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Neuroanatomical Data

Eric Lewitus™
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Brain evolution has interested neuroanatomists for over a century. These interests often
fall on how free the brain is to evolve independently of the body, how free brain
regions are to evolve independently of each other, and how different environmental and
ecological factors affect the brain over evolutionary time. But despite major advances
in phylogenetic methods, comparative neuroanatomists have tended to limit their
macroevolutionary toolbox to regression-based analyses and ignored the scope of
evolutionary process-based models at their disposal. This Review summarizes the history
of comparative neuroanatomy and highlights the pitfalls of the methodologies traditionally
used. It provides an overview of evolutionary process-based modeling approaches for
investigating univariate and multivariate data, as well as more sophisticated methods
that incorporate hypotheses about biotic and abiotic pressures that may drive brain
evolution. The benefits of evolutionary process-based models, and shortcomings of
regression-based ones, are illustrated with widely used neuroanatomical data. Ultimately,
the intent of this Review is to be a guide for subsuming macroevolutionary methods not
typically used in comparative neuroanatomy, in order to improve our understanding of
how the brain evolves.
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INTRODUCTION

How the brain evolves is a question that has interested evolutionary biologists for over a century,
likely because it is the same organ that is needed to ask the question. The long history of work
investigating its answer has basically fallen into two camps: the ecological and social factors that
underpin evolutionary changes in brain architecture (why the brain evolves); and the metabolic and
functional constraints shaping those changes (how the brain evolves). Beginning in the nineteenth
century, naturalists such as Dubois, Lapicque, and Snell recognized a consistent relationship
between brain and body size, which was later formalized into the concept of allometry by Huxley
and Teissier (1936). The concept that evolutionary changes in brain size are linked to changes
in body size—and its extension, that there are coordinated evolutionary changes among different
brain regions—has framed our understanding of how brains evolve (Jerison, 1975). Consequently,
variation in brain size is generally interpreted in terms of how it deviates from allometric
expectations. In the broadest terms, deviations are interpreted functionally, such that species with
brains larger than expected for their body mass are interpreted as being more intelligent (Roth
and Dicke, 2005); and, likewise, species with a brain region (e.g., the neocortex or striatum)
larger than expected for their brain size are interpreted as having undergone adaptive selection
for the functionality prescribed to that region. Our understanding of why the brain evolves,
on the other hand, in an adaptive sense, assumes that changes in behavior are subsidized by
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changes in the neural substrates regulating that behavior. For
example, the superior colliculus, a major visual region, is nearly
40 times smaller than predicted by allometry in the blind
mole rat (Cooper et al., 1993), whereas the inferior colliculus,
an auditory region, is several times larger than predicted by
allometry in echolocating bats (Striedter, 2005). Of course, the
identification and quantification of deviations from expectations
depend on properly estimating the scaling exponent of the
relationship, which can be tricky (Jerison, 1975; Harvey and
Pagel, 1988; Grabowski et al., 2016), and can be additionally
difficult to disentangle from evidence of convergene (Aristide
et al., 2016; Mahler et al., 2017), which will affect evolutionary
interpretations. These two camps have together amassed support
for many hypotheses to explain interspecific variation in brain
architecture. Among them are effects of diet and sociality on
brain size (see Powell et al., 2017), differential enlargement of
the prefrontal cortex in great apes (Smaers et al., 2017), and
clade-specific trends in neuron number and density (Herculano-
Houzel et al.,, 2014). However, the existence of support for so
many (often incompatible) hypotheses underscores a problem
(Dunbar and Shultz, 2017). This problem may be due in part to
how we define traits and behaviors as they relate to the brain. But
it is also certainly due to methodological shortcomings, and that
is the focus of this review.

Support in comparative neuroanatomy is almost exclusively
defined as correlational support, and analyses are largely
restricted to regressions on continuous character states. While
not wrong in themselves, these approaches are limited and
rarely adequately assessed. The scope of ill-fitting evolutionary
analyses in the field extend from run-of-the-mill mistakes in
checking model assumptions (which are not uncommon in
comparative biology generally) to misconceptions bordering
on hostility to "unfortunate phylogenetic inferences” (Mota
and Herculano-Houzel, 2016). Additionally, other types of
phylogenetic approaches are almost never considered. While the
compendium of existing work on brain evolution is not at all
invalidated by this, it is valuable to understand what phylogenetic
comparative methods (PCMs) can (and cannot) do, in order
to ferret out exactly what this work says (and does not say)
about how the brain evolves. Specifically, it is important to
draw a distinction between methodological approaches that infer
correlations between traits and those that infer the evolutionary
processes driving traits to (co-)evolve.

