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STAND BALCIKk

I'M GOING TO TRY

SCIENCE

If we view statistics as a discipline in the service of science, and science as being an attempt to understand
(i.e., model) the world around us, then the ability to reveal sensitivity of conclusions from fixed data to
various model specifications, all of which are scientifically acceptable, is equivalent to the ability to reveal
boundaries of scientific uncertainty. When sharp conclusions are not possible without obtaining more
information, whether it be more data, new theory, or deeper understanding of existing data and theory,
then it must be scientifically valuable and appropriate to expose this sensitivity and thereby direct efforts to
seek the particular information needed to sharpen conclusions.

Donald B. Rubin (1984) The Annals of Statistics 12: 1151-1172

We must confine ourselves to those forms which we know how to handle, or for which any tables which may
be necessary have been constructed. More or less elaborate form will be suitable according to the volume
of the data.

R. A. Fisher (1922) Philosophical Transactions of the Royal Society 222: 309-368

"...And then comes the grandest idea of all! We made a map of the country, on the scale of a mile to the
mile!’

‘Have you used it much?’ I enquired.

‘It has never been spread out yet,’ said Mein Herr, ‘The farmers objected: they said it would cover the
whole country and shut out the sunlight! So we now use the country itself, as its own map, and I assure you
it does nearly as well.’

Lewis Carroll (1893) Sylvie and Bruno Concluded

I went on to test the program in every way I could devise. I strained it to expose its weaknesses. I ran it for
high-mass stars and low-mass stars, for stars born exceedingly hot and those born relatively cold. I ran it
assuming the superfluid currents beneath the crust to be absent -- not because I wanted to know the
answer, but because I had developed an intuitive feel for the answer in this particular case. Finally I got a
run in which the computer showed the pulsar’s temperature to be less than absolute zero. I had found an
error. I chased down the error and fixed it. Now I had improved the program to the point where it would
not run at all.

George Greenstein (1984) Frozen Star: Of Pulsars, Black Holes and the Fate of Stars

I love deadlines. I like the whooshing sound they make as they fly by.

Douglas Adams
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Part I. Temporal Calibration of the Avian Tree of Life
Chapter 1

Extraction of phylochronological information from molecular sequence data:

evolution of our understanding of the ‘evolution of the rate of evolution’'

INTRODUCTION

Evolutionary biologists are ultimately interested in biological diversity — how it is
generated, how it is maintained, and how it is lost. Clearly our understanding of
biodiversity would be incomplete without a temporal perspective. How long, for
example, does it take for a clade to reach size x? When did novel adaptive innovation y
evolve? What geophysical/environmental phenomena likely triggered speciation event z?
It is here that the ‘molecular clock’ proves itself an extremely useful concept, as it allows
elucidation of not only the timing of macroevolutionary events, but also the extent of
their temporal clustering — what we might dub the ‘phylochronological’ signal. Extraction
of this signal enables us to construct more informed hypotheses regarding the processes
and mechanisms of diversification. Indeed, for taxa with poor or absent fossil records, a
molecular clock may be the only means by which to infer phylochronological patterns.
However, despite its utility, the ‘molecular clock’ concept has required considerable
retooling to accommodate the heterogeneity ubiquitous to large molecular data sets
(Bromham and Penny, 2003; Magallon, 2004; Rutschmann, 2006; Welch and Bromham,
2005). On the whole we can perceive a trend to making molecular clock models more

general by relaxing simplifying assumptions of previous implementations.

' Published as Brown, J. W., and M. van Tuinen. 2010. Evolving Perceptions on the Antiquity of the
Modern Avian Tree in The Evolutionary History of Modern Birds (G. J. Dyke, and G. Kaiser, eds.). UC
Press. All material presented here written by JWB.



ORIGINS OF THE MOLECULAR CLOCK

Molecular clock theory was borne of the pioneering work of Emile Zuckerkandl and
Linus Pauling (Zuckerkandl and Pauling, 1962; 1965), and Emanuel Margoliash (1963).
Working with mammalian protein sequences, these authors remarked that sister lineages
contained very similar numbers of amino acid substitutions. From these empirical
observations they posited that although molecular substitution is best regarded a
stochastic process, over long periods of time it can be considered approximately constant
at rate A. This simple yet powerful hypothesis yields testable predictions, which, if
passed, enables us to interpret a molecular phylogeny in terms of absolute time rather
than a simple nesting of clades. Assuming a strict molecular clock, dating of nodes in a
tree is a trivial task. The time to the most recent common ancestor, #zc4, of two taxa

separated by genetic distance d is calculated as:

