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Molecular-dating techniques potentially enable us to
estimate the time of origin of any biological lineage.
Such techniques were originally premised on the assump-
tion of a ‘molecular clock’; that is, the assumption that
genetic change accumulated steadily over time. However,
it is becoming increasingly clear that constant rates of
molecular evolution might be the exception rather than
the rule. Recently, new methods have appeared that
enable the incorporation of variable rates into molecular
dating. Direct comparisons between these methods are
difficult, because they differ in so many respects. How-
ever, the assumptions about rate change on which they
rely fall into a few broad categories. Improving our under-
standing of molecular evolution will be an important next
step towards evaluating and improving these methods.

Molecular dating

The advent of molecular-dating techniques, which esti-
mate evolutionary timescales from comparisons between
DNA or protein sequences, has transformed many areas of
biology [1]. Such techniques offer us an insight into the
history of lineages with a poor or non-existent fossil record
(e.g. [2]). They have also been used to challenge important
evolutionary hypotheses successfully (e.g. suggesting a
more recent common ancestry between humans and
chimps than had been assumed from fossils alone [3,4]).
But molecular dates have also been controversial, par-
ticularly when they are at odds with other lines of
evidence, such as the fossil record (e.g. [5]).

To appreciate why molecular dating has been contro-
versial, consider in more detail what the process involves.
All molecular-dating methods convert measures of the
genetic distance between sequences into estimates of the
time at which the lineages diverged. The genetic distance
estimates require topology (the branching tree structure
of the relevant lineages) and branch lengths (estimates of
the number of substitutions that have occurred in each
lineage). To convert these into measures of time, the
methods also require one or more externally derived dates,
usually based on fossil or biogeographical evidence
(typically, these are treated as point estimates, although
increasingly, upper or lower bounds are used [6]). Finally,
to extrapolate from the ‘known’ dates to the rest of the
tree, molecular dating has commonly relied on the rate
constancy assumption (the assumption that molecular
evolution occurred at a steady rate over the whole tree).
The central role of this assumption is evident from the fact
that the term ‘molecular clock’, which in its broadest sense
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refers to the possibility of inferring age from genetic
distance, is also commonly used to refer to rate constancy.

Unfortunately, there is increasing evidence that the
assumption of rate constancy is often violated, and that
the DNA of even closely related species might evolve at
different rates [1,7-9]. This lack of rate constancy has
been called ‘the single most fundamental obstacle to deve-
loping an accurate estimate of times of origination’ [5].

Here, we review methods for dealing with rate hetero-
geneity in molecular dating, and pay particular attention
to those methods that incorporate multiple rates directly
into the estimation. First, however, consider a response
to rate heterogeneity that does not require the use of
variable-rate dating methods.

Excluding anomalous sequences

A common and reasonable response to rate heterogeneity
has been to try to identify those lineages with ‘anomalous’
rates, or those genes or sites that are most subject to rate
variation, and then exclude these from the analysis. Many
dating studies that assume rate constancy will be of this
type [10]. To identify rate-variable lineages, various tests
of rate constancy can be used [7,11-15]. In practice, there
are two possible difficulties with the exclusion approach.
First, some of the tests used have low power for the kind of
data typically used, and so only dramatic departures from
rate constancy are likely to be detected [16—20]. This low
power has serious implications, because any rate variation

Glossary

Bayesian estimation: estimation of the complete probability distribution of
molecular rates and divergence dates, given the molecular sequence data. This
‘posterior distribution’ is proportional to the likelihood weighted by ‘prior’
distribution(s) that express our beliefs about the dates and rates in the absence
of the molecular sequence data under consideration.

Likelihood: probability of observing the sequence data given that it evolved
under a particular model with particular parameter values (e.g., with particular
rates and dates). Maximum Likelihood methods find the parameters values that
yield the highest likelihood for the data and model under consideration.
Molecular clock: in the broad sense, refers to molecular dating, but also refers
to the rate constancy assumption.

