Insect Systematics and Diversity, (2019) 3(3): 2; 1-14
doi: 10.1093/isd/ixz006

Molecular Phylogenetics, Phylogenomics, and Phylogeography

Review

OXFORD

A Systematist’s Guide to Estimating Bayesian
Phylogenies From Morphological Data

April M. Wright
Department of Biological Sciences, Southeastern Louisiana University, 2400 N. Oak Street, Hammond, LA 70402 (april.wright@selu.edu)

Subject Editor: Brendon Boudinot

Received 4 March, 2019; Editorial decision 6 May, 2019

Abstract

Phylogenetic trees are crucial to many aspects of taxonomic and comparative biology. Many researchers have
adopted Bayesian methods to estimate their phylogenetic trees. In this family of methods, a model of mor-
phological evolution is assumed to have generated the data observed by the researcher. These models make a
variety of assumptions about the evolution of morphological characters, and these assumptions are translated
into mathematics as parameters. The incorporation of prior distributions further allows researchers to quan-
tify their prior beliefs about the value any one parameter can take. How to translate biological knowledge into
mathematical language is difficult, and can be confusing to many biologists. This review aims to help system-
atics researchers understand the biological meaning of common models and assumptions. Using examples
from the insect fossil record, | will demonstrate empirically what assumptions mean in concrete terms, and

discuss how researchers can use and understand Bayesian methods for phylogenetic estimation.
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Phylogenetic trees are central to the study of evolutionary biology.
They establish the historical relationships between lineages, enabling
researchers to ask further questions about a wide range of evolu-
tionary dynamics. From trait evolution (Blanchard and Moreau
2017), to species interactions (Majer et al. 2007), to biochemistry
(Yek and Mueller 2010), phylogenetic trees are found in all cor-
ners of the literature. And yet, phylogenetics itself is an evolving
science. Our understanding of how to estimate a tree is tightly
coupled to statistical and mathematical advances, as well as to our
ever-changing understanding of organismal biology. In this review,
I will discuss Bayesian methods for modeling morphological data for
phylogenetic inference.

The earliest phylogenetic trees were estimated from morpho-
logical characters (Hennig and Davis 1966, Farris et al. 1970). For
many years, morphology was the only source of data from which
to build a phylogeny, and when molecular data sources (such as
allozymes) became popular, the two resources were often compared
(Mickevich and Johnson 1976). Workers building these trees pre-
dominantly used the maximum parsimony optimality criterion. This
criterion is an application of Occam’s Razor. Under maximum par-
simony, the tree that implies the fewest changes in the data used
to estimate it should be preferred. In the eyes of many fossil re-
searchers, parsimony reflects the vagary of the fossil record: even
though phenotypic change over time is commonplace, it may not be
frequently observed due to preservation (Gould and Eldredge 1977).

Due to its analytical simplicity, researchers working with extant taxa
have also used the criterion widely.

As DNA sequence data became more accessible to researchers,
method development began to cater more to the needs of molecular
systematists, with the initial implementations of parametric models
tested on DNA data (Felsenstein 1981). Attempts to model DNA
and amino acid evolution first drove the development of mathem-
atical representations of evolutionary processes (Jukes and Cantor
1969, Kimura 1980, Felsenstein 1981, Hasegawa et al. 1985, Tavaré
1986). These methods became very common for analyzing DNA
data because parsimony has been documented to provide positively
misleading inferences in some cases (Felsenstein 1978). Under par-
simony, similarities are interpreted as evidence of common ancestry.
In cases where changes are homoplasious or superimposed (i.e., mul-
tiple changes at the same character on a branch), parsimony can
become inconsistent. In small state-space problems (such as nucleo-
tides, with only four possible character states), this inconsistency can
cause what is known as long-branch attraction, in which taxa are
grouped together by homoplasious similarity. Parametric methods,
such as likelihood and Bayesian estimation, have the ability to
account for parallel or convergent evolution.

However, molecular data exhibit properties and expect-
ations that are distinct from morphological datasets (Wright et al.
2016, Goloboff et al. 2019). In 2001, the first likelihood model
for estimating phylogeny from discrete morphological data was
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published (Lewis 2001). Called the Markov K-States (Mk) model,
the model made the same assumptions as the simple Jukes-Cantor
model for molecular sequence evolution (Jukes and Cantor 1969, see
section ‘Bayesian modeling of morphology for phylogenetic estima-
tion’ for details of this model). In the time since the proposal of this
model, the role of morphological data in phylogenetic estimation has
changed greatly. While estimation of phylogeny from morphological
data remained fairly common (see landmark studies using Bayesian
methods, such as Nylander et al. 2004 and Clarke and Middleton
2008), it also became common for fossils to be included without any
morphological data coded and used as ‘calibration’ points to date
phylogenetic trees (Marshall 2008). Even when molecular data are
available, morphology and fossils are recognized for being key fac-
tors in modeling past evolutionary dynamics (e.g., Moreau and Bell
2013), uncovering historical trends in trait evolution (e.g., Blanchard
and Moreau 2017, Branstetter et al. 2017, Mueller et al. 2018), and
in phylogeographic inference (e.g., Moreau et al. 2006, Barden et al.
2017). Likewise, methods for time-scaling phylogenetic trees have
more thoroughly embraced the use of morphological data, and
models now allow for morphology to be modeled jointly with mo-
lecular data and stratigraphic data to estimate time since divergence
(Heath et al. 2014, Gavryushkina et al. 2017).

There is a new world of methods for working with morpho-
logical data. This new world is rich in statistical and computational
thinking. In this review, I will discuss some of the fundamentals
needed to understand how many of the newer methods and models
work, their biological interpretation, and how they correspond to
traditional methods, such as parsimony.

What is Bayesian Modeling?

Bayesian methods have become very commonplace in molecular
systematics research. These methods seek to apply mathematical
models to questions of phylogenetics, phylogeography, divergence
time estimation, and comparative methods in order to estimate a
distribution of plausible solutions to biological problems. Initially
described in the 18th century, Bayesian methods are not unique to
systematics, having been applied to nearly every field of study over
the past century (McGrayne 2011). Fundamentally, and across all
fields, a Bayesian model involves three pieces: a likelihood model
describing the process that generated the data, statistical distribu-
tions representing prior beliefs about the process that generated the
data, and the posterior distribution, representing the knowledge
synthesized from the previous two parts. Methods to apply Bayesian
analysis to phylogeny were proposed in the late 1990s (Rannala and
Yang 1996, Mau and Newton 1997). Analytical software to make
Bayesian methods available to systematic biologists became widely
available around the turn of the century (Huelsenbeck and Ronquist
2001). Since that time, many models have been implemented for the
analysis of biological data in a Bayesian context.

What is a Model?

At the heart of the discussion of Bayesian methodology is a discus-
sion of models. A model is a mathematical construct used to de-
scribe the process that generated a set of observed data. Models are
defined by their assumptions. Assumptions are statements of what
the researcher believes to be true about their data. For example, a
common statistical assumption is that observations are independent
and identically distributed. If this were true, this would mean that
each data point is independent, or that it does not depend on any
other data point in the data that have been collected. It would also

mean that every data point in the data set is described by the same
model. In model-based systematics, the given model makes assump-
tions about the process of evolution that generated the data that
have been collected (also called the observed data). Because a model
is a mathematical construct, the assumptions will then be translated
into parameters, or quantities describing facets of the process which
generated the data.

Let us take a dataset from Barden and Grimaldi (2016). In this
dataset, we have 13 ant taxa from the fossil record, five outgroups,
and several extant ants. There are 42 characters, some binary (two
states, usually 0 and 1) and some multistate (three or more states).
One common model, equal-weights parsimony (Hennig and Davis
1966), makes the assumption that any state at a character is equally
likely to transition to any other character state, but that each of the
42 characters in the character matrix can have their own length
(number of changes) on a shared topology. Another common model,
the Mk model (Lewis 2001), makes the same assumptions about
character state transitions (called exchangeabilities) but assumes
that the 42 characters share a common underlying tree and branch
lengths. The difference between these two models may not sound
large, but it has implications for the methods by which we infer the
tree from the data, as we will discuss below.

In the case of the Mk model, the model parameters will be a
tree, a set of branch lengths on that tree (i.e., the expected number
of substitutions between a node and its descendants), and a rate of
exchange between different states in the model. Using a model, we
can evaluate the likelihood of each character in our dataset given
the parameters in the model. These likelihood values are typically
on a log scale to avoid problems storing them in the computer’s
memory. The individual character likelihoods are summed to com-
pute the total likelihood of the dataset given the model. This is seen
in Fig. 1. When we work with a mathematical model, we calculate
how likely we are to observe our data, given the assumptions we are
making about the underlying process of evolution. In the case of par-
simony, the model is similar, except every character can have its own
number of steps (character transitions) on a unified tree, potentially
expanding to 42 sets of unique branch lengths.

There are other models that make more complex assumptions,
and make assumptions not solely about the exchangeabilities of
characters, but about the distribution of speciation events on a
tree, or about correlation between characters. We will discuss these
methods more in the section ‘Bayesian modeling of morphology for
phylogenetic estimation’. Regardless of what precise models are
being discussed, the key point for systematists to understand is that
every model makes assumptions, and it is crucial to think about
how well-aligned a particular model and its assumptions are to the
observed data.

Bayesian methods are not the only methods to use models.
Parsimony can be considered a model. Maximum likelihood estima-
tion assumes a model of character evolution. Under maximum like-
lihood, combinations of parameters are scored for their likelihood
until a combination of parameters is found that maximizes the like-
lihood of the data. The key difference between maximum likelihood
and Bayesian modeling is described in the next section.

What is a Prior?