(the coefficient 2 is required because both lineages undergo substitutional accumulation
in time ¢). This equation assumes, of course, that the (constant) rate of molecular
evolution A is known. The value of A usually comes from the calibration of genetic
distances with the fossil record (see below), although occasionally dates of biogeographic
events are used in place of fossil calibrations. Extending this to multiple taxa is
straightforward, since all lineages within the tree are assumed to share the same value of
A, although there will generally be a need to correct for stochastic deviations from
ultrametericity (i.e. that all terminal branches in the phylogram line up at the present).
Unfortunately, most present day molecular data sets reject the economy of the strict
molecular clock. Avian dating studies wishing to employ a global molecular clock
therefore require data pruning, either via ‘gene-shopping’ (Hedges et al., 1996; Kumar
and Hedges, 1998) or ‘taxon-shopping’ (van Tuinen and Dyke, 2004; van Tuinen and
Hedges, 2001), to obtain a matrix that will not reject a molecular clock. This is a
reasonable practice if one believes that the majority of genes and taxa conform to
expectation. However, this is unreasonable if one wishes to retain all hard-earned data

within an analysis, or if one believes that the processes of substitution are more



heterogeneous. Indeed, on the timescale of neornithine evolution one might predict that
the signal of a strict molecular clock would decay due to stochastic variations alone. I
will briefly summarize here the most popular approaches to estimating divergence times

with non-clocklike data (Table 1.1).
ACCOMMODATING NON-CLOCKLIKE MOLECULAR GENETIC DATA
1. Overdispersed Clocks

Rejection of a molecular clock is typically considered as evidence for rate variation
across lineages. However, as Gillespie and Langley (1979) argue, the molecular clock
hypothesis (as commonly employed) actually consists of two constituent assumptions: 1)
that substitution rates are constant, and 2) that substitutions occur according to a Poisson
process. An alternative interpretation of lineage-specific variability in the number of
substitutions could thus be to question the second assumption; specifically, whether the
variance afforded through a Poisson distribution (where the variance is equal to the
mean) of substitutions through time adequately describes the variability we observe in
empirical data sets. This interpretation is validated through use of alternative Gaussian
(Cutler, 2000) and negative binomial (Bedford et al., 2008) distributions which
adequately describe lineage-specific substitution counts where a Poisson distribution
fails. An interesting corollary of this alternative constant-rate high-variance molecular
clock hypothesis is the absence of any assumed correlation of rate with phylogeny (see
below); in an overdispersed clock long branches need not be clustered on a tree, because
‘rate of evolution’ is not assumed to be a heritable trait (a strict molecular clock, in
contrast, carries with it the implicit assumption that substitution rate is entirely heritable).
Indeed, application of Cutler’s (2000) method (as implemented in the program dating5)
to avian mtDNA sequence data revealed distinct temporal diversification patterns not
revealed through other methods (Brown et al., 2008). Whereas autocorrelated methods
(see below) generally infer gradual patterns of diversification, the overdispersed
reconstruction infers both short periods of extensive diversification and long periods of
stasis. Despite the perceived promise and interpretive simplicity of an overdispersed

clock, existing analytical programs are limited and thus are rarely used.



2. Local Clocks

The more common approach to the rejection of a Poisson-distributed molecular clock is
to assume among-lineage rate heterogeneity. The most straightforward way to extend the
original molecular clock concept to accommodate rate variation across a tree is to employ
‘local” molecular clocks (Yoder and Yang, 2000). Here, regions of a tree are assumed to
evolve according to a strict Poisson-distributed molecular clock, but different clades can
have different rates A;. This is certainly a better description of empirical data, as different
clades of birds display markedly different rates of molecular evolution as revealed
through trends in branch length heterogeneity in reconstructed phylograms (e.g. Hackett
et al., 2008). However, the number of individual local clocks and their discrete placement
in the tree is inherently subjective. Although various local clock models can be compared
statistically (in the program PAML; Yang, 2007), the local clock approach has largely
been abandoned for approaches that let the data themselves indicate where changes in

