degree of heterogeneity (continuous: 1–10). The
interactions, ‘‘method of analysis · rate of evolution’’
and ‘‘method of analysis · degree of heterogeneity’’,
were also included in the model. All variables were
treated as ﬁxed eﬀects. Residuals were normally distributed and no high-leverage points or outliers were
observed. The residuals met the assumptions of multiple
regression, indicating that multiple regression on the
untransformed data was appropriate. Least-squares
mean estimates of the categorical independent variables
were obtained in addition to the parameter estimates.
‘‘Group 2’’ of the multiple regressions were performed
using overall success of resolution as the response
variable. The model included as ﬁxed main eﬀects the
partition treatment (i.e., set of simulations) as a categorical variable (Table 1; 11 categories), the method of
phylogenetic analysis (categorical), and the rate of
evolution (continuous). The degree of heterogeneity
was nested within the partition treatment as the interpretation of heterogeneity diﬀered across treatments.
The interactions included were ‘‘method of analysis ·
partition treatment’’, ‘‘method of analysis · rate of
evolution’’, and ‘‘method of analysis · partition treatment (heterogeneity)’’. Residuals were normally distributed and no high-leverage points or outliers were
observed. Again, this indicates that the assumptions of
the multiple-regression approach were met. Leastsquares mean estimates of the categorical independent
variables were obtained in addition to the parameter
estimates. In order to address the hypothesis regarding
the inclusion of single versus multiple partitions, we
performed independent contrasts on the estimated
means for the ‘‘method of analysis · partition treatment’’ interaction. Because two methods were used to
simulate rate heterogeneity among characters, but only
one method each for branch-length and character-state
heterogeneity, the contrasts had to be appropriately
weighted. So as not to over-weight the eﬀect of rate
heterogeneity among sites relative to nucleotidefrequency and branch-length heterogeneity, results from
the two methods for simulating heterogeneity among
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sites were each given one-half the weight of the results
from each of the other two parameters that were
simulated individually (i.e., gamma 0.167, dual 0.167,
nucleotide 0.333, branch 0.333) A similar procedure was
followed for heterogeneous parameters simulated in
pairs (i.e., gamma + nucleotide 0.167, dual + nucleotide 0.167, gamma + branch 0.167, dual + branch
0.167, nucleotide + branch 0.333).
Groups of analyses with multiple tests were
Bonferroni-corrected in order to control for spurious
signiﬁcant results that can be the result of large numbers
of comparisons. Results from models that explained
less than 30% of the variability in the response variable
(i.e., R2 < 0.30) were considered to have an inadequate
explanatory power and are indicated as such in
the results. Highly signiﬁcant models generally had a
P-value of less than 0.0001 unless otherwise reported.
All of the regressions in Groups 1 and 2 showed a
signiﬁcant lack-of-ﬁt, but many of them also had high
R2 values (R2 > 0.70). The signiﬁcant lack-of-ﬁt is due
to our inclusion only of variables that were hypothesized
to be of importance, but indicates that more of the
variance in the data could be explained if additional
interactions were included.

Results and discussion
The results were generally not qualitatively diﬀerent
when using either the 50% or 95% consensus trees for
our analyses (but see Table 3). Unless otherwise noted,
we assessed the relative performance of the parsimony
and Bayesian analyses using the overall success of

resolution (the number of clades correctly resolved
minus the number of clades incorrectly resolved in the
jackknife or posterior-consensus tree). The overall
success of resolution for the parsimony and Bayesian
analyses using the 95% cutoﬀ are presented in Figs 2–4.
Figures for the number of clades correctly resolved, the
number of clades incorrectly resolved, and the overall
success of resolution using both the 50% and 95%
cutoﬀs are available as supplementary material in Figs
S1–S15 at: http://www.biology.colostate.edu/Research/
and http://www.blackwell-synergy.com.
Parsimony versus Bayesian analyses overall
We assessed the relative performance of the parsimony and Bayesian analyses using Group 1 analyses,
with the overall success of resolution as the response
variable. The relative performance was determined by
the parameter estimate for the method of analysis main
eﬀect. A signiﬁcant positive value indicated that Bayesian analyses performed relatively better, and a signiﬁcant negative value indicated that parsimony performed
relatively better (Table 3). Of the 11 sets of simulations,
Bayesian analyses signiﬁcantly outperformed parsimony
for two sets of simulations with respect to the overall
success of resolution using the 50% cutoﬀ, and ﬁve sets
of simulations using the 95% cutoﬀ. On the other hand,
parsimony signiﬁcantly outperformed Bayesian analyses
for six sets of simulations using the 50% cutoﬀ, and four
sets using the 95% cutoﬀ (Table 3).
When the simulation parameters (rate heterogeneity
among sites, diﬀerential nucleotide frequencies and
diﬀerential branch lengths) were examined individually,

