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Abstract

In this chapter, we give a brief yet self-contained introduction to computational molecular evolution.
In particular, we present the emergence of the use of likelihood-based methods, review the standard DNA
substitution models, and introduce how model choice operates. We also present recent developments in
inferring absolute dates and rates on a phylogeny and show how state-of-the-art models take inspiration
from diffusion theory to link population genetics, which traditionally focuses at a taxonomic level under
that of species, and molecular evolution.
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1. Introduction

Many books (1–5) and review papers (6, 7) have been published
in the recent years on the topic of computational molecular evolu-
tion, so that writing yet another primer on the very same topic
may seem redundant. However, the field has undergone many
changes over the last 5 years, and the models have become more
sophisticated. This increase in refinement has not been moti-
vated by a desire to complicate existing models, but rather to
make an old wish come true: that of having integrated methods
that can take unaligned sequences as an input, and simultaneously
output the alignment, the tree, and other estimates of interest.
The second driving force is more theoretical and aims at reconciling
a conceptual gap between molecular evolution and population
genetics.

The aim of this primer is therefore to provide readers with the
essentials of computational molecular evolution, with a brief over-
view of recent developments. Some of the details will be left out as
they are dealt with by others in this volume. Likewise, the analysis of
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genomic-scale data is briefly touched upon, but the details are left
to other chapters.

2. Parsimony
and Likelihood

2.1. A Brief Overview

of Parsimony
The simplest phylogenetic question pertains to the reconstruction
of a rooted tree with three sequences (Fig. 1). The sequences can
be made of DNA, RNA, amino acids, or codons, but for the sake
of simplicity we focus on DNA throughout this chapter. In the toy
example below, based on ref. 8, DNA sequences are assumed to
have been sampled from three different species that diverged a
“long time ago.” In this context, we assume that the data or gene
sequences have been aligned (see Subheading 6), and that the DNA
alignment is:

s1 ATGACCCCAATACGCAAAACTAACCCCCTAATAAAATTAATTAACCACTCCTTC

s2 ATGACCCCAATACGGAAAACTAACCCCCAAATAAAATTAATTAACCACTCATTC

s3 ATGACGCCAATACGCAAAACTAACCGCCTAATAAAATTAATTTACCACTCATTC

The objective is to estimate which of the three fully resolved
topologies in Fig. 1 is supported by the data. In order to go
further, we recode the data in terms of site patterns, which corre-
spond to the patterns observed in each column of our alignment.
This recoding implies that columns, or sites, in our alignment evolve
according to an identically and independently distributed (iid) pro-
cess. With this in mind, our alignment can be recoded as follows.
When all the characters (nucleotides) in a column are identical,
the same letter is assigned to each character, for example x, irrespec-
tive of the actual character state. When a substitution occurs in one
of the three sequences, we have three corresponding site patterns:
xxy, xyx, and yxx, where the order within each site pattern respects
the order of the sequences in the alignment, s1s2s3.

T0 T1 T2 T3

s1 s2 s3 s1 s2 s3
s1 s2 s3 s1 s2 s3

Fig. 1. The simplest phylogenetic problem. With three species, s1, s2, and s3, four rooted
trees are possible: T0, the star tree, and the three resolved topologies T1 to T3.
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s1 xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxyxxx
s2 xxxxxxxxxxxxxxyxxxxxxxxxxxxxyxxxxxxxxxxxxxxxxxxxxxxxxx
s3 xxxxxyxxxxxxxxxxxxxxxxxxxyxxxxxxxxxxxxxxxxyxxxxxxxxxxx

The first informative site pattern, xxy, implies that sequences
s1 and s2 at this particular site are more similar than any of these two
sequences to s3, so that this site pattern supports topology T1,
which groups sequences s1 and s2 together. The most intuitive
idea, called the winning-site strategy, is that the topology supported
by the data corresponds to the fully resolved topology that has
the largest number of site patterns in its favor. In the example
shown above, topology T1 is supported by three columns (with
site pattern xxy), topology T2 by two columns (xyx), and T3 by one
column (yxx; see Table 1). This is the intuition behind parsimony,
which minimizes the amount of change along a topology. Strictly
speaking, unordered parsimony cannot distinguish these three
trees as they all require at least one single change. Yet, it can be
argued that if tree T1 is the true tree, site pattern xxy is more likely
than any other patterns as xxy requires at least one change along
a long branch (the one leading to sequence s3) while both xyx
and yxx require a change along a short branch (see p. 28 sqq.
in ref. 9; ref. 8).

A number of methodological variations exists. A very
condensed overview can be found in (10), with more details in
ref. 11. Most computer programs that implement substitution
models where sites are iid condense the alignment as an array of
site patterns; some, like PAML (12), even output these site patterns.

Note that in obtaining this topology estimate, most of the site
columns were discarded from our alignment (all the xxx site pat-
terns, representing 89% of the site in our example above). Most
of our data were phylogenetically uninformative (for parsimony).
We also failed to take evolutionary time into account, or any process
of basic molecular biology, such as the observation that transitions
(substitution of a purine [A or G] by a purine, or a pyrimidine by a

Table 1
The winning-site strategy

Site pattern Supported Ti Count

xxx T0 48

xxy T1 3

xyx T2 2

yxx T3 1

The data alignment is reduced to a frequency table of site patterns. In the case
of three sequences, only the last three site patterns are informative
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pyrimidine) are more frequent than transversions (substitution
between a purine and a pyrimidine).

2.2. Assessing the

Reliability of an

Estimate: The Bootstrap

As with any statistical exercise estimating a quantity of interest,
we would like to have a confidence interval, taken at a particular
level, so that we can gauge the reliability of our estimate. A standard
approach to derive confidence intervals is the bootstrap (13),
a computational technique that resamples data points with replace-
ment to simulate the distribution of any test statistic under the null
hypothesis that is tested. The bootstrap, particularly useful in com-
plicated nonparametric problems where no asymptotic results can
be obtained (14), was adapted by Felsenstein to the nonstandard
phylogenetic problem (15). Indeed, the problem is nonstandard
in that the object for which we wish to assess accuracy is not a real-
valued parameter, but a graph.

The basic idea, clearly explained in ref. 16, consists in resam-
pling columns of the alignment, with replacement, to construct a
“synthetic” alignment of the same size as the original alignment.
This synthetic or bootstrap replicate is then subjected to the same
tree-reconstruction algorithm used on the original data (Fig. 2).
This exercise is repeated a large number of times (e.g., �106),
and the proportion of each original bipartition (internal node) in
the set of bootstrapped trees is recorded. In Fig. 2 for instance, the
bipartition s1s2|s3 is found in two bootstrap trees out of three, so
the bootstrap support for this node is 66.7%. In this simple case
with three sequences, the bootstrap support for topology T1 is
also 66.7%. This bootstrap proportion for topologies (or for trees
when branch lengths are taken into account, in a maximum like-
lihood context for instance—see below) can be computed very
quickly by bootstrapping not the columns of the alignment but
the sitewise log-likelihood values; this bootstrap is called RELL, for
“resampling estimated log-likelihood” (17).

The meaning of the bootstrap has been a matter of debate for
years. As noted before (6) (see also ref. 18), the bootstrap propor-
tion P can be seen as assessing the correctness of an internal node,
and failing to do so (19), or 1 � P can be interpreted as a con-
servative probability of falsely supporting monophyly (20). Since
bootstrap proportions are either too liberal or too conservative
depending on the actual interpretation of P (21), it is difficult to
adjust the threshold below which monophyly can be confidently
ruled out (22). Alternatively, an intuitive geometric argument was
proposed to explain the conservativeness of bootstrap probabilities
(14) and was further developed into the Approximately Unbiased
or AU test, implemented in CONSEL (23). In spite of these diffi-
culties, the bootstrap is still widely used—and mandatory in all
publications featuring a phylogeny—to assess the confidence one
can have in the tree estimated from the data under a particular
scheme or model (see Subheading 2.9 below).
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2.3. Parsimony and LBA Now that we have a means of evaluating the support for the different
topologies, we can test some of the conditions under which parsi-
mony estimates the correct tree topology. Ideally, a good method
should return the correct answer with a probability of one when
the number of sites increases to infinity. This desirable statistical
property is called consistency. One serious criticism of parsimony is
its sensitivity to long branch attraction, or LBA, even in the presence
of an infinite amount of data (infinite alignment length) (24).
In other words, parsimony is not statistically consistent.

Different types of model misspecification can lead to LBA, and
new ones are continually identified. The topology originally used to
demonstrate the artifact is represented in Fig. 3, where two long
branches are separated by a shorter one. Felsenstein demonstrated
that, under a simple evolutionary process, the artifact or LBA tree is
reconstructed. Note that parsimony is not the only phylogenetic
method affected by LBA, but because it posits a very simple model
of evolution (25–27), parsimony is particularly sensitive to the
artifact.