evolutionary rate likely occur within a tree.
3. Rate Smoothing

The local clock approach above assumes a few (potentially great) discrete changes in the
Poisson rate of substitution A; across a tree. A more general approach is to allow an
arbitrary number of such changes in A;, but to ‘smooth’ transitions in rate to minimize
large changes. Two general approaches exist, these differing in the direction of
smoothing; it is debatable which direction is optimal. On the one hand, sister lineages are
by definition the exact same age, and because they share a recent common ancestor they
are likely of similar size, life history traits, DNA repair efficiency, etc. — characteristics
that are thought to influence substitution rates. It therefore seems sensible to focus on
sister lineages when minimizing deviations from a molecular clock. This is the approach
that PATHAS (Britton et al., 2007) takes, and can be regarded as a smoothed local-clock
approach. Here, path lengths are averaged successively from the tips of a tree back
through internal nodes. The averaged sister path lengths are assumed to obey a strict
Poisson molecular clock, although different sister-pairs can have different rates because
of branch length differences or reference to simple fossil-imposed age constraints. The

simplicity of the calculations involved allow for the dating of very large trees (hundreds
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of taxa), very quickly (typically << 1 second of computation). However, when applied to
avian data (Ericson et al., 2006), the approach infers divergence time estimates that are
strikingly younger than those from alternative more rigorous approaches (Brown et al.,
2007; 2008), suggesting that the method may be overly simplistic. Indeed, the current
implementation of PATHAS8 has been demonstrated to be statistically biased, generating
overly young and precise divergence time estimates for even relatively simple simulated
sequences (Svennblad, 2008). More work is required to see if this method can be rescued,

but at the moment it is best considered with caution.

The alternate direction of smoothing, from ancestor to descendant branches, may
therefore be more reasonable; indeed, the evolution of rate variation from ancestor to
descendant branches is the very process we are trying to understand. If the trait ‘rate of
molecular substitution’ is heritable to any degree (for instance, because of inheritance of
DNA-repairing enzymes), then smoothing in this direction can be expected to extract
more meaningful information. The program r8s (Sanderson, 2003) takes such an
autocorrelated-rates approach, but penalizes rates that change too quickly across the tree
in a fashion akin to smoothing in regression analysis. In non-parametric rate smoothing
(NPRS; Sanderson, 1997) optimal rates and dates are inferred by simply minimizing the
penalty function. However, NPRS is generally not recommended for most data sets as it
tends towards overfitting, inferring large fluctuations in rate where short branch lengths
are located. The alternative semi-parametric penalized likelihood (PL; Sanderson, 2002)
approach is an extension to NPRS which involves a smoothing parameter which controls
the relative contributions of rate smoothing and data-fitting; large values of the
smoothing parameter favour minimizing rate changes over data-fitting (tending towards a
molecular clock), while small values of the smoothing parameter tend towards NPRS.
The optimal smoothing value is determined through a data-driven sequence-based cross-
validation procedure. Application of this method to avian data matrices has yielded
reasonably consistent divergence time estimates that generally agree with more realistic,
computationally intensive approaches (Baker et al., 2005; Brown et al., 2008; Haddrath
and Baker, 2001; Harrison et al., 2004; Paton et al., 2002). Nevertheless, the method (as
currently implemented) has the drawback that a single global smoothing parameter

controls the extent of rate change across an entire tree. This assumption may be
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unreasonable for trees that potentially span tens or hundreds of millions of years if
constraints on substitution rate variability have changed appreciably over evolutionary
time. Likewise, the autocorrelation assumption that forms the basis of r8s smoothing has
recently come under question (Drummond et al., 2006), and for birds specifically (Brown
et al., 2008), although the extent of the decay of autocorrelation of rates is likely