Table 3
The relative performance of Bayesian and parsimony methods, as well as the relative performance under increasing rates of evolution, based on the
overall success of resolution, for each of the simulations using 50% and 95% cutoﬀs
Relative performance
50% cutoﬀ

Relative performance under increasing rates of evolutionà
95% cutoﬀ

50% cutoﬀ

95% cutoﬀ

Simulation

Bayes ⁄
pars est.

Signif.

Bayes ⁄
pars est.

Signif.

Bayes
slope

Pars.
slope

Signif.
of int.

Bayes
slope

Pars.
slope

Signif.
of int.

Gamma rate
Dual rate
Nucleotide freq.
Branch lengths
Gamma + freq.
Dual + freq.
Gamma + branch
Dual + branch
Freq. + branch
Gamma + freq. + branch
Dual + freq. + branch

0.32
)0.36
)3.58
)5.00
1.35
)1.29
0.34
)1.53
)3.93
0.96
)2.03

0.03*
0.03*
<0.0001
<0.0001
<0.0001
<0.0001
0.09
<0.0001
<0.0001
<0.0001
<0.0001

2.22
1.07
)1.29
)3.39
3.02
0.46
1.91
0.39
)2.34
2.18
)1.40

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.006*
<0.0001
0.009*
<0.0001
<0.0001
<0.0001

)3.23
)4.51
)7.47
)5.91
)4.45
)7.87
)3.80
)6.17
)7.81
)4.83
)8.09

)2.73
)3.04
)4.68
)3.46
)3.77
)5.22
)2.85
)3.29
)5.31
)3.91
)5.15

0.07
<0.0001
<0.0001
<0.0001
0.09
<0.0001
0.009*
<0.0001
<0.0001
0.04*
<0.0001

)3.42
)4.61
)5.30
)5.03
)3.35
)5.71
)3.67
)5.37
)5.66
)3.95
)6.32

)3.37
)3.29
)3.69
)4.03
)2.91
)3.59
)3.28
)3.15
)3.62
)2.95
)3.52

0.88
<0.0001
<0.0001
0.003*
0.12
<0.0001
0.21
<0.0001
<0.0001
0.002*
<0.0001

*Not signiﬁcant at the 0.05 level after Bonferroni correction.
àSlopes were calculated as the parameter estimate for rate of evolution ± the parameter estimate for the ‘‘method of phylogenetic analysis · rate
of evolution interaction’’ (+ for Bayes, – for parsimony). All rate-of-evolution main eﬀects were signiﬁcant (P < 0.0001). Reported signiﬁcance
values are for the phylogenetic analysis · rate of evolution interaction.
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Fig. 2. Average overall success of resolution (the number of clades correctly resolved minus the number of clades incorrectly resolved) by parsimony
and Bayesian analyses at each of the four rates of evolution (0.2, 0.3, 0.4 and 0.5 branch lengths per branch segment) for the 10 simulation runs in
which heterogeneity was simulated in only a single model parameter. (A) Gamma-rate heterogeneity. (B) Dual-rate heterogeneity. (C) Statefrequency heterogeneity. (D) Branch-length heterogeneity.

Bayesian analyses outperformed parsimony for rate
heterogeneity among sites (except for dual rate heterogeneity at the 50% cutoﬀ), yet was outperformed by
parsimony under diﬀerential nucleotide frequencies and
branch lengths. Of the 72 simulations that invoked
gamma or dual rate heterogeneity among sites (i.e., runs
2–10 for each of the four rates), 70 of the models
selected by the hierarchial likelihood ratio test incorporated gamma-distributed rate heterogeneity. In contrast, of the 36 simulation runs that invoked diﬀerential
nucleotide frequencies, only four of the selected models
incorporated unequal nucleotide composition. The four
that did were estimated by Modeltest to have all four
nucleotide frequencies between 24% and 26%. Because
covarion-type models (Lockhart et al., 1998; Tuﬄey and
Steel, 1998; Galtier, 2001) were not incorporated in
Modeltest, the likelihood models selected were unable to