Molecular dating: estimating the date of divergence of two or more lineages by
comparing their DNA (or protein) sequence data.

Nonidentifiability: parameters in a model are said to be nonidentifiable if
different sets of parameter values account for the data with equal likelihood. In
molecular dating, rates and dates are nonidentifiable if each branch of a
phylogeny is assigned its own rate.

Penalized likelihood estimation: penalized likelihood methods, which are
closely related to Bayesian methods, weight the likelihood model of branch
lengths by a penalty function applying some data-independent constraints to
the parameter values.

Rate-smoothing assumption: assumption that rates of molecular evolution
changed gradually over the tree. Introduced by Sanderson [6], but similar
assumptions underlie many Bayesian implementations.

Rate testing: methods for identifying lineages, or groups of lineages, whose
rate of evolution differs significantly from that of the rest of the tree.
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that remains undetected can result in consistently biased
date estimates. Second, the exclusion approach is practical
only if rate variation is the exception rather than the
rule; otherwise, a large proportion of the sequences have
to be excluded.

The variable rate (so-called ‘relaxed clock’) methods
were developed in response to these difficulties. Although
there are many such methods, they can be classified into a
few broad types, as described in the following sections.
Table 1 summarizes the methods and the most important
differences between them.

Methods using a small number of rates

(local molecular clocks)

The first group of variable rate methods involves a rela-
tively straightforward extension of the conventional
constant-rate approach. These methods assume that dif-
ferent parts of the phylogeny are characterized by differ-
ent rates, or ‘local molecular clocks’. As long as the number
of rates assigned is small, they can be jointly estimated
with the divergence times, as is done with a single fixed
rate. If the number of rates is too large, however, then the
rates and dates become ‘nonidentifiable’ (i.e. an infinite

Table 1. Variable-rate molecular-dating methods
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number of rate and date combinations are equally prob-
able [14,21,22]). Because the number of rates is limited,
these methods face the fundamental difficulty of how and
where to place the rate changes.

The ‘quartet method’ [17,23] is one of the simplest local
clock methods. This method combines two pairs of species,
each of which has a known date of divergence. A rate can
be estimated for each pair, and this enables the date of the
divergence between the pairs to be estimated (Figure 1a).
Although the rate change is arbitrarily placed at the mid-
point root, rate tests are used to exclude quartets in which
members of the pairs have significantly different rates.

Although the quartet method neatly avoids problems of
topological uncertainty (because groups with undisputed
relationships can be chosen), it is difficult to combine
estimates from multiple quartets in a meaningful way
unless they are phylogenetically independent [23]. Fur-
thermore, the method does not avoid the difficulties
associated with the other rate-testing approaches men-
tioned above (i.e. the low power of tests, and the necessity
of excluding large amounts of data).

A related approach that avoids these difficulties is the
local molecular clock method of Yoder and Yang [24],

