





Bias in Bayesian Phylogenetics

when the mixture model was used to incorporate heterotachy, Blnincorporated heterotachy contributes to this error [45,47]. When
required twice as long an internal branch to achieve the sameve analyzed the empirical EEHata using a homogeneous model,
accuracy as ML (Table S1). These results show that using complésoth ML and BI favored the incorrect MA tree, but the support for
models that integrate over many nuisance parameters causes Bile incorrect tree was much stronger with Bl than ML (Fig. 3b).
intrinsic long branch attraction bias to become more severe.  When a mixture model was used to incorporate heterotachy, Bl
continued to prefer the incorrect MA tree, but ML recovered the
Increased Sensitivity to Model Violations true tree with strong support. When the data were analyzed using a
Statistical models used to infer phylogenies are simplifications @®rtitioned model that groups sites according to rate classes inferred
the real evolutionary process, so analyses of real data are alway¥ the mixture model, ML recovered the true tree, whereas Bl
conducted using a too-simple model. To determine the relativecontinued to be biased in favor of the MA tree. Under realistic
sensitivity of Bl and ML to model violation, we simulated conditions, ML is therefore less susceptible to long branch attraction
sequences with two types of common model violation—heterothan Bl, and complex models—both mixed and partitioned—
tachy and lineage-specific changes #Q&ontent—on a resolved ~ perform better in an ML than a Bl framework.
four-taxon tree with two long branches; we then analyzed these To determine the relative contributions of intrinsic bias, model
data assuming common homogeneous models (Fig. 2). Whegomplexity, and model violation to Bl's poor performance in this
heterogeneity was weak, both Bl and ML recovered the correctase, we simulated protein sequences of 500 residues along the
tree with strong support; when heterogeneity of either type wagukaryote phylogeny with branch lengths and model parameters
strong, both methods were biased in favor of the LBA tree.estimated from the empirical EBldata. We found that all three
Between these extremes, ML recovered the correct phylogenfactors contribute. When data were simulated and analyzed under
significantly more often than BP¢ 0.001), indicating that Bl is a homotachous rates model, ML showed no support for the
more sensitive to model violations. Although the advantage of MLincorrect MA phylogeny, whereas Bl did support this tree, albeit
over Bl was never greater than20%, we found regions of weakly (Fig. 3c). When data were simulated using a heterotachous
parameter space in which ML strongly supports the correct treemixture model with parameters derived from the empirical data
while Bl supports the LBA tree. In still other regions, Bl strongly and then analyzed using the same model, BI's support for the
supports the incorrect LBA tree, while ML is only weakly biased.incorrect tree increased dramatically, while ML'’s did not. Finally,
when data were simulated using the heterotachous model but
Bias under Empirical Conditions analyzed using a standard homotachous model, support for the

The results reported above establish that Bl produces biasefiCOTECt tree grew even stronger using Bl but remained low using
inferences under extreme conditions on small trees. To determindL. These results indicate that 1) the empirical branch lengths
the relative performance of Bl and ML when larger phylogeneticalone are sufficient to cause bias in Bl even when the underlying
problems and real molecular sequence data are analyzed, wavolutionary model is simple, 2) this problem is exacerbated when
examined a well-known case of phylogenetic error (Fig. 3a). Whethie evolutionary process is complex, and 3) the stronger effect of
eukaryote elongation factom{EF1a) sequences are analyzed usingmodel violation on BI further magpnifies the bias.
traditional ML and BI, the microsporidiafencephalitozoon cuigculi
artifactually attracted to the long branch leading to the archae-Bayesian Simulations
bacterial outgroup (the MA tree), instead of its correct placement BI’s long branch attraction bias has not been apparent in recent
with fungi (the MF tree) [45,46]; previous work has shown thatstudies that used “Bayesian simulation” to generate sequence data

Figure 2. ML is less susceptible than Bl to long branch attraction caused by model violations. Datasets of 5,000 nt were generated using
heterogeneous evolutionary models on a four-taxon tree with non-sister long terminal (0.75 substitutions/site) and short terminal (0.05) branch
lengths and an internal branch of 0.02, then analyzed using a simple homogeneous model. We plotted the proportion of replicates from which each
topology was recovered, as well as the mean posterior probability of each tree, as evolutionary heterogeneity increasedsequences were
generated with convergent G-C content in non-sister lineages. GC heterogeneity indicates absolute increase ®€€@ontent in the marked lineages
above ancestral baseline of 30%., Two classes of heterotachous sites evolved on the same topology but with different branch lengths for each class.
We varied the strength of heterogeneity by increasing from zero the proportion of sites in the first class.