Crucial to the Bayesian methodology is the incorporation of uncer-
tainty. In the case of our 42 characters, we may be able to make
some statements about that which we believe to be true about the
underlying tree, branch lengths, and exchangeabilities. For example,
the matrix was scored to uncover the relationship of Cretaceous



Insect Systematics and Diversity, 2019, Vol. 3, No. 3

Taxon Cha:acter
Taxon 1 0
Taxon 2 0
Taxon 3 1
Taxon 4 1

3
Character | Character
2 3
1 1
1 0
0 0
0 1

a Character Likelihood (L) = Pr( observed character | Tree, branch lengths, rate of character
state change)

b Character Likelihood (L) = Pr( data | model)

c Total Likelihood (L) =L1+ L2 + L3

Fig. 1. This figure displays a character matrix of three binary characters for four taxa. Equation (a) describes the likelihood of a single character. The expression
can be read as a character likelihood being equal to the probability of the observed data given the tree, branch lengths, and assumptions (collectively called the
model) about the evolutionary process that generated the observed data. Equation (b) demonstrates another way of expressing the same idea—in this case,
that the model being represented by the value theta. Equation (c) demonstrates how character likelihoods are summed to give a total likelihood of the dataset.

a b c
a Pr( model | data) = Pr(data| model) Pr( model)
Pr( data)
d

b Pr(assumptions | observations) = Pr( observations | assumptions ) Pr( assumptions )

Pr( observations )

Fig. 2. Bayes theorem. Panel ‘a’ shows all the terms of Bayes’ theorem. (a) is read ‘the probability of the model given the data’, and refers to the posterior
probability. (b) is the likelihood, and is read ‘the probability of the data given the model. (c) is the prior probability of the model. (d) is the marginal probability
of the data. Panel ‘b’ shows the same equation, but with which terms are model assumptions and which terms are observed data annotated.

ants relative to modern lineages (Barden and Grimaldi 2016). Some
of these stem ants retain some characteristics of the wasp outgroup
(Wilson et al. 1967). Some of these features are subsequently lost in
crown-group ants. In these characters, we might expect to see more
transitions from a ‘presence’ character state to an ‘absence’ character
state. But how strong should this bias be? Are these the only char-
acters in which we expect to see this bias? What do we expect the
magnitude of the bias to be? Bayesian modeling enables us to use a
prior distribution to describe our beliefs about parameters of our
model. This can be seen in Fig. 2.

In Bayesian inference, the value a parameter can take may be
fixed, meaning it is given to the analysis by the researcher, and not
estimated from the data. Alternatively, the parameter value may be
a random variable, meaning different values may be sampled for
the parameter over the course of the analysis. The prior allows re-
searchers to place a probability distribution on a parameter, which
specifies how likely the random variable is to take on a specific set
of values. A probability distribution provides the probabilities of dif-
ferent outcomes or solutions in the estimation.

The type of prior a researcher places on a parameter will dictate
the types of estimated values one is likely to see in the results of a
Bayesian analysis. For example, using an exponential distribution
with a rate of 10 on branch lengths is quite common. This distri-
bution can be seen in Fig. 3. The reason for this choice is that most
branch lengths are observed to be fairly short. The exponential (10)
distribution specifies this, while also allowing for some branches to
be longer.

As we will discuss below, the prior is not absolute. A prior can be
enforced with different weights, according to the researcher’s prior
beliefs. For example, a lightly enforced prior can easily be overturned

by the weight of evidence. Little evidence will be required to break
free of its influence. However, a more strongly enforced prior will
need stronger observed data to overturn it. In this case, the values
evaluated during the analysis will almost all be drawn from the prior.
In practice, it can be difficult to choose a logical prior, and many
biologists choose vague and lightly enforced priors.

How do the Prior and the Posterior Fit
Together?

Bayesian modeling differs from other types of model-based inference
due to the incorporation of the prior. Bayes’ theorem is given in Fig.
2. In Bayes’ theorem, the probability of the observed data (the likeli-
hood) given some hypothesis is multiplied by the prior probability of
that hypothesis. This product is divided by the marginal probability
of the observed data, meaning the probability of the data with the
parameter values integrated out. The end result is the probability of
the hypothesis given the observed data. This probability is called the
posterior probability, and it is proportional to the product of the
prior and the likelihood.

This is a challenging quantity to calculate—what is the mar-
ginal likelihood of the data? We evaluate combinations of values
for our parameters using Markov Chain Monte Carlo, or MCMC,
simulation (Metropolis et al. 1953, Hastings 1970, Mau et al.
1999). MCMC allows new random values for each parameter to
be proposed, so that the solutions can be evaluated. In the MCMC
algorithm, an initial set of values for the model parameters is pro-
posed. These values are then changed, and new values obtained.
This is the ‘Monte Carlo” aspect of the name: we choose new values
at random, though often within some constraining conditions. The
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act of changing the values for the parameters is often referred to as
a ‘move’. These new parameters are then evaluated. The product of
the likelihood and the prior is calculated, approximating the pos-
terior probability. Generally, if the posterior probability improves
on the old values or is the same, the evaluated parameter values
will be kept and used as the basis for the next set of moves. The
MCMC algorithm is shown in Fig. 4.

A move may be large in scale, changing a particular parameter
radically, or it may be small in scale, making only minor changes
to a parameter. Moves also vary in how often they are performed.
More important model parameters may be ‘moved’ more often in
order to estimate good solutions for them. Previous states tested
by the MCMC algorithm are not considered when making moves.
That is why this process is a ‘Markov Chain’, or memoryless process.
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Fig. 3. Schematic of an exponential (10) distribution. A commonly used
distribution in Bayesian phylogenetics, the exponential is often used to place
a prior on branch lengths. Under the exponential (10), most branch lengths
are expected to be fairly short (to the left-hand side of the distribution),
though longer branches are allowed.
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Previously visited solutions are not removed from the population
of possible solutions; therefore, a truly good solution will be re-
visited many times during MCMC sampling. The goal of MCMC
sampling is to visit solutions in proportion to their posterior prob-
ability. Regions of parameter space can be included or excluded from
MCMC sampling through the use of priors. A well-specified model
will eventually converge to the true distribution of each random
variable. By sampling many possible combinations of parameters
over the course of a phylogenetic estimation, we estimate the pos-
terior without having to explicitly calculate the marginal likelihood.
This allows us to complete the equation shown in Fig. 2 in order to
calculate the posterior probability.

While MCMC does not consider its previous steps in taking
new ones, most phylogenetics software packages do write out the
previous combinations of parameters. What is produced is often
termed the posterior sample, a log of the trees, branch lengths, and
model parameters that were examined during the phylogenetic ana-
lysis. Summary trees can then be built from this sample, and the
degree of confidence in any particular bipartition on the tree as-
sessed. How often different solutions for any particular parameter
were visited can also be assessed. The consideration of a posterior
sample of phylogenetic trees is somewhat different than other ways
of estimating trees and has implications for how researchers should
consider broader macroevolutionary analyses.

What are Morphological Data?

In the section ‘What is a model?’, I outlined Lewis’ Mk model for
estimating phylogeny from discrete morphological data. Before we
think about coherent models of morphological evolution, we need to
think about what morphological data are. What are the properties
of morphological data, and how are morphological data collected?
Broadly, morphological data often fall into two categories, discrete
and continuous. These data types differ greatly, with implications for
how they can be analyzed.

Estimate likelihood score of
starting parameters
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Fig. 4. Flowchart of the MCMC algorithm. In the MCMC algorithm, initial conditions are proposed and evaluated for likelihood.Then, the tree and/or other model
parameters are changed. The likelihood of these new values is then evaluated. If they represent an improvement over the old ones, they are used to seed the

next MCMC step. If not, they are rejected.
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Discrete Morphological Data

Discrete data can be found in many fields, not just phylogenetics. Any
data that can be broken into distinct and nonoverlapping classes may
be considered discrete. In Bayesian phylogenetics, much of the work
on morphology has focused on discrete traits (Lewis 2001, Nylander
et al. 2004, Ronquist et al. 2012, Heath et al. 2014, Wright and Hillis
2014, Harrison and Larsson 2015, Wright et al. 2016), in part due
to the availability of methods to work with molecular data, which is
also discrete. In these cases, an individual character is broken down
into states, each with diagnostic morphology. Our example matrix
from Barden and Grimaldi (2016) is made up of discrete characters
(see Supplemental Information to look at the matrix).

Discrete characters can be broken down into categories. Binary
data are characters which have two states, typically 0 and 1. These
states often correspond to presence (1) and absence (0). Alternatively,
they may have more complex diagnoses, such as specific morpho-
logical features assigned to the 0 and 1 states. An example of this
type of character from the Barden and Grimaldi matrix is ‘Anterior
margin of clypeus with row of peg-like denticles’. This character refers
to setae on the margin of the clypeus. In this case, we have a trait that
is described qualitatively. This character is broken down into present
(1) and absent (0). Multistate characters are those characters which
are broken down into more than two character states. In these char-
acters, each state corresponds to a specific morphology, though 0 may
still correspond to absent. An example of this character type from
the Barden and Grimaldi dataset is the ‘Mandibular shape’, which is
broken into six states, each with a clear definition of the morphology
of each state. More examples of discrete traits can be seen in Fig. 5.

Characters may be coded with respect to what is called polarity
(De Queiroz 1985, Stevens 1991). In these cases, the phylogeny has
informed the way in which the character is coded. The result of this
is that one character state is designated pleisiomorphic (ancestral),
and one is denoted apomorphic (derived) a priori. This is often
seen in the form of the O state representing the state possessed by
outgroup, or the purported ancestral state (Watrous and Wheeler
1981). Researchers may also choose to use ordering, in which they
specify that changes must occur in a specific order. For example, if
the character states are 0, 1, and 2, an ordered character may be spe-
cified such that the 0 — 2 transition is not allowed, but must instead
be a 0 — 1 change followed by a 1 — 2 change.