000000000111111111122222222223333333333444444444455555
123456789012345678901234567890123456789012345678901234
ATGACCCCAATACGCAAAACTAACCCCCTAATAAAATTAATTAACCACTCCTTC
ATGACCCCAATACGGAAAACTAACCCCCAAATAAAATTAATTAACCACTCATTC
ATGACGCCAATACGCAAAACTAACCGCCTAATAAAATTAATTTACCACTCATTC

T1

s1 s2 s3

Original sequence alignment

Bootstrap replicate #1

043053000522400123244401023400123244440012324440144321
825507119163149560338088219149560338014956033806238973
CTACCTAAACCATAACCAAACACATTATAACCAAACATAACCAAACACAACACC
CTACCTAAAACATAAGCAAACACATTATAAGCAAACATAAGCAAACACAACACC
CTACCTAAAAGATAACGAATCACATTATAACGAATCATAACGAATCAGATCACC

T1

s1 s2 s3Bootstrap replicate #2

101232414430531044010200102324143441001230240123201231
595603350255075180882134566033505946455604719560395605
CACCAAACATACCTCACACATTGACCCAAACAATAAACCCAACTACCAAACCAC
GAGCAAAGATACCTGACACATTGAGCCAAAGAATAAACGCAACTAGCAAAGCAG
CACGAATCATACCTCACACATTGACGGAATCAATAAACCGAACTACGAAACGAC

T2

s2 s1 s3
Bootstrap replicate #3

244401443212401232043051232444444321211111130202324004
338062389737195603825505603380238973712345983923570921
AACACAACACCCTACCAACTACCCCAAACATACACCCTACGCATGTTAACAATT
AACACAACACCCTAGCAACTACCGCAAACATACACCCTACGGATGATAACAATT
ATCAGATCACCCTACGAACTACCCGAATCATTCACCCTACGCATGTTAACAATT

T1

s1 s2 s3

T1

s1 s2 s3

2/3

Fig. 2. The (nonparametric) bootstrap. See text for details.
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The artifact has been shown to plague the analysis of numerous
data sets, and a number of empirical approaches have been used to
detect the artifact (28, 29). Most recent papers based on multigene
analyses (e.g., refs. 30, 31) now examine carefully the effect of
across-site and across-lineage rate variation (in addition to the use
of heterogeneous models). For both sites and lineages, the proce-
dure is the same and consists in successively removing either the
sites that evolve the fastest, or the taxa that show the longest root-
to-tip branch lengths.

2.4. Origin

of the Problem

By definition, parsimony minimizes the number of changes along
each branch of the tree. When there is only a small number of
changes per branch, the method is expected to be accurate. How-
ever, when sequences are quite divergent, the parsimony assump-
tion leads to underestimating the actual number of changes (Fig. 4;
see also ref. 32).

Consequently, we would like a tree-reconstruction method
that accounts for multiple substitutions. We would also like a
method that (1) takes into account less parsimonious as well as
most parsimonious state reconstructions (intervals, tests), (2)weights
changes differently if they occur on branches of different length
(evolutionary time), and (3) weights different kinds of events (transi-
tions and transversions) differently (biological realism). Likelihood
methods include such considerations explicitly, as they require
modeling the substitution process itself.

2.5. Modeling Molecular

Evolution

The basic model of DNA substitution (Fig. 5) is defined on the
DNA state space, made of the four nucleotides thymine (T), cyto-
sine (C), adenine (A), and guanine (G). Note that T and C are
pyrimidines (biochemically, six-membered rings), while A and G
are purines (fused five- and six-membered heterocyclic

True tree topology

Estmated tree topology
(in absence of LBA)

Attract tree topology

(a)
(b)

s1

s4 s3

s2

s1 s2

s4 s3

s1 s2

s
4 s3

Fig. 3. The long branch attraction artifact. The true tree topology has two long branches separated by a short one. The tree
reconstructed under a simple model of evolution (a) is the artifact or LBA tree on the left. The tree reconstructed under the
correct model of evolution (b) is the correct tree, on the right.
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compounds). Depending on these two biochemical categories, two
different types of substitutions can happen: transitions within a
category, and transversions between categories. Their respective
rates are denoted a and b in Fig. 5.

The process we want to model should describe the substitution
process of the different nucleotides of a DNA sequence. Again,
we will make the simplifying assumption that sites evolve under a
time-homogeneous Markov process and are iid, as above. We can
therefore concentrate on one single site for now (e.g., ref. 33).

At a particular site, we want to describe the change in nucleotide
frequency after a short amount of time dt. For instance, the nucleo-
tide frequency of A after dt will change from fA(t) to fA(t + dt).
According to Fig. 5, fA(t + dt) will be equal to what we had at time
t, fA(t), minus the quantity of A that “disappeared” by mutation
during dt, plus the quantity of A that “appeared” bymutation during
dt. Denoting the mutation rate as m, the quantity of A that “dis-
appeared” by mutation during dt is simply fA(t)mAdt. These

T             C

A                       G

pyrimidines (Y)

purines (R)
α : transitions
β : transversions

α

β

α

β

Fig. 5. Molecular evolution 101. Specification of the basic model of DNA substitution.
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Fig. 4. Saturation of DNA sequences. As time increases, the observed number of
differences between pairs of sequences reaches a plateau, whereas the actual number
of substitutions keeps increasing.
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mutations away fromA generated quantities of T, C, andG, in which
we are not interested at the moment since we only want to know
what happens to A. There are three different ways to generate A:
from either T, C, or G (Fig. 5). Coming from T, mutation will
generate fT(t)mT!Adt of A during dt. Similar expressions exist for C
and for G, so that in total, over the three non-A nucleotides, muta-
tion will generate Si6¼Afi(t)mi!Adt. Mathematically, we can express
these ideas as:

fAðt þ dtÞ ¼ fAðtÞ � fAðtÞmAdt þ
X
i 6¼A

fiðtÞmiAdt (1)

Equation 1 describes the change of frequency of A during a
short time interval dt. Similar equations can be written for T, C,
and G, so that we actually have a system of four equations describing
the change in nucleotide frequencies over a short time interval dt:

fTðt þ dtÞ ¼ fTðtÞ � fTðtÞmTdt þ Si 6¼TfiðtÞmiTdt
fCðt þ dtÞ ¼ fCðtÞ � fCðtÞmCdt þ Si 6¼CfiðtÞmiCdt
fAðt þ dtÞ ¼ fAðtÞ � fAðtÞmAdt þ Si 6¼AfiðtÞmiAdt
fGðt þ dtÞ ¼ fGðtÞ � fGðtÞmGdt þ Si 6¼GfiðtÞmiGdt

8>><
>>:

(2)

which, in matrix notation, can simply be rewritten as:

F ðt þ dtÞ ¼ F ðtÞ þQF ðtÞdt (3)

with an obvious notation for F, while the instantaneous rate matrix
Q is:

Q ¼
�mT mTC mTA mTG
mCT �mC mCA mCG
mAT mAC �mA mAG
mGT mGC mGA �mG

0
BB@

1
CCA (4)

In all the following matrices, we will use the same order for
nucleotide: T, C, A, and G, which follows the order in which codon
tables are usually written. Recall that mij is the mutation rate from
nucleotide i to nucleotide j. Note also that the sum of each row is 0.

Let us rearrange the matrix notation from Eq. 3 as:

F ðt þ dtÞ � F ðtÞ ¼ QF ðtÞdt (5)

and take the variation limit when dt ! 0:

dF ðtÞ
dt

¼ QF ðtÞ (6)

which is a first order differential equation that can be integrated as:

F ðtÞ ¼ eQtF ð0Þ (7)
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Very often, this last Eq. 7 is written as F(t) ¼ P(t)F(0), where
F(0) is conveniently taken to be the identity matrix and P(t) ¼
{Pi,j(t)} ¼ eQt is the matrix of probabilities of going from state i
to j during a finite time duration t. Note that the right-hand side of
this equation is a matrix exponentiation, which is not the same
as the exponential of all the elements (row and columns) of that
matrix. The computation of the term eQt demands that a spectral
decomposition of the matrix Q be realized. This means finding a
diagonal matrix D of eigenvalues and a matrix M of (right) eigen-
vectors so that:

PðtÞ ¼ MeDtM�1 (8)

The exponential of the diagonal matrix D is simply the expo-
nential of the diagonal terms.

Except in the simplest models of evolution, finding analytical
solutions for the eigenvalues and associated eigenvectors can be
tedious. As a result, numerical procedures are employed to solve
Eq. 8. Alternatively, a Taylor expansion can be used to approxi-
mate P(t).

If all entries in Q are positive, any state or nucleotide can be
reached from any other in a finite number of steps (all states
“communicate”) and the base frequencies have a stationary distri-
bution p ¼ (pT, pC, pA, pG). This is the steady state reached after an
“infinite” amount of time, or long enough for the Markov process
to forget its initial state, starting from “random” base frequencies.

2.6. Computation

on a Tree

Now that we know how to determine the rate of change of nucleo-
tide frequencies during a time interval dt, we can compute the
probability of a particular nucleotide change on a tree. The simplest
case, though somewhat artificial with only two sequences, is
depicted in Fig. 6.

We are looking at a particular nucleotide position, denoted j, for
two aligned sequences. The observed nucleotides at this position are
T in sequence 1, and C in sequence 2. The branch separating T from
C has a total length of t0 + t1. For the sake of convenience, we set an

T                   C

i (fictive root) 

t0 t1

Fig. 6. Likelihood computation on a small tree. See text for details.
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arbitrary root along this path. The likelihood at site j is then given by
the probability of going from the fictive root i to T in t0, and from i
to C in t1. Any of the four nucleotides can be present at the fictive
root. As we do not know which one was there, we sum these
probabilities over all possible state, weighted by their prior probabil-
ities, the equilibrium frequencies pi. In all, we have the likelihood ℓj
at site j:

‘j ¼
X

i¼ T;C;A;Gf g
piPi;T ðt0ÞPi;Cðt1Þ (9)

which is equivalent to the Chapman–Kolmogorov equation (34).
As all the sites are assumed to be iid, the likelihood of an alignment
is the product of the site likelihoods in Eq. 9.