We know that the brain is a highly integrated functional
system that develops wunder evolutionarily conserved
developmental constraints (Strausfeld and Hirth, 2013; Lewitus
and Huttner, 2015). We also know that, as a consequence of
this, the brain is not simply the sum of its individually evolving
parts, but that it is comprised of modules that are shared across
species (Goswami, 2007). Multivariate evolutionary models,
which are becoming increasingly advanced and accessible (e.g.,
Bartoszek et al., 2012; Clavel et al., 2015), are key to investigating
how these modules—whether they are genetic, cell-biological,
or morphological—evolve differently across species. Ultimately,
our goal should be aimed toward developing and applying
increasingly sophisticated models that can account for the
evolution of such an imposing, complex structure. Adopting

an arsenal of process-based models strengthens our ability to
investigate how the brain evolves by allowing us to consider
explicit hypotheses of interspecific competition, environmental
influences, trait covariation and causality, directional selection,
and information on rates and modes of evolutionary change.
In this paper, I review macroevolutionary theories for trait
diversification and the advantages and disadvantages of both
regression- and process-based PCMs. I provide examples of
how regression-based analyses can lead to misleading or even
spurious inferences of trait evolution. I analyse published
neuroanatomical data using process-based modeling to illustrate
the utility of this approach. Finally, I provide a blueprint for
conducting macroevolutionary analyses on neuroanatomical
data and outline how this might be used to incorporate data
at different neurobiological scales. In full, it is important
that this field takes advantage of the totality of available
macroevolutionary methods.

PHYLOGENETIC COMPARATIVE
METHODS: A MODEL-BASED APPROACH

At its core, the evolutionary history of a trait is described by
mode and rate of change. Does the cortex evolve faster than the
cerebellum? Is there a slowdown in V1 evolution in primates?
The mode and rate are defined by how (dis)similar trait values
are among species over a given amount of time assuming a
model of evolutionary change. As different models make different
assumptions about data, infer different rates of change, and
ultimately give different hypotheses about how traits evolved,
model choice is absolutely critical.

The Univariate Case

The standard model for trait evolution is Brownian motion (BM),
which describes trait variance as a linear function of time. Under
this model, the mean value of a trait can increase or decrease
independently of its current state, as long as the net change is
zero (Cavalli-Sforza and Edwards, 1967; Felsenstein, 1985). This
is represented as dY; = odB; for a trait Y at time ¢ with rate
parameter o. However, because species share an evolutionary
history does not necessarily mean that trait variance accrues
linearly with time (Figure 1). In fact, it is highly unlikely that
all traits evolve according to a BM process; and changes in trait
variance through time may not only be due to time-varying rates,
but instead to shifts in evolutionary mode (Hunt, 2012; Slater,
2013). A modified version of the BM model is the Ornstein-
Uhlenbeck (OU) model (Hansen, 1997; Butler and King, 2004),
which includes an additional parameter to measure the tendency
toward an optimal trait value, 0. This is represented as dY; =
—a(Y; — 0)dt + odB;, where « is the magnitude of stabilizing
selection acting on the trait. Tendency toward an optimum can
represent many things, including directional selection, response
to an extrinsic factor, or developmental or functional constraint
from an intrinsic factor. Likewise, the BM model can be relaxed
to account for accelerating (AC) or decelerating (DC) rates of
trait evolution through time (Blomberg et al., 2003). This is often
used to test for signs of an early burst (EB) in the evolution
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of a trait, indicative of an adaptive radiation (Harmon et al.,
2010). Given trait data on a phylogeny, we can calculate the
likelihood of support for different models. We can then select
the model with the most support (i.e., the best fit model) to infer
the mode and rate of change of that trait across the phylogeny.
In doing so, we can better understand the evolutionary process
underlying the distribution of a trait across a clade, as well
as compare processes and rates between clades. The dataset
of Stephan et al. (1981), which is comprised of volumetric
measurements for different brain regions for mammalian species,
has been foundational for comparative neuroanatomy. But in the
hundreds of analyses of this dataset, the measured brain volumes
have always been assumed to evolve according to a BM process
(Finlay and Darlington, 1995; Barton and Harvey, 2000) - or, in
the case of the social brain hypothesis (Dunbar, 1992), not to
have evolved according to any process at all. However, we can

see that this is a bad assumption (Figure 2). Rather, whole brain,
cerebellum, medulla oblongata, and olfactory bulb volume are
better supported by OU processes, suggesting that in this subset
of mammals different evolutionary processes are driving trait
changes in different brain regions. This highlights the importance
of finding the best model to explain the data under analysis,
because the evolutionary story that is reconstructed for those
data (e.g., an estimate of the brain volume of a clade’s ancestor
generated using ancestral state reconstruction under the best fit
model) will necessarily change depending on the model fit to
them.