eﬀectively account for diﬀerential branch lengths among
characters. Taken together, these results indicate that
Bayesian analyses performed better than parsimony
when heterogeneous simulation parameters were
incorporated into the substitution model. However,
parsimony outperformed Bayesian MCMC when
heterogeneous simulation parameters were not incorporated into the Bayesian substitution model.
Eﬀect of an increased rate of evolution
We determined the relative performance of parsimony to Bayesian analyses as the rate of evolution
increased. This was done by examining the signiﬁcant
interaction plots for the ‘‘method of analysis · branch
length per branch segment’’ interaction in the Group 1
analyses with overall success of resolution as the
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Fig. 3. Average overall success of resolution by parsimony and Bayesian analyses at each of the four rates of evolution for the 10 simulation runs
in which heterogeneity was simulated in pairs of model parameters simultaneously. (A) Gamma-rate + state-frequency heterogeneity. (B) Dual-rate
+ state-frequency heterogeneity. (C) Gamma-rate + branch-length heterogeneity. (D) Dual-rate + branch-length heterogeneity. (E) Statefrequency + branch-length heterogeneity.

response variable. The higher the rate of evolution
simulated, the better that parsimony performed relative
to Bayesian analyses with respect to the overall success
of resolution (i.e., parsimony had a more positive [or
less negative] slope than Bayesian analyses). This result

was evident in all 11 sets of simulations, using both the
50% and 95% cutoﬀs, for which six were signiﬁcant at
both cutoﬀs (Table 3). In some cases (e.g., dual rate
heterogeneity at the 95% cutoﬀ) parsimony performed
relatively better at higher rates of evolution, in spite of
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Fig. 4. Average overall success of resolution by parsimony and Bayesian analyses at each of the four rates of evolution for the 10 simulation runs in
which heterogeneity was simulated in all three model parameters simultaneously. (A) Gamma rate + state-frequency + branch-length heterogeneity.
(B) Dual rate + state-frequency + branch-length heterogeneity.

the Bayesian analyses performing better overall (Table 3). Note that this set of statistical analyses was not
performed to test an a priori hypothesis regarding the
relative performance of Bayesian and parsimony methods at diﬀerent rates of evolution. Rather, the analyses
were performed after observing this trend in the results
(Figs 2–4, S1–S3). The better relative performance of
parsimony at higher rates of evolution may be
explained by the increasing diﬃculty of accurately
estimating the model using the likelihood ratio test
and ⁄ or accurately estimating model parameters in
Bayesian analyses.
Gamma versus dual rate heterogeneity
The Bayesian analyses were found to perform
signiﬁcantly better than parsimony with respect to
the overall success of resolution when characters with
rate heterogeneity among sites were simulated using
the gamma distribution rather than dual rates (independent contrasts, t ¼ 2.20, P ¼ 0.03 at the 50%
cutoﬀ, and t ¼ 4.75, P < 0.0001 at the 95% cutoﬀ).
The least squares mean estimate for Bayesian analyses
minus that for parsimony using gamma-distributed
heterogeneity was 0.65 at the 50% cutoﬀ, and 4.44 at
the 95% cutoﬀ. This is for least squares means from
the Group 2 analyses of overall success of resolution.
In contrast, the average for Bayesian analyses minus
that for parsimony using dual rate heterogeneity was
)0.71 at the 50% cutoﬀ, and 2.14 at the 95% cutoﬀ.
A model that incorporated gamma-distributed rate
heterogeneity was selected by Modeltest and used in
the Bayesian analyses for 70 of the 72 simulations that
incorporated gamma-distributed or dual rate heterogeneity.