Method Branch Node age Rate Topology Statistics® Software, if available Refs
lengths?® constraints change®
Quartet method Substitution Two fixed-point Local clocks (two Quartets ML Qdate (http://evolve.zoo.ox.ac.uk) [17]
model calibrations rates per quartet)
Local molecular Substitution Multiple fixed Local clocks Fixed ML PAML (http://abacus.gene.ucl.ac.uk) [24]
clocks | model point calibrations
Local molecular Poisson Bounds on Local clocks Fixed ML R8s (http://ginger.ucdavis.edu/r8s) [27]
clocks Il distribution  multiple nodes
Local molecular Substitution Various node age Local clocks Variable Bayesian BEAST
clocks Il model priors (http://evolve.zoo.ox.ac.uk/beast)
Nonparametric ~ Fixed Bounds on Rate-smoothing Fixed Point R8s (http://ginger.ucdavis.edu/r8s) [6]
rate smoothing estimates multiple nodes penalty function estimate
(NPRS) (Quadratic model)
Penalized Poisson Bounds on Rate-smoothing Fixed MPL R8s (http://ginger.ucdavis.edu/r8s) [27,31]
likelihood rate distribution  multiple nodes penalty function
smoothing (Quadratic model)
Bayesian MVNP Node age prior ‘Rate-smoothing’ Fixed Bayesian Multidivtime [28,32]
estimation | incorporating prior (Stationary (http://statgen.ncsu.edu/thorne)
bounds on Lognormal model)
multiple nodes
Bayesian Substitution Node age prior Various rate Fixed Bayesian PhyBayes [35,36]
estimation |l model with single fixed change priors (http://aix1.uottawa.ca/ ~sarisbro)
point calibration
Bayesian Substitution Various node age Various rate Variable Bayesian BEAST
estimation Il model priors change priors (http://evolve.zoo.ox.ac.uk/beast)
Huelsenbeck Substitution  Single fixed- Compound Fixed Bayesian [30]
et al. model point calibration Poisson process (rates not
incorporating the estimated)
Gamma Multiplier
model
Heuristic rate Stage 1: Multiple fixed- Stage 1: rate Fixed ML PAML (http://abacus.gene.ucl.ac.uk) [44]
smoothing MVN point calibrations smoothing
(AHRS) Stage 2: (Stationary
substitution Lognormal model)
model Stage 2: local
clocks
Cutler's method Gaussian Bounds on Implicit in the Fixed ML (single [45]
distribution  multiple nodes likelihood model rate
estimated)

“See Box 2.

PMVN, multivariate normal approximation of likelihood.

°See Box 1.

9See Box 3: ML, Maximum Likelihood estimate; MPL, Maximum Penalized Likelihood estimate.
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Figure 1. Examples of variable-rate molecular-dating methods. Each of (a—d) shows an example phylogeny to be dated, and indicates where different rates, denoted r;, have
been assigned to different branches. In the quartet method (a) [17], trees of four species are used, and both internal nodes must have external calibrations. The date of the
basal node is then estimated on the condition that a free-rate model (in which each external branch is assigned its own rate) is not preferred to the two-rate model shown.
With the local molecular clock method (b) [24], complete phylogenies are used, and placement of the additional rates, here r, and r3, relies on the effective identification of
‘anomalous’ lineages. Methods allowing many different rates (c) [6,31,32,35] must specify prior expectations for the value of each rate, r;, as a function of the rate of its
parental branch r,; [in (c), for example, ry4)=r1]. According to the statistical framework used, these expectations are expressed either as a penalty function, or as a Bayesian
prior (Boxes 1 and 3). In Yang’'s combined method (d) [44], the placement of a small number of rate classes (three in the example shown) is determined with the aid of prior

expectations, as in (c). The (three) rates are then estimated as in (b).

which builds on the work of Kishino and Hasegawa [25]
(see also [26,27]). In this method, a few rate classes are
assigned to portions of the whole rooted tree (Figure 1b).
The placement of these rate groups relies on the effective
identification of anomalous lineages or groups, for
example, by rate testing or the use of external (or prior)
knowledge [24,25]. Alternatively, rates can be placed after
informal examination of branch length estimates obtained
without assuming rate constancy. For example, in their
investigation of primate speciation dates, Yoder and Yang
[24] noticed that their marsupial outgroup taxa had
slower rates than did their eutherian ingroup, and so
assigned a local clock to each of these two groups.
A drawback of this approach, as Yoder and Yang point
out, is that using the data to assign rate placements
precludes the use of the same data to test formally the
adequacy of those placements.

Methods using many rates (rate smoothing)

Whereas local molecular clock methods rely on rate
changes being relatively infrequent, other methods have
been developed in which the rate can change many times
(Figure 1c). In these methods, the placement of (potential)
rate changes is fixed in advance, but because so many are
assigned, the difficulty of deciding where to place them is
largely avoided (there are, however, some relatively minor
differences in the placements between implementations
[22,28-30]). To avoid problems of nonidentifiability, these
methods must rely on strong a priori assumptions about
the way in which rates change over the tree. Sets of rates
that conform to these assumptions are then favoured
during the estimation procedure.

