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Abstract

The availability of genome-wide data provides unprecedented opportu-
nities for resolving difficult phylogenetic relationships and for studying
population genetic processes of mutation, selection, and recombination
on a genomic scale. The use of appropriate statistical models becomes
increasingly important when we are faced with very large datasets, which
can lead to improved precision but not necessarily improved accuracy
if the analytical methods have systematic biases. This review provides
a critical examination of methods for analyzing genomic datasets from
multiple loci, including concatenation, separate gene-by-gene analy-
ses, and statistical models that accommodate heterogeneity in different
aspects of the evolutionary process among data partitions. We discuss
factors that may cause the gene tree to differ from the species tree, as
well as strategies for estimating species phylogenies in the presence of
gene tree conflicts. Genomic datasets provide computational and sta-
tistical challenges that are likely to be a focus of research for years to
come.
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Species tree: the
unobserved tree of
genealogical

relationships among
the species from which
the genes are sampled

Gene tree: the
unobserved tree of
genealogical

relationships among

genes through time
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INTRODUCTION

The genome sequencing era began three
decades ago with the sequencing, in 1977, of
the 5368-bp DNA genome of the bacterio-
phage virus X174 (53). Automated sequencing
technologies enabled the first bacterial genome,
the 1830-kb genome of Haemophilus influen-
zae (21), to be sequenced in 1995, followed
by the first eukaryotic genome, the 12.5-Mb
genome of the budding yeast Saccharomyces cere-
visiae (23), in 1997. During the current decade,
the number of sequenced genomes has grown
exponentially. As of October 2007, Entrez
(http://ncbi.nlm.nih.gov/) lists 543 completed
genomes for eubacterial species and 47 for ar-
chaeal species. There are 23 completed eukary-
otic genomes and 129 draft genomes. These
include two completed mammalian genomes
(human and mouse), 21 draft assembly mam-
malian genomes, and 26 mammalian genomes
in progress. These numbers are likely to in-
crease by as much as tenfold by the close of
the current decade.

During the last several years the poten-
tial value of comparative genomics for the
identification of genes, regulatory regions, and
other genome features has shifted sequenc-
ing efforts away from model organisms such
as mouse and Drosophila to include other re-
lated species. Numerous completed genome se-
quences are now available for evolutionarily
related species, opening up the possibility of us-
ing whole genomes to infer phylogenetic rela-
tionships and divergence times among species.
Moreover, new sequencing technologies have
enabled resequencing of genomes for mult-
ple individuals of a single species, strain, or
population. The newly emergent fields of phy-
logenomics and population genomics are one
consequence of these technological advances.
Although the availability of whole genome se-
quences is quite new, the basic principles of
multilocus inference in phylogenetics and pop-
ulation genetics, developed and refined over the
last two decades, are relatively well established.

The objective of this review is to describe
how existing tools for phylogenetic inference
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can be applied to whole genomes. The use of
robust methods of analysis is clearly extremely
important when such large amounts of data are
analyzed; errors induced by phylogenetic infer-
ence techniques known to be prone to large-
sample problems such as statistical inconsis-
tency can be greatly magnified by the use of
whole genome data (43, 50). Moreover, new
problems arise, such as how to account for the
effects of recombination, gene conversion, and
horizontal gene transfer. In this review, we do
not deal with details of genome sequencing such
as sequence assembly. Nor do we consider the
important related problem of sequence align-
ment. Rather, we focus exclusively on the prob-
lem of accurately inferring phylogenetic trees
and species divergence times using a sample of
aligned orthologous sequences for regions that
span an entire genome. Even this relatively fo-
cused endeavor can become quite complicated
in many situations of biological interest.

SPECIES TREES AND
GENE TREES

Amino acid sequences, cross-reactivity of anti-
bodies, and other measures of evolutionary di-
vergence among multiple proteins (and species)
first became widely available during the 1960s
(13). Researchers developing measures of ge-
netic distance intended for use with such data
noted early on the distinction between organ-
ismal phylogenies and molecular phylogenies.
Fitch (20), for example, proposed new terms to
clarify the distinction between orthologs (genes
descending from a shared ancestral gene owing
to a shared species divergence event) and par-
alogs (genes descending from a shared ances-
tral gene owing to a gene duplication event).
Nei (41), considering the problem of dating
species divergence events using immunological
distances, recognized that the objective was to
“reconstruct or estimate the evolutionary tree
of the organisms used rather than that of a pro-
tein.” Tateno and coworkers (62) made a similar
distinction, noting that “the primary objective
of molecular taxonomy or phylogenetics is to
construct a species tree rather than a gene tree”
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and speculating that “the only way to reduce
the errors involved in an estimated tree is to in-
crease the number of genes used.” In the last
two decades, the importance of distinguishing
between gene and species trees has been widely
recognized and researchers have identified new
sources of gene and species tree conflict that
were previously unknown (or highly specula-
tive). Recent genome sequencing efforts pro-
vide the opportunity for an almost limitless
number of genes to be employed in a phyloge-
netic analysis aimed atidentifying a species tree.