This result suggests that simulation studies comparing
the relative performance of likelihood and parsimony
methods under rate heterogeneity among sites are biased
in favor of likelihood. This bias occurs when the rate
heterogeneity used to simulate the data is incorporated in
the same way in which the rate heterogeneity is accounted
for by the likelihood model used to infer the tree. We
know of no reason why simulating dual rate heterogeneity would be more amenable for phylogenetic inference
using parsimony rather than likelihood approaches. Note
that dual- and gamma-distributed rate heterogeneity are
not directly comparable measures, and we cannot rule out
the possibility that inherent diﬀerences between these two
types of rate heterogeneity (or the diﬀerences in scaling
used here) explain these patterns. To be conservative
regarding the possibility of bias in favor of likelihood, we
suggest that future studies should simulate rate heterogeneity in the data diﬀerently from the way it is accounted
for by the likelihood model used to infer the tree. This
may also be done by using empirical data from known
phylogenies (e.g., Buckley and Cunningham, 2002).
Eﬀect of increasing the number of heterogeneous model
parameters
We tested our hypothesis that parsimony would
outperform likelihood-based approaches using independent contrasts in our Group 2 analyses. Parsimony
was not found to perform relatively better than the
Bayesian analyses, as more diﬀerent sets of heterogeneous parameters were incorporated in the simulations.
Rather, the general pattern observed was that Bayesian
and parsimony analyses converged in their performance
as the number of heterogeneous model parameters
simulated increased.
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The diﬀerence in the average least squares mean
estimates between Bayesian and parsimony analyses was
)5.72 (i.e., on average, parsimony resolved 5.72 more
clades than Bayesian MCMC with respect to overall
success of resolution) when the heterogeneous parameters were simulated individually, )3.00 when simulated
in pairs and )1.06 when all three heterogeneous
parameters were simulated together, at the 50% cutoﬀ.
At the 95% cutoﬀ, the diﬀerence was )2.02 for singles,
0.368 for pairs, and 0.775 for triples. Three of the four
diﬀerences in the average least squares mean estimates
of overall success of resolution were found to be
signiﬁcant (independent contrasts, 50% singles versus
pairs, t ¼ )8.83, P < 0.0001; 50% pairs versus triples,
t ¼ )5.21, P < 0.0001; 95% singles versus pairs, t ¼
)9.87, P < 0.0001) at both the 50% and 95% cutoﬀs
when comparing the pairs with the singles and the triples
with the pairs. The exception was the insigniﬁcant
diﬀerence in performance between parsimony and
Bayesian analyses when comparing the triples with the
pairs at the 95% cutoﬀ (independent contrast, t ¼
)1.42, P ¼ 0.16).
Sampling process partitions
To test whether increasing the number of process
partitions sampled enhanced the performance of parsimony and Bayesian approaches, we performed a second
set of independent contrasts on the Group 2 analyses.
Increasing the number of process partitions sampled was
found to be disadvantageous, on average, for parsimony-based phylogenetic inference. The average least
squares mean estimates of overall success of resolution
for parsimony was 17.74 when the heterogeneous
parameters were simulated individually, 15.21 when
simulated in pairs and 11.98 when all three heterogeneous parameters were simulated together at the 50%
cutoﬀ. Using the 95% cutoﬀ, the averages were 15.70 for
singles, 14.34 for pairs and 12.00 for triples. All four of
the decreases in the average least squares mean estimates
of overall success of resolution were found to be
signiﬁcant (independent contrasts, 50% singles versus
pairs, t ¼ 11.57, P < 0.0001, 50% pairs versus triples,
t ¼ 12.28, P < 0.0001; 95% singles versus pairs, t ¼
7.96, P < 0.0001; 95% pairs versus triples, t ¼ 11.39,
P < 0.0001) at both the 50% and 95% cutoﬀs when
comparing the doubles with the singles and the triples
with the doubles.
Increasing the number of process partitions sampled
had a less uniform eﬀect on Bayesian-based phylogenetic inference. The average least squares mean estimate
of the overall success of resolution for Bayesian analyses
increased when the heterogeneous parameters were
simulated in pairs rather than individually at the 95%
cutoﬀ (not signiﬁcant at the 50% cutoﬀ), yet decreased
when all three heterogeneous parameters were simulated
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together, at both the 50% and 95% cutoﬀs. The
averages were 12.01 for singles, 12.21 for pairs and
10.92 for triples at the 50% cutoﬀ, and 13.68 for singles,
14.71 for pairs and 12.78 for triples at the 95% cutoﬀ.
The two diﬀerences were both signiﬁcant at the 95%
cutoﬀ (independent contrasts, singles versus pairs, t ¼
)6.00, P < 0.0001; pairs versus triples, t ¼ 9.38,
P < 0.0001), as was the diﬀerence between pairs and
triples at the 50% cutoﬀ (independent contrasts, t ¼
4.92, P < 0.0001). However, the diﬀerence between the
singles and doubles at the 50% cutoﬀ was not signiﬁcant
(independent contrasts, t ¼ )0.91, P ¼ 0.36). Note that
these analyses assumed that the unit of measurement for
the overall success of resolution was uniform across its
entire range.
These results suggest that, on average, it is not
preferable to deliberately increase the number of process
partitions sampled for parsimony-based phylogenetic
inference (when the process partitions diﬀer from one
another based on the three heterogeneous parameters
simulated here). As such, when possible, we should
simply sequence loci that are easy to amplify and are
evolving at an ‘‘appropriate’’ rate and manner, following Graham and Olmstead (2000), rather than expending extra resources on sampling loci that are evolving
under diﬀerent sets of parameters. However, this suggestion is predicated by two critical assumptions that in
many cases will obviate its practical application. First,
this suggestion is based on the notion that genes that are
evolving at the ‘‘appropriate’’ rate and manner (e.g., not
having overly constrained character-state space; Naylor
et al., 1995; Simmons et al., 2004b) may be accurately
identiﬁed. One way to hedge one’s bets would be to
sample multiple process partitions. Second, this suggestion does not take into account the potential for
introgression, lineage sorting or horizontal transfer
(Doyle, 1992). When these issues are liable to be of
concern (e.g., introgression through hybridization
among closely related plant species (Rieseberg et al.,
2000); lineage sorting in lineages with short internal
branches and large eﬀective population sizes (Moore,
1995); or horizontal transfer of mitochondrial genes in
ﬂowering plants (Bergthorsson et al., 2003; Won and
Renner, 2003)), we suggest that multiple coalescent
genes be sampled, following Doyle (1992).
Eﬀects of increasing heterogeneity
To test the relative sensitivity of parsimony and
Bayesian analyses to increasing heterogeneity, we examined the interaction plots for models from the Group 1
analyses with a signiﬁcant ‘‘method of analysis · degree
of heterogeneity’’ interaction. The method with the
shallower slope was deemed to be less sensitive. Of the
11 sets of simulations, Bayesian MCMC was found to be
signiﬁcantly less sensitive than parsimony to increasing