The act of choosing which characters to use, and what the states
should be is typically performed by an expert examining popula-
tions of samples, and deciding which facets of organismal form
vary, and what variation is considered phylogenetically inform-
ative. Phylogenetically informative refers to whether or not a char-
acter can be used to favor one set of bipartitions on a tree over
another under the parsimony criterion. For example, a character
which does not vary in the set of taxa on the tree is not considered
to be phylogenetically informative because it will have the same
parsimony score on any set of bipartitions. These characters are
called ‘invariant’. Invariant characters are common in molecular
data, but are often not scored in morphological data. Likewise,
a character for which every taxon has a different character state
is not considered phylogenetically informative because it will also
have the same parsimony score on any set of bipartitions. A char-
acter which varies among the set of taxa, but is shared by at least
two tips on the tree is considered phylogenetically informative.
A schematic of this concept is in Fig. 6.

All of the above concepts—character coding, polarity, phylogen-
etic informativeness—have implications for modeling the data, and
will be discussed in the section ‘Bayesian modeling of morphology
for phylogenetic estimation’.

Continuous Characters

Continuous characters are those characters that cannot be broken
into discrete states as easily (Fig. 5). Examples of these types of char-
acters may include height, weight, or the length of a structure on the
body. These traits can take on the value of any real number and may
represent a specific morphometric observation from one individual,
or another measurement, such as the mean of some trait in a popu-
lation of individuals. As such, continuous characters are often also
referred to as quantitative characters, as they cannot be described
qualitatively.

In the case of discrete data, there is typically an expert observer
choosing which characters are worth collecting, as outlined in the
previous section. Expert observers also play a role in the collection
of continuous data. When a specific structure is being measured, this
is typically chosen by an expert observer because it varies within the
set of taxa that will be placed on the tree. Some researchers choose to
then discretize the data into categories of variation (i.e., gap-coding,
Mickevich and Johnson 1976, Thorpe 1982, Thiele 1993, Lawing
et al. 2008, Randle and Sansom 2017).

In the case of landmark-based morphometrics, the data are the
coordinates of the location of distinct anatomical features on the or-
ganism. The landmarks are typically decided upon by an expert and
are homologous across the sample of organisms. This may be done in
2-D, such as from an image, or in 3-D, such as from a computer-based
anatomical scan. While an expert has traditionally been required for
this type of analysis, recent work has explored crowd-sourcing this
type of data collection (Chang and Alfaro 2016). Landmarks can
also be defined automatically, without the use of an expert (Aneja
et al. 2015, Li et al. 2017). Automated landmarking typically re-
quires a high-quality 3-D scan of the specimen to be quantified, and
some way to normalize the size and view of the scan (Chollet et al.
2014). These methods are promising because they allow the collec-
tion of larger datasets with less time investment, but also they avoid
observer bias about which facets of the individual are important,
and have error sources that are easier to detect and correct (Li et al.
2017).

Lesser-used forms of continuous data may include sonic informa-
tion (May-Collado et al. 2007, Escalona Sulbardn et al. 2019), and
behavioral information (Blomberg et al. 2003, C. R. Turner et al.
2007). Traits of this nature are typically not used in cladistic model-
based phylogenetic estimation, but rather for the inference of macro-
evolutionary patterns.

Bayesian Modeling of Morphology for
Phylogenetic Estimation

Discrete Morphological Data

The manner in which discrete morphological data are collected
introduces potential biases into phylogenetic estimation. Since many
of the modern methods for handling phylogenetic data were de-
scribed to handle molecular data, it is instructive to contrast mo-
lecular and morphological data. Molecular sequence data has a
defined number of states (four for nucleotides, 20 for amino acids),
and it is generally assumed that an instance of one particular mol-
ecule will have the same properties across the sequence. These as-
sumptions do not hold for morphological data. A change between
one state and another (say between 0 and 1) at one character might
require only a small underlying genetic change. That same change
at another character may involve wholly different underlying mo-
lecular machinery, and be of a much larger magnitude. For example,
Fig. 5 shows two different discrete morphological characters. In
panel A, we have the metapleural gland opening. The metapleural
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Fig. 5. A drawing showing different types of characters. In the center is Sphecomyrma freyi Wilson 1967 (Hymenoptera: Formicidae), a Cretaceous ant (Wilson
1967). Ant silhouette via T. Michael Keesey. (A) shows a binary discrete trait, fusion of the petiole. This trait has two possible states—fused and unfused. The
distribution beside it shows how common each of the two character states are in the Barden and Grimaldi (2016) dataset. (B) shows a discrete, multistate trait.
The number of antennal segments can take on multiple possible values, though only three are observed in the dataset. (C) shows a hypothetical continuous
trait, tarsus length. Continuous traits can take on any real number, not only discrete values.
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Parsimony Steps on Tree: 2 1 0

Fig. 6. The parsimony length of three characters on a single tree. Each
character has been scored for how many changes it exhibits on the displayed
tree. Character one is not considered parsimony informative, as every tip on
the tree has a different state, and therefore, it cannot be used to discriminate
among trees. Character three is non-informative because it has no variation.
Character two is considered informative because it favors trees containing
one grouping over another. Under parsimony, characters one and three
would not be collected. Under a Bayesian model, not observing invariant
characters must be corrected for in order to avoid overestimating the true
rate of evolutionary change (Lewis 2001).

gland has chemosensory and communication function. A slit-like
metapleural opening can be used in a brush-like manner, implying
a role in signaling, and perhaps correlation with behavioral traits

(Yek and Meuller 2010). In panel B, we have the number of antennae
segments. To change states in this character means to lose or gain a
repeat of an already-repetitive structure. To specify one model that
adequately describes the probabilities of observing changes in both
these characters may not be possible. The lack of ability to specify a
single mechanism across the whole dataset has long limited the types
of models that can be considered for morphology.

Due to these difficulties, discrete morphology has been analyzed
under a very simple model. This model is often referred to as the Mk
model of morphological evolution (Lewis 2001). This is a general-
ization of the Jukes-Cantor model for molecular sequence evolution
(Jukes and Cantor 1969). As such, it makes the same set of assump-
tions. We will now discuss what these assumptions are, what they
mean for character evolution, and how priors on these assumptions
can be used to enable more flexible models of evolution.

Exchangeabilities define the rate at which we expect a given
change between two character states. In the Jukes-Cantor model,
the exchangeabilities between any state and any other state are held
to be equal. A Q-matrix, the matrix specifying the likelihood of dif-
ferent transitions at a given instant in evolutionary time can be seen
in the equation on Fig. 7a. In the case of morphological data, this
means that the probability of transitioning between one character
state and any other are equal. If we have binary, presence-absence
data, these data would be equally likely to show gains as losses.
However, in molecular phylogenetics, the probability of observing
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a change depends on two quantities: the exchangeability, and the
equilibrium frequency of the starting state. The Jukes-Cantor model
assumes the character states have equal equilibrium frequency. This
can be seen in Fig. 7c stationary state frequencies define how many
of each state we would expect to see if the process of evolution were
allowed to continue infinitely long (allowed to equilibrate). Even if
the exchangeability between two states is high, if the starting state
is rare, we will observe that change rarely (Felsenstein 1981). The
default assumption of the Mk and Jukes-Cantor models is that equi-
librium character frequencies are equal. Taken with the assumption
of equal exchangeabilities, this disallows differential rates of change
between character states.

This assumption likely strikes many readers as unrealistic.
Bayesian methods provide us a solution to escape this problem-
atic assumption. In a Bayesian context, assumptions are translated
into mathematics as model parameters. The value of a parameter
is usually treated as a random variable, and we can use priors to
create distributions of values that the random variable is likely to
take. Under parsimony, individual characters having differential
probabilities on state transitions is often handled by specifying a
transition matrix with the desired weights on different changes.
For example, if it is considered more likely to lose a character state
(transition from a 1 state to a O state) than to gain another state
(transition from a 0 state to a 1 state), a step matrix can be speci-
fied for that character that penalizes 0 to 1 transitions. This can be
seen in Fig. 7d. This is, functionally, an extremely strong prior on
certain types of changes. The correspondence between parsimony
and Bayesian methods is discussed in ‘Interpretation of Bayesian
and parsimony analyses’.

In the example of differential rates of character state changes, in
a Bayesian framework, one can place a prior on the state frequencies,
biasing the parameter towards taking on values in a specified distri-
bution. In the case of state frequencies, one approach to allow vari-
ation has been to use a Beta prior for binary data, or a Dirichlet prior
for multistate data (Nylander et al. 2004, Wright et al. 2016). When
values are sampled for the parameter, the posterior is proportional
to the model likelihood times prior on the parameter. In the case of
data that are strongly informative, the prior could be overwhelmed
by the data. If the data are weakly informative, the prior will likely
dominate the posterior distribution. In practice, this allows us to
sample different character state frequencies. If the frequency of a
character state is very high, we will observe more transitions from
that character state to other character states. Practically, this allows
for different rates of change between states to be sampled in the ana-
lysis, informed by the data, as opposed to being fixed as they would
in a parsimony analysis.

Bayesian methods open the door to using mixture models.
Mixture models treat the total dataset as an aggregate of smaller
populations, which may have different parameter values. A common
example of this is the use of among-character rate variation (ACRV)
(Yang 1994). One long-acknowledged issue in phylogenetics is that
not all sites in a molecular alignment or characters in a data matrix
will evolve at the same rate (Fitch and Margoliash 1967, Yang 1996).
Declining to model this variation can lead to incorrect inferences
(i.e., Sullivan et al. 1996, Buckley et al. 2001; see also discussion
in Sullivan and Joyce 2005). Under this model, the rate of evolu-
tion at any one character is assumed to be drawn from a Gamma
distribution. Because approximating a continuous Gamma distri-
bution would be too computationally intensive, a discrete Gamma
distribution with a user-specified number of categories is used. Four
categories have been supported in some empirical studies and is a
common default value in phylogenetics software. When this value is
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Fig. 7. A schematic showing common assumptions about character evolution.
(a) shows the Q-matrix under the Mk model for binary data.This corresponds
to the assumptions on the right-hand side of the figure, that a character is
equally likely to change from a 0 state to a 1 state as the reverse. (b) shows
the same assumptions, expanded to a multistate character. (c) shows a
Q-matrix with each character state allowed to have a different stationary
character frequency, enabling different 0 — 1 and 1 — 0 rates. (d) displays
a parsimony step matrix that penalizes 0 — 1 transitions. In (d), the rows
represent the starting state, and the columns represent the state to which the
character is changing.

chosen, there are four rate categories used to describe the data (i.e.,
for subpopulations in the mixture model).