Sources of Gene Tree Conflict

In discussing gene tree conflict, it is essential to
distinguish between an estimated gene tree and
the true gene tree. The true gene tree is the
unobserved tree of genealogical relationships
among genes through time. The estimated gene
tree is the current best estimate of that tree
based on DNA sequence data. Even when true
gene trees are identical between genes, esti-
mated gene trees may differ owing to random
and systematic errors in phylogenetic tree re-
construction. In analyses that use well-behaved
statistical methods known to produce consis-
tent estimates, such as maximum likelihood or
Bayesian inference, such errors can be reduced
by adding sites to a gene. However, underly-
ing biological processes can cause the true gene
trees to differ, in which case the estimated gene
trees can differ regardless of the number of
sites examined (see discussion below). Here,
we use the term “gene tree conflict” to refer
only to cases in which true gene trees differ.
True gene trees can differ either in divergence
times or tree topology. The species tree is the
unobserved tree of genealogical relationships
among the species from which the genes are
sampled.

The two major types of biological process
that can lead to conflicts among gene trees are,
first, population genetic processes such as drift
operating in an ancestral species, and second,
genomic recombination, either within a sin-
gle species (e.g., gene conversion, transposi-
tion, or meiotic crossovers) or between species

(horizontal/lateral gene transfer). Because the
effects of genomic recombination in causing
conflicts between gene and species trees may
depend on whether ancestral polymorphisms
are present, we consider ancestral population
effects first. We then go on to discuss the role of
genomic recombination in generating conflicts
and the influence of processes such as meiotic
crossovers within populations on the probabil-
ity of gene and species tree conflicts.

Ancestral Polymorphisms

Species divergence times and ages of most
recent common ancestors. To illustrate the
effect of ancestral polymorphism, consider a
homologous segment of DNA in the human
and chimpanzee genomes. Suppose we sample a
single human and chimpanzee sequence; we are
interested in using the pattern of DNA substi-
tutions between the pair of aligned sequences to
infer the age of the human-chimpanzee specia-
tion event, #¢. Assuming that no gene flow oc-
curs subsequent to the speciation event (which
indeed may be taken as the definition of spe-
ciation), it is impossible for the sequences to
share a most recent common ancestor (MRCA)
that is younger than the age of the speciation
event. The time until the MRCA, Ty, is then
determined by population genetic processes
operating in the human-chimpanzee ancestral
population, such as genetic drift (Figure 1). Co-
alescent theory (25, 30, 60) can be used to cal-
culate the probability density of the discrepancy
The — tuc:

1
f(THC) — me*(ﬂ-}(: —tHC)/(ZNe)’ for Tuc > tue,
(4

where time is measured in units of generations.
This is an exponential distribution with mean
E(Thyc — tuc) = 2N, and variance var(Tyc) =
4N?. The degree to which such discrepan-
cies can be detected (and thus influence result-
ing estimates) when using sequence data de-
pends on the relative accuracy of the branch
length estimates (in units of expected numbers
of substitutions), the mutation rate, the effective
population size, and the generation time. The
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Maximum likelihood:
a statistical method for
estimating parameters
in a statistical model
by maximizing the
probability of the
observed data

Bayesian inference:
an approach to
statistical inference
that uses probability
distributions to
describe uncertainties
in model parameters

Genomic
recombination: the
exchange of sequence
information between
distinct DNA
molecules

Ancestral
polymorphism:
polymorphism or
sequence differences in
an extinct ancestral
species
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Figure 1

C G

A species tree for three species [human (H), chimpanzee (C), and gorilla (G)]
used to illustrate lineage sorting, which may generate a species tree-gene tree
conflict. The species tree is (H, C), G), with the species divergence times ¢
and tycq. The two ancestral species (populations) are represented as HC and
HCG. Two gene trees are shown. In the blue gene tree, the H and C sequences
coalesce in population HC, and the resulting gene tree matches the species
tree. In the red gene tree, both coalescent events occur in population HCG,
and the resulting gene tree differs from the species tree.