The Multivariate Case

The brain is a complex organ with many interacting parts. Those
parts tend to be developmentally or functionally integrated,
which can result in co-evolution due to genetic covariance or
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FIGURE 1 | Simulations of two traits co-evolving under different processes. In (A), the trait co-variance accrues linearly with time according to a BM process, while in
(B) the traits are attracted toward an optimum value. (C) An example of phylogenetic trait changes over time.
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FIGURE 2 | Model fits and parameter estimates for mammalian brain regions. (A) Akaike weights for BM, OU, and EB models fit to brain or brain region volume for
mammalian species in Stephan et al. (1981). (B) Inferred evolutionary rate parameters for the best fit models. Note that, because the whole brain, medulla, cerebellum,
and olfactory bulb are best supported by an OU model, their rate estimates are artifactually elevated compared to other regions. Model fits and parameter estimates
computed using the R package mvMORPH (Clavel et al., 2015) on 100 posterior distributions of the mammalian phylogeny (Faurby and Svenning, 2015).
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correlated selection (Armbruster et al., 2014). So a frequent
question in comparative neuroanatomy is how two (or more)
traits co-evolve. The typical analytical approach for determining
correlations between two variables is ordinary least squares
(OLS) regression, but this assumes statistically independent data.
Because species share an evolutionary history, they are not
independent data points and therefore OLS regression is not
typically appropriate [but see Revell (2010)]. Rather, the most
popular method for measuring correlations between species traits
is phylogenetic generalized least squares (PGLS; a generalization
of phylogenetic independent contrasts) (Grafen, 1989; Garland
and Ives, 2000; Blomberg et al., 2012). In its simplest (and most
common) form, PGLS assumes a BM process; but this comes
with certain theoretical and statistical limitations. Specifically, as
traits are not expected to evolve uniformly across a phylogeny,
especially when that phylogeny is large, PGLS regressions
assuming a BM model show high type I error rates (Revell, 2010).
Consequently, the residuals of trait values generated by different
processes simulated on the same tree are well fit by a PGLS
regression assuming a BM process, giving no indication of the
actual underlying evolutionary process (Figure 3). This would
lead to the spurious conclusion that the traits are correlated under
a BM process. Similarly, PGLS regression analyses on identical tip
data for trees simulated under different evolutionary processes
return statistically identical scaling coeflicients, making no
distinction between considerably different evolutionary scenarios
(Figure 4). Again, this analysis masks the true and more complex
evolutionary history of these traits. Moreover, when there is
uncorrelated residual error in the dependent variable, PGLS
performs even worse than OLS (Revell, 2010). This is likely due
to the (overlooked) fact that PGLS does not measure evolutionary
covariance between traits, but rather the evolutionary covariance
of one trait with respect to the tip values of another and therefore
is not sensitive to trait covariance through time. In other words,
any evidence of correlation cannot (on its own) be interpreted as
adaptive, despite claims to the contrary (Nunn and Barton, 2001).
These theoretical and statistical pitfalls should be considered
when choosing an approach for modeling multivariate trait
evolution.

Fortunately, a number of methods have been developed to
detect evidence of adaptive evolution in co-evolving traits (e.g.,
Revell and Harmon, 2008; Revell and Collar, 2009; Hadfield,
2010; Eastman et al., 2011), which measure how traits affect
each other’s evolution. As mentioned, one of the most frequently
debated topics in comparative neuroanatomy is the evolutionary
relationship between brain and body size. However, this debate
has largely been focused on how species are sampled or how
brain size is measured, but has not been concerned with how
the relationship is modeled, even though this relationship is
significantly affected by model assumptions. Recently, Grabowski
et al. (2016) showed that brain size allometry in mammals is
best explained by a model (Hansen and Bartoszek, 2012) that
explicitly allows body size (a predictor variable) to cause changes
in the variance of brain size (a response variable). In addition
to highlighting the spurious affects of using the wrong model,
this result provides a more meaningful explanation for the
nature of brain-body allometry that goes beyond a simple scaling