This same framework can be applied to other parameters.
Relaxing character change symmetry has been accomplished using
similar principles (Nylander et al. 2004, Wright et al. 2016). When
we place a prior on character frequencies, this is typically done as
a mixture model. In this case, the Beta distribution (binary data)
or Dirichlet distribution (multistate data) is typically discretized
into several categories. The likelihood is then computed according
to each category and summed to generate a character likelihood.
Treating character rates, or character change asymmetry, as a mix-
ture model allows the dataset to potentially have multiple classes of
transition rate symmetry for a given dataset. Each class specifies the
same model parameters but allows those parameters to take on dif-
ferent values. In this way, there can be multiple rates of evolution, or
multiple 0 to 1 transition rates, in the dataset.

In Bayesian analysis, it can be confusing for researchers to under-
stand what is the model, what is the prior, and how each part affects
the analysis. Parameters define what a researcher believes are the
key facets of the process by which the data were generated. A prior
specifies a range of values for that parameter that the researchers
consider reasonable.

Continuous Data

Continuous data have been less commonly used for phylogenetic in-
ference. As discussed in the section ‘What are morphological data?’,
continuous data are often discretized before being used in phylo-
genetic analysis. This, however, introduces an element of user in-
terpretation to the data that does not otherwise need to exist, and
is not modeled explicitly when analyzing the data (Wiens 2001).
Continuous data have often been used for what is termed com-
parative phylogenetic analysis or macroevolutionary analysis (see
examples and discussions in Felsenstein 1988, Maddison 1991,
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O’Meara et al. 2006, Felsenstein 2011, Beaulieu et al. 2012, Landis
et al. 2013, Cooper et al. 2016). Despite their relatively rare use for
Bayesian inference, these data have a longer history of use in par-
simony (Goloboff et al. 2006) and been demonstrated to contain
phylogenetic signal (Smith and Hendricks 2013).

The rich history of using continuous characters for comparative
analysis enables those same models to be used for phylogenetic es-
timation. Brownian motion has been used to model trait data for
phylogenetic estimation (Parins-Fukuchi 2017). Brownian motion
is used to model the value of continuously varying data over time
(Butler and King 2004, O’Meara et al. 2006). This model is often
referred to as the ‘random walk’, due to the fact that in any time
interval, the value of a trait can change randomly in both direc-
tion (positive or negative) and magnitude (small or large changes).
Brownian motion was originally used to describe the movement of
particles suspended in fluids. In biology, Brownian motion may be
compatible with a number (or combination) of evolutionary forces
(see discussion in Harmon 2018 for more context).

In a Brownian motion model, evolution is typically described by
two parameters: the mean trait value, X, at the start of a particular
time interval, and the evolutionary rate parameter, 6. X will be the
value with which the trait can ‘walk’ during the time interval. o will de-
termine the magnitude with the trait will step away from X. Changes
are expected to be distributed according to a normal distribution with
mean 0 and variance proportional to the rate and duration of the time
interval. At very short time intervals, we expect to see little change.
For long intervals, we expect the normal to become wider and wider,
indicating that the amount of change has the potential to be larger.

Brownian motion has been used to model the evolution of traits
on a tree. Recently, it has been implemented for phylogenetic esti-
mation in both dated and undated trees. Simulation research indi-
cates that estimating phylogenetic trees from continuous characters
simulated under Brownian motion can lead to lower topological
error than discrete morphological traits (Parins-Fukuchi 2017). In
particular, this is true in datasets with multiple rates of evolution.
Wright and Hillis (2014) demonstrated that in discrete morpho-
logical traits, phylogenetic error is very high for characters with
low rates of evolutionary change (due to low signal), and characters
with very high rates of evolution (due to homoplasy of changes).
Continuous characters do not display this relationship as strongly
due to their large state space, though more research is needed to
demonstrate this effect empirically.

Use of continuous characters is promising because the Brownian
motion model is fairly lightweight, relative to some Bayesian
methods for discrete characters. This allows for each character to
have its own o, enabling multiple mechanisms in a dataset without
having to calculate a character likelihood according to multiple Beta
categories (Parins-Fukuchi 2018). Expectations about the evolution
of continuous characters are complex, but Brownian motion can be
expanded to accommodate them. For example, characters are ex-
pected to covary in a Brownian motion framework. This character
correlation can be accounted for by estimating a correlation matrix
from individuals in a lineage (Alvarez-Carretero et al. 2019). If
within-lineage correlation is not accounted for, morphological evo-
lution rates will be overestimated, possibly leading to branch length
and topology error. The correlation matrix can be used to correct
within-lineage character correlation. Because the lineages are all con-
nected by an underlying phylogeny, character correlation may also
occur among lineages. The correlation matrix can then be used to
establish a correlation matrix among lineages, as well.

The use of continuous characters in morphological phylogenetics
is an exciting prospect along several lines. Firstly, Brownian motion

is one of many comparative models of evolution (for a review of
many different models, see Harmon 2018). Others could be substi-
tuted, or multiple models used among characters. Even in the case
that other models are not explored, the Brownian motion can cor-
respond to different biological interpretations. Brownian motion is
typically interpreted to be analogous to traits evolving under drift,
having no selective optima. Prior work demonstrates that several
models incorporating selection still appear indistinguishable from
Brownian motion (Martins and Hansen 1996). In sum, there are a
variety of mechanisms that could be described by Brownian motion,
such that the researcher does not have to explicitly choose a model
corresponding to a given mechanism.

Secondly, these implementations are exciting because they en-
able the use of a third independent data source (continuous char-
acter data), modeled under different assumptions. Modeling traits
according to Brownian motion to estimate a phylogeny from con-
tinuous trait data allows researchers to work in the same MCMC
framework for continuous, discrete, and discrete molecular data.
Using all available data will enable researchers to validate the tree
among sources, and formulate testable hypotheses of how model as-
sumptions may impact the tree estimated. This also opens the path
to perform joint estimation across multiple types of data. Indeed,
fossil datasets are often limited in size (Wright et al. 2016). Opening
up new paths to collect data, particularly if automation of data col-
lection becomes commonplace, will allow researchers to make com-
plete use of specimens.

How Does Bayesian Modeling Differ From
Parsimony?

I have said very little thus far in this review about parsimony. My
main purpose has been to lay out how Bayesian modeling of morph-
ology works in a phylogenetic context. Parsimony is still a dominant
optimality criterion in morphological phylogenetics. It is informative
to look at how the assumptions, mechanisms, and interpretation of
Bayesian and parsimony methods are similar, and how they are dif-
ferent. There are two main comparisons I would like to make be-
tween the two criteria: assumptions made about the evolutionary
process, interpretation of parsimony and Bayesian analysis.

Assumptions About the Evolutionary Process

Parsimony can come in several variations, just as we can relax
various assumptions of the Mk model. The most common variation
is equal-weight parsimony. This typically refers to an application of
parsimony in which it is held that any change between any two char-
acter states is weighted equally, and all characters contribute equally
to the tree search. In this case, a change from 0 to a 1 state is as
likely as a reversal between the two. Superficially, this is quite similar
to one of the chief assumptions of the Mk model—that character
changes are symmetrical.

However, there are core differences between parsimony and
Bayesian approaches which change the results and interpretation of
these two ways of estimating trees. In a Bayesian analysis, values are
sampled for each of the parameters in the model, including branch
lengths. Branch lengths are typically sampled as number of expected
character changes per character. In a parsimony analysis, the tree
that is favored is the one that minimizes the number of changes in
the dataset across that tree. Each character may have its own number
of steps on the tree. The final branch lengths represent the number of
changes in the dataset along each branch, as a whole number, rather
than a rate. This has desirable properties—in a maximum parsimony
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analysis, character changes can be mapped to specific branches. In
Bayesian estimation, either more complex models or post-hoc ana-
lyses (Pagel 1999, Nielsen 2002, Bollback 2006, Maddison et al.
2007, FitzJohn et al. 2009, FitzJohn 2012, Revell 2012) are required
to do this.

Advocates for parsimony often point to the aforementioned
as a positive. Parsimony is often referred to as a ‘No Common
Mechanisms model’ (NCM), which allows every character in the
character matrix to have its own number of steps on a common tree
(Tuffley and Steel 1997). This is intuitively appealing—it is unlikely
that every character in a matrix evolves at the same rate. Allowing
each character to have its own rate of evolution means that no
matter how different the rates actually are, they can be accommo-
dated. However, this same assumption makes it impossible to choose
a likelihood implementation of the NCM model via even liberal in-
formation criteria due to its parameter richness (Holder et al. 2010).
The number of parameters to be estimated grows extremely rapidly
as more taxa and characters included in the analysis. Model selec-
tion techniques typically attempt to balance parameter richness with
how much the fit of the model to the data improves with those add-
itional parameters. Statistical model selection procedures indicate
that the NCM model is so complex as to never be statistically justi-
fied, meaning that the increase in explanatory power of the model is
never justified given the number of parameters added. What a model
selection technique cannot tell you is if the added parameters add
biological realism. There may very well be reasons why, even in the
absence of statistical evidence, researchers consider the assumptions
of parsimony to make more sense for their data. The purpose of this
review is not to argue for one method over another, but to lay the
groundwork for researchers to understand the underlying assump-
tions of these two different types of phylogenetic estimation.