Note that this example is somewhat artificial: with only
two sequences, we can compute the likelihood directly with
pTPT,C(t0 + t1) ¼ pCPC,T(t0 + t1); the full summation over
unknown states as in Eq. 9 is required with three sequences or
more.When analyzing amultiple-sequence alignment of S sequences,
there will be many nodes in the tree for which the character state
is unknown, which means that the summation required will involve
many terms. Specifically, the sumwill be over 4S�3 terms. Fortunately,
terms can be factored out of the summation, and a dynamic program-
ing algorithm in 42S, called the pruning algorithm (35), can be used
(see ref. 11 for details).

2.7. Substitution

Models and

Instantaneous Rate

Matrices Q

Now that we have almost all the elements to compute the likeli-
hood of a set of parameters, including the tree (branch lengths +
topology; see Subheading 2.10), the only missing element required
to compute the likelihood at each site, as in Eq. 9 for instance, is
the specification of the instantaneous rate matrix Q as in Eq. 4.
Remember that the mi,j represent mutation rates from state (nucle-
otide) i to j. This matrix is generally rewritten as:

Q ¼ m

� rTC rTA rTG
rCT � rCA rCG
rAT rAC � rAG
rGT rGC rGA �

0
BB@

1
CCA (10)

so that each entry rij is a rate of change from nucleotide i to
nucleotide j. The diagonal entries are left out, indicated by a “�,”
and are in fact calculated as the negative sum of the off-diagonal
entries (as rows sum to 0).

The simplest specification of Q would be that all rates of
change are identical, so that Q becomes (leaving out the mutation
rate m and indexing the matrix to indicate the difference):
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Q JC ¼
� 1 1 1
1 � 1 1
1 1 � 1
1 1 1 �

0
BB@

1
CCA (11)

which is the model proposed by Jukes and Cantor (36) and
often noted “JC” or “JC69.” Under the specification of Eq. 11,
this model has no free parameter. The process is generally scaled
such that the unit of branch lengths can be interpreted as an
expected number of substitutions per site.

Of course, this model is extremely simplistic and neglects a fair
amount of basic molecular biology. In particular, it overlooks two
observations. First, base frequencies are not all equal in actual DNA
sequences, but are rather skewed, and second, transitions are more
frequent than transversions (see Subheading 2.5).

The way to account for this first “biological realism” is as
follows. If DNA sequences were made exclusively of “A”s for
instance, that would mean that all mutations are towards the
observed base, in this case A, whose equilibrium or stationary
frequency is pA. The same reasoning can be used for arbitrary
equilibrium frequencies p, so that all relative rates of change in Q
become proportional to the vector of equilibrium frequency p of
the target nucleotide. In other words, the instantaneous rate matrix
Q becomes:

Q F81 ¼
� pC pA pG
pT � pA pG
pT pC � pG
pT pC pA �

0
BB@

1
CCA (12)

again with the requirement that rows sum to 0. This matrix repre-
sents the Felsenstein or F81 model (35). This model has four
parameters (the four base frequencies), but since base frequencies
sum to 1, we only have three free parameters.

The second “biological realism,” accounting for the different
rates of transversions and transitions, can be described by saying
that transitions occur k times faster than transversions. From Fig. 5,
recall that transitions are mutations from T to C (and vice versa)
and from A to G (and vice versa). This translates into:

Q K80 ¼
� k 1 1
k � 1 1
1 1 � k
1 1 k �

0
BB@

1
CCA (13)

This model is called the Kimura two-parameter model or K80
(or K2P) (37). The model is alternatively described with the two
rates a and b (see Fig. 5). In the “k version” of the model as in
Eq. 13, there is only one free parameter.
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Of course it is possible to account for both kinds of “biological
realisms,” unequal equilibrium base frequencies and transition bias,
all in the same model, whose generator Q becomes:

Q HKY ¼
� pCk pA pG
pTk � pA pG
pT pC � pGk
pT pC pAk �

0
BB@

1
CCA (14)

which corresponds to the Hasegawa Kishino Yano or HKY (or
HKY85) model (38). This model has four free parameters: k and
three base frequencies.

The level of “sophistication” goes “up to” the General Time-
Reversible model (39), denoted GTR or REV, which has for
generator:

Q GTR ¼
� apC bpA cpG
apT � dpA epG
bpT dpC � pC
cpT epC pA �

0
BB@

1
CCA (15)

The number of free parameters is now eight (three base fre-
quencies plus five nucleotide propensities). The name is derived
from the time-reversibility constraint, which implies that the likeli-
hood is independent of the actual orientation of time.

In fact, there exists only a few “named” additional substitution
models (11), most of which are time-reversible models, while a
total of 203 models can be derived from GTR (40). We have
focused solely on DNA models in this chapter, but the problem is
similar with amino acid or codon models, except that the number
of parameters increases quickly. We have also limited ourselves to
time-reversible time-homogeneous models, but irreversible non-
homogeneous models were developed some time ago (41) and are
used, for instance, to root phylogenies (42) or to help alleviate the
effects of LBA (31).

2.8. Some

Computational

Aspects

2.8.1. Optimization of

the Likelihood Function

For a given substitution model, how should parameters be esti-
mated, given the (potentially) high dimensionality of the model?
Analytical solutions consist in determining when the first derivative
of the likelihood function is equal to zero (with a change of sign in
the second derivative). However, finding the root of the likelihood
function analytically is only possible in the simple case of three
sequences of binary characters under the assumption of the molec-
ular clock (see Subheading 3.1) (8). As a result, numerical solutions
must be found to maximize the likelihood function.

A number of ideas have been combined to search efficiently for
the parameter values that maximize the likelihood function. Most
programs will start from a random starting point, for example

yð0Þ1 ; yð0Þ2

� �
, denoted by an x in Fig. 7, where we limit ourselves
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to a two-parameter example. The optimization procedure can
follow one of two strategies. In the first one, parameters are opti-
mized one at a time. In Fig. 7a, parameter y1 is first optimized to
maximize the likelihood function with a line search, which defines a
direction along which the other parameter (y2) or parameters in the
multidimensional case are kept constant. Once yð1Þ1 is found, a new
direction is defined to optimize y2, and so on so forth until conver-
gence to the maximum of the likelihood function. As shown in
Fig. 7a, many iterations can be required, in particular when the
parameters y1 and y2 are correlated. The alternative to optimizing
one parameter at a time is to optimize all parameters simulta-
neously. In this case (Fig. 7b), an initial direction is defined at

yð0Þ1 ; yð0Þ2

� �
such that the slope at this point is maximized. The

process is repeated until convergence. More technical details can be
found in ref. 3. The simultaneous optimization procedure generally
requires fewer steps than optimizing parameters one at a time, but
not always. Since the computation of the likelihood function is the
most expensive computation of these algorithms, the simultaneous
optimization is much more efficient, at least in our toy example.

How general is this result? Simultaneously, optimizing para-
meters of the substitution model, while optimizing branch lengths
one at a time, was shown to be more effective on large data sets
(43), potentially because of the correlation that exists between
some of the parameters entering theQmatrix (see Subheading 2.7).

2.8.2. Convergence Convergence is usually reached either when the increment in the
log-likelihood score becomes smaller than an ϵ value, usually set to
a small number such as 10�6 (but yet a number larger than the
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+

Fig. 7. Two optimization strategies. The likelihood surface of a function with two parameters y1 and y2 (e.g., two branch
lengths) is depicted as a contour plot, whose highest peak is at the + sign. (a) Optimization of one parameter at a time.
(b) Optimization of all parameters simultaneously. See text for details.
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machine ϵ), or when the log-likelihood score has not changed after
a predetermined number of iterations. None of these stopping
rules, however, guarantees that the global maximum of the likeli-
hood function has been found. Therefore, it is generally recom-
mended to run the optimization procedure at least twice, starting
from different points in the parameter space, and to check that the
likelihood score after optimization is the same across the different
runs (Fig. 8). If this is not the case, additional runs may be required,
and the one with the largest likelihood is chosen for inference (e.g.,
ref. 44).

In many instances though, different substitution models will
give different tree topologies, and therefore different biological
conclusions. One difficulty is therefore to know which model
should be used to analyze a particular data set.

2.9. Selection

of the Appropriate

Substitution Model

One important issue in model selection is about the trade-off
between bias and variance (45): a simple model will fail to capture
all the sophistication of the actual substitution process, and will
therefore be highly biased even if all the parameters can be esti-
mated with tight precision (little variance). Alternatively, a highly
parameterized model will “spread” the information available from
the data over a large number of parameters, hereby making their
estimation difficult (flat likelihood surface; see Subheading 2.8),
with a large variance, in spite of perhaps being a more realistic
model with less bias. The objective of most model selection proce-
dure is therefore to find not the best model in terms of likelihood
score, but themost appropriatemodel, the one that strikes the right
balance between bias and variance in terms of number of para-
meters. However, we argue that optimizing for this bias-variance
trade-off works only for statistical procedures, be they for instance
frequentist (LRT: likelihood ratio test) or Bayesian (BF: Bayes
factor), while information-theoretic criteria (e.g., AIC: Akaike

p(
X

 Iθ
)

θ

no CVCV

Fig. 8. Likelihood surfaces behaving badly. Schematic of the probability surface of the
function p(X|y) is plotted as a function of y. Most line search strategies will converge (CV)
to the MLE when the initial value is in the “CV” interval, and fail when it is in the “no CV”
interval. Adapted with permission from ref. 168.
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information criterion) aim at selecting the model that is approxi-
mately closest to the “true” biological process.