182

M. P. Simmons et al. / Cladistics 22 (2006) 171–185

Table 4
The relative eﬀect of increasing heterogeneity on Bayesian and parsimony methods, based on the overall success of resolution
50% cutoﬀ

95% cutoﬀ

Simulation

Bayes
slope

Pars.
slope

Signif.
of int.

Bayes
slope

Pars.
slope

Signif.
of int.

Gamma rate
Dual rate
Nucleotide freq.
Branch lengths
Gamma + freq.
Dual + freq.
Gamma + branch
Dual + branch
Freq. + branch
Gamma + freq. + branch
Dual + freq. + branch

1.89
2.31
)5.23
)2.98
0.32
)0.39
2.21
2.78
)4.91
)0.36
)0.94

1.26
1.45
)3.93
)0.99
)1.21
)1.00
0.81
1.45
)3.89
)1.85
)1.85

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

2.58
2.65
)3.20
)1.96
0.21
)0.10
2.60
2.79
)2.99
)0.19
)0.53

0.68
1.29
)2.02
)0.33
)1.16
)0.91
0.55
1.15
)2.07
)1.44
)1.24

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

Slopes were calculated as the parameter estimate for degree of heterogeneity ± the parameter estimate for the ‘‘method of phylogenetic analysis
· degree of heterogeneity’’ interaction (+ for Bayes, – for parsimony). All increasing-heterogeneity main eﬀects were signiﬁcant (P < 0.0001).
Reported signiﬁcance values are for the ‘‘method of phylogenetic analysis · rate of heterogeneity’’ interaction.