coefficient. More broadly, there have been many advances to
estimating correlated rates of change using the evolutionary rate
matrix (Revell and Harmon, 2008; Bartoszek et al., 2012; Beaulieu
et al,, 2012; Clavel et al., 2015), which provides a framework for
inferring the process behind evolutionary change in correlated
traits. An evolutionary variance-covariance matrix is especially
advantageous for studying correlated evolution, because it allows
for estimating rates for individual traits as well as covariance
between pairs of traits, which is additionally useful for testing
different models of trait evolution and detecting shifts in rates
leading to specific clades. To take the relationship between the
cortex (whole brain minus cerebellum) and cerebellum as an
example, which has been measured numerous times elsewhere
using PGLS and derived some correlational support under a BM
process (e.g., Barton and Harvey, 2000; Herculano-Houzel, 2010;
Barton and Venditti, 2014), we can estimate the relative support
of interacting and non-interacting BM and OU processes. In
doing so, we are directly comparing models in which rates
of change in the cortex and cerebellum co-evolve (with and
without stabilizing selection) against those in which cortical and
cerebellum volume evolve independently of one another. We
find that the co-evolution of cortical and cerebellum volume in
a subset of mammals (Stephan et al., 1981) is best explained by
a process in which both evolve toward optima under stabilizing
selection (AAICc = 11.68), while exerting negative influences
on each other over time (¢ = —0.489). To take another
example, of neuron and glia cell numbers in the mammalian
cortex (Herculano-Houzel, 2011), we find this relationship is
best supported by an interacting BM process (AAICc = 9.02),
wherein both cortical neuron and glia cell number evolve under
a BM model, but also exert positive influences on each other
through time (62 = 0.045). (Note that here o2 represents
evolutionary covariance.) In both cases, the evolution of the two
traits — cortical and cerebellum volume and cortical neuron and
glia number - can be better explained by their covariance through
time rather than by treating them as independently evolving,
which is contrary to how the data were treated in previous
analyses.

Hypothesis-Based Approaches

Itis often the case that we want to know not only the evolutionary
mode and tempo of a trait or even the correlated evolution
of two traits, but what other factors were involved in driving
evolutionary trait change. Any number of factors can affect
the rate of change of a trait, including habitat, interspecific
competition, or the global environment; and a number of models
have been developed to investigate the relative importance of
each of these factors. The environment-dependent model of
trait evolution (Clavel and Morlon, 2017) measures the rate
of change of a trait or the covariance of traits as a function
of some time-varying factor (e.g., temperature). The matching
competition (MC) model (Nuismer and Harmon, 2015; Drury
et al, 2016) can be used to estimate the effect interspecific
competition has on trait variance through time by computing
how changes of trait variance in one direction drive trait variance
in the opposite direction among species within a clade. These
models do not simply estimate the effects of the environment
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or interspecific interactions on rates of trait evolution, but by
estimating likelihoods for each model they can be compared to
each other and the trait models above. We can see, for example,
that encephalization quotient (EQ) evolution in mammals is best
supported by a model of temperature-dependence (AAICc =
26.06) over BM, OU, EB, MC, or §'3C—dependence (Figure 5),
where EQ has a negative dependency on temperature through
time. By using these hypothesis-based models, we can add
another layer to our understanding of not only the mode and
tempo of brain evolution, but the environmental and ecological
selection pressures driving them.

There are, of course, a number of hypothesis-based models
that can be implemented beyond those tested here. These include
an interclade interaction model (Manceau et al., 2016), which
can be particularly useful in highly divergent but ecologically
connected clades, such as carnivores and ungulates, where a

predator-prey relationship may have driven an evolutionary
arms race in cortical evolution. State-dependent speciation and
extinction (SSE) models, which estimate the effects of changes
in trait variance with shifts in phylogenetic diversification
(Maddison et al., 2007) and can be especially useful in
disentangling shifts in rates of trait change from shifts in
speciation or extinction rates. Models that incorporate fossil data
(on, for example, endocranial volume) have also been developed
to guide evolutionary inference using the fossil record (Heath
et al., 2014). Perhaps the most widespread models are rate-
shifting models, which estimate shifts in rates of trait evolution
along certain branches or in certain clades (Rabosky, 2014). Many
comparative analyses assume clade-specific patterns a priori
and then derive different regression coefficients for those clades
as evidence of differences in patterns (e.g., Herculano-Houzel,
2011; Neves et al., 2014; Mota and Herculano-Houzel, 2015).
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Of course, clades are hypotheses themselves and constraining  are an unbiased approach to determining whether there are
analyses by such assumptions not only limits the questions indeed shifts in trait (co-)variances leading to certain clades.
we can ask (and answer), but also biases analyses toward In total, the inclusion of these models can provide a much
finding clade-specific patterns. Rate-shifting models, therefore,  larger framework for inferring evolutionary scenarios leading to
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changes in neuroanatomy and estimating exactly the effect of
those scenarios on neuroanatomical differences across species.