The bias-variance trade-off mainly concerns the comparison of
models that are based on the same underlying rationale, for instance
choosing among the 203 models that can be derived from GTR.
We may also be interested in comparing models that are based on
very different rationales. The LRT is suited for assessing the bias-
variance trade-off, while Bayesian approaches and cross-validation
(CV) can be used for more general model comparisons. Here, we
review four approaches to model selection: LRT, BF, AIC, and CV.

2.9.1. The Likelihood

Ratio Test

The substitution models presented above have one key property: it
is possible to reduce the most sophisticated time-reversible named
model (GTR + G + I) to any simpler model by imposing some
constraints on parameters. As a result, the models are said to be
nested, and statistical theory (the Neyman–Pearson lemma) tells us
that there is an optimal (most powerful) way of comparing two
nested models (a simple null vs. a simple alternative hypothesis)
based on the LRT.

The test statistic of the LRT is twice the log-likelihood differ-
ence between the most sophisticated model (which by definition is
always the one with the highest likelihood—if this is not the case,
there is a convergence issue; see Subheading 2.8) and the simpler
model. This test statistic follows asymptotically a w2 distribution
(under certain regularity conditions), and the degree of freedom of
the test is equal to the difference in the number of free parameters
between the two models.

The null hypothesis is that the two competing models explain
the data equally well. The alternative is that the most sophisticated
model explains the data better than the simpler model. If the null
hypothesis cannot be rejected at a certain level (type-I error rate),
then, based on the argument developed above, the simpler model
should be used to analyze the data. Otherwise, if the null hypothe-
sis can be rejected, the more sophisticated model should be used to
analyze the data. Note that a test never leads to accepting a null
hypothesis; the only outcomes of a test are either reject, or fail to
reject a null hypothesis.

Intuitively, we can see the null hypothesis H0 as stating that a
certain parameter y is equal to y0. The maximum likelihood esti-
mate (MLE) is at ŷ, which is our alternative hypothesis H1,
left unspecified. We note the log-likelihood as ln p(X|y) ¼ ℓ(y),
where X represents the data. Under H0, we have y ¼ y0, while
under H1 we have y ¼ ŷ. The log-likelihood ratio is therefore

ln LR ¼ ‘ðŷÞ � ‘ðy0Þ. Under the null H0; ‘ðŷÞ ¼ 0 (by definition).
The log-likelihood ratio then reduces to ln LR ¼ �ℓ(y0).
We can then take the Taylor expansion of the log-likelihood

function ℓ around ŷ, which gives us ‘ � 1
2ðŷ� y0Þ2 d

2‘

dy2
(recall
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that ‘ðŷÞ ¼ 0, so that the first terms of the series “disappear”).
Therefore, log-likelihood ratio can be approximated by

� 1
2ðŷ� y0Þ2 d

2‘

dy2
. Recall that Fisher’s information is negative the

reciprocal of the second derivative of the likelihood function, so
that:

ln LR �
ð1=2Þ ŷ� y0

� �2

var(y0Þ (16)

which follows asymptotically half a w2 distribution. Hence the usual
approximation:

2 lnLR ¼ 2� ð‘1 � ‘0Þ � w2k (17)

with k being the difference in the number of free parameters
between the two models 0 and 1. The important points in this
intuitive outline of the proof are that (1) the two hypotheses need
to be nested and (2) taking the Taylor expansion around ŷ requires
that the likelihood function be continuous at that point, which
implies that ℓ is differentiable left and right of ŷ. Therefore, testing
points at the boundary of the parameter space cannot be done by
approximating the distribution of the test statistic of the LRT by a
regular w2 distribution, as noted many times in molecular evolution
(46–54). A solution still involves the LRT, but the asymptotic
distribution becomes a mixture of w2 distributions (55).

An approach that has become popular under the widespread
adoption of computer programs such as ModelTest (56) and
jModelTest (57) is the hierarchical LRT or hLRT. This hierarchy
goes from the simplest model (JC) to the set of most complex
models (+G + I), traversing a tree of models. The issue is that
there is more than one way to traverse this tree of models, and
that depending on which way is adopted, the procedure may end up
selecting different models (58, 59).

2.9.2. Information

Theoretic Approaches

Information theory provides us with a number of solutions to
circumvent the three limitations of the LRT (nestedness, continu-
ity, and dependency on the order in which models are compared).

The core of the information-based approach is the Kullback–
Leibler (KL) distance, or information (60), which measures the
distance between an approximating model g and a “true” model f
(45). This distance is computed as:

dKLðf ; gÞ ¼
Z

f ðxÞ ln
f ðxÞ
gðxjyÞdx (18)

where y is a vector of parameters entering the approximatingmodel g,
and x represents the data. Note that this distance is not symmetric, as
typically dKL(f, g) 6¼ dKL(g, f), and that the “true” model f is
unknown. The idea is to rewrite dKL(f, g) in a slightly different
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form, tomake it clear that Eq. 18 is actually a difference between two
expectations, both taken with respect to the unknown “truth” f:

dKLðf ; gÞ ¼ Ef f ðxÞ ln f ðxÞ½ � � Ef f ðxÞ ln gðxjyÞ½ � (19)

Equation 19 therefore measures the loss of information
incurred by fitting g when the data x actually come from f. As f is
unknown, dKL(f, g) cannot be computed as such.

Two points are key to deriving the criterion proposed by Akaike
(see ref. 45). First, we usually want to compare at least two approx-
imating models, g0 and g1. We can then measure which one is
closest to the “true” process f by taking the difference between
their respective KL distances. In the process, the direct reference to
the “true” process cancels out. As a result, the “best” model among
g0 and g1 is the one that is closest to the “true” process f: it is the
model that minimizes the distance to f. By setting model para-
meters to their MLEs, we now deal with estimated distances, but
these are still with respect to the unknown f.

Second, in the context of a frequentist approach, we would
repeat the experiment of sampling data an infinite number of times.
We would then compute the expected estimated KL distance, so that
model selection can be done on the sole estimated log-likelihood
value. Akaike, however, showed that this latter approximation is
biased, and must be adjusted by a term that is approximately equal
to the number of parameters K entering model g (see ref. 45). For
“historical reasons” (similarity with asymptotic theory with the
normal distribution), the selection criterion is multiplied by 2 to
give the well-known definition of the AIC:

AIC ¼ �2 ln ‘ðŷÞ þ 2K (20)

Unlike the case of the hLRT, where we were selecting the
“most appropriate model” (with respect to the bias-variance
trade-off), in the case of AIC we can select the best model. This
best model is the one that is closest to the “true” unknown model
(f), with the smallest relative estimated expected KL distance. The
best AIC model therefore minimizes the criterion in Eq. 20.

A small-sample second-order version of AIC exists, where the
penalty for extra parameters (2K in Eq. 20) is slightly modified to
account for the trade-off between information content in the data
and K (see ref. 45). In our experience, we find it advisable to use
this small-sample correction irrespective of the actual size of the
data, since this correction vanishes in large and informative samples,
but corrects for proper model ranking when K becomes very large
compared to the amount of information (e.g., in phylogenomics
where models are partitioned with respect to hundreds of genes).

The AIC has been shown to tend to favor parameter-rich
models (61–65), which has motivated the use and development
of alternative approaches in computational molecular evolution.
These include, the Bayesian Information Criterion (66), and the
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decision theory or DT approach, which is based on DAIC weighted
by squared branch length differences (61). Most of these
approaches, including the hLRT, have recently been compared in
a simulation study that suggests, in agreement with empirical stud-
ies (62, 67), that both BIC and DT have the highest accuracy and
precision (65).

Note finally that all these approaches are not limited to select-
ing the most appropriate or the best model of evolution. Disregard-
ing the hLRT, which requires that models be nested (to be able to
use the w2 approximation; otherwise, see ref. 55), AIC, BIC, etc.
allow us to compare nonnested models and, in particular, phyloge-
netic trees (branch lengths plus topology).

2.9.3. The Bayesian

Approach

The Bayesian framework has permitted the development of two
main approaches, which are actually two sides of the same coin: one
based on finding the model that is the most probable a posteriori,
and one based on ranking models and estimating a quantity called
the BF.

In a nutshell, the frequentist approaches developed in the
previous sections are based on the likelihood, which is the proba-
bility of the data, given the parameters: p(X|y). However, this
approach may not be the most intuitive, since most practitioners
are not interested in knowing the conditional probability of their
data, as the data were collected to learn more about the processes
that generated them. It can therefore be argued that the Bayesian
approach, which considers the probability of the parameters given
the data or p(y|X), is more intuitive than the frequentist approach.
Unlike likelihood, which relies on the function p(X|y) and permits
point estimation, Bayesian inference is based on the posterior dis-
tribution p(y|X). This distribution is often summarized by a cen-
trality measure such as its mode, mean, or median. Measures of
uncertainty are based on credibility intervals, the Bayesian equiva-
lent of confidence intervals. Typically, credibility intervals are taken
at the 95% cutoff and are called highest posterior densities (HPDs).

The connection between posterior probability and likelihood is
made with Bayes’ inversion formula, also called Bayes’ theorem, by
means of a quantity called the prior distribution p(y):

pðyjX Þ ¼ pðX jyÞpðyÞ
pðX Þ (21)

The prior represents what we think about the process that
generated the data, before analyzing the data, and is at the origin
of all controversies surrounding Bayesian inference. In practice,
priors are more typically chosen based on statistical convenience,
and often have nothing to do with our genuine state of knowledge
about parameters before observing the available data. We will see in
Subheading 3.1 that priors can be used to distinguish between
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parameters that are confounded in a maximum likelihood analysis
(model), so that we argue that the frequentist versus Bayesian
controversy is sterile, and we advocate a more pragmatic approach,
that often results in the mixing of both approaches (in their con-
cepts and techniques) (68, 69).