Within this broad class of methods, two general
approaches can be identified. The first approach was
introduced in a pioneering paper by Sanderson [6] where
it was termed ‘rate smoothing’. Here, the prior assumption
about rates is that small changes in rate are more likely
than are large changes. This assumption is embodied
in a penalty function that is minimized during the
estimation (Box 1). In a later implementation [31], the
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rate-smoothing function is combined with a likelihood
model of branch lengths (Box 2), thus generating a
‘penalized likelihood’ estimate (Box 3).

The second approach, pioneered by Thorne et al. [32],
uses Bayesian statistics, a framework in which prior
beliefs about parameters are exploited in their estimation
[28,32-37]. In Bayesian methods, the prior assumptions
about rates are expressed in a formal probability distri-
bution, so patterns of rate change that depart from these
assumptions are assigned lower probability values.

These two approaches are based on different schools of
statistics, each of which has passionate advocates. How-
ever, in terms of their assumptions about rate change, the
methods are remarkably similar. Indeed, most Bayesian
studies to date have relied on the same basic assumption
as rate smoothing, namely that rates change gradually
over the tree. This assumption, however, can be embodied
in a variety of stochastic models of rate change, some of
which are considered in Box 1.

In addition to their similar assumptions, even on purely
formal grounds, the Bayesian and penalized likelihood
approaches are quite closely related (Box 3). Nonetheless,
there are important differences. A benefit of the Bayesian
approaches is that standard methods exist for choosing
between the different rate change models (although, in
practice, these are rarely applied) [36,38,39]. Within the
penalized likelihood framework, by contrast, the penalty
function tends to be viewed as a mere statistical expedi-
ency; as a result, the assumptions about rate change tend
to be less closely examined. However, the greater explicit-
ness of the Bayesian approach also brings with it addi-
tional problems. In particular, Bayesian statistics requires
that prior probabilities be specified for all divergence
dates, similar to those specified for the rates (Box 3). In
some studies, this ‘date prior’ seems to have been a major
determinant of the date estimates obtained, even though
its form cannot be adequately justified in terms of the
prior knowledge available [28,39-43]. The influence of the
prior diminishes, however, with the amount of sequence
data used [33,34,42].
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Box 1. Different models of rate change

Dating methods that rely on a priori assumptions about rate change
use a variety of models. The most common of these are presented in
Table | in a common notation. We express the models as penalty
functions, as might be used in a penalized likelihood approach [31,44]
(therelationto the equivalent Bayesian approach is explained in Box 3).
Each of the terms shown is proportional to the penalty applied to a
single rate, r, given the rate of its parent branch, r,. The full penalty
function contains a similar term for each rate specified (and, in some
cases, normalizing constants that do not depend on r). In addition, the
basal rate is dealt with slightly differently by differentimplementations.

Most of the models in Table | can reasonably be described as rate
smoothing, because each penalizes large changes in rate. Some of the
differences are due solely to different interpretations of this principle
(e.g.the Quadratic model applies least penalty when r=r,, whereas the
Lognormal model, expressed as a probability distribution, ensures that
Ellog(r)]=log(r,) and the Stationary Lognormal model, that E[r]=r,).
The models that depart most from the rate-smoothing assumption
contain strong directional trends (i.e. they penalize rate increases more
or less severely than they penalize rate decreases). For example, under
the Exponential model, larger rates will always be more harshly
penalized, whereas, under the Ornstein-Uhlenbeck Process, the
preferred rate decreases towards zero over time. Neither of these
properties has any biological justification [30,39].

The other important difference between the models is that some
penalize more harshly rate changes that occur over shorter time
periods (i.e. the penalty decreases with t). For example, under the
Lognormal model, log rates are assumed to change in a quasi-
continuous manner analogous to Brownian motion, whereas under
the Quadratic model, the time separating the rate changes is
ignored. In general, the time-dependent models seem more
plausible; however, time-independent penalties might be reason-
able if rate changes were thought to occur primarily at speciation
events, and taxon sampling was reasonably complete. (Questions of
time dependence apply only when rate assignments are fixed in
advance of the estimation [30].)