doi:10.1371/journal.pone.0007891.g002

PLoS ONE | www.plosone.org 4 December 2009 | Volume 4 | Issue 12 | e7891



Bias in Bayesian Phylogenetics

Figure 4. Bayesian integration is biased in “Bayesian simulation’’ when prior distributions are correctly specified. We simulated 5,000-nt
sequences along randomly-selected four-taxon trees with branch lengths drawn from a uniform distribution on (0,1]. a, Datasets were divided into
strong and weak Felsenstein zone (FZ) and inverse Felsenstein zone (IFZ) groups based on the pattern of branch lengths on the true tree and the
difference between branch lengths (see Methods). The proportion of replicates in each category from which ML and Bl recovered an incorrect phylogeny
is shown. Bars indicate standard error. b, The proportion of datasets from which each method inferred the topology with the two longest terminal
branches as sister taxa. The label “true” indicates the proportion of datasets for which the true tree has the two longest branches as sister taxa.

d0i:10.1371/journal.pone.0007891.g004

strong bias and a very high rate of erroneous inferences. This
problematic behavior is not apparent, however, when accuracy is
measured only as the correspondence between the proportion of
replicates in which some topology is true and the proportion of
replicates from which it is inferred.

Misinterpretation of Phylogenetic Signal

Correct phylogenetic inference using likelihood-based methods
requires accurate branch length estimates. To understand how
and why incorporating branch length uncertainty causes bias, we
characterized the likelihood surface across branch lengths for
sequences with the expected pattern frequencies generated on the
star tree in Fig. la. As Fig. 6a shows, integrating over internal
branch lengths causes LBA. At the true internal branch length of
zero, the three possible trees have equal likelihood, but
incorporating longer internal branch lengths causes the integrated
likelihood of the LBA tree to dramatically exceed those of the
other topologies. Integrating over the long and short terminal
branches, in contrast, does not favor the LBA tree.

These results suggest that integrating over too-long internal branch
lengths causes the convergent state patterns that occur on the long
terminals to be misinterpreted as phylogenetic signal. To test this
hypothesis, we calculated the partial posterior probability for each
tree contributed by each character state pattern (Fig. 6b). When
branch lengths were fixed at their ML values, none of the patterns
produced strong support for any tree. When branch lengths were
integrated over, however, patterns such as xpxy or xyxz provided
strong support for the topology that clusters taxa with identical states.
This result occurs because, when the internal branch is longer than its
true value, the probability of such patterns is greater on the LBA
topology than on the others. The net effect of incorporating incorrect
internal branch lengths by Bayesian integration is therefore to
misinterpret convergent patterns that arise on long branches as due to
common descent. Although ML’s estimates of branch lengths may
deviate slightly from the true branch lengths due to stochastic
variation in finite data, these deviations are apparently small and do
not cause substantial topological bias.

Increasing Bias with Larger Datasets
Our observation (Fig. 1) that the biasing effect of integrating
over branch lengths grows worse with increasing sequence length
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may seem surprising, because the likelihood function over branch
lengths for each topology becomes more peaked as sequence
length grows (see Fig. 6a). The relative support for one tree over
another, however, is determined by the ratio of the integrated
likelihoods for the two topologies, modified by the priors. As the
quantity of data grows, the likelihood function becomes more
peaked for all topologies, and the ratio of the integrated likelihoods
(and therefore of the posterior probabilities) in fact grows more
extreme. For a dataset of length N containing each state pattern x
at the expected frequency fy, the integrated log-likelihood of any

topology j is Nfidngy =N fing,, where ¢, is the
probability of paftern X on topofogy J integrated over branch

lengths b, or gj= P Xxjj, b db. The log-likelilfoog ratio of

any two trees j and kis N filngy—  filngw . The terms

mside the parentheses—eachx state patte;n’s frequency in the
expected data times its log-likelihood given each combination of
topology and branch lengths—do not change with sequence
length. The likelihood ratio must therefore scale exponentially
with N, and the posterior probability of the favored tree must also
increase towards the limit 1.0 as sequence length grows. If the
expected state pattern frequencies support an incorrect tree at
small sequence lengths—as our simulation experiments and
numerical analyses indicate they do for Bayesian analysis of trees
in the Felsenstein zone—then this support will grow more
extreme, not less, as the quantity of data grows.

To corroborate this analysis, we numerically estimated the
likelihood surfaces of expected datasets of increasing length, each
composed of character state patterns at their expected frequencies
given the Felsenstein-zone star tree in Fig. la. When branch
lengths are integrated over, the likelihood ratio in favor of the LBA
tree increases as sequence length grows (Fig. 6¢), and the posterior
probability of the LBA tree rises accordingly. Maximum likelihood
estimation of branch lengths, in contrast, does not erroneously
support one tree over the others.