Bayesian estimation can enable researchers to relax the assump-
tions of the Mk model (Nylander et al. 2004, Wright et al. 2016).
Parsimony also allows users to specify alternatives to equal-weight
parsimony. A parsimony step matrix can be specified, which allows
researchers to place different weights on various character state tran-
sitions. For example, if a researcher believed it would be easy to lose
a trait, but hard to regain it, they could weight the loss lightly, and
the gain heavily (Hennig and Davis 1966, Moss and Hendrickson
1973, Farris 1977, Ree and Donoghue 1998). Then, when the par-
simony tree is estimated, trees that contain gains of the trait will
have to compensate by minimizing parsimony steps in other parts
of the dataset. This penalizes trees containing the penalized gain.
Researchers can specify custom step matrices for every character in
the matrix, if desired. This flexibility enables researchers to, in effect,
completely control the tree estimated through a priori specifications
of the types of changes that can be seen. Specifying a step matrix
can be thought of as a type of very strong prior. However, where
Bayesian estimation has a variety of well-characterized model selec-
tion tools to evaluate the statistical appropriateness of a particular
prior, there is a little statistical framework for evaluating the effect
and appropriateness of assumptions made in a parsimony context.

There is another type of weighting that has become popular.
This type is referred to as character weighting (Farris 1969). In a
dataset with character weighting applied, changes in certain charac-
ters are held to count more towards the parsimony score than others.
This often takes the form of downweighting characters thought to
be highly homoplasious (Goloboff 1993, Turner and Zandee 1995,
Wiens 1998). This is similar to allowing ACRV: if a character is not
penalized for changing frequently, more frequent changes will be ob-
served in that character. When a researcher does this, they specify that
certain characters are less reliable indicators of the true phylogeny

than others. This may be done by hand, with the researcher speci-
fying that a change in one character (the character thought to hold
the least homoplastic signal) must be balanced by multiple (two or
more) changes in others. This can also be automated, a process often
referred to as implied weighting. Under this approach, the first time
a character changes state on a tree, the change is given the weight
of one. Subsequent changes are given smaller weights. In effect, this
means that the more a character changes, the less it is allowed to in-
fluence the estimated tree. First implemented in 1993 by Goloboff,
the implied weighting approach allows for the process of weighting
to be more reproducible, and less dependent on observer bias about
which characters to weight.

Interpretation of Bayesian and Parsimony Analyses
Parsimony aims to estimate the most parsimonious tree, i.e., the tree
that minimizes the number of changes in the dataset along that tree.
This is fairly straightforward to understand. Multiple ‘most’ parsi-
monious trees may be estimated from the same dataset if multiple
sets of relationships or branch length distributions are equally parsi-
monious. We can think of parsimony methods as aiming to estimate
one tree. This may not be possible due to lack of information content
or conflicting signals in a given dataset.

Bayesian methods, however, provide a distribution of trees and
parameter values sampled during the tree search. These are the
values and trees proposed and evaluated by the MCMC algorithm
during estimation. This posterior distribution can be used to test if
the estimation has converged, or drawn enough independent sam-
ples that the true posterior has been approximated. A Bayesian esti-
mation is not expected to provide one evolutionary history, and set
of parameters. Rather, visualizing this uncertainty is considered by
many to be integral to Bayesian estimation. For example, in a dated
phylogeny node ages are typically shown as distributions of possible
ages, rather than point estimates. The shape and spread of the dis-
tribution itself is important information—a very wide distribution
might indicate little precision in the value, while very peaked distri-
butions indicate very attenuated levels of uncertainty around specific
values. For a very useful review on the posterior sample, and its rela-
tionship to other distributions of trees, see Alfaro and Holder 2006.

Both parsimony and Bayesian methods often rely on building
a consensus tree. There are many ways to estimate a consensus
tree (for a review see, O’Reilly and Donoghue 2017), but funda-
mentally, a consensus tree summarizes the bipartitions on the tree,
and turns a sample of trees into a single tree object. In a Bayesian
analysis, those trees are normally labeled with the posterior prob-
ability of the bifurcations on the tree. In parsimony analyses, fur-
ther estimations such as bootstrap, must be performed in order to
quantify uncertainty in a particular bipartition (Felsenstein 1985).
These approaches subsample columns of data in a phylogenetic
matrix and re-estimate trees from the generated samples. Whereas
Bayesian posterior probability can be thought of as the probability
of the phylogenetic hypothesis given the data, the bootstrap can be
thought of as a measure of repeatability of the hypothesis given the
data (Felsenstein and Kishino 1993, Hillis and Bull 1993). For ex-
ample, if 1,000 subsampled replicate datasets are used to estimate
trees, and 999 of them support the same tree, this is the evidence that
the collected data strongly support the estimated topology. However,
collection of additional data could change the bootstrap values. For
a comparison of the Bayesian posterior with other methods of as-
sessing confidence in a split, see Huelsenbeck and Rannala (2004).

These two approaches have implications for how model fit and
adequacy can be addressed. As discussed above, both Bayesian
methods and parsimony make assumptions about the data. In a
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Bayesian method, the fit of the model to the data can be described by
calculating the marginal likelihood of the data, the probability of the
data with model parameters integrated out. The calculation of this
quantity can be complex, and beyond the scope of this paper, but for
turther theoretical reading see Lartillot and Philippe 2006, Xie et al.
2011, Hug et al. 2015. This quantity allows for the comparison of
models using the Bayes Factor, a standardized statistical framework
for comparing the weight of evidence for different models (Kass and
Raftery 1995, Suchard et al. 2005, Brown and Lemmon 2007). In
this way, assumptions about the data either via the model or the
prior can be tested. An equivalent framework does not exist for par-
simony. Under the maximum parsimony criterion, if a shorter tree is
returned, that is considered to be the better tree.

New Worlds of Data-Intensive Morphology

As we’ve seen in the previous sections, estimating phylogenetic trees
from morphological information is an evolving science. Between par-
simony estimation and Bayesian methods, many combinations of as-
sumptions can be made to suit a given dataset. Researchers have a
greater range of choices than at any point in the past to try, and create,
new models for understanding the evolution of taxa and traits. Below,
I will highlight two advances that are particularly interesting.

Modularity of the Prior and the Model

Historically, many Bayesian estimation software suites have allowed
only limited choices of priors on any model parameter, and limited
control over the shapes that the prior distribution can take. More
modern software allows researchers to experiment more broadly
with novel combinations of parameters and priors.

In the section ‘Bayesian modeling of morphological data’, we
discuss placing priors on ACRV and character state frequencies. In
the previous generation of phylogenetics software (i.e., MrBayes,
Huelsenbeck and Ronquist 2001), priors of this nature had to be
coded into the software by the developers (see Table 1 for an over-
view of phylogenetic software). If a user wanted to use a certain
prior distribution with a new data type, they may have needed to
program it into the actual software. Current generation software
(BEAST2, Bouckaert et al. 2014; RevBayes, Hohna et al. 2016,
Hohna et al. 2017) allows users to generate new combinations of
parameters and priors, and to contribute the scripts to do so back
so other users may find them via contributions to their open-access
software repositories.

This philosophy of flexibility is important to progress in this field.
Firstly, many of the models we use to estimate phylogenies were not
generated with morphology in mind (Jukes and Cantor 1969). For
example, prior work indicates that using the Gamma distribution to
model ACRV may not be optimal for morphological data (Wagner

2011, Harrison and Larsson 2015). On its face, this makes a great
deal of sense: traditionally, invariant characters have not been col-
lected by researchers. Nor have characters that change only once
on a tree. This means that we typically must correct for this omis-
sion, often referred to as correcting for ascertainment bias. But when
we use Gamma-distributed rate variation, we assume that there are
some extreme low-rate characters in the dataset. For morphology,
this is unlikely to be true. A modular framework allows a user to
simply substitute a more appropriate prior distribution.

An implicit benefit to this is that researchers can realize models
that they believe will fit their data without needing to involve a de-
veloper of the software. In previous software generations, when a
researcher needed a new model, they would contact the developer,
and let them know what they needed. Depending on how much time
the developer had to handle user requests, perhaps they would im-
plement it. Modular software allows researchers to be the developer
of the model. This enables the expert on the data to create models
to describe those data, without having to wait on a software ex-
pert. Likewise, the software expert is also freed from needing to con-
stantly balance user requests with their own work. Embracing open
source contribution also allows users to contribute back their scripts
for analyses, such that other users can find and use them. Modularity
and openness enable faster scientific progress as researchers can im-
plement new models quickly, and disseminate those results with an
interested community of scientific practice.

Ontogeny-Aware Phylogenetic Models

Dependence between characters has long been an elusive phenom-
enon in morphological phylogenetics. Gene regulatory networks and
developmental cascades deeply impact the morphological characters
we collect. And yet, we are unable to observe these dynamics in pale-
ontological data and not every morphologist is an experimental de-
velopmental biologist with the training to gather data on underlying
regulatory networks. Even in the absence of these data, the effect of
these processes can be modeled.