accuracy of branch length estimation depends
on the number of sites analyzed and the substi-
tution model used. If v = v; — vy is the smallest
discrepancy that can be detected (in units of ex-
pected mutations) then the probability that a
detectable discrepancy is observed between the
branch length expected under the true species
divergence time, vy = tycGp, and that of the
MRCA, v = THCGM: is
0 ,=y/QN.G)

p= 7ZMG d_)lze

v/p

—v/Q@NeGp)
)

where G is the generation time (in years) and u
is the mutation rate (per year). Considering the
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human-chimpanzee divergence, for example, if
the human-chimpanzee ancestral effective pop-
ulation size is N, =100,000 (61), the genera-
tion time is G = 20 years, and the mutation
rate is © = 1077 mutations per site per year,
then a branch length discrepancy of v = 0.01
or larger will occur with probability p = 0.08
and a branch length discrepancy of v = 0.005
or larger will occur with probability p = 0.29.
Given that potentially thousands of indepen-
dent genes can be examined in a whole-genome
phylogenetic analysis, discrepancies larger than
v = 0.01 can be expected to commonly occur. If
such discrepancies occur and are not accounted
for it is evident that using node ages on the
inferred phylogeny will tend to overestimate
species divergence times. Indeed, if the human-
chimpanzee speciation event occurred 5 million
years ago, the average sequence divergence be-
tween the two species will be E(Tyc)Gu =
tucGu + 2N,Gu = 0.005 + 0.004, so that
0.004/0.009 = 44% of the divergence is due to
ancestral polymorphism. To accurately estimate
species divergence times in such cases pop-
ulation genetic parameters, such as ancestral
effective population sizes, should be jointly es-
timated with species divergence times using se-
quence data under a population genetic model
(e.g., see 61).

Lineage sorting and conflicting gene and
species trees. If three or more species are
examined, the ancestral coalescent process may
generate discrepancies between species tree
and gene tree topologies (26). Consider the
species tree of human (H), chimpanzee (C), and
gorilla (G), shown in Figure 1. If the H and
C sequences coalesce in the ancestral species
HC, the gene tree will be topologically the
same as the species tree. However, if the H and
C sequences do not coalesce in the HC popu-
lation, they will enter the ancestral population
HCG. Then all three sequences will coalesce
in random order, and only one of the three pos-
sible resulting trees matches the species tree.
Thus the probability that the gene tree differs
from the species tree equals 2/3 the probability
that the H and C sequences do not coalesce
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in the HC ancestral population

Ps = %e *(’HCG*’H(J)/(ZNe)’

where N, is the effective population size of pop-
ulation HC (26). Note that the mismatch prob-
ability Psq is greater when the two speciation
events are closer in time and when the ancestral
HC population is larger.

In real data analysis, the gene tree is un-
known and is inferred from sequence data at
the locus. Errors in phylogeny reconstruction
will then inflate the mismatch probability; that
is, the probability that the species tree differs
from the estimated gene tree, Psp, is always
greater than Ps; (69). A commonly used ap-
proach to estimating ancestral population sizes
in the case of three species is to equate the
observed mismatch probability, Psz, with the
expected probability, Psg, ignoring errors in
phylogeny reconstruction (8). This so-called
tree-mismatch method can seriously overesti-
mate ancestral population sizes. Figure 2 illus-
trates the relationship between the probability
of a gene and species tree mismatch for either
estimated or true gene trees as a function of
sequence length.

Similar to the case of three species, ances-
tral polymorphism can cause species tree and
gene tree topologies to differ when the num-
ber of species is greater than three. Several au-
thors have derived the gene and species tree
mismatch probabilities for various numbers of
species when the species tree is fixed (10, 25,
45).

Another question of relevance for phyloge-
netic inference is how often the most common
gene tree differs from the species tree (9, 33).
Recently, the finding that under some condi-
tions the most common gene tree topology does
not match the species tree has attracted much
attention. This occurs in situations where the
species tree is highly asymmetrical and arises
from the fact that the coalescent process places
auniform prior on labeled histories, rather than
on topologies. The labeled history (14) takes
the rank ordering of the nodes in a tree into
account as well as the cladogenic relationships