All models have parameters. Subheading 2.7 treats substitution
models, which can have nine free parameters in the case of GTR + G.
Most people are not really interested in these parameters y or in their
estimates ŷ, but have to use them in order to estimate a phylogenetic
tree t. These parameters y are called nuisance parameters because
they enter the model but are not the focus of inference. The likeli-
hood solution consists in setting these parameters to their MLE,
ignoring the uncertainty with which they can be estimated, while
the Bayesian approach will integrate them out, directly accounting
for their uncertainty:

pðX jtÞ ¼
Z
Y
pðX jt; yÞ pðyÞ dy (22)

One difficulty in Bayesian inference is about the denominator
in Eq. 21, as this denominator often has no analytical solution. In
spite of being a normalizing constant, p(X) requires integrating out
nuisance parameters by means of prior distributions as in Eq. 22.
Thus, it is easy to see from Eq. 21 that the posterior distribution of
the variable of interest (e.g., t) can quickly become complicated:

pðtjX Þ ¼
Z
Y

pðX jt; yÞpðtÞpðyÞ
ST pðX jt; yÞpðtÞpðyÞdy (23)

where t and y are assumed to be independent and the discrete sum is
taken over the set Tof all possible topologies (see Subheading 2.10).
However, the ratio of posteriors evaluated at two different points
will simplify: as the denominator in Eq. 23 is a constant, it will cancel
out from the ratio. This simple observation is at the origin of an
integration technique for approximating the posterior distribution
in Eq. 23: Markov chain Monte Carlo (MCMC) samplers. A very
clear introduction can be found in ref. 70.

Building on this, two approaches can be formulated to compare
models in a Bayesian framework. The first is to treat the model as a
“random variable,” and compute its posterior probability. The best
model is then the one that has the highest posterior probability.
This approach is typically implemented in a reversible-jump
MCMC (or rjMCMC) sampler (e.g., see ref. 40).

The alternative is to use the Bayesian equivalent of the LRT, the
BF. Rather than comparing two likelihoods, the BF compares the
probability of the data under two models, M0 and M1:

BF0;1 ¼ pðX jM0Þ
pðX jM1Þ (24)
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More specifically, BF0,1 evaluates the weight of evidence in
favor of model M0 against model M1, with BF0,1 > 1 considered
as evidence in favor of M0. Just as in a frequentist context, where a
null hypothesis is significantly rejected at a certain threshold, 5%,
1%, or less depending on different costs or error types, BFs can be
evaluated on a specific scale (71). However, because this scale is just
as ad hoc as in a frequentist setting, it might be preferable to use the
probability of the data under a particular model p(X|Mi) as a means
of ranking models Mi.

The quantity p(X|M0), which is the denominator in Eq. 23
(where we did not include the dependence on the model in the
notation), is called the marginal likelihood. Note that it is also an
expectation with respect to a prior probability distribution:

pðX jM0Þ ¼
Z
Y
pðX jy;M0ÞpðyjM0Þ dy (25)

A number of approximations to evaluate Eq. 25 exist and are
reviewed in ref. 72 (see also refs. 73, 74). The simplest one is
based on the harmonic mean of the likelihood sampled from the
posterior distribution (75). The way this estimator is derived
demands to understand how integrals can be approximated.
Briefly, to compute I ¼ R

g(y)p(y) dy, generate a sample from a
distribution p*(y) and calculate the simulation-consistent estima-
tor I ¼ S wig(y)/Swi, where wi is the importance function p(y)/
p*(y). Take g ¼ p(X|y) and p*(y) ¼ p(X|y)p(y)/p(X), then

Î ¼ p̂ðX jM0Þ ¼ limN!1 1
N

P
1

pðX jyiÞ
� ��1

with y ~ p(y|X) (see

Supplementary information in ref. 76). As a result, a very simple
way to estimate the marginal likelihood and BFs is to take the
output of an MCMC sampler and compute the harmonic mean of
the likelihood values (not the log-likelihood values) sampled from
the posterior distribution.

Because of its simplicity, this estimator is now implemented in
most popular programs such as MrBayes (77) or BEAST (78).
However, it might be considered as the worst estimator possible,
because its results are unstable (75, 79) and biased towards the
selection of parameter-rich models (73). An alternative and reliable
estimator, based on thermodynamic integration (TI; ref. 73), is
much more demanding in terms of computation. Indeed, it
requires running MCMC samplers morphing one model into the
other (and vice versa), which can increase computation time by up
to an order of magnitude (73). Improvements of the TI estimator
are however available. The Stepping-Stone approach builds on
importance sampling and TI to speed up the computation while
maintaining the accuracy of the standard TI estimator (74, 80).
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2.9.4. Cross-Validation Cross-validation is another model selection approach, which is
extremely versatile in that it can be used to compare any set of
models of interest. Besides, the approach is very intuitive. In its
simplest form, cross-validation consists in dividing the available
data into two sets, one used for “training” and the other one used
for “validating.” In the training step (TS), the model of interest is
fitted to the training data in order to obtain a set of MLEs. These
MLEs are then used to compute the likelihood using the validation
data (validation step: VS). Because the validation data were not part
of the training data, the likelihood values computed during VS can
be directly used to compare models, without requiring any explicit
correction for model dimensionality.

The robustness of the cross-validation scores can be explored in
various ways, such as repeating the above procedure with a switched
labeling of training and validation data (hence the expression cross-
validation). Of course, this simple twofold cross-validation could
be extended to n-fold cross-validation, where the data are subdi-
vided into n subsets, with n � 1 subsets serving for training, and
one for validation. Ideally, the procedure is repeated n � 1 addi-
tional times.

We know of only two examples of its use in phylogenetics, one
in the ML framework (81) and one with a Bayesian approach (82).
Given the increasing size of modern data sets, putting aside some of
the data for validation is probably not going to dramatically affect
the information content of the whole data set. As a result, model
selection via cross-validation, which is statistically sound, could
become a very popular approach.

2.10. Finding the Best

Tree Topology

2.10.1. Counting Trees

Now that we can select a model of evolution (Subheading 2.9) and
estimate model parameters (Subheading 2.8) under a particular
model (Subheading 2.5), how do we find the optimal tree? The
toy example in Subheading 2.1 suggested that we score all possible
tree topologies and choose for inference the one that has the high-
est score. However, a simple counting exercise shows that an
exhaustive examination of all possible topologies is not realistic.

Figure 9 shows how to count tree topologies. Starting from the
simplest possible unrooted tree, with three taxa, there are three
positions where a fourth branch (leading to a fourth taxon) can be
added. As a result, there are three possible topologies with four
taxa. For each of these, there are four places on the tree where a fifth
branch can be added, which leads to a total of 3 � 5 ¼ 15 topol-
ogies with five taxa. A recursion appears immediately, and it can be
shown that the total number of unrooted topologies with n taxa is
equal to 1 � 3 � � � � � 2n � 5 (83) (see ref. 11 for the deeper
history), which, as given in ref. 84, is equal to:

N
T ðnÞ
unrooted ¼ ð2n � 5Þ!

2n�3ðn � 3Þ! ¼
2n�2Gðn � ð3=2ÞÞffiffiffi

p
p (26)

4 The Essentials of Computational Molecular Evolution 131



where the G function for any real number x is defined as

GðxÞ ¼ R1
0 tx�1e�tdt . An approximation based on Stirling number

is also given in (84).
The same exercise can be done for rooted trees (Fig. 10), where

the number of possible rooted topologies with n taxa becomes
1 � 3 � ··· � 2n � 3, which is:

N
T ðnÞ
rooted ¼ ð2n � 3Þ!

2n�2ðn � 2Þ! ¼
2n�1Gðn � ð1=2ÞÞffiffiffi

p
p (27)

Note that N
T ðnÞ
unrooted ¼ N

T ðn�1Þ
rooted , as Table 2 clearly suggests.

As a result, the number of possible topologies quickly becomes
very large when the number n of sequences increases, even with a
very modest n, so that heuristics become necessary to find the best
scoring tree.

2.10.2. Some Heuristics

to Find the Best Tree

The simplest approach builds upon the idea presented in Figs. 9
and 10. Stepwise addition, for instance, starts with three sequences
drawn at random among the n sequences to be analyzed, and adds
sequences one at a time, keeping only the tree that has the highest

A CB

3 taxa                                     4 taxa                                                5 taxa

3 topology       5 topologies                              7 topologies                                 9 topologies

A CB D
A CB D E

Fig. 10. Procedure to count the number of rooted topologies. See Fig. 9 for legend and text for details.
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B

3 taxa                                  4 taxa                                                5 taxa

1 topology       3 topologies                              5 topologies                                 7 topologies

A C

B

D

A C

B

DE

Fig. 9. Procedure to count the number of unrooted topologies. The top line shows the current number of taxa included in the
tree below. Gray arrows indicate locations where an additional branch can be grafted to add one taxon. Black arrows show
the resulting number of topologies after addition of a branch (taxon). Only one such possible topology is represented at the
next step. The bottom line indicates the number of possibilities. These numbers multiply to obtain the total number of trees.
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score at each step (e.g., ref. 3). However, there is no guarantee
that the final tree is the optimal tree (35). The idea behind branch-
and-bound (85), refined in ref. 86, is to have a look-ahead routine
that prevents entrapment in suboptimal trees. This routine sets a
bound on the trees selected at each round of additions, such that
only the trees that have a score at least as good as that of the trees
obtained in the next round are kept in the search algorithm.
Solutions found by the branch-and-bound algorithm are optimal,
but computing time becomes quickly prohibitive with more than
20 sequences.