Discussion

Our results suggest that several of the proposed advantages of BI
over ML for choosing among hypotheses of phylogeny are false. We
found that integrating over branch length uncertainty does not
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ML’s. Our results indicate that Bl will suffer from bias whenever the
true tree contains non-sister long branches, a common occurrence in
phylogenetics [46,49,50].
Unlike recent examinations of Bayesian phylogenetic approaches
[30,31,51], which highlight potential problems with current MCMC
implementations or prior distributions, our results point to problem-
atic behavior that is intrinsic to Bayesian phylogenetics. The biases we
observed cannot be alleviated with more sophisticated MCMC
algorithms or complex prior distributions. Bl is biased in favor of the
LBA tree even when the correct prior assumptions are used in
“Bayesian simulation.” A recent theoretical study showed that under
the limiting distribution for a star tree with two long branches under
the Jukes-Cantor model, the posterior probability of the LBA tree is
higher than that of any other tree, including the star tree itself,
irrespective of the specific prior distribution used for branch lengths
[41]. Our experiments reveal the cause of this bias, show that BI-
based phylogenetic inference is less accurate than ML, and establish
that Bl's bias affects accuracy on resolved trees, grows more severe
with complex models, causes recovery of an incorrect phylogeny
under empirical conditions, and makes Bl more susceptible to error
induced by model violation than ML.
Our results suggest that Bl using a Bayes decision rule to choose
among phylogenetic hypotheses may be statistically inconsistent.
The proof of ML's consistency is based on the fact that when the
evolutionary model is correct and identifiable, pattern frequencies
in the data approach expectation as sequence length approaches
the limit; under such conditions, maximum likelihood estimates of
branch lengths converge on their true values, and the true
topology with the true branch lengths always has higher likelihood
than any other topology with any branch lengths [9]. This proof
cannot apply to BI, because likelihoods are integrated over a
) o o ] S distribution of branch lengths, the vast majority of which are
gg;;;ag-sﬁmngn” '”'E‘z?rgggﬂ ;Zplfjclgfeedal?op% l;@'};“/g'rgceﬁ_length wrong. A formal demonstration that Bl is inconsistent in the
combination was chosen from a discrete set’ of sixteen, each with equal Felsen_steln zone 1s beyo_”d the scope of this paper. Hoyvever, our
probability. There are two possible topologies (AB,CD) and (AC,BD): for Numerical and mathematical analyses show that when ideal data
each, there are four combinations of long (0.75 substitutions/site) and With the same properties as infinitely long sequences are analyzed,
short (0.01) terminals, and two internal branch lengths (0.1 or 0.001, not Bl recovers the wrong phylogeny, and support for this erroneous
shown) for each combination of terminal lengths. For each replicate, an  topology increases as sequence length grows. Our simulations also
'd:nﬂra(:géasf\}er‘]”'twe ttgeol‘f)’(pe;%dbf;iﬁ E‘;ﬁ‘:ﬁg &/ehqe“ne?ﬁéiz C‘j";"’t‘z show that BI recovers an incorrect phylogeny with increasing
gre analyzegd using Bl, \?vith%e true uniform digtribution over the true fsquor_t as the amount of data Increases, as expected fpr an
set of topology/branch-length combinations used as a prior, the Inconsistent method but not a consistent one. Together with a
topology noted next to each tree is inferred as the maximum a previous analysis of the limiting distribution of posterior
posteriori phylogeny with support. 0.99. Bold text indicates incorrect  probabilities for data generated on a star tree in the Felsenstein

inferences; regular text, correct inferences. The chart shows the zone [41], our findings provide strong, albeit circumstantial,
proportion of inferences from which each topology is recovered by Bl evidence that Bl is statistically inconsistent

and ML, along with the fraction of those inferences that are correct. . .
doi:10.1371/journal.pone.0007891.g005 Although our results suggest problems with using BI for

inferring phylogenies in practice, they do not contradict the core

rationale for Bayesian inference. Bayes’ Theorem defines posterior
improve accuracy but rather causes topological bias and reducegrobability as the probability that a hypothesis is true given the
efficiency. In contrast, ML was not biased on finite data, and themodel and the priors. If the priors on nuisance parameters match
asymptotically unbiased nature of ML is already well establishethe true values of those parameters, Bayesian choice of topology
[9,15-17]. We found that BI's bias grows more severe as the amountill be unbiased and optimal, and the posterior probability of a
of data increases, a particular concern in the age of phylogenomigspology will correspond to the probability that the tree is true
[48]. Although this bias is relatively weak when the evolutionarygiven the data [32]. When the priors on nuisance parameters are
model is simple, it becomes strong when more complex heterogéacorrect, the posterior probability no longer holds this objective
neous models are used, undermining the view that Bl is preferable tmeaning, and the probability of the true topology is no longer
ML for implementing mixed and partitioned models [3,10,12,14]. guaranteed to exceed that of any other topology. Nevertheless, the
Integrating over uncertainty also makes Bl more susceptible than Mlposterior probability retains its purely subjective, conditional
to errors caused by the inevitable use of inaccurate models ofheaning as the degree of belief a rational agent will have in the
molecular evolution. ML's advantage over Bl is apparent underhypothesis given whatever priors have been used. Ideally, prior
empirical conditions and when small datasets are analyzed usirdjstributions would accurately represent beliefs about the likely
complex models. In practice, ML and BI are likely to produce values of branch lengths and other model parameters before the
similar—and accurate—results most of the time, but when they differdata are analyzed, giving posterior probabilities a subjective
Bl's inferences of topology are more likely to be due to bias thameaning that is more than arbitrary. In reality, however, there is
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