Sewell Wright (1934) proposed a model for discrete characters
called the threshold model. Under this model, which character state
an organism has at a character is determined by a hidden, underlying
character called ‘liability’. Liability is continuous, but when it crosses
some threshold in trait space, the discrete character changes states.
This trait is a stand-in—there is no explicit mechanism being mod-
eled. Liability could be some unobservable, but real, aspect of the
phenotype. One such example could be a simple factor, such as circu-
lating hormone concentrations causing a trait change. It could also be
a more complex factor, such as a gene regulatory network. Felsenstein
applied this model for inferring correlations between characters
(Felsenstein 2005, Felsenstein 2011), and the model has subsequently
been applied to ancestral state estimation (Revell 2014). To date, it

Table 1. A brief overview of software that can analyze morphological data

Software Optimality criterion Modular Allows relaxation of Mk assumptions
PAUP (Swofford 2003) Parsimony and Likelihood No No

TNT (Goloboff et al. 2008) Parsimony No No*

RAXML (Stamatakis 2014) Likelihood No No

Mr. Bayes (Huelsenbeck and Ronquist 2001) Bayesian No Yes

RevBayes (Hohna et al. 2016, Hohna et al. 2017) Bayesian Yes Yes*

BEAST2 (Bouckaert et al. 2014) Bayesian Yes Yes

MCMCTree (Yang 2007, Alvarez-Carretero et al. 2019) Bayesian No Yes

The modularity column assesses if the software is modular per the section ‘Modularity of the prior and the model’. The final column specifies if researchers can

relax any assumptions of the Mk model in the software. An asterisk indicates that continuous characters and models can be used in the software.
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has not been used to infer phylogenetic trees, though flexibility in new
phylogenetics software may allow this, as discussed above.

New methods for modeling similar dynamics for inference of
phylogeny rely on Hidden Markov Models (HMM) and Structured
Markov Models (SMM) (Tarasov 2019). HMMs make a similar as-
sumption to liability—that there are some underlying variables af-
fecting the observable discrete states. In an HMM, the transitions
between states are occurring between the hidden states, as opposed
to the observed states, as in a regular Markov Model. Each observed
state is typically affected by multiple hidden states. If this is not true,
the model collapses to a regular Markov Model. SMMs allow for
among-character dependencies, such as if an organism must have
antennae in order to have antennae segments. This combination of
models allows for phylogenetic inference that integrates underlying
genetic and developmental process information.

Integrating hidden state information into phylogenetic analysis
is an exciting new direction. It’s also very challenging: in subse-
quent work, use of ontologies is proposed to assist in annotating
characters (Tarasov et al. 2019). Ontologies establish a shared,
machine-readable syntax for discussing characters and representing
relationships among characters. In approaches that incorporate
information about hierarchical relationships among characters,
ontologies are used to connect characters to the ontology. This en-
ables higher relationships between characters and suites of charac-
ters to be accounted for in estimation. However, this also means an
ontology must be assembled, requiring in-depth morphological work
with specimens by an expert observer. Due to many homoplasious
changes in large, speciose groups, invertebrate systematics has been
a leader in adopting the ontology framework, making this particular
field well-situated to explore these new methods.

Concluding Remarks

Morphological data have been crucial in phylogenetic estimation
from the very first forays into the estimation of evolutionary his-
tory from observed data. This scope of this review was to look at
models for inferring phylogeny from morphological data. I have
covered many exciting advances in how researchers can codify their
knowledge of the evolutionary processes that lead to their observed
morphological matrices. What is beyond the scope of this review is
a discussion of comparative methods, for inferring the evolutionary
history of traits on a tree. We have also not discussed divergence time
estimation models, such as the fossilized birth-death model, which
allow for modeling a discontinuous fossil record to infer divergence
times and also further dynamics, such as speciation, extinction, and
turnover. The methods allow researchers to fully integrate molecular
and morphological data to estimate time-scaled phylogenetic trees.
Morphological systematists are taking advantage of the full rich-
ness of statistical methods, such as Bayesian inference, and more
classical methods, such as parsimony variations including implied
weights. New methods for integrating hierarchical character infor-
mation promises to help unlock the full richness of systematist’s
knowledge. Closer relationships between software, developers, and
empiricists facilitated by open science are enabling researchers to
participate more fully in the process of model generation and testing.
In short, morphology is experiencing a new golden age, facilitated by
cross-disciplinary communication and sharing of knowledge.

Supplementary Data

Supplementary data are available at Insect Systematics and Diversity
online.

Glossary

Model: A representation of a process, rendered in mathematics. In Bayesian
systematics, a model typically describes the process of evolution leading to
the data.

Assumptions: Factors about the model that are assumed to be true. For
example, an equal-weight parsimony analysis assumes changes between two
character states are equally likely. In a Bayesian model, assumptions are writ-
ten down into parameters, or mathematical facets of the model.

Observed Data: The data that have been collected by the researcher and
will be used to infer the phylogeny. In the case of morphological data, these
will be the morphological characters collected, whether from extinct or extant
organisms.

Discrete data: Data that can be broken into distinct and non-overlapping
classes. A common example of these data type is presence/absence data. Data
with two classes are referred to as binary; data with more classes are referred
to as multistate.

Random variable: A variable whose value is the result of a random draw.
In most Bayesian models, the value of a given parameter is a random variable.
For example, the value of a particular branch length on a phylogeny is a ran-
dom variable, which may be drawn from a distribution.

Continuous data: Data which cannot be broken into distinct and non-
overlapping classes, and may take the value of any real number. Examples
include geometric morphometric measurements, weights, and lengths.

Exchangeabilities: The rate at which one character state is expected to
transition to another. The exchangeabilities may be represented by one model
parameter (in the case of the Mk model) or more (in the case of other, more
complex phylogenetic models).

Prior distribution: A statistical distribution that describes the researcher’s
prior beliefs or other outside information about the distribution of a model
parameter. This allows the researcher to specify reasonable values for a param-
eter to take. A weak prior can be easily overcome by the data. A strong prior
will require stronger signal in the data to be overcome.

Equilibrium character state frequencies: The frequencies of the character
states in the dataset if the evolutionary process is allowed to run infinitely
long. In practice, the expected rate of a particular change between two char-
acter states is the product of the equilibrium character frequency and the ex-
changeability.

Q-matrix: A matrix defining the exchangeabilities and equilibrium char-
acter frequencies for a model at a given instant in evolutionary time. The
Q-Matrix will have a number of rows and columns equal to the number of
character states of the data.

Posterior distribution: The posterior distribution is a distribution of plaus-
ible values for a parameter or set of parameters given the data and the prior
distribution. The posterior distribution is proportional to the model likelihood
times the prior distribution.

Markov Chain Monte Carlo: An algorithm by which new values are pro-
posed for model parameters, and evaluated. In this procedure, initial values are
scored under a model, then changed. If the changed parameter values improve
on the old ones, they are used to seed the next step of estimation.

Brownian motion: A model of morphological change in which the value
of a continuous character, X, is expected to change in proportion to an evo-
lutionary rate, 0. 0 is expected to be normally distributed, with a variance
that increases with time, such that more evolutionary change may be expected
with time.

Model selection: A set of statistical approaches designed to determine
whether an increase in the number of parameters of a model is justified given
its increased ability to model variation in the data. The addition of a parameter
that does not increase the explanatory power of the model will not be sup-
ported by model selection. The exact degree of increase in explanatory power
required to add a parameter will vary by model selection criteria.

Acknowledgments

I thank Brendon E. Boudinot for the invitation to this special issue. I would
also like to thank Rachel Warnock, Tony Harper, and two anonymous re-
viewers for helpful and constructive remarks that have improved this review.
A.M.W. was supported on NSF DEB-1256993, NSF DEB 1256993 and an In-



12

Insect Systematics and Diversity, 2019, Vol. 3, No. 3

stitutional Development Award (IDeA) from the National Institute of General
Medical Sciences of the National Institutes of Health under grant number P20
GM103424-17.

References Cited

Alfaro, M. E., and M. T. Holder. 2006. The posterior and the prior in Bayesian
phylogenetics. Annu. Rev. Ecol. Evol. Syst. 37: 19-42.

Alvarez-Carretero, S., A. Goswami, Z. Yang, and M. Dos Reis. 2019. Bayesian
estimation of species divergence times using correlated quantitative char-
acters. Syst. Biol. syz015

Aneja, D., S. R. Vora, E. D. Camci, L. G. Shapiro, and T. C. Cox. 2015.
Automated detection of 3d landmarks for the elimination of non-biological
variation in geometric morphometric analyses, pp. 78-83. In 2015 IEEE
28th International Symposium on Computer-Based Medical Systems.
IEEE, June 20135, Sao Carlos, Brazil.

Barden, P., and D. A. Grimaldi. 2016. Adaptive radiation in socially advanced
stem-group ants from the Cretaceous. Curr. Biol. 26: 515-521.

Barden, P., B. Boudinot, and A. Lucky. 2017. Where fossils dare and males
matter: combined morphological and molecular analysis untangles
the evolutionary history of the spider ant genus Leptomyrmex Mayr
(Hymenoptera: Dolichoderinae). Invertebrate Systematics 31: 765-780.

Beaulieu, J. M., D. Jhwueng, C. Boettiger, and B. C. O’Meara. 2012. Modeling
stabilizing selection: expanding the Ornstein-Uhlenbeck model of adap-
tive evolution. Evolution 66: 2369-2383.

Blanchard, B. D., and C. S. Moreau. 2017. Defensive traits exhibit an evolu-
tionary trade-off and drive diversification in ants. Evolution 71: 315-328.

Blomberg, S. P.,, T. Garland, and A. R. Ives. 2003. Testing for phylogenetic
signal in comparative data: behavioral traits are more labile. Evolution
57:717-745.

Bollback, J. P. 2006. SIMMARP: stochastic character mapping of discrete traits
on phylogenies. BMC Bioinf. 7: 88.

Bouckaert, R., J. Heled, D. Kiihnert, T. Vaughan, C. Wu, D. Xie, M. A. Suchard,
A. Rambaut, and A. J. Drummond. 2014. BEAST 2: a software platform
for Bayesian evolutionary analysis. PLoS Comput. Biol. 10: 1-6.

Branstetter, M. G., A. JeSovnik, J. Sosa-Calvo, M. W. Lloyd, B. C. Faircloth,
S. G. Brady, and T. R. Schultz. 2017. Dry habitats were crucibles of do-
mestication in the evolution of agriculture in ants. Proc. R Soc B Biol. Sci.
284:20170095.