Probability
] =]
N W

o
=

10,000

0 L L Lol L L PR | Lol
10 100 1000
Number of sites
Figure 2

Tree mismatch probabilities plotted against locus size (in number of sites),
calculated using computer simulation. Psg is the mismatch probability between
the species tree and the gene tree (0.0739 for the parameter values used). Psg; is
the mismatch probability between the species tree and the estimated gene tree.
This is much greater than Psg for short loci but converges to Psg with
increasing sequence length. Pgp, is the probability of a mismatch between the
true gene tree and the estimated gene tree, and is the probability of error in
phylogeny reconstruction. The simulation was conducted using the species tree
of Figure 1 and the following parameter values: 0y¢c = 4Npc G = 0.0010 for
population HC, 6p¢¢ = 0.0031 for population HCG, tr¢ Giv = 0.0052 for the
H-C divergence, and tjc¢Gu = 0.0063 for the HC-G divergence. Redrawn

according to 69.

(47). A completely asymmetrical (unbalanced)
species tree is compatible with only one labeled
history (because there is only one ordering of
the coalescent times). However, if the species
tree is not completely asymmetrical, it can cor-
respond to several labeled histories and thus
receives more weight in the prior than a com-
pletely asymmetrical tree. This is only an issue
for particular tree shapes, but in such situations
it could cause phylogenetic procedures based
on unweighted summaries of gene trees (such
as supertree methods or gene concatenation—
based methods) to be inconsistent (9, 33). In
practice, such situations are likely to be rare but
the results do suggest that it is advisable to use a
multigene phylogenetic inference method with
independent gene trees under a coalescent prior
conditional on the species tree (see below). The
coalescent prior gives appropriate prior weight
to different possible gene trees for a particular
species tree, leading to a consistent estimator of
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the species tree and avoiding the problem iden-
tified by Degnan & Rosenberg (9) and Kubatko
& Degnan (33).

Effects of Genomic Recombination

Correlated gene trees and recombination.
Genes that are located on the same linear
segment of DNA (e.g., on a single chromo-
some) will, in the absence of processes such
as gene conversion or meiotic recombination,
have identical gene trees. This is the case for
genes of the mitochondrial genome, for exam-
ple. Although the gene trees are identical in this
case, they may still differ from the species tree.
In a phylogenetic analysis of genes that are ex-
pected to have identical trees, it is appropriate
to model the process assuming a common gene
tree. Substitution rates and other parameters
may still vary across genes, however, so sep-
arate parameters for these processes may still
be needed (see discussion below). For regions
that have undergone meiotic recombination the
gene trees may differ but are often highly cor-
related. Hudson (25) described the joint prob-
ability distribution of the gene trees for a pair
of linked loci under the ancestral recombina-
tion and coalescence process within a single
population.

The probability that, in a diploid species, the
first crossover event on the interval between the
linked genes occurs prior to time 7" (in units of
generations) is approximately

"
1 .
—4N,rt _ _ A—4NrT
/0 e dr = INF (1—e ).

where 7 is the recombination fraction between
the genes per generation (e.g., the linkage dis-
tance in units of Morgans). The probability that

the first coalescence occurs prior to time 7" is
approximately

1 .
/ me_t/zl\rdtz 1 —C_T/ZM.
0 e

If ancestral polymorphism exists, the recombi-
nation and coalescence processes compete to
determine the gene tree correlations. If a coa-
lescence event occurs first, there is an identical
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Figure 3

Node of a species tree illustrating the effects of
coalescence and meiotic recombination in
determining whether two genes have identical or
different ages for a most recent common ancestor
(MRCA) in the gene tree. The lineages in blue
represent a case where a coalescence event occurs
before a recombination. In that case, there is a
shared MRCA for the two genes. The lineages in
red represent a case where a recombination occurs
before a coalescence event. Two MRCAs then exist
and the two genes have independent histories at the
node.

gene and species tree at the node for the linked
genes. If a recombination occurs first, there are
independent gene and species trees at the node
(Figure 3).

Recombinations and coalescences have the
same cumulative probability distribution if r =
1/(4N,), whereas if » > 1/(4N,) the recom-
bination process will dominate (and gene trees
will tend to be independent) and if » < 1/(4N,)
the coalescent process will dominate (and gene
trees will tend to be identical). For example,
if the human-chimpanzee ancestor had an ef-
fective population size of N, = 100,000 (61),
then 1/(4N,) = 1/400000 = 0.0000025 is the
critical value for 7. On average, in the human
genome 1 Mb ~ 1 cM and the critical value
therefore corresponds to a physical interval ap-
proximately 250 bp in size. Thus, gene trees
for human autosomal genes separated by a dis-
tance greater than ~2.5 kb might be treated as
independent for phylogenetic inference. Of
course, if the ancestral population size is small
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then all gene trees will agree with the species
tree and the recombination process is irrele-
vant; this is probably not true for the human-
chimpanzee divergence mentioned earlier.