As a result, most tree-search algorithms will start with a quickly
obtained tree, often reconstructed with an algorithm based on
pairwise distances such as Neighbor-Joining (87) or a related
approach (88, 89), and then alter the tree randomly until no further
improvement is obtained or after a certain number of unsuccessful
attempts is reached. Examples of such algorithms include Nearest
Neighbor Interchange (NNI), Subtree Pruning and Regrafting
(SPR), or Tree Bisection and Reconnection (TBR); see, e.g., ref.
3 for a full description. While the details are of little importance
here, the critical point is the extent of topological rearrangement in
each case. With NNI for instance, each rearrangement can give rise
to two topologies. The result is that exploring the topology space is
slow, especially in problems with large n. On the other hand, TBR
has, among the three methods cited above, the largest number of
neighbors. As a result, the topology space is explored quickly, but
the optimal tree can be “missed” simply because a dramatic change
is attempted, so that the computational cost increases. Alterna-
tively, the chance of finding the optimal tree t̂ when t̂ is very
different from the current tree is higher when the algorithm can

Table 2
Counting tree topologies

Number
of taxa Unrooted tree Rooted trees

3 1 3

4 3 15

5 15 105

6 105 945

10 2,027,025 34,459,425

20 221,643,095,476,
699,771,875

8,200,794,532,637,
891,559,375

Number of tree topologies are given for the unrooted and rooted cases
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create some dramatic rearrangements. Some programs, such as
PhyML ver. 3.0, now use a combination of NNI and SPR to address
this issue (90). MCMC samplers that search the tree space imple-
ment somewhat similar tree-perturbation algorithms that are either
“global” and modify the topology dramatically, or “local” (91) (see
also ref. 92 for a correction of the original local moves). As a result,
MCMC samplers are affected by the same issues as traditional
likelihood methods. Much of the difficulty therefore comes from
this kind of trade-off between larger rearrangements that are
expected to improve accuracy and the computational burden asso-
ciated with these extra computations (93).

3. Uncovering
Processes and
Times

3.1. Dating the Tree of

Life: Always Deeper?

Similar to the problem of estimating the tree of life, dating the tree
of life poses many challenges (94). Since it was first proposed in
1965 (32), the idea of estimating divergence times has since under-
gone a dramatic change, and new approaches are regularly pro-
posed. Population geneticists have their own approaches, which are
either fully Bayesian (95) or based on Approximate Bayesian Com-
putation in the coalescent framework (96). All these approaches
make it possible to infer divergence times between recently
diverged species, as in the case of humans and chimpanzees, or to
date demographic events such as the migrations “out of Africa” of
early human populations (97).

In the context of molecular evolution, we are usually interested
in estimating deeper divergence times, such as those between spe-
cies, which are available online for instance at www.timetree.org
(98) (check also the corresponding app for smartphones). While
early “molecular dates” were systematically biased towards ages that
are too old (94), we argue here that recent developments in the
field have led to more accurate methods and also to a better
understanding of methodological limitations.

3.1.1. The Strict

Molecular Clock

One quantity that we can estimate when comparing pairs of
sequences is the number of differences that exist. This number,
estimated as a branch length b, can be corrected for multiple sub-
stitutions (see Subheading 2.7), but basically remains an expected
number of substitutions per site. With “dating” (defined here as the
activity of estimating divergence times (99)), we are interested in
estimating time t, which relates to the expected numbers of sub-
stitutions b according to the following equation:

b ¼ Dt � r (28)
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where Dt is a period of time and r the rate of evolution. In technical
terms, times and rates are said to be confounded, because we cannot
estimate one without making an assumption about the other.

The molecular clock hypothesis does just this by assuming that
rates of evolution are constant in time (32) (see also ref. 100, p. 65).
Under this assumption, the estimated tree is ultrametric as in the
toy example represented in Fig. 11, which implies that all the tips
are level, or equivalently that the distance from root to tip is the
same for all branches.

In this example (Fig. 11), the branch length from the fossil-
dated node is 0.1 substitutions/site (sub/site), and the fossil was
estimated to be present ten million years ago (MYA). Under the
strict molecular clock assumption (equal rates over the whole tree),
we can (1) estimate the rate of evolution (0.1/10 ¼ 0.01 sub/
site/my) and (2) date all the other nodes on the tree. For instance,
the most recent common ancestor of S2 and S5 is separated from
the tips by a branch length of 0.02 sub/site. Its divergence time is
therefore 0.02/0.01 ¼ 2 MYA.

As with any hypothesis, the strict clock can be tested. Tests
based on relative rates assess whether two species evolve at the same
rate as a third one, used as an outgroup. Originally formulated in a
distance-based context (101), likelihood versions have been
described (35, 102). However, because of their low power (103)
their use is on the wane. The most powerful test is again the LRT
(see Subheading 2.9). The test proceeds as usual, first calculating
the test statistic 2D ℓ (twice the difference of log-likelihood values).
The null hypothesis (strict clock) is nested within the alternative
hypothesis (clock not enforced), so that 2D ℓ follows a w2 distribu-
tion. The degree of freedom is calculated following Fig. 12. With

Fig. 11. The strict molecular clock. The tree is ultrametric. The node marked with a star indicates the presence of a fossil,
dated in this example to ten MYA. This is the point that we will use to calibrate the clock, that is, to estimate the global rate
of evolution. The number of substitutions from the marked node to the tips (present) is indicated on the right weights in at
0.1 substitutions/site. The node that is the most recent common ancestor of S2 and S5 is the node of interest. The number
of substitutions from this node to the tips is 0.02 substitutions/site.
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an alignment of n sequences, we can estimate n � 1 divergence
times under the null model (disregarding parameters of the substi-
tution model) and we have 2n � 3 branch lengths under the
alternative model. The difference in number of free parameters is
therefore n � 2, which is our degree of freedom. This version of
the test actually assesses whether all tips are at the same distance
from the root of the tree (35). For time-stamped data, serially
sampled in time as in the case of viruses, the alternative model
incorporates information on tip dates (104).

This linear regression model suggested by the molecular clock
hypothesis has often been portrayed as a recipe (105), which gave
rise in the late twentieth to early twenty-first century to a veritable
cottage industry (106–109), culminating with a paper suggesting
that the age of the tree of life might be older than the age of planet
Earth (110). This recipe was put down by two factors: (1) the
publication of a piece written in a rather unusual style for a scientific
paper (111) and (2) new methodological developments. The main
points made in (111) are that (1) most of the early dating studies
relied on one analysis (107) that used a fossil-based calibration
point for the divergence of birds at 310 MYA to estimate a number
of molecular dates for vertebrates, and that (2) these molecular
dates were then used in subsequent studies as a proxy for calibration
points, disregarding their uncertainty. As a result, estimation errors
were passed on and amplified from study to study, leading to the
nonsensical results in (110).

3.1.2. Local Molecular

Clocks

This “debacle” has motivated further theoretical developments in
the dating field. The simplest idea is that, if a global clock does not
hold for the entire tree, then perhaps groups of related species share
the same rate. That is, if a global clock does not hold, perhaps the
tree can be subdivided into local molecular clocks. An initial idea
was proposed in the context of quartets of sequences (112) and was
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Fig. 12. Testing the strict molecular clock. The divergence times that can be estimated under the strict clock assumption
are denoted ti. The branch lengths that can be estimated without the clock are denoted bi. In the case depicted, with n ¼ 7
sequences, we have n � 1 ¼ 6 divergence times and 2n � 3 ¼ 11 branch lengths.
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later generalized to a tree of any size with any number of local
clocks on the tree (113) (constrained by the number of branches on
the tree and calibration points). Because of the arbitrariness of such
local clocks, methods have been devised to place the clocks on the
tree (114) and to estimate the appropriate number of clocks that
should be used (115). A Bayesian approach now estimates all these
parameters and their placement in an integrated statistical frame-
work (116).

3.1.3. Correlated

Relaxed Clocks

The idea of a correlated relaxed molecular clock goes back to
Sanderson (117) (see also ref. 118), who considered that rates of
evolution can change from branch to branch on a tree. By con-
straining rates of evolution to vary in an autocorrelated manner on
a tree, it is possible to devise a method that minimizes the amount
of rate change.

The idea of an autocorrelated process governing the evolution
of the rates of evolution is attributed to ref. 119 in ref. 117, but
could all the same be attributed to Darwin. Thorne, Kishino, and
coworkers (120) developed this idea further in a Bayesian frame-
work. Building upon the basic theory covered in Subheading 2.9,
the idea is to place prior distributions on the quantities in the right-
hand side of Eq. 28. The target distribution is p(t|X). It is propor-
tional to p(X|t)p(t) according to Bayes’ theorem, but all that we can
estimate is:

pðbjX Þ ¼ pðX jbÞpðbÞ
pðX Þ ¼ pðX jr; tÞpðr; tÞ

pðX Þ (29)

One way of expanding the joint distribution of rates and times
is p(r, t) is p(r|t)p(t), which posits a process where rate change
depends on the length of time separating two divergences. The
“art” is now in choosing prior distributions, conditional on the
obvious constraint that rates and times should take positive values.
A number of such prior distributions for rates have been proposed
and assessed (121) and one of the best performing model for rates
is, in our experience, the log-normal model (120, 122). The prior
on times is either a pure-birth (Yule) model or a birth-and-death
process possibly incorporating species sampling effects (123). If
sequences are sampled at the population level, a coalescent process
is more appropriate (see ref. 124 for an introduction). In this case,
the past demography of the sampled sequences can be traced back
taking inspiration from spline regression techniques (125, 126) or
multiple change-point models (127).