heterogeneity for four sets of simulations with respect to
the overall success of resolution using both the 50% and
95% cutoﬀs. On the other hand, parsimony was found
to be signiﬁcantly less sensitive than Bayesian analyses
for seven sets of simulations using both the 50% and
95% cutoﬀs (Table 4). Note that this set of statistical
analyses was not performed to test an a priori hypothesis
regarding the relative performance of Bayesian and
parsimony methods at diﬀerent degrees of heterogeneity. Rather, the analyses were performed after observing these trends in the results (Figs 2–4, S1–S3).
In order to test the relative performance of the two
methods as heterogeneity increased, we again examined
the interaction plots for models from the Group 1 analyses
with a signiﬁcant ‘‘method of phylogenetic analysis ·
degree of heterogeneity’’ interaction. The method with the
higher (if positive; lower if both were negative) slope was
determined to have the better performance. Parsimony
was not found to perform uniformly better than Bayesian
MCMC as the severity of the heterogeneity increased.
Only in those three simulations in which rate heterogeneity among sites was not incorporated did parsimony
perform signiﬁcantly better than Bayesian analyses
(Table 4). In contrast, Bayesian MCMC signiﬁcantly
outperformed parsimony in all eight of the simulations in
which rate heterogeneity among sites was incorporated.
All of these results were signiﬁcantly supported at both the
50% and 95% cutoﬀs (Table 4).
We examined the parameter estimates for rate heterogeneity in the Group 1 analyses with the overall success of
resolution as the response variable in order to test
whether or not rate heterogeneity among sites was
advantageous overall. Analyses where the parameter
estimate for the rate heterogeneity main eﬀect was
signiﬁcant and positive were considered to indicate an
overall advantageous eﬀect of increasing heterogeneity.
Up to a point, rate heterogeneity among sites was found

to be generally advantageous for phylogenetic inference
using both the parsimony and Bayesian approaches
(Fig. 2A,B). This result was signiﬁcant for both parsimony and Bayesian analyses based on the overall success
of resolution using both the 50% and 95% cutoﬀs
(Table 5). The exception to this was the nearly universal
decrease in overall success of resolution for both parsimony and Bayesian analyses when going from homogeneous rates to slight (110% ⁄ 90%) rate heterogeneity using
dual rates (Fig. 2B). Taken as a whole, the overall success
of resolution signiﬁcantly increased as both gamma rate
heterogeneity and dual rate heterogeneity progressively
increased. Once the rate heterogeneity became too
extreme (gamma distributed with a ¼ 0.1), however, both
parsimony and Bayesian analyses showed decreases in the
overall success of resolution for all four rates simulated
(Fig. 2A). This result signiﬁcantly supports the widely
used strategy of deliberately sampling characters that are
Table 5
The overall eﬀect of increasing heterogeneity based on overall success
of resolution
50% cutoﬀ

95% cutoﬀ

Simulation

Het. est.

Signif.

Het. est.

Signif.

Gamma rate
Dual rate
Nucleotide freq.
Branch lengths
Gamma + freq.
Dual + freq.
Gamma + branch
Dual + branch
Freq. + branch
Gamma + freq.
+ branch
Dual + freq.
+ branch

1.57
1.88
)4.58
)1.98
)0.45
)0.70
1.51
2.12
)4.40
)1.10

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

1.63
1.97
)2.61
)1.14
)0.47
)0.50
1.58
1.97
)2.53
)0.81

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

)1.40

<0.0001

)0.88

<0.0001
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Table 6
The relative performance of Bayesian and parsimony methods based on the number of clades incorrectly resolved
50% cutoﬀ

95% cutoﬀ

Simulation

Bayes
mean

Pars.
Mean

t

Signif.

Bayes
mean

Pars.
mean

t

Signif.

Gamma rate
Dual rate
Nucleotide freq.
Branch lengths
Gamma + freq.
Dual + freq.
Gamma + branch
Dual + branch
Freq. + branch
Gamma + freq. + branch
Dual + freq. + branch

1.36
2.66
13.79
9.68
5.28
9.69
2.66
4.86
16.19
7.62
12.51

0.50
1.08
5.87
2.69
3.56
5.24
1.66
1.64
7.68
5.45
7.34

7.44
9.58
25.12
24.72
7.02
15.38
5.35
13.40
27.08
7.70
16.70

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001*
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

0.02
0.16
4.31
3.43
1.11
3.48
0.35
1.17
6.52
2.62
6.70

0.00
0.01
0.01
0.16
0.07
0.17
0.06
0.05
0.20
0.39
0.58

2.49
3.90
17.61
13.13
11.22
17.08
5.15
9.79
23.07
14.09
25.19

0.01*
<0.0001*
<0.0001
<0.0001
<0.0001*
<0.0001
<0.0001*
<0.0001*
<0.0001
<0.0001
<0.0001

*The model had low explanatory power (R2 <0.30).