dependent upon taxon sampling and tree age.
4. Modelling ‘Relaxed’ Clocks

A more rigorous approach to dating non-clocklike molecular genetic sequence data is to
explicitly model rate heterogeneity itself. Although much more computationally time-
consuming than the methods above, these model-based approaches have two basic
advantages: 1) they extract more biologically-interpretable information, and 2) the
relative fit of alternative candidate relaxed-clock models to empirical sequence data can
be computed statistically using existing tools. Modelling rate heterogeneity generally
takes one of two forms: 1) modelling the process of rate change across a tree, or 2)
modelling the product of such rate changes. The former methods require assumptions
about how rate change proceeds over evolutionary time. The most highly utilized model
of this type was developed through the work by Jeff Thorne and colleagues on modelling
the “the rate of evolution of the rate of evolution” (Kishino et al., 2001; Thorne and
Kishino, 2002; Thorne et al., 1998). Implemented in the popular MCMC program
Multidivtime (Thorne, 2003), this model implicitly assumes an autocorrelated process of
rate evolution from ancestor to descendent branches. Specifically, the model assumes that
the substitution rate at the descendent branch conforms to a lognormal distribution, the
mean of which is equal to the logarithm of the rate at its ancestral branch. The variance of
this lognormal distribution is determined by both a sampled autocorrelation parameter v
and the inferred length of time separating the two nodes. An intuitively satisfying
property of this approach is that sister branches, while being autocorrelated (to some
degree) in rate to their common ancestral branch, can nevertheless potentially differ
considerably from one another. This model has been applied extensively to avian data
matrices (Baker et al., 2007; Brown et al., 2007; Brown et al., 2008; Pereira and Baker,
2006a; Pereira and Baker, 2006b; Pereira and Baker, 2008; Pereira et al., 2007; Slack et



al., 2006), and is largely responsible for the statistically robust Cretaceous molecular
timescale that has been emerging over the past decade (Figure 1.1). Nevertheless,

Multidivtime is starting to show its age, being limited to a simple substitution model
(F84+G) which is inappropriate for large taxon and/or character samples, and simple

‘hard’ age calibrations (upper, minimum, or fixed; see below).

Alternative approaches to modelling autocorrelated-rates across a tree are based upon
the Ornstein-Uhlenbeck (OU) process. Also called a ‘mean-reverting process’, here rates
can change across a tree in a near-Brownian fashion, although an equilibrium rate is
enforced through use of a ‘spring’ restraint that ‘pulls’ a rate (either down or up) towards
the equilibrium rate with a force proportional to how far it is removed from the mean; in
effect, the model penalizes extreme rates. Unlike the autocorrelated lognormal model of
Multidivtime, the OU model (and its variants; see below) possesses a stationary
distribution (i.e. the mean and variance do not change over time or across the tree), and
hence is a very different conceptual take on the process of rate evolution; whereas in
Multidivtime a branch-specific rate is explicitly tied to its ancestral branch rate, in
methods employing the OU process all rates are instead tied to the same underlying
equilibrium rate. The idea of the reality of an ‘underlying equilibrium rate’ is a deep and
provocative assumption about the process of rate evolution, and in a way the OU
approach can be thought of as modelling the distribution of rates around an ‘absolute’
molecular clock. An early implementation of the OU process for phylochronological
analysis (in the program PhyBayes; Aris-Brosou and Yang, 2002; Aris-Brosou and Yang,
2003) was shown to be flawed through inappropriate priors overly influencing the results
(Welch et al., 2005); in particular, the priors were biased to infer higher rates of
substitution near the root of the tree. However, the recent implementation of the ‘CIR’
model (essentially a ‘squared-OU’ model, which preserves rate positivity and avoids the
prior bias above) in the program PhyloBayes overcomes many of these problems, and is
well supported by empirical data (Lepage et al., 2007). Despite the promise and success
of this approach, its very recent development has meant that avian molecular genetic data

has yet to be analyzed in this way.



While the models above represent autocorrelated rate evolution as a continuous
process, it is also possible to build piecewise relaxed clock models. For example, the
compound Poisson stochastic process approach of Huelsenbeck et al. (2000) assumes that
substitutions generally occur according to the standard Poisson-distributed molecular
clock, but that changes in rate A; occur along the tree according to an independent
Poisson process. Using standard MCMC machinery, divergence times and their
associated credible intervals can be estimated while accommodating uncertainty in all
other model parameters, including the frequency and degree of discrete rate changes. This
model can be thought of as a generalized local clock approach, but has an advantage over
the subjective procedure above in that the number, degree and location of the inferred
shifts in substitution rate are data-driven instead of investigator-proclaimed.
Unfortunately, a lack of development beyond its introductory paper (Huelsenbeck et al.,
2000), together with a lack of available software (but see Himmelmann and Metzler,
2009), has meant that this straightforward and biologically-interpretable approach has yet

to realize its potential.