The theory presented above provides, at
best, a rough guide for choosing whether to
model gene trees for linked genes as depen-
dent or independent in a phylogenetic anal-
ysis. Both N, and the relationship between
physical distance and genetic distance can be ex-
pected to vary considerably even among closely
related species. Moreover, the relationship be-
tween physical distance and genetic distance
can also vary greatly across a genome even
within species; this is evident from recent stud-
ies in humans and other species for which rel-
atively precise meiotic recombination rates as
well as a completed genome sequence are avail-
able (31, 37). The effective population size can
also vary across a genome owing to past evo-
lutionary forces such as directional selective
sweeps affecting particular loci (which leads
to younger genealogies than expected under a
neutral coalescent and smaller N,), or overdom-
inance (which leads to older genealogies and
larger N,).

Instead of using population genetic models
to predict the physical distances over which
genes may be treated as independent for the
purposes of a phylogenetic analysis, as we have
done above, one could attempt to infer the pres-
ence of recombination using the sequence data
(17, 38), so that the correlations among gene
trees are inferred as part of the phylogenetic
analysis. Although promising, such approaches
can present significant computational chal-
lenges. A conservative approach would be to use
only a small subset of the tens or hundreds of
thousands of genes available for many genomes,
choosing genes separated by intervals of say 1
Mb. Although this might seem wasteful, it is
clear from many empirical analyses and simula-
tion studies that species phylogenies can often
be precisely inferred with far fewer genes than
are available in the genome as a whole, sug-
gesting that the gain in simplicity and reduced
model complexity and assumptions may at least
partially offset the loss of data in this case.

Horizontal (lateral) gene transfer. Horizon-
tal gene transfer (HGT) between species is well
documented in prokaryotes (32), and typically
occurs via processes such as bacterial transfor-
mation and conjugation. HGT is also likely to
occur in most eukaryotes via processes such
as transduction of viral genes. Even very low
rates of HGT can have a large impact on phy-
logeny, disrupting the usual patterns of verti-
cal transmission of genes from parents to off-
spring and causing gene trees to differ from
the species tree. Indeed, with high levels of
HGT even the existence of a species tree may
be questioned (12). In principle, one could
develop a model of horizontal gene transfer
among species, exploiting similarities to the
population genetic process of migration among
populations. However, most recent attempts
to model HGT for the purposes of phyloge-
netic inference have used much simpler models
(see below).

PHYLOGENOMIC INFERENCE

Analyzing Multigene Data

Traditional approaches to phylogenetic in-
ference make the assumption (implicitly or
explicitly) that a single phylogenetic tree
underlies the data. The population genetic
and evolutionary processes outlined above
can contradict this assumption when sequence
data from multiple genes are analyzed, poten-
tially producing erroneous conclusions in a
phylogenetic analysis. Here we discuss some
of the methods that have been proposed for
analyzing multigene datasets, with an emphasis
on parametric statistical methods.

The basic parameters of a phylogenetic anal-
ysis are the tree topology, 7, the branch lengths,
v, and the substitution model parameters, 6
(e.g., nucleotide frequencies and transition/
transversion rate ratios). With a single gene
the maximum likelihood estimator of 7 and
v is obtained by maximizing the likelihood of
the sampled sequences X = {X;} with respect
to the model parameters (18) for a given tree
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Horizontal gene
transfer (HGT): the
transfer of genetic
material from one
species to another
species; also known as
lateral gene transfer
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topology ,
L= rggxg FXi10. v, ),

and then choosing the topology 7; with L; > L;
for all k# # j. The equivalent Bayesian formu-
lation (47) places priors on all parameters and
produces a posterior distribution of phyloge-
netic trees,

FIX)
= [ [ s, 0 pe ) poroavi o).

Several strategies for analyzing data from mul-
tiple loci or genome regions are available. The
simplest is to concatenate the sequences, re-
placing the missing data with question marks,
and analyze the data as one “supergene.” This
approach is commonly used (e.g., see 40).
In likelihood and Bayesian methods, such an
analysis uses the same set of parameters for
all genes and ignores possible heterogeneities
among the genes. It is known that different
genes may evolve at very different rates and
could have different base compositions or dif-
ferent transition-transversion rate biases, etc.,
but such differences are ignored by the con-
catenation approach. If factors leading to gene
and species tree conflicts exist, such as ances-
tral polymorphism or HGT, concatenation can
also lead to inconsistency of the phylogenetic
inference method (e.g., see 33).