Brown, J. M., and A. R. Lemmon. 2007. The importance of data partitioning
and the utility of Bayes factors in Bayesian phylogenetics. Syst. Biol. 56:
643-655.

Buckley, T. R., C. Simon, and G. K. Chambers. 2001. Exploring among-site
rate variation models in a maximum likelihood framework using empir-
ical data: effects of model assumptions on estimates of topology, branch
lengths, and bootstrap support. Syst. Biol. 50: 67-86.

Butler, M. A., and A. A. King. 2004. Phylogenetic comparative analysis: a
modeling approach for adaptive evolution. Am. Naturalist 164: 683-695.

Chang, J., and M. E. Alfaro. 2016. Crowdsourced geometric morphomet-
rics enable rapid large-scale collection and analysis of phenotypic data.
Methods Ecol. Evol. 7: 472-482.

Chollet, M. B., K. Aldridge, N. Pangborn, S. M. Weinberg, and V. B. DeLeon.
2014. Landmarking the brain for geometric morphometric analysis: an
error study. PLoS One 9: €86005.

Clarke, J. A., and K. M. Middleton. 2008. Mosaicism, modules, and the evo-
lution of birds: results from a Bayesian approach to the study of morpho-
logical evolution using discrete character data. Syst. Biol. 57: 185-201.

Cooper, N., G. H. Thomas, C. Venditti, A. Meade, and R. P. Freckleton. 2016.
A cautionary note on the use of Ornstein Uhlenbeck models in macroevo-
lutionary studies. Biol. J. Linn. Soc. 118: 64-77.

De Queiroz, K. 1985. The ontogenetic method for determining character
polarity and its relevance to phylogenetic systematics. Syst. Zool. 34:
280-299.

Escalona Sulbaran, M. D., P. I. Simdes, A. Gonzalez-Voyer, and S. Castroviejo-
Fisher. 2019. Neotropical frogs and mating songs: the evolution of adver-
tisement calls in glassfrogs. J. Evol. Biol. 32: 163-176.

Farris, J. S. 1969. A successive approximations approach to character
weighting. Syst. Biol. 18: 374-385.

Farris, J. S. 1977. Phylogenetic analysis under Dollos law. Syst. Biol. 26:
77-88.

Farris, J. S., A. G. Kluge, and M. J. Eckardt. 1970. A numerical approach to
phylogenetic systematics. Syst. Zool. 19: 172-189.

Felsenstein, J. 1978. Cases in which parsimony or compatibility methods will
be positively misleading. Syst. Biol. 27: 401-410.

Felsenstein, J. 1981. Evolutionary trees from DNA sequences: a maximum
likelihood approach. J. Mol. Evol. 17: 368-376.

Felsenstein, J. 1985. Confidence limits on phylogenies: an approach using the
bootstrap. Evolution 39: 783-791.

Felsenstein, J. 1988. Phylogenies and quantitative characters. Annu. Rev. Ecol.
Syst. 19: 445-471.

Felsenstein, J. 2005. Using the quantitative genetic threshold model for infer-
ences between and within species. Philos. Trans. Royal Soc. B Biol. Sci.
360: 1427-1434.

Felsenstein, J. 2011. A comparative method for both discrete and continuous
characters using the threshold model. Am. Naturalist 179: 145-156.

Felsenstein, J., and H. Kishino. 1993. Is there something wrong with the
bootstrap on phylogenies? A reply to Hillis and Bull. Syst. Biol. 42:
193-200.

Fitch, W. M., and E. Margoliash. 1967. Construction of phylogenetic trees.
Science 155: 279-284.

FitzJohn, R. G. 2012. Diversitree: comparative phylogenetic analyses of diver-
sification in R. Methods Ecol. Evol. 3: 1084-1092.

FitzJohn, R. G., and W. P. Maddison, and S. P. Otto. 2009. Estimating trait-
dependent speciation and extinction rates from incompletely resolved
phylogenies. Syst. Biol. 58: 595-611.

Gavryushkina A., T. A. Heath, D. T. Ksepka, T. Stadler, D. Welch, and
A. J. Drummond. 2017. Bayesian total-evidence dating reveals the recent
crown radiation of penguins. Syst. Biol. 66: 57-73.

Goloboff, P. A. 1993. Estimating character weights during tree search.
Cladistics 9: 83-91.

Goloboff, P. A., Mattoni, C. L., and A. S. Quinteros. 2006. Continuous charac-
ters analyzed as such. Cladistics, 22: 589-601.

Goloboff, P. A., Farris, J. S., and K. C. Nixon. 2008. TNT, a free program for
phylogenetic analysis. Cladistics 24: 774-786.

Goloboff, P. A, M. Pittman, D. Pol, and X. Xu. 2019. Morphological data sets
fit a common mechanism much more poorly than DNA sequences and call
into question the Mkv model. Syst. Biol. 68: 494-504.

Gould, S. J., and N. Eldredge. 1977. Punctuated equilibria: the tempo and
mode of evolution reconsidered. Paleobiology 3: 115-151.

Harmon, L. J. 2018. Phylogenetic Comparative Methods: Learning from
Trees. Self Published Under a CC-BY-4.0 License.

Harrison, L. B., and H. C. E. Larsson. 2015. Among-character rate variation
distributions in phylogenetic analysis of discrete morphological charac-
ters. Syst. Biol. 64: 307-324.

Hasegawa, M., H. Kishino, and T. Yano. 1985. Dating of the human-ape
splitting by a molecular clock of mitochondrial DNA. J. Mol. Evol. 22:
160-174.

Hastings, W. K. 1970. Monte Carlo sampling methods using Markov chains
and their applications. Biometrika 57: 97-109.

Heath, T. A., J. P. Huelsenbeck, and T. Stadler. 2014. The fossilized birth-death
process for coherent calibration of divergence-time estimates. Proc. Natl.
Acad. Sci. U.S.A. 111: E2957-E2966.

Hennig, W., and D. D. Davis. 1966. Phylogenetic systematics. University of
Illinois Press, Champaign, IL.

Hillis, D. M., and J. J. Bull. 1993. An empirical test of bootstrapping as a
method for assessing confidence in phylogenetic analysis. Syst. Biol. 42:
182-192.

Hohna, S., M. J. Landis, T. A. Heath, B. Boussau, N. Lartillot, B. R. Moore,
J. P. Huelsenbeck, and F. Ronquist. 2016. RevBayes: Bayesian phylogenetic
inference using graphical models and an interactive model-specification
language. Syst. Biol. 65: 726-736.

Hohna, S., M. J. Landis, and T. A. Heath. 2017. Phylogenetic inference using
RevBayes. Current Protocols in Bioinformatics 57: 6.16.1-6.16.34.

Holder, M. T, P. O. Lewis, and D. L. Swofford. 2010. The Akaike information
criterion will not choose the no common mechanism model. Syst. Biol.
59:477-485.



Insect Systematics and Diversity, 2019, Vol. 3, No. 3

13

Huelsenbeck, J. P., and B. Rannala. 2004. Frequentist properties of Bayesian
posterior probabilities of phylogenetic trees under simple and complex
substitution models. Syst. Biol. 53: 904-913.

Huelsenbeck, J. P., and F. Ronquist. 2001. MRBAYES: Bayesian inference of
phylogenetic trees. Bioinformatics 17: 754-755.

Hug, S., M. Schwarzfischer, J. Hasenauer, C. Marr, and F. J. Theis. 2015. An
adaptive scheduling scheme for calculating Bayes factors with thermo-
dynamic integration using Simpson’s rule. Stat. Comput. 26: 1-15.

Jukes, T. H., and C. R. Cantor. 1969. Evolution of protein molecules.
Mammalian Protein Metabolism 3: 21-132.

Kass, R. E., and A. E. Raftery. 1995. Bayes factors. J. Am. Stat. Assoc. 90:
773-79S.

Kimura, M. 1980. A simple method for estimating evolutionary rates of base
substitutions through comparative studies of nucleotide sequences. J. Mol.
Evol. 16: 111-120.

Landis, M. J., J. G. Schraiber, and M. Liang. 2013. Phylogenetic analysis using
lévy processes: finding jumps in the evolution of continuous traits. Syst.
Biol. 62: 193-204.

Lartillot, N., and H. Philippe. 2006. Computing Bayes factors using thermo-
dynamic integration. Syst. Biol. 55: 195.

Lawing, A. M., J. M. Meik, and W. E. Schargel. 2008. Coding meristic charac-
ters for phylogenetic analysis: a comparison of step-matrix gap-weighting
and generalized frequency coding. Syst. Biol. 57: 167-173.

Lewis, P. O. 2001. A likelihood approach to estimating phylogeny from dis-
crete morphological character data. Syst. Biol. 50: 913-925.

Li, M., J. B. Cole, M. Manyama, J. R. Larson, D. K. Liberton, S. L. Riccardi,
and T. M. Ferrara. 2017. Rapid automated landmarking for morpho-
metric analysis of three-dimensional facial scans. J. Anat. 230: 607-618.

Maddison, W. P. 1991. Squared-change parsimony reconstructions of ances-
tral states for continuous-valued characters on a phylogenetic tree. Syst.
Biol. 40: 304-314.

Maddison, W. P., P. E. Midford, and S. P. Otto. 2007. Estimating a binary
character’s effect on speciation and extinction. Syst. Biol. 56: 701.

Majer, J., R. Dunn, A. Gove, T. Barraclough, and T. Givnish. 2007. Convergent
evolution of an ant-plant mutualism across plant families, continents and
time. Evol. Ecol. Res. 9: 1349-1362.

Marshall, C. R. 2008. A simple method for bracketing absolute divergence
times on molecular phylogenies using multiple fossil calibration points.
Am. Naturalist 171: 726-42.