In contrast to the models above, the second class of models, those that model the
product of rate heterogeneity, do not make any explicit assumptions about how rate
changes. Rather, these models make assumptions about the shape of the resulting
distribution of rates, and assume that branch-specific rates are each drawn independently
from this distribution. Using MCMC methodologies, proposed branch rates are accepted
at a frequency that is proportional to their posterior probabilities. Unlike the other models
above (but similar to the overdispersed clock), these models make no assumptions
regarding an autocorrelation of substitution rates across a tree, and so are frequently
referred to as ‘uncorrelated” models. There is good reason to question the autocorrelation
assumption; even if ‘rate of evolution’ is heritable, the accumulation of stochastic
variation over millions of years may mean that autocorrelation decays to zero along the
branches separating the nodes in a tree (Drummond et al., 2006). Regardless, relaxing the
autocorrelation assumption means that autocorrelation itself can be tested; if rates are
indeed autocorrelated (and sufficient signal is present in the data) then the sampled rates
should reflect that pattern. Autocorrelation has only been evaluated once in a broad scale

sample of Neornithes (Brown et al., 2008), and was rejected. However, because of the
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time-dependency of autocorrelation decay, recovery of a genuine signal of
autocorrelation will likely require a more dense taxon sampling than has been performed

previously so that time intervals between nodes can be minimized.

Among these uncorrelated models, the uncorrelated lognormal model has enjoyed the
most use to date, and has been shown to be superior to an uncorrelated exponential model
of rate variation for a number of data sets (Drummond et al., 2006), including birds
(Brown et al., 2008). The flexibility of the lognormal distribution means that it is able to
be fit to a broad range of rate distribution shapes, and explains why it is implemented in
several Bayesian relaxed clock applications, including BEAST (Drummond et al., 2006;
Drummond and Rambaut, 2007), MCMCtree (Rannala and Yang, 2007; Yang, 2007),
and PhyloBayes (Lartillot and Philippe, 2004; Lepage et al., 2007). Each of these
packages has its own advantages. MCMCtree, for example, explicitly allows for potential
error in fossil calibration ages (for example, from stratum misidentification) by adding
non-zero probability tails to otherwise ‘hard’ fossil constraints (Yang and Rannala,
2006). The benefit of using PhyloBayes is that it implements seven different clock
models, enabling a researcher to statistically compare alternative models using the same
statistical machinery rather than relying on indirect comparisons across software
packages/implementations (Lepage et al., 2007). Finally, in addition to flexible xml-
coding support which allows for the construction of arbitrarily complex models, BEAST
is unique in that of all the relaxed clock methods available, it is the only one that does not
require a fixed tree topology. This inclusion of topological uncertainty is especially

appealing for avian studies, where higher level relationships are still unsettled.

In summary, there are currently a number of approaches readily available to
researchers for phylochronological reconstruction using non-clocklike molecular genetic
sequences (Table 1), although none of them can be considered a panacea (see below).
These approaches run the gamut from quick-and-dirty ‘corrections’ to an imperfect clock
(e.g. PATHAS) to sophisticated descriptions of either the process of rate evolution itself
(e.g. CIR model) or the product of such evolution (e.g. uncorrelated lognormal model).
Given the breadth of choices available, the ideal course of action would be to test several

distinct approaches to see if phylochronological signal is consistent across model/method



assumptions (Britton et al., 2007; Brown et al., 2008; Hipsley et al., 2009; Hug and
Roger, 2007; Lepage et al., 2007; Linder et al., 2005): concordant results across methods
would lend additional credence to resulting inferences, whereas dissonance could help
identify potential model assumption violations. For example, a recent comparison of five
dating methods on the Neornithes tree using mtDNA revealed broadly consistent origin
estimates for the major clades (Brown et al., 2008), while also calling into question the

appropriateness of one method (PATHJS) for the particular data set.
LIMITATIONS OF CURRENT MOLECULAR PHYLOGENETIC DATING TECHNIQUES

A model represents a conceptual understanding of how ‘nature’ influences physical
entities to generate the distribution of empirical observations. Models can be constructed
from empirical (inductive) or theoretical (deductive) expectations, with the ideal situation
being a motivated iteration between the two sources of understanding (Box, 1976).
However, a model should not endeavor to ‘fit an elephant’ (that is, try to describe reality
in its entirety; Steel, 2005), but instead attempt to extract information from the salient
components of the underlying process, formalized with estimable parameters. The idea of
saliency should be recognized as a relative concept; with greater thought, and a broader
collection of empirical observations, our idea of what constitutes a ‘salient’ component of
a process continues to evolve, leading to a richer understanding of the sources of
variation. Such is the condition of our understanding of the processes of molecular
evolution. Larger molecular genetic data matrices (in terms of both taxon and especially
character sampling) has afforded an increased power to identify more subtle (but
increasingly important) sources of variation. Consequently, several simplifying
assumptions in our standard modelling of the molecular genetic evolutionary process are
currently being challenged, and may eventually translate to improvements in the

extraction of phylochronological signal or potentially identify biases of past methods.
1. Molecular Substitution Models