Once these priors are specified, an MCMC sampler will draw
from the target distribution in Eq. 29, and marginal distributions
for times and rates can easily be obtained. The rationale behind the
sampler is represented in Fig. 13. As per Eq. 28, the relationship
between rates and time is the branch of a hyperbolic curve, where
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the priors on rates and on times define a region of higher posterior
probability, symbolized here by a contour plot superimposed on the
hyperbolic curve. On top of this, fossil information is incorporated
into the analysis as constraints on times (111) stimulated a discus-
sion about the shape of these prior distributions, which was taken
up in ref. 128, and further developed in ref. 129. Briefly, fossil
information is usually imprecise, as paleontologists can only provide
minimum and maximum ages (Fig. 13). Of these two ages, the
minimum age is often the most reliable. Under the assumption that
the placement of the fossil on the tree is correct, the idea is to place
on fossil dates a prior distribution that will be highly skewed
towards older (maximum) ages. A “hard bound” can be placed on
the minimum age, possibly by shifting this prior distribution by an
offset equal to the minimum age, while the tails of the prior
distribution will act as “soft bounds,” because they do not impose
on the tree a strict (or hard) constraint. Empirical studies agree,
however, that both reliability and precision of fossil calibrations are
critical to estimating divergence times (95, 130).

3.1.4. Uncorrelated Relaxed

Clocks

Because of the autocorrelation between the rate of each branch and
that of its ancestral branch (except for the root, which obviously
requires a special treatment), the tree topology is fixed under the
autocorrelated models described above. By relaxing this assump-
tion about rate autocorrelation, Drummond et al. (131) were
able to implement a model that also integrates over topological
uncertainty. In spite of the somewhat counter-intuitive nature of
the relaxation of the autocorrelated process, empirical studies
have found this approach to be one of the best performing (e.g.,
ref. 115).

When first published, it was proposed that making use of an
uncorrelated relaxed molecular clock could improve phylogenetic
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Fig. 13. The relaxed molecular clock. See text for details.
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inference (131). The idea was that calibration points and their
placement on the tree could act as additional information. How-
ever, a simulation study suggests that relaxed molecular clocks
might not improve phylogenetic accuracy (132), a result that
might be due to the lack of calibration constraints in this particular
simulation study.

3.1.5. Some Applications

of Relaxed Clock Models

Since the advent of relaxed molecular clocks, two very exciting
developments have seen the light of day. The first concerns the
inclusion of spatial statistics into dating models (133, 134). Spatial
statistics are not new in population genetics (135) and have been
used with success in combination with analyses in computational
molecular evolution (e.g., ref. 136). However, the originality in ref.
134 for instance is to combine in a single statistical framework
molecular data with geographical and environmental information
to infer the diffusion of sequences through both space and time.
While these preliminary models seem to deal appropriately with
natural barriers to gene flow such as coastlines, a more detailed set
of constraints on gene flow may further enhance their current
predictive power.

The second development coming from relaxed molecular
clocks concerns the mapping of ancestral characters onto uncertain
phylogenies. This is not a novel topic, as a Bayesian approach was
first described in 2004 (137, 138). The novelty is that we now have
the tools to correlate morphological and molecular evolution in
terms of their absolute rates and to allow both molecular and
morphological rates of evolution to vary in time (139). Further
development will certainly integrate over topological uncertainty.
While there has been a heated controversy about the existence of
such a correlation in the past (140), all previous studies were using
branch length as a proxy for rate of molecular evolution, which is
clearly incorrect. We can therefore expect some more accurate
results on this topic very soon.

4. Molecular
Population
Phylogenomics

Population genetics is rich in theory regarding the relative roles of
mutation, drift, and selection. Much research in population geno-
mics is now focusing on using this theory to develop statistical
procedures to infer past processes based on population-level data,
such as those of the 1,000-genome project (141). One limitation of
these inference procedures is that they all focus on a thin slice of
evolutionary time by studying evolution at the level of populations.
If we wish to study longer evolutionary time scales, for example,
tens or hundreds of millions of years, we must resort to interspecific
data. In such a context, which is becoming intrinsically phylogenetic,
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the most important event is a substitution, that is, a mutation that
has been fixed. Yet substitution rates can be defined from several
features. In particular, from a population genetics perspective, it is
of interest to model both mutational features and selective effects,
combining them multiplicatively to specify substitution rates. We
review briefly how substitution models that invoke codons as the
state space lend themselves naturally to these objectives in a first
section below (Subheading 1), before explaining the origin (and
a shortcoming) of all the approaches developed so far (Subhead-
ing 2).

4.1. Bridging the Gap

Between Population

Genetics and

Phylogenetics

Assuming a point-mutation process, such that events only change
one nucleotide of a codon during a small time interval, Muse and
Gaut proposed a codon substitution model with rates specified
from the QGTR nucleotide-level matrix (see Subheading 2.7),
along with one parameter that modulates synonymous events and
another one that modulates nonsynonymous events (142). In most
subsequent formulations, the parameter associated with synony-
mous events is assumed to be fixed, such that the model only
modulates nonsynonymous rates by means of a parameter denoted
o. This parameter has traditionally been interpreted as the nonsy-
nonymous to synonymous rate ratio, and is generally associated
with a different formulation of the codon model proposed by
Goldman and Yang (143). More details on codon models can be
found in Chapter 5 in Volume 2 (144). There continues to be a
debate regarding the interpretation of the o parameter (145, 146).
Regardless of how this issue is settled, it is clear that o is aimed at
capturing the net overall effects of selection, irrespective of the
exact nature of these effects.

With the intention to model selective effects themselves, Hal-
pern and Bruno (147) proposed a codon substitution model that
combines a nucleotide-level layer, as described above, for
controlling mutational features, along with a fixation factor that is
proportional to the fixation probability of the mutational event.
The fixation factor is in turn specified from an account of amino
acid or codon preferences. One objective of the model, then, con-
sists in teasing apart mutation and selection. While in ref. 147
proposed their model with site-specific fixation factors, later work
has explored simpler specifications, where all sites have the
same fixation factor (148). Other models that aimed at capturing
across-site heterogeneities in fixation factors were proposed
using nonparametric devices and empirical mixtures (149). Recent
developments include sequence-wide fixation factors (145, 150),
and we predict that these models will play a role in bridging the
gap between molecular evolution at the population and at the
species levels.
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4.2. Origin of Mutation-

Selection Models: The

Genic Selection Model

In order to understand a shortcoming of these models, we need to
go back to the development of fixation probabilities that took place
in the second half of the twentieth century. The basic unit or
quantum of evolution is a change in allele frequency p. Allele
frequencies can be affected by four processes: migration, mutation,
selection, and drift. Because of the symmetry between migration
and mutation (151), which only differ in their magnitude, these
two processes can be treated as one. We are left with three forces:
mutation, selection, and drift. The question is then, what is the fate
of an allele under the combined action of these processes? Our
development here follows (152) (but see ref. 153 for a very clear
account).

4.3. Fixation

Probabilities

Of the three processes affecting allele frequencies, mutation, and
selection can be seen as directional forces in that their action will
shift the distribution of allele frequencies towards a particular point,
be it an internal equilibrium, or fixation/loss of an allele. On the
other hand, drift is a nondirectional process that will increase the
variance in allele frequencies across populations, and will therefore
spread out the distribution of allele frequencies. This distribution is
denoted C(p, t). We also must assume that the magnitude of all
three processes, mutation, selection, and drift, is small and of the
order of 1=ð2NeÞ, where Ne is the effective population size. To
derive the fate of an allele after a certain number of generations, we
also need to define g(p, e; dt), the probability that allele frequency
changes from p to p + e during a time interval dt.

In phylogenetics (and population genetics) we are generally
interested in predicting the past. The tool making this possible is
called the Kolmogorov backward equation, which predicts the
frequency of an allele at some time t, given its frequency p0 at
time t0:

Cðp; t þ dt jp0Þ ¼
Z

Cðp; t jp0 þ eÞgðp0; e;dtÞ de (30)

We can take the Taylor expansion of Eq. 30 around p0, neglect
all terms whose order is larger than two o p20

� �� �
and sinceC is not a

function of ϵ, we obtain:

C p; t þ dt jp0ð Þ ¼ C
Z

g deþ @C
@p0

Z
eg deþ @2C

@p20

Z
e2

2
g de

(31)

This formulation leads to the definition of two terms that
represent the directional processes affecting allele frequencies (M)
and the nondirectional process, or drift (V):

M ðpÞ dt ¼ R
g e de

V ðpÞ dt ¼ R
g e2de

�
(32)
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that we can substitute into Eq. 31. At equilibrium, ð@CÞ=ð@tÞ ¼ 0
and, after a bit of calculus, we obtain:

@Ĉ
@p0

¼ C e�
R

½ð2M Þ=ðV Þ�dp (33)

for which we need to specify boundary conditions and a model of
selection. The boundary conditions are the two absorbing states of
the system: (1) once fixed, an allele remains fixed (C(1,1; 1) ¼ 1)
and (2) once lost, an allele remains lost (C(1, 1; 0) ¼ 0). With
these two requirements, the probability that the allele frequency is
1 given that it was p0 in the distant past is the fixation probability:

Cð1;1; p0Þ ¼
R p0
0 e�

R
½ð2M Þ=ðV Þ�dpdpR 1

0 e�
R

½ð2M Þ=ðV Þ�dpdp
(34)

We therefore only need to computeM and V under a particular
model of selection to fully specify the fixation probability of an allele
in a mutation–selection–drift system. All that is required now to go
further is a selection model.