Finally, although we know of no such method available, a rate-
smoothing procedure similar to Cutler's method [45] could penalize
deviations from the overall mean rate, rather than from the parental rate.

Table I. Models of rate change

Model Function® Refs

name

Quadratic (r—ry)? (6,31]
1

Lognormal » [Iog(r/rp)}z Al (r\/fﬁ?) [32,35]

Stationary 1 2 [28,35,44]

Lognormal 25t [log(r/ry)+ Bt/2]° + log (r\/2Bt)

Exponential  r/r, [35,36]

Ornstein- (r—rp,e P2[t(1 — e~ 2Ptyp] [35,36]

Uhlenbeck

Process

Gamma rir, — Blog(r/ry) [30]

Multiplier

®Notation: r, rate of the branch under consideration; r,, rate of its parental
branch; t, time separating current and parental branch (defined slightly
differently in different implementations); and B, an additional parameter.

Finally, the implementations of the methods discussed
in this section also differ substantially in their treatment
of the branch length estimates. These differences, which
are unrelated to the assumptions about rate change
(Box 1), and only tangentially related to the statistical
methods used (Box 3), are discussed in Box 2.

Combined methods
Rate testing and methods relying on the rate-smoothing
assumption are in many ways complementary (one

www.sciencedirect.com
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Box 2. Branch length estimation in molecular dating

Molecular-dating methods differ in their treatment of branch length
estimation. Each approach represents a compromise between the
competing demands of model accuracy, simplicity and compu-
tational tractability.

Some methods implement a full likelihood substitution model
[24,35,36]. These models take full account of the uncertainty in
estimates, resulting from multiple substitutions at a single site
(which can be important even at low divergence [38]) and from the
stochastic nature of molecular evolution. In addition, they can
distinguish between different kinds of substitution (e.g. transitions
and transversions) and incorporate rate variation between sites.
Model-testing methods can be used to find the best model for the
data [38,62,63]. However, this approach often introduces several
additional parameters (a particular problem for Maximum Like-
lihood methods) and can be computationally intensive.

To avoid these problems, other dating methods do not use the
molecular data directly in the estimation, but instead use previously
obtained branch length estimates as ‘pseudo-data’. These branch
length estimates can be obtained via Maximum Likelihood, retaining
many of the advantages of the approach described above; however,
there remains the question of how to deal with their associated
uncertainty.

At one extreme, Sanderson’s nonparametric rate smoothing
(NPRS; [6]), assumes that branch lengths are known with complete
certainty, and attributes all of the differences between sister
branches to variation in the rate of evolution. (In this respect,
NPRS is the exact reverse of many molecular-dating studies, which
assume complete rate constancy, but accept that this can result in
many different branch lengths.) By ignoring uncertainty in the
branch length estimates, NPRS avoids the thorny problem, faced by
other rate-smoothing approaches, of weighting the two sources of
uncertainty during the estimation (Box 3 [31,32]).

Other methods of Sanderson [27,31] follow Langley and Fitch
[11,15], and use a greatly simplified likelihood function, assuming
that the substitution number is a Poisson-distributed random vari-
able, centred on the branch-length estimate. Cutler's method [45]
extends this approach by using a Gaussian (normal) distribution
instead of a Poisson distribution. (The Gaussian distribution has
an arbitrarily large variance, whereas the variance of a Poisson
distribution is equal to its mean.) The relation of these simplified
models to the full substitution models is not well understood, but it
is possible that some of the inflation of variance detected by Cutler
[45] and Langley and Fitch [11,15] is due to characteristics of
molecular evolution that are neglected by their likelihood models,
rather than to rate variation in any stronger sense [31,54,55,64].