An alternative method is to analyze the dif-
ferent genes separately, and then sum log likeli-
hoods across genes. In a modeling framework,
the concatenation approach assumes the sim-
plest model, in which one set of parameters ap-
plies to all genes, whereas the separate analy-
sis uses the most general model, in which each
gene has its own set of parameters. Proposed
methods of multigene analysis correspond to
various ways of partitioning the genome, allow-
ing model parameters to vary across genes. In
this review, we distinguish between partition-
ing of the genome according to the substitution
model and partitioning according to the under-
lying gene trees. Often, both types of partitions
are needed for accurate phylogenetic inference.
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Partitioning the genome according to sub-
stitution process. An important factor to ac-
commodate in all multigene analyses is vari-
ation in substitution rates (expected branch
lengths) and parameters of the substitution
model across genes. The Bayesian formulation
is

f@ vIX)
= [ £OK18.v. 00 0@ d0/ £,
0
where, if there are k genes, 8 = {01, ...,6:},
v = {vi,..., 1}, 0; are the parameters of the

substitution model for the jth gene, v; are the
branch lengths for the jth gene, and so on.

Yang (68) discussed strategies for partition-
ing the data according to the substitution model
and used maximum likelihood to implement a
number of models that lie between the two ex-
tremes mentioned above (i.e., one model for all
genes versus a separate model for each gene),
which allow some aspects of the evolutionary
process to be the same among genes while other
aspects are different. All models implemented
by Yang (68) assume that the branch lengths are
proportional. Biologically, this model assumes
that either a molecular clock exists (with dif-
ferent genes evolving at different overall rates)
or lineage-specific rate changes apply similarly
across all genes. Pupko and colleagues (46)
implemented additional models, and used the
Akaike information criterion (AIC) (1) to eval-
uate their fit to real data sets.

Ren and coworkers (49), Shapiro and
coworkers (55), and Bofkin & Goldman
(5) evaluate different strategies for analyzing
protein-coding genes and conclude that it is
important to account for the differences in the
evolutionary process (such as rates, base com-
positions, and transition/transversion rate ra-
tios) among the three codon positions. Sev-
eral studies also evaluated the utility of codon
models (24, 42) for phylogenetic analysis of
protein-coding genes, and found that although
computationally expensive, they were effective
in recovering difficult phylogenies (43, 49).
Noucleotide-based models that account for the
differences in the three codon positions offer
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a computationally feasible substitute (55). Dif-
ferences among the codon positions, likely a re-
flection of how purifying natural selection act-
ing on the protein interacts with the genetic
code, are a major feature of the evolutionary
process of protein-coding genes, and it is im-
portant to accommodate them in a phyloge-
netic analysis of such data (6, 56, 64). Rate
variation among sites within a partition (codon
position) can be accommodated via the use of
a random rate distribution such as the gamma
(65, 66).

Programs that implement partitioned sub-
stitution models. Models for phylogenetic
analysis of data from multiple genes or ge-
nomic partitions using maximum likelihood are
not well developed in currently available pro-
grams. The BaseML and CODEML programs in
the pamr package implement the models of
Yang (68), but these programs do not include
efficient tree search algorithms, and are not
usable in phylogeny reconstruction with more
than a dozen species. The PAUP* program (59)
includes the site-specific rates model (invoked
by setting up partitions and then specifying
the option rates = sitespec in the Iset com-
mand). This is the same as the proportional-
branch model (68) and allows different parti-
tions to have different rates—the option might
thus be more appropriately called a partition-
specific rates model. The program does not
include models that allow other features of
the evolutionary process (such as base compo-
sitions, transition/transversion rate ratio, and
among-site rate variation) to differ among
partitions.

The likelihood models
can be used in Bayesian phylogenetic infer-
ence, as demonstrated by Suchard and col-
leagues (58) and Nylander and coworkers (44).

discussed above

MrBayes (51) is currently the only Bayesian
tree-reconstruction program that has imple-
mented a variety of models for combined analy-
sis of multipartition datasets (invoked by setting
up partitions and then using the link and unlink
commands).