4.4. The Case

of Genic Selection

We are now ready to derive an explicit form to C(1, 1; p0) in
Eq. 34 in the case of the genic selection model (Table 3; ref. 154).
We obtain:

�w ¼ 1þ sp2 þ 2pqhs ¼ 1þ 2phs þ sp2ð1� 2hÞ (35)

which can be approximated by 1 þ 2phs (the result is exact only
when h ¼ 1/2). Therefore, d�w/dp ¼ 2hs , and we can calculate the
M and V terms to obtain the popular result:

Cð1; 1; p0Þ ¼
R p0
0 e�

R
½ð2M Þ=ðV Þ�dpdpR 1

0 e�
R

½ð2M Þ=ðV Þ�dpdp
¼ e�4Nehsp0 � 1

e�4Nehs � 1
: (36)

Now, the initial frequency of a mutation in a diploid population
of (census) size N is p0 ¼ 1/(2N) (following refs. 153; ref. 152

Table 3
The standard selection models

Selection coefficients A1A1 A1A2 A2A2

Genic (positive) selection w1 ¼ 1 + s w2 ¼ 1 + hs w3 ¼ 1

Overdominance w1 ¼ 1 w2 ¼ 1 + s w3 ¼ 1

Models are represented for one locus with two alleles, A1 and A2, which define
three genotypes A1A1, A1A2, and A2A2 of fitness w1, w2, and w3. The selection
coefficient is s (positive in this table, but not necessarily so) and the dominance
is governed by h (h 2 [0, 1])
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considered that p0 ¼ 1/(2Ne); this debate is beyond the scope of
this chapter), which leads to:

C 1; 1;
1

2N

� 	
¼ e�2Nehs=N � 1

e�2Nehs � 1
(37)

IfNe is of the order ofN, the numerator of the right-hand side
of Eq. 37 becomes approximately e�2hs � 1, whose Taylor approxi-
mation around hs ¼ 0 is simply �2hs. We then obtain the result
used in ref. 147, and in all the papers that implemented mutation–
selection (–drift) models (e.g., refs. 145, 147–150):

C 1;1;
1

2N

� 	
¼ 2hs

1� e�4Nehs
(38)

Two critical points should be noted here. First, none of the
recent codon models (145, 147–150) ever investigated the role of
dominance h, as they all consider that the allele under (positive)
selection is fully dominant. Second, Table 3 shows that another
class of selection models, those based on balancing selection, has
never been considered so far. The impact of the selection model on
the predictions made by the mutation–selection (–drift) models is
currently unknown.

5. High-
Performance
Computing for
Phylogenetics

5.1. Parallelization

Because of the dependency of the likelihood computations on the
shape of a particular tree (see Subheading 2.6), most phylogenetic
computations cannot be parallelized to take advantage of amultipro-
cessor (or multicore) environment. Nevertheless, two main direc-
tions have been explored to speed up computations: first, in
computing the likelihood of substitution models that incorporate
among-site rate variation and second, in distributing bootstrap repli-
cates to several processors, as both types of computations canbedone
independently. A third route is explored in Chapter 22 of Volume
(155).

In the first case, among-site rate variation is usually modeled
with a G distribution (156) that is discretized over a finite (and
small) number of categories (157). The likelihood then takes the
form of a weighted sum of likelihood functions, one for each
discrete rate category, so that each of these functions can be eval-
uated independently. The route most commonly used is the plain
“embarrassingly parallel” solution, where completely independent
computations are farmed out to different processors. Such is the
case for bootstrap replicates, for which a version of PhyML (90)
exists, or in a Bayesian context for independent MCMC samplers
(158) (see Subheading 2.9).
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5.2. HPC and Cloud-

Computing

More recent work has focused on the development of heuristics
that make large-scale phylogenetics amenable to high-performance
computing (HPC), that are performed on computer clusters.
Because of the algorithmic complexity of resolving phylogenetic
trees, an approach based on “algorithmic engineering” was devel-
oped (159). The underlying idea is akin to the training phase in
supervised machine learning (160), except that here the target is
not the performance of a classifier but that of search heuristics. All
of these heuristics reuse parameter estimates, avoid the computa-
tion of the full likelihood function for all the bootstrap replicates, or
seed the search algorithm for every n replicate on the results of
previous replicates (159). For instance, in the “Lazy Subtree Rear-
rangement” (161), topologies are modified by SPR (see Subhead-
ing 2.10), but instead of recomputing the likelihood on the whole
tree, only the branch lengths around the perturbation are reopti-
mized. This approximation is used to rank candidate topologies,
and the actual likelihood is evaluated on the complete tree only for
the best candidates. These heuristics now permit the analysis of
thousands of sequences in a probabilistic framework (162), but the
actual convergence of these algorithms remains difficult to evaluate,
especially on very large data sets (e.g., >104 sequences).

In addition to the reduction of the memory footprint (163) in
the case of sparse data matrices, an alternative direction to “tweak-
ing likelihood algorithms” has been to take direct advantage of the
computing architecture available. One particular effort aims at
tapping directly into the computing power of graphics processing
units or GPUs, taking advantage of their shared common memory,
their highly parallelized architecture and the comparatively negligi-
ble cost of spawning and destroying threads on them. As a result, it
is possible to distribute some of the summation entering the prun-
ing algorithm (see Subheading 2.6) to different GPUs (164). The
number of programs taking advantage of these developments is still
limited to BEAST (78), mostly because CUDA (Compute Unified
Device Architecture, up to version 1.3), the computing engine of
these cards, was not IEEE-754 compliant and prone to numerical
errors on double-precision computations. However, we anticipate
that further programs will take advantage of GPUs as soon as newer
cards fully support double-precision computation.

All these fast algorithms can be installed either on a local com-
puter cluster, a solution adopted by many research groups in the
recent past. However, installing a cluster can be demanding and
costly because a dedicated room is requiredwith appropriate cooling
and power supply (not to mention securing the room, physically).
Besides, redundancy requirements, both in terms of power supply
and data, may demand hiring a system administrator. An alternative
is to run analyses on a remoteHPCserver. Canada, for instance, has a
number of such facilities thanks to national funding bodies (HPCVL
at www.hpcvl.org, SHARCNETat www.sharcnet.ca, or HQCHP at
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rqchp.ca, just to cite a few), and commercial solutions are just a few
clicks away (e.g., Amazon Elastic Compute Cloud or EC2).
Researchers can obtain access to these HPC solutions on a fee
basis, either on demand or by means of a yearly subscription. But
in spite of the technical support offered in the price, users still have to
install their preferred phylogenetic softwaremanually or put a formal
request to the team of system administrators managing the HPC
facility, all of which is not always convenient.

To make the algorithmic and technological developments
described above more accessible, the recent past has seen the emer-
gence of cloud-computing (165) dedicated to the phylogenetics
community. Examples include iPlant (iplantcollaborative.org),
CIPRESS (www.phylo.org), or Phylogeny.fr (www.phylogeny.fr
(166)). Many include web portals that do not require that users
be well versed in unix commands, and some portals such as iPlant
plan to offer an application programming interface to cater to the
most computer-savvy users. One potential limitation of these ser-
vices is the bandwidth necessary to transfer large files. In our
experience with MCMC samplers, the output of a single run can
reach a half dozen gigabytes. Being text files, these output files can
easily be compressed by an order of magnitude. The management
of relatively large files will remain a potential issue, unless phyloge-
netics practitioners are ready to discard these files after analysis, the
end product of which is a single tree file a few kilobytes in size, in
the same way that people involved in genome projects delete the
original image files produced by massively parallel sequencers. Data
security or privacy might not be a problem in most applications,
except in projects dealing with human subjects or viruses such as
HIV that expose the sexual practices of subjects. However, once
these various hurdles are out of the way, users could very well
imagine running their phylogenetic analyses with millions of
sequences from a smartphone app while commuting.

6. Conclusions

Although most of the initial applications of likelihood-based meth-
ods were motivated by the shortcomings of parsimony, they have
now become well accepted as they constitute principled inference
approaches that rely on probabilistic logic. Moreover, they allow
biologists to evaluate more rigorously the relative importance of
different aspects of evolution. The models presented in this chapter
have the ability to disentangle rates from times (Subheading 3), or
mutation from selection (Subheading 4), while in most cases
accounting for the uncertainty about nuisance parameters. But
the latest developments described above still make a number of
restrictive assumptions (Subheading 2), and while many variations
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in model formulations can be envisaged, they still remain to be
explored in practice.

Although some progress has been made in developing integra-
tive approaches (e.g., refs. 134, 139), throughout this chapter we
assumed that a reliable alignment was available as a starting point.
A number of methods exist to co-estimate an alignment and a
phylogenetic tree (see Part II of this Volume), but the computa-
tional requirements and convergence of some of these approaches
can be daunting, even on the smallest data sets by today’s standards.

This brings us, finally, to the issue of tractability of most of these
models in the face of very large data sets. The field of phylogenomics
is developing quickly (see Part I of Volume 2), at a pace that is ever
increasing given the output rate of whole genome sequencing pro-
jects. Environmental questions are drawing more and more atten-
tion, andmetagenomes (see Part IVof Volume 2) will be analyzed in
the context ofwhatwill soonbe calledmetaphylogenomics. Exploring
the numerous available and foreseeable substitution models in such
contexts will require continued work in computational methodolo-
gies. As such, modeling efforts will continue to go hand-in-hand
with, and maybe dependent on, algorithmic developments (167).
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