Finally, Thorne et al. [32,44] introduced a useful compromise
between the approaches discussed above. These authors approxi-
mate their likelihood substitution model with the use of a multi-
variate normal distribution, whose means and covariance matrix are
estimated from the molecular data.

dealing with rare, large changes in rate, the other with
small, frequent changes). As such, a promising approach
might be to combine them in some way; for example, by
identifying anomalous lineages with rate testing, and then
applying rate smoothing to the remaining taxa. The
methods of Huelsenbeck et al. [30] and Yang [44] can
also be viewed as hybrid approaches, combining elements of
both rate smoothing and local molecular clocks, and to some
extent bridging the gap between them. Both methods
present original solutions to the problem of placing rate
changes on the tree.

The Bayesian method of Huelsenbeck et al. [30] con-
tains a model of rate change that, like most similar methods,
penalizes large changes. Uniquely, however, the model
enables the number of rate changes to vary during the


http://www.sciencedirect.com

TREE 428

0 EE.

Box 3. Bayesian statistics and penalized likelihood

The penalized likelihood approach of Sanderson [31] finds the set of
divergence dates and molecular rates that maximize a function in the
form of Eqn |,

Log(L) — AP, [Eqn 1]

where L denotes the likelihood of obtaining the sequence data given
the proposed rates and dates (Box 2), and P denotes a penalty
function (Box 1). In Sanderson’s implementation (the Quadratic
model of Table |, Box 1), this function embodies the rate-smoothing
assumption and so increases as the rates become more hetero-
geneous. The parameter A determines the relative importance of the
rate smoothing and the uncertainty attached to the branch length
estimates. In addition, the dates of some nodes are constrained to lie
within a given range (usually determined by fossil evidence). We can
include these external constraints explicitly by taking the antilog
(or exponential) of Eqn | and writing the result as Eqn II.

Lxe*Pxc, [Eqn 11]

where C=1 if the proposed dates are within their allowable bounds,
and =0if they are not. When constraints are included, the same rates
and dates will maximize Eqn | and Il.

Depending on the choice of penalty function and the constraints,
we could write an expression such as Eqn Il a formal probability
distribution. The resulting distribution would describe the probabili-
ties of the rate and date values given the sequence data; in Bayesian
statistics, this distribution is called the posterior distribution of rates
and dates. Estimating the entire posterior distribution is the goal of a
Bayesian analysis. By contrast, the equivalent penalized likelihood
approach produces only the highest point, or mode, of the posterior
distribution (which is equivalent to a maximum a posteriori or MAP
estimate). As such, a Bayesian approach provides all the information
in a penalized likelihood estimation, and more. In particular, con-
fidence intervals for the date estimates are easy to obtain from the
width of the posterior distribution.

Crucially, however, a Bayesian approach is only possible if Eqn Il
can, in fact, be expressed as a proper probability distribution (i.e. a
distribution that can be normalized to unity). To guarantee this, e M
and C must both be expressible as probability distributions (the
likelihood, by definition, is always such a distribution). In this
case, they are referred to as the prior distributions of molecular rates
(e7) and divergence dates (C), and express our beliefs about
these parameters in the absence of the molecular data. Specifying a
prior distribution of divergence dates has proved especially difficult
for some Bayesian implementations [28,36,39,43]. For example,
Sanderson’s constraints, as described above, cannot be expressed in
this way. (This is because some nodes can be legitimately placed at
an indefinite age, and so no normalizing constant can be found.)

In addition to those mentioned above, there are other differences
between Bayesian and likelihood methods. Most important are the
fundamentally different approaches to ‘nuisance parameters’ (such
as the parameter 1), and the different numerical methods required;
both of these are well explained elsewhere [31,33,34,44].

estimation, with departures from the expected number of
changes penalized. In addition, and again uniquely, these
changes can occur anywhere on the tree, not just at a set of
predetermined points (such as the internal nodes) [29].
Because there are two distinct kinds of constraint on the
rates, with penalties applied to the number of rate changes
and to their magnitude, one or other can be given greater
prominence. To test the sensitivity of the date estimates to
the different weightings, Huelsenbeck et al. [30] applied
their method to a single data set (complete mitochondrial
sequences from 23 mammalian species), while making
different prior assumptions about the number of rate
changes. They showed that the same data could be inter-
preted as containing many changes of small effect (the
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assumption governing the rate-smoothing approaches) or as
containing a few changes of large effect (the assumption
behind the local molecular clocks approaches). Crucially,
they showed that the date estimates for most nodes varied
little in the two cases, although, for a few nodes, estimates
differed by as much as 15%.