Molecular evolution is typically modelled as a continuous-time Markovian substitution
process. This conceptual framework, originally constrained for practical (i.e. computation

tractability) reasons (Felsenstein, 1981), carries with it several explicit and implicit
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assumptions: 1) stationarity (the probabilities of stochastic substitution do not change
through time, or are in equilibrium); 2) homogeneity (the equilibrium character
frequencies and substitution-rate matrix are identical across lineages); 3) time-
reversibility (the process of substitution looks the same both forwards and backwards in
time); and 4) independence (all sites within an alignment are considered identical and
independently distributed (i.i.d.) realizations of the same evolutionary process). Although
held by all of the relaxed clock methods above, none of these assumptions is likely to
strictly hold true (and indeed empirical data exist to contest each of them), however since

all models are wrong we should concern ourselves with what is importantly wrong (Box,

1976).

Of these assumptions, independence is unique in that it focuses along a genetic
sequence (rather than across a tree like the remaining assumptions). This assumption is
actually a composite assumption: 1) sites evolve independently from one another, and 2)
all sites evolve according to the same underlying process (in practice, the same
substitution model). Strict violation of the first component is ensured through the
physical linkages between nucleotides, although inclusion of molecular markers from
disparate regions of the genome (say, different chromosomes) can represent ‘more
independent’ information. Violation of the second component is readily apparent through
inspection of the characteristics of various character classes (e.g. genes, coding/non-
coding regions, codon positions, etc.) which often differ considerably in terms of
nucleotide composition and levels of polymorphism. Failure to accommodate for this will
necessarily lead to a ‘compromised’ inference (where, for example, relative rate
parameters and equilibrium character state frequencies are averages over potentially
distinct genomic regions). Nevertheless, the independence assumption is also unique in
that its violation is all but solved. For example, the introduction of among-site gamma-
distributed rate heterogeneity enormously increases the fit of models to empirical data
(Yang, 1996). More generally, recently developed mixed (Lartillot and Philippe, 2004;
Pagel and Meade, 2004) and partitioned (e.g. Nylander et al., 2004) models allow
heterogeneity in the substitutional process across sites and loci. Partitioned models are
available in a number of relaxed clock methods, although they are most flexible in

BEAST.
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The remaining model assumptions above reflect expectations of the uniformity of the
molecular substitution process(es) over both time and lineages. The adoption of the time-
reversibility assumption is due almost entirely to numerical convenience: it both reduces
the required number of substitution parameters to be estimated (as compared to the more
general model; Rodriguez et al., 1990), and allows for efficient computation of the
likelihood of an unrooted tree via Felsenstein’s ‘pulley principle’ (Felsenstein, 1981).
However, reasons to settle for simpler reversible models are rapidly dematerializing: 1)
Bayesian MCMC-sampling methods, together with increasingly powerful and available
computational resources, can easily accommodate the relatively small increase in the
number of estimable parameters, and 2) signal from large present day empirical data
matrices are revealing support for irreversibility (Squartini and Arndt, 2008), overturning
earlier conclusion from studies (Yang, 1994) that may simply have suffered from a lack

of power.

The final two assumptions, homogeneity and stationarity, are tightly related in that
violation of one typically involves violation of the other. Of all the assumptions, these
two are most likely to influence phylochronological inference through biasing both
topology and branch length estimation. Moreover, the strict validity of these assumptions
over evolutionary time spans, such as the diversification history of Neornithes, is
dubious. Indeed, clear evidence for the violation of one or both of these assumptions is
the observed empirical base compositional biases across lineages that can not be
described by stochastic variation alone. While such compositional biases can potentially
be masked through data filtering (e.g. translating to amino acids for coding sequences, or
employing R-Y coding), a more satisfying approach that makes use of more evolutionary
information is to model compositional changes themselves. Fortunately, several non-
homogeneous/non-stationary models exist which do just that (e.g. Galtier and Gouy,
1998), for example by allowing base composition to change across a tree according to a
compound piecewise-constant Poisson stochastic process (Blanquart and Lartillot, 2006),
similar to the compound Poisson relaxed molecular clock model (Huelsenbeck et al.,
2000) above. A distinct violation of the stationarity assumption involves the concept of
‘heterotachy’, where site-specific substitution rates change in different parts of the tree