Partitioning the genome across local gene
trees. To allow for processes such as lineage
sorting and HGT that can cause gene trees and
species trees to differ, one must partition the
genome so that different genes may have po-
tentially different underlying (true) gene trees.
Such processes lead to different priors on the
set of gene trees for the sampled genes (pos-
sibly conditional on a species tree). For exam-
ple, Rannala & Yang (48) used a prior on gene
trees derived on the basis of a coalescent process
operating within the context of a fixed species
tree topology (48). Under the molecular clock
or relaxed clock models the species divergence
times (rather than the branch lengths) are con-
sidered parameters of the model and may be
estimated if some independent information is
available concerning rates of substitution, for
example from fossil-based age calibrations on
one or more nodes (48). This approach effec-
tively allows for variable gene trees owing to
lineage sorting in estimating ancestral popula-
tion sizes and species divergence times by inte-
grating over the probability distribution of un-
observed gene trees. Although the probability
density of gene trees was not of specific interest,
thisinformation is also generated as a byproduct
of the analysis. By integrating over unobserved
gene trees under a coalescent prior the lineage
sorting process is explicitly accounted for in
the model, and the problems with inconsistency
of phylogenetic inference methods described
by Degnan & Rosenberg (9) are no longer an
issue.

The Bayesian approach has been extended
to integrate across the unobserved species tree
as well as gene trees, effectively allowing a
common species tree to be estimated while
accounting for the effects of lineage sorting
(15). The difficulty of performing the numer-
ical calculations for this model led to the use
of several ad hoc approximations, whose ef-
fect on accuracy needs to be studied further;
the development of fully Bayesian methods is
desirable.

Researchers have also developed phyloge-
netic inference methods that are intended to
accommodate gene tree variations that arise
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as a result of horizontal gene transfer. These
methods include a Bayesian approach that inte-
grates over gene trees using a heuristic model
of recombination based on the SPR algorithm.
The SPR algorithm is commonly used to search
among phylogenetic trees—however, in this
case, the SPR is used as a physical model of
HGT (57). The use of SPR in this context
has been criticized because it does not im-
pose the obvious time constraint that lineages
involved in a horizontal gene transfer event
must be contemporary (22). Approximate max-
imum likelihood methods have also been pro-
posed that aim to estimate the extent of HGT
(36) or to estimate phylogenetic networks (29).
The likelihood method of Linz (36) is practi-
cal with only a very small number of taxa and
a composite-likelihood approximation is used
to deal with larger numbers of taxa. It is not
currently clear how well these approximations
perform. Many methods have been proposed
for constructing networks from data comprised
of genes with potentially different underlying
gene trees. However, such networks have no
clear biological interpretations. Bayesian phy-
logenetic models of host-parasite cospeciation
(28) in which host switching occurs share many
features with HGT processes and could poten-
tially be adapted for use in modeling HGT for
phylogenetic inference, with the host tree play-
ing the same role as the species tree and the
parasite trees playing the role of gene trees.

The recent likelihood method of Ané and
colleagues (2) allows an independent gene tree
and substitution model to underlie each gene.
Genes are analyzed separately using Bayesian
analysis and posterior distributions of gene
trees are then combined through the use of a
gene-to-tree map that is, in turn, used to es-
timate the proportion of genes for which any
given clade is true (the sample-wide concor-
dance factor). A drawback of this method is that
the prior does not explicitly model biological
processes such as lineage sorting or HGT and
therefore the clades with high concordance fac-
tors are not necessarily present in the species
tree.

Rannala o Yang

Strategies and Difficulties

in Site Partitioning

Thus far, we have used the term gene to re-
fer operationally to a particular set of sites in a
sequence alignment. Although it is often natu-
ral to partition sites according to genes, other
strategies may be more appropriate for par-
ticular data sets. The main consideration in
partitioning sites should be to accommodate
the most important types of large-scale het-
erogeneity among sites. Features to be con-
sidered may include the evolutionary rate, the
base composition, or the local genealogical
tree topology induced by coalescent and/or
HGT processes. For example, in vertebrate
mitochondrial protein-coding genes, the three
codon positions have very different evolution-
ary rates as well as different base compositions
and transition/transversion rate ratios, but the
differences among the genes are not so great
(e.g., see 35). In this case it is better to partition
the data by codon position than by gene (e.g.,
see 54, 67).

In the maximum likelihood method, allow-
ing separate rates for each gene implies a great
number of parameters if thousands of genes are
analyzed jointly. Estimating so many parame-
ters by maximum likelihood may pose compu-
tational problems. Furthermore, the statistical
performance of the method may be affected as
well, especially if some genes are small or oth-
erwise uninformative (19). A standard statisti-
cal practice for dealing with the problem of too
many parameters is to use a statistical distribu-
tion to describe the among-partition rate varia-
tion, in the same way that the gamma model
is used to describe within-partition substitu-
tion rate variation among sites (65). The like-
lihood function then involves integrating over
the among-partition distribution, and may be
expensive to calculate.