Although Huelsenbeck et al.’s method does assign differ-
ent rates to different parts of the tree, these rates cannot be
directly estimated along with the dates. This is because the
number of rate classes is allowed to vary, so each date esti-
mate is associated with many different rate-change scenarios.
For this reason, Huelsenbeck et al.’s [30] method provides
estimates of the ‘hyperparameters’ that specify the model of
rate change, rather than estimating the rates themselves.

Yang’s heuristic rate-smoothing method [44] consists
of two quite separate stages. The first stage is ‘ad hoc rate
smoothing’ (AHRS), a penalized likelihood estimation
using Kishino et al.’s Stationary Lognormal model [28]
(Box 1). This stage yields a distinct rate estimate for each
branch of the tree. Using these estimates, each branch is
assigned to one of a small number of rate groups (branches
with similar rates being placed in the same group), after
which the rate and date estimates from the first stage are
discarded. The second stage is a conventional local mol-
ecular clock estimation [24] using the rate group place-
ments determined by the first stage (Figure 1d).

Cutler’'s method

A quite distinctive approach to incorporating rate vari-
ation was developed by Cutler [45]. As this author points
out, the observation that sister branches have widely
variable numbers of substitutions could have two distinct
explanations: (i) that different rates of molecular evolution
characterize the lineages; or (ii) that the process of mol-
ecular evolution is identical in all lineages, but simply
has a high variance (owing, perhaps, to substitutions
tending to cluster in time); if this were the case, random
sampling alone might have produced the observed vari-
ation. Furthermore, possibilities (i) and (ii) might be funda-
mentally indistinguishable in some cases. Unlike all the
methods discussed so far, which are premised on assump-
tion (i), Cutler’s method is premised on assumption (ii), so
that all lineages are assigned the same basic evolutionary
rate, but the process can be highly variable such that rapid
bursts of substitutions might occur on some lineages (Box 2).
In this way, rate variation is implicit in the way likelihood
values are assigned to the branch lengths.

Cutler’s method resembles rate smoothing in that
departures from rate constancy are (in effect) penalized
during the estimation. However, unlike all of the models
in Box 1, Cutler’s method does not assume that bursts of
substitutions are most likely to occur on closely related
lineages or, alternatively, that rapidly evolving lineages
are most likely to give rise to other rapidly evolving
lineages. Rather, the method penalizes departures from
the overall mean rate of the tree, regardless of the smooth-
ness with which the changes take place.

Comparing the methods
As is well known, in some cases, different molecular-
dating studies have produced wildly different date estimates
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for the same evolutionary event (e.g. [5,43,46]). Perhaps
the most notorious example has been the origin of the
major metazoan phyla [5,47], where molecular date esti-
mates have ranged from ~575 million years ago (Mya)
[36,48] to >1200 Mya [49]. But it is not obvious to what
extent these differences are due to the different methods
or to the different data used (the studies use different
species, sequences and fossil calibrations) [42,46,50].
To disentangle these factors, an increasing number of
studies have compared date estimates obtained from
the same data but with the use of different dating
methods [26,28,30,35,36,41,51].

Most such studies contain variable rate and constant
rate estimates and, in almost every case, conclude that
relaxing the assumption of rate constancy has a dramatic
influence on the results [28,35,36,51]. Although this con-
clusion is unequivocal and important, it does not address
the reliability of most published constant-rate studies.
This is because, unlike the methodological comparisons,
most constant-rate studies will rate test their data and
exclude certain lineages [10,48].