(Lopez et al., 2002). Thankfully, substitution models now exist that accommodate
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heterotachous evolution (Kolaczkowski and Thornton, 2008; Pagel and Meade, 2008;
Tuffley and Steel, 1998; Wu et al., 2008). In summary, it is not yet known whether
biologically realistic violations of these substitution model assumptions will surface as
significant biases to phylochronological signal. However, we have at our disposal
solutions to each of these problems, all that remains is to graft constituent models
together (e.g. Blanquart and Lartillot, 2008), identify the salient features, and apply the

resulting models to the problem of phylochronological inference.
2. Modelling of Rate Evolution

Besides concerns regarding the suitability of the level of sophistication of existing
molecular substitution models, we must also consider whether the correct components of
evolutionary rate heterogeneity are indeed being modelled. It is unclear, for example, if
substitution rate evolution is best considered autocorrelated in time (such that ‘rate’ is a
heritable character), or if an ‘episodic’ clock (Gillespie, 1984) is a better description of
empirical data. Correlated rate models, if valid, enable greater inferential precision
because rate/date estimation at a given node can make use of not only local but also
distant evolutionary information (Lepage et al., 2007). The uncorrelated models above
are episodic clocks that offer no explanation of why rates vary. A distinct type of episodic
clock involves punctuated (or speciational) molecular evolution, where substitution rates
are elevated during speciation, with the result that the lengths of the branches (in terms of
the expected number of substitutions per site) in a clade of a tree are positively correlated
to the number of speciation events (Pagel et al., 2006). Such a scenario could explain
stark branch length differences between the speciose Passeriformes and depauperate
Pelecaniformes in reconstructed phylograms (Hackett et al., 2008). Indeed, punctuated
morphological evolution has been inferred in birds (Paleognaths; Cubo, 2003). However,
a signal of punctuated molecular substitution rates (which could potentially mislead
phylogenetic dating) was not found in a recent study of Neornithes (Brown et al., 2008),
although identification of this kind of signal would surely benefit greatly by increased
taxon sampling. Another potential explanatory variable to consider is effective population
size, which has been shown to be correlated (negatively) with substitution rate in a range

of eukaryotic taxa (Bedford et al., 2008). Additionally, effective population size strongly
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determines the rate of lineage sorting, and since lineage sorting postdates speciation it
makes sense to estimate divergence times and effective population sizes simultaneously
(Liu and Pearl, 2007; Rannala and Yang, 2003). Given that many avian species differ
greatly in effective population size (think of rails versus gulls), this may be a worthwhile
avenue of research to pursue. A final consideration involves the perceived time-
dependency of molecular substitution rates (Ho and Larson, 2006; Ho et al., 2005); here,
extant population-level polymorphisms that would not persist over evolutionary
timescales (i.e. mutations that do not become substitutions) bias reconstruction methods
into inferring that substitution rates are higher in the present than they were in the past.
The influence of this pervasive phenomenon on divergence time estimation has not yet

been fully investigated, and not at all in birds.
3. Age Constraints

One of the most compelling developments in recent relaxed clock model implementations
is the ability to construct age probability distributions for fossil-calibrated nodes.
Previous molecular dating techniques (e.g. r8s, Multidivtime, and PATHAS) allowed only
the enforcement of ‘hard’ age constraints: 1) absolute minimum (i.e. that the speciation
event represented by the calibrated node must predate the fossil; the fossil, of course,
being a product of the speciation event), 2) absolute maximum (information which,
strictly speaking, can not come from the fossil record), or 3) fixed ages (i.e. the fossil
perfectly represents the age of the node without error). The new probability distributions
available in BEAST (Drummond and Rambaut, 2007) and MCMCtree (Yang and
Rannala, 2006) offer two main advantages over these simple constraints: 1) additional
information (e.g. from models of fossil preservation) can be incorporated into the
calibration, effectively lending more credence to the fossil record, and 2) uncertainty in
the age of the fossil itself can be accommodated. However, the same flexibility that
makes these distributions so attractive unfortunately also makes them inherently
subjective. Although rightly considered with enthusiasm (Ho, 2007; Ho and Phillips,
2009), there is presently no rigorous protocol for determining the optimal shape (e.g.
Gaussian, lognormal, uniform, exponential, etc.; Figure 1.2) and breadth of these