Martins, E. P., and T. E Hansen. 1996. The statistical analysis of interspe-
cific data: a review and evaluation of phylogenetic comparative methods.
Phylogenies and the Comparative Method in Animal Behavior, pp 22-75.
Oxford University Press, New York.

Mau, B., and M. A. Newton. 1997. Phylogenetic inference for Binary data on
dendograms using Markov Chain Monte Carlo. J. Comput. Graph. Stat.
6: 122-131.

Mau, B., M. A. Newton, and B. Larget. 1999. Bayesian phylogenetic inference
via Markov Chain Monte Carlo methods. Biometrics 55: 1-12.

May-Collado, L. J., I. Agnarsson, and D. Wartzok. 2007. Reexamining the
relationship between body size and tonal signals frequency in whales: a
comparative approach using a novel phylogeny. Mar. Mamm. Sci. 23:
524-552.

McGrayne, S. B. 2011. The theory that would not die: How Bayes’ rule
cracked the Enigma code, hunted down Russian submarines, & emerged
triumphant from two centuries of controversy. Yale University Press, New
Haven, CT.

Metropolis, N., A. W. Rosenbluth, M. N. Rosenbluth, A. H. Teller, and
E. Teller. 1953. Equation of state calculations by fast computing machines.
J. Chem. Phys. 21: 1087-1092.

Mickevich, M. E, and M. S. Johnson. 1976. Congruence between morpho-
logical and allozyme data in evolutionary inference and character evolu-
tion. Syst. Zool. 25: 260-270.

Moreau, C. S.,and C. D. Bell. 2013. Testing the museum versus cradle tropical
biological diversity hypothesis: phylogeny, diversification, and ancestral
biogeographic range evolution of the ants. Evolution 67: 2240-2257.

Moreau, C. S., C. D. Bell, R. Vila, S. B. Archibald, and N. E. Pierce. 2006.
Phylogeny of the ants: diversification in the age of angiosperms. Science
312: 101-104.

Moss, W. W., and J. A. Hendrickson. 1973. Numerical taxonomy. Annu. Rev.
Entomol. 18: 227-258.

Mueller, U. G., M. R. Kardish, H. D. Ishak, A. M. Wright, S. E. Solomon,
S. M. Bruschi, A. L. Carlson, and M. Bacci 2018. Phylogenetic patterns
of ant—fungus associations indicate that farming strategies, not only a
superior fungal cultivar, explain the ecological success of leafcutter ants.
Mol. Ecol. 27: 2414-2434.

Nielsen, R. 2002. Mapping mutations on phylogenies. Syst. Biol. 51: 729-739.

Nylander, J. A. A., F. Ronquist, J. P. Huelsenbeck, and J. Nieves-Aldrey. 2004.
Bayesian phylogenetic analysis of combined data. Syst. Biol. 53: 47-67.

O’Meara, B. C., C. Ané, M. ]. Sanderson, and P. C. Wainwright. 2006. Testing
for different rates of continuous trait evolution using likelihood. Evolution
60: 922-933.

O’Reilly, J. E., and P. C. J. Donoghue. 2017. The efficacy of consensus tree
methods for summarizing phylogenetic relationships from a posterior
sample of trees estimated from morphological data. Syst. Biol. 67:
354-362.

Pagel, M. 1999. The maximum likelihood approach to reconstructing ances-
tral character states of discrete characters on phylogenies. Syst. Biol. 48:
612-622.

Parins-Fukuchi, C. 2017. Use of continuous traits can improve morphological
phylogenetics. Syst. Biol. 67: 328-339.

Parins-Fukuchi, C. 2018. Bayesian placement of fossils on phylogenies using
quantitative morphometric data. Evolution 72: 1801-1814.

Randle, E., and R. S. Sansom. 2017. Exploring phylogenetic relationships of
Pteraspidiformes heterostracans (Stem-Gnathostomes) using continuous
and discrete characters. J. Syst. Paleontol. 15: 583-599.

Rannala, B., and Z. Yang. 1996. Probability distribution of molecular evolu-
tionary trees: a new method of phylogenetic inference. J. Mol. Evol. 43:
304-311.

Ree, R. H., and M. J. Donoghue. 1998. Step matrices and the interpretation of
homoplasy. Syst. Biol. 47: 582-588.

Revell, L. J. 2012. Phytools: an R package for phylogenetic comparative
biology (and other things). Methods Ecol. Evol. 3: 217-223.

Revell, L. J. 2014. Ancestral character estimation under the threshold model
from quantitative genetics. Evolution 68: 743-759.

Rongquist, F, S. Klopfstein, L. Vilhelmsen, S. Schulmeister, D. L. Murray, and
A. P. Rasnitsyn. 2012. A total-evidence approach to dating with fossils,
applied to the early radiation of the Hymenoptera. Syst. Biol. 61: 973-999.

Smith, U. E., and J. R. Hendricks. 2013. Geometric Morphometric Character
suites as phylogenetic data: extracting phylogenetic signal from gastropod
shells. Syst. Biol. 62: 366-385.

Stamatakis, A. 2014. RAXxML Version 8: a tool for phylogenetic analysis and
post-analysis of large phylogenies. Bioinformatics 30: 1312-1313.

Stevens, P. F. 1991. Character states, morphological variation, and phylogen-
etic analysis: a review. Syst. Bot. 16: 553-583.

Suchard, M. A., R. E. Weiss, and J. S. Sinsheimer. 2005. Models for estimating
Bayes factors with applications to phylogeny and tests of monophyly.
Biometrics 61: 665-673.

Sullivan, J., and P. Joyce. 2005. Model selection in phylogenetics. Annu. Rev.
Ecol. Evol. Syst. 36: 445-466.

Sullivan, J., K. E. Holsinger, and C. Simon. 1996. The effect of topology on
estimates of among-site rate variation. J. Mol. Evol. 42: 308-312.

Swofford, D. L. 2003. PAUP*. Phylogenetic Analysis Using Parsimony (*and
Other Methods). Version 4. Sinauer Associates, Sunderland, MA.

Tarasov, S. 2019. Integration of anatomy ontologies and evo-devo using struc-
tured Markov models suggests a new framework for modeling discrete
phenotypic traits. Syst. Biol. syz00S5.

Tarasov, S., M. Istvan, J. Y. Matthew, and J. Uyeda. 2019. PARAMO pipeline:
reconstructing ancestral anatomies using ontologies and stochastic map-
ping. bioRxiv. Cold Spring Harbor Laboratory.

Tavaré, S. 1986. Some probabilistic and statistical problems in the analysis
of DNA sequences. Some Mathematical Questions in Biology: DNA
Sequence Analysis 17: 57-86.

Thiele, K. 1993. The holy grail of the perfect character: the cladistic treatment
of Morphometric data. Cladistics 9: 275-304.

Thorpe, J. P. 1982. The molecular clock hypothesis: biochemical evolution,
genetic differentiation and systematics. Annu. Rev. Ecol. Syst. 13: 139-168.



14

Insect Systematics and Diversity, 2019, Vol. 3, No. 3

Tuffley, C., and M. Steel. 1997. Links between maximum likelihood and max-
imum parsimony under a simple model of site substitution. Bull. Math. Biol.
59: 581-607.

Turner, H., and R. Zandee. 1995. The behaviour of Goloboff’s tree fitness
measure F. Cladistics 11: 57-72.

Turner, C. R., M. Derylo, C. D. de Santana, J. A. Alves-Gomes, and G. T. Smith.
2007. Phylogenetic comparative analysis of electric communication signals in
ghost knifefishes (Gymnotiformes: Apteronotidae). J. Exp. Biol. 210: 4104-4122.

Wagner, P. J. 2011. Modelling rate distributions using character compatibility:
implications for morphological evolution among fossil invertebrates. Biol.
Lett. 8: 143-146.

Watrous, L. E., and Q. D. Wheeler. 1981. The out-group comparison method
of character analysis. Syst. Biol. 30: 1-11.

Wiens, J. J. 2001. Character analysis in morphological phylogenetics: prob-
lems and solutions. Syst. Biol. 50: 689-699.

Wiens, J. J. 1998. Testing phylogenetic methods with tree congruence:
phylogenetic analysis of polymorphic morphological characters in
phrynosomatid lizards. Syst. Biol. 47: 427-444.

Wilson, E. O., . M. Carpenter, and W. L. Brown. 1967. The first mesozoic
ants, with the description of a new subfamily. Psyche 74: 1-19.

Wright, S. 1934. An analysis of variability in number of digits in an inbred
strain of Guinea Pigs. Genetics 19: 506.

Wright, A. M., and D. M. Hillis. 2014. Bayesian analysis using a simple like-
lihood model outperforms parsimony for estimation of phylogeny from
discrete morphological data. PLoS One 9: €109210.

Wright, A. M., G. T. Lloyd, and D. M. Hillis. 2016. Modeling character change
heterogeneity in phylogenetic analyses of morphology through the use of
priors. Syst. Biol. 65: 602-611.

Xie, W., P. O. Lewis, Y. Fan, L. Kuo, and M. H. Chen. 2011. Improving mar-
ginal likelihood estimation for Bayesian phylogenetic model selection.
Syst. Biol. 60: 150-160.

Yang, Z. 1994. Maximum likelihood phylogenetic estimation from DNA
sequences with variable rates over sites: approximate methods. J. Mol. Evol.
39:306-314.

Yang, Z. 1996. Among-site rate variation and its impact on phylogenetic ana-
lyses. Trends Ecol. Evol. 11: 367-372.

Yang, Z.2007. PAML 4: Phylogenetic analysis by maximum likelihood. Mol.
Biol. Evol. 24: 1586-1591.

Yek, S. H., and U. G. Mueller. 2010. The metapleural gland of ants. Biol. Rev.
86: 774-791.