No such caveat applies to comparisons between differ-
ent variable rate methods. Here, results are more mixed,
with some methods yielding similar estimates, and some
not [17,26,35,41]. Explaining the differences that remain
is complicated, because the dating methods differ not only
in the way in which they deal with rate variation, but also
in their treatment of the other aspects of molecular dating,
such as branch length estimation, the use of external fossil
constraints and the statistics reported. A few of these dif-
ferences are necessary corollaries of the assumptions made
about evolutionary rates, but most are more-or-less arbi-
trarily associated with different implementations (Table 1).

Prior knowledge of rate change: beyond rate
smoothing?
Although empirical comparisons between the methods can
be difficult to interpret, we can still ask about the a priori
reasonableness of the rate change assumptions on which
the methods rely. This task is simplified by realizing that
these assumptions fall into two broad categories. Several
methods rely on rate changes being uncommon, but poten-
tially large (so that lineages departing from rate constancy
can be detected and excluded, or assigned their own local
molecular clock). Other methods assume that rate changes
are frequent, but small. Which of these is the most likely to
reflect biological reality? The answer depends to some extent
on the kind and cause of the rate variation being considered.
Some rate variation might be due to the ‘sloppiness’ of
the molecular clock resulting from widespread noise in
substitution rates (owing perhaps to correlated changes in
paired nucleotides, positive selection or demographic fluc-
tuations) [1]. Rate-smoothing approaches (in the broad
sense), which model rate change as a random walk, might
be best placed to deal with variation of this kind. By
contrast, local molecular clocks might be better suited to
situations where lineages have substantial and persistent
differences in rates of molecular evolution [1,52-55].
Unfortunately, to move beyond these fairly innocuous
observations, we need to increase our understanding of
molecular evolution. For example, many studies have
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demonstrated that murid rodents have consistently faster
substitution rates than do hominids [7]. But extrapolating
from such results to other lineages is complicated because
so many factors might be responsible for the difference
[56,57]. Explanations that have been suggested include
differences in DNA repair efficiency (rats and mice lack
some of the excision repair pathways that are found in
primates), generation time (the mouse germ line might be
copied 100 times more often than is the human genome
per unit of evolutionary time, and so accumulate more
DNA copy errors), metabolic rate (a cell in a mouse burns
more energy than does a human cell and thus might
accumulate more DNA-damaging metabolites), effective
population size (following the predictions of the nearly
neutral theory [58]), or other factors. Comparative studies
have identified species characteristics that are correlated
with variation in rate of evolution, such as body size,
generation time, metabolic rate and fecundity [56,57,59].
Substitution rate has been also been found to be positively
related to diversification rate, suggesting that tree shape
itself might influence rates [60,61].

Although this long (and probably incomplete) list of
factors that can influence rates might lead to pessimism
about the possibility of accurate molecular dating, if cor-
relations between traits and the rate of molecular evolu-
tion are found to be common and reasonably robust, then
they might be used, as prior information, to constrain date
estimates. Using this prior information would then involve
specifying how the relevant traits changed over the tree.
However, we currently lack information that could be used
in this way with sufficient confidence. The problems will be
even more acute in a Bayesian framework in which our prior
knowledge (messy as it is) must be corralled into formal
probability distributions (Box 3).

Conclusion

Molecular-dating methods are a boon to evolutionary bio-
logy because they can be applied to all species, areas and
time periods, and can give a glimpse into the past of line-
ages for which crucial historical information is missing.
But molecular dating is greatly complicated by variation
in the rate of molecular evolution between lineages. Never-
theless, a variety of methods are available for molecular
dating in the presence of rate variation; many of these
have been implemented in freely available software pack-
ages and are becoming widely used. Comparing the methods
is difficult, because of the many differences between
implementations. If future studies confirm initial findings
that different methods can lead to very different date
estimates, it will be crucial to discriminate between their
different assumptions about rate change, and if necessary,
to develop new, and more realistic models. An important
part of this process will be investigating the causes and
dynamics molecular rate variation.
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