distributions, which makes direct comparisons across studies difficult. A joint
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collaboration of paleontologists and molecular phylogeneticists working on this problem
would allow greater extraction of phylochronological signal from the fossil record, and

subsequently generate better divergence time estimates.
4. Study Design

Finally, improvements in divergence time estimation will require systematic attention to
sampling with respect to which loci, taxa, and fossil calibrations should be included in a
given study. For example, over long evolutionary timescales mtDNA can be expected to
exhibit substitutional saturation, which may bias relaxed clock studies through an
underestimation of branch lengths deep in the tree (consequently underestimating the
ages of deeper nodes). Under this scenario, it may be desirable to utilize slower evolving
nuclear introns, or to mask saturation through translating nucleotide sequences to amino
acids (if coding) or otherwise through RY-recoding (Woese et al., 1991). The extent of
taxon sampling has been found to be influential in molecular dating (e.g. Linder et al.,
2005), presumably due to node-density effects (Venditti et al., 2006), where more
substitutions are discovered (making branch lengths longer) in regions of the tree with
higher taxon sampling. Lastly, while it is generally a good strategy to incorporate
calibration information from as many fossils as possible (Bremer et al., 2004; Hug and
Roger, 2007), it is imperative that these fossils are scrutinized closely, as one incorrectly-
dated or taxonomically misdiagnosed fossil can potentially invalidate an entire analysis.
It thus seems prudent to test suites of calibrations for dating consistency (Near et al.,
2005; Near and Sanderson, 2004), although it should be kept in mind that exceptionally
‘good’ fossils (i.e. those that are especially old, or more closely approximate the age of

the node they are meant to date) are likely to appear ‘inconsistent’.

In conclusion, we are at a very exciting stage in molecular phylogenetic systematics;
not only are we well aware of the potential unsuitability of assumptions made by early
relaxed clock approaches, but (more importantly) we have a firm grasp on what further
tribulations may be lurking in the future. The widespread adoption of Bayesian
philosophies over the past decade in particular has ushered in a new paradigm for
methodological implementation, complecto errorem (embrace uncertainty), where

uncertainty in ‘nuisance’ parameters (model components that are essential for a salient
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description of the evolutionary process, but are otherwise not of direct interest) can be
integrated out, rendering conclusions that are compelling to a degree that have not been
heretofore possible. Moreover, the rapidly-decreasing costs associated with molecular
genetic sequencing means that it will soon be possible to interrogate enormous amounts
of data for subtle signals of past molecular substitution rate evolution. With such
information in hand we can expect more accurate, precise, and consistent
phylochronological inferences, which in turn will better enable us to understand and

appreciate the dynamics of neornithine diversification.
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Figure 5.4 Model adequacy results for the primate alignment assuming an exp(20) prior on
branch length parameters. Red arrows indicate the value of the realized test statistic from the
empirical matrix. ‘Link’ indicates that branches were constrained to be proportional in the
analysis model, while ‘UL’ indicates that the analyzing model made no assumptions regarding
branch length proportionality across partitions.
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Figure 5.5 Model adequacy results for the primate alignment assuming an exp(100) prior on
branch length parameters. Red arrows indicate the value of the realized test statistic from the
empirical matrix. ‘Link’ indicates that branches were constrained to be proportional in the
analysis model, while ‘UL’ indicates that the analyzing model made no assumptions regarding
branch length proportionality across partitions.
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Figure 5.6 Model adequacy results for the paleognath alignment assuming an exp(10) prior on
branch length parameters. Red arrows indicate the value of the realized test statistic from the
empirical matrix. ‘Link’ indicates that branches were constrained to be proportional in the
analysis model, while ‘UL’ indicates that the analyzing model made no assumptions regarding
branch length proportionality across partitions.
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Figure 5.7 Model adequacy results for the paleognath alignment assuming an exp(20) prior on
branch length parameters. Red arrows indicate the value of the realized test statistic from the
empirical matrix. ‘Link’ indicates that branches were constrained to be proportional in the
analysis model, while ‘UL’ indicates that the analyzing model made no assumptions regarding
branch length proportionality across partitions.
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Figure 5.8 Model adequacy results for the paleognath alignment assuming an exp(100) prior on
branch length parameters. Red arrows indicate the value of the realized test statistic from the
empirical matrix. ‘Link’ indicates that branches were constrained to be proportional in the
analysis model, while ‘UL’ indicates that the analyzing model made no assumptions regarding
branch length proportionality across partitions.
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