evolving at diﬀerent rates to improve phylogenetic
inference when analyzing one’s data using parsimony
and ⁄ or Bayesian analyses.
In contrast to rate heterogeneity among sites, branchlength heterogeneity was found to be generally
disadvantageous for phylogenetic inference using both
parsimony and Bayesian approaches (Fig. 2C). This
result was signiﬁcant for both analyses based on the
overall success of resolution using both the 50% and 95%
cutoﬀs (Table 5). Note that these statistical analyses were
not performed to test an a priori hypothesis regarding the
relative performance of the Bayesian and parsimony
methods to increasing branch-length heterogeneity.
Rather, the analyses were performed after observing
these trends in the results (Figs 1, S1). A probable
explanation for the poor performance of Bayesian
MCMC to increasing branch-length heterogeneity is that
the likelihood models used in this study (and in the vast
majority of empirical likelihood-based analyses) all
assume proportional branch lengths among characters.
Our result is consistent with Chang’s (1996) examples,
showing how likelihood methods can be inconsistent
under a general heterogeneous model, and Kolaczkowski
and Thornton’s (2004) four-taxon simulations.
Incorrect resolution by parsimony and Bayesian analyses
By using independent contrasts to compare the least
mean squares estimates for parsimony and Bayesian
analyses from the Group 1 analyses with number of
incorrect clades resolved as the response variable, we
could test how well each method of analysis performed with respect to the number of clades incorrectly
resolved. Parsimony was found to be more conservative
than Bayesian MCMC in that it resolved fewer incorrect
clades. This result was found to be signiﬁcant for all 11
sets of simulations at the 50% cutoﬀ, and 10 of the 11
sets at the 95% cutoﬀ (Table 6). This set of statistical

analyses was used to test the a priori hypothesis that
Bayesian analyses would resolve signiﬁcantly more
incorrect clades than would the parsimony jackknife
analyses. These results are consistent with previous
studies that found Bayesian posterior probabilities to
be inﬂated relative to ideal support values, in contrast to
both the bootstrap (Suzuki et al., 2002; Cummings et al.,
2003; Taylor and Piel, 2004) and the jackknife (Simmons
et al., 2004a). These studies were the bases for our a
priori hypothesis.

Conclusions
Our two a priori hypotheses were refuted. First,
parsimony was not found to perform relatively better
than Bayesian MCMC as more diﬀerent heterogeneous
parameters were incorporated in the simulations. Rather,
the general pattern observed was that the parsimony and
Bayesian analyses converged in their performance as the
number of simulated heterogeneous model parameters
increased. Second, parsimony was not found to perform
uniformly better than Bayesian MCMC as the severity of
the heterogeneity increased. Only in those three simulations in which rate heterogeneity among sites was not
incorporated did parsimony perform better than Bayesian MCMC. In contrast, Bayesian MCMC outperformed parsimony in all eight of the simulations in which
rate heterogeneity among sites was incorporated.
The convergence in performance of parsimony and
Bayesian analyses as the number of heterogeneous
model parameters increased is an important result to
consider when extrapolating the results of simplistic
simulation studies (including this one) to determine how
empirical data should be analyzed. Although likelihoodbased methods generally perform well when their
assumptions are met in simulations (e.g., Huelsenbeck,
1995; Yang, 1996a; Sullivan and Swoﬀord, 2001), their
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performance may not be signiﬁcantly better than parsimony when applied to empirical characters (Anderson
and Swoﬀord, 2004), which are generally heterogeneous.
One could perform Bayesian analyses using diﬀerent
models for each of the process partitions that we
simulated in each of the 11 sets. However, for the results
to be empirically relevant, the boundaries between process partitions must be identiﬁable in the empirical data.
An initial way of testing approaches that attempt to
delimit process partitions (Lartillot and Philippe, 2004;
Pagel and Meade, 2004) would be to randomize our
characters and then apply the approaches, wherein
partitions are discovered rather than set a priori.
Mixed likelihood models (e.g., Yang, 1996b; DeBry,
1999; Nylander et al., 2004) are a step forward in
addressing the heterogeneity we simulated, though
delimiting natural process partitions remains problematic (Siddall, 1997). Furthermore, mixed models using
the GTR + I + G model or one of its more restrictive
variants would still not accommodate diﬀerential
branch lengths (wherein a branch that is long for one
partition is short for another partition, and vice versa),
as was simulated here. If process partitions were to be
accurately delimited, and mixed, covarion-type models
were to be accurately estimated and applied, each of the
heterogeneous parameters examined in this study could
be addressed using likelihood approaches. However, a
question would remain: could all of the necessary
parameters be eﬀectively estimated for the models from
each process partition or would this result in overparameterization (see Cunningham et al. (1998) and
Lemmon and Moriarty (2004))?
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