In comparison, such multiparameter mod-
els are relatively easy to implement in a hierar-
chical Bayesian framework. The rate (or other
parameters reflecting features of the evolution-
ary process) for a partition is assigned a prior,
and integration over the prior is carried out
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in the Markov chain Monte Carlo algorithm
in a straightforward manner. As in the case of
likelihood methods, careful thought is needed
to choose an appropriate partitioning of the
sites.

Supermatrix and Supertree
Controversies

Debate is ongoing in the literature concern-
ing two particular strategies for phylogenetic
analysis of multigene data sets, especially when
some of the genes to be analyzed are not yet
sequenced in some species. The supermatrix
method concatenates sequences from multiple
loci into a supersequence, with missing data
represented as question marks, and uses the re-
sulting data supermatrix to perform phyloge-
netic analysis. The supertree method instead
conducts phylogenetic analysis on individual
genes separately, and then uses one of several
heuristic algorithms to combine the subtrees
from the individual genes into a supertree for
all species (for a summary, see 4). Several re-
views have been published that either support
the use of supermatrix methods (e.g., see 11) or
instead advocate the use of supertree methods
(3,4,52).

From a statistical modeling perspective, the
debate is moot because both methods have seri-
ous drawbacks when used to analyze multigene
data. The supermatrix method uses a simplistic
substitution model that ignores heterogeneities
in the evolutionary process among genes. Nu-
merous simulation studies suggest thatignoring
among-site or among-partition heterogeneities
in the model can adversely affect phylogenetic
analysis, sometimes causing systematic biases in
the estimated tree (e.g., see 27, 34, 63). More-
over, as mentioned previously, simulation stud-
ies (33) show that lineage sorting may lead to
inconsistent estimates of the species tree when
concatenation is used, although the circum-
stances in which this may occur are probably
rare.

The supertree method estimates an inde-
pendent set of parameters for every gene and
may overfit the data, inflating the variances of

the estimates. Most supertree methods for con-
structing composite species trees use heuris-
tic algorithms that lack a statistical basis and
ignore uncertainties in the estimated subtrees
(such as bootstrap support values, Bayesian pos-
terior clade probabilities, or estimated branch
lengths). Although ad hoc approaches have
been suggested to remedy this (7, 39), their sta-
tistical performance has not been adequately
studied. Computer simulations (e.g., see 16)
tend to suggest that supertree algorithms can
perform poorly even in the best-case scenario
where the multiple genes are of the same length
and evolve at the same rate under the same
evolutionary model so that the information
content in each gene is roughly equal. For
example, the performance of some supertree
methods can even deteriorate with the inclu-
sion of more genes in the dataset.

In summary, although supertree methods
can be useful as a tool for generating empir-
ical summaries of the phylogenetic trees ob-
tained in different studies from different types
of characters, they are not statistically effi-
cient for analyzing genomic data from multiple
loci. Much of the theoretical research on su-
pertree algorithms, mostly using the parsimony
method of phylogenetic tree reconstruction,
has emphasized combinatorial properties and
computational algorithms but has neglected
to examine basic statistical properties of the
methods.

FUTURE ISSUES

Phylogenetic inference using whole genome
data poses tremendous statistical and com-
putational challenges. There is a profound
need to develop new models for the anal-
ysis of multigene or multipartition datasets
that can accommodate factors such as the het-
erogeneity of the evolutionary process among
genes, or partitions, in whole genome phyloge-
netic analyses. Improved statistical methods are
needed that account for genomic variation in
evolutionary rates, transition/transversion rate
ratios, and local gene trees. Moreover, there
is an urgent need to develop efficient
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computer programs for combined analysis of — wide phylogenetic inference will likely continue
multipartition datasets, particularly those suit-  to present challenging problems for computa-
able for parallel computer systems. Genome-  tional biologists for years to come.

SUMMARY POINTS

1. Genome-wide datasets offer opportunities for resolving difficult phylogenetic problems
but also pose computational and statistical challenges for data analysis.

2. Multigene datasets should ideally be analyzed jointly, with the heterogeneity among data
partitions appropriately accounted for in the model.

3. Neither supermatrix nor supertree methods are adequate for analysis of multipartition
genome-wide data sets.

4. It is important to develop new statistical models and computational algorithms for effi-
cient analysis of multigene data sets.
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