A Checklist for Applying Model-Based

PCMs to Neuroanatomical Data

The model one chooses to use in an analysis is as much an
hypothesis as the biological question under analysis. Therefore,
there are a number of questions that should be asked in the
data analysis pipeline. Equally importantly, these questions (and
their qualifications) should be stated explicitly in any analysis,
in order to help the reader understand why a certain model
was chosen and what assumptions (and limitations) should be
associated with the result. Firstly, how good is our phylogeny?
Approximately no trees are perfectly accurate, and so to account
for a lack of confidence in topology and branch-lengths, it
is best practice to use a distribution of phylogenies and sum
results over all of them. This can be done, for example, using
Bayesian inference to take a posterior probability distribution of
a phylogenetic reconstruction (Bouckaert et al., 2014). Secondly,
which models are appropriate for our data? It is, of course,
possible to simply run the gamut of available trait models and
see what sticks (best), however, this makes it increasingly difficult
to interpret results in a meaningful way. In the most basic sense,
a phylogenetic analysis should be treated like an experiment,
leveraging a hypothesis-driven model (e.g., OU or MC) against
a null one. Commonly used methods for estimating the presence
of any phylogenetic signal include Blomberg’s K (Blomberg et al.,
2003), Moran’s I (Miinkemiiller et al., 2012), and Pagel’s A
(Pagel, 1999). [The latter, however, should be used with care:
smaller trees are biased toward near-zero A irrespective of a
true phylogenetic signal; and traits with a complex evolutionary
history can return spurious A values (Boettiger et al., 2012)].
Thirdly, do we have enough power to derive a meaningful result?
This, too, is a quantification of certainty in results and can be
assessed by computing Akaike weights of different models, in
order to give a sense of how much better one model is compared
to another. If all models show comparable Akaike weights, then
we may not have enough power to accurately assess the true
evolutionary process (e.g., the phylogeny is too small) or we may
not have included the correct model in our analysis. Finally, how
many ways can we interpret our results? Because data collection,
phylogeny reconstruction, and model choice are all hypotheses
with associated assumptions, the derived results of any analysis
are necessarily a product of those assumptions. Therefore, it is
crucial to report not only the statistical confidence of results, but
also the conceptual confidence based on the limitations imposed
by every analytical step.
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Connecting Neurobiological Processes to

Macroevolutionary Processes

So much of comparative neuroanatomy has been devoted to
characterizing cell-biological or molecular differences between
species (Yeung et al., 2017). This has helped find, for
example, similarities in cortical pyramidal neurons across
primates (Sherwood et al., 2003), differences in glia-neuron
ratios in primates and carnivores (Lewitus et al,, 2012), and
modifications to visual pathways in monkeys and humans
(Preuss and Coleman, 2002). There is also, of course, a
monumental body of experimental work demonstrating the
functionality of differences in gene architecture and neural cell
morphology in model organisms, from the characterization of
neural progenitor diversity in primates (Betizeau et al.,, 2013)
to the identification of human-specific brain expansion genes
(Florio et al.,, 2015). Ecological pressures act on behaviors,
which lead to changes in developmental programming of
the circuitry regulating those behaviors, and those changes
are underwritten by selection on genes. Yet, these scales of
biological phenomena are rarely integrated into phylogenetic
studies of brain evolution. The few exceptions, including work
on the role of microcephaly genes in primate brain evolution
(Montgomery and Mundy, 2012) and the adaptiveness of self-
renewing bipolar progenitors in the evolution of cortical folding
(Lewitus et al., 2014), have shown the potential of integrating
these scales to fine-tune our understanding of how the brain
evolved. Future studies can take advantage of the advancing
approaches devoted to identifying and characterizing modularity
Goswami and Finarelli (2016) and co-evolution in multiple
neuroanatomical traits (Morlon et al., 2016), which can be
used to investigate how functionally integrated aspects of the
brain evolved. Model-based phylogenetics provides a framework
for investigating the macroevolutionary processes governing
changes in neuroanatomy across species and can become a
useful tool for investigating the social and environmental factors
that have shaped the brain at the morphological and molecular
level.

AUTHOR CONTRIBUTIONS

This work was conceived and executed by EL.

ACKNOWLEDGMENTS

EL would like to thank Leandro Aristide, Julian Clavel, and
Jonathan Drury for their comments and Evan Charles for helpful
discussion.

Barton, R. A., and Harvey, P. H. (2000). Mosaic evolution of brain structure in
mammals. Nature 405, 1055. doi: 10.1038/35016580

Barton, R. A., and Venditti, C. (2014). Rapid evolution of the cerebellum
in humans and other great Curr.  Biol. 24, 2440-2444.
doi: 10.1016/j.cub.2014.08.056

Bartoszek, K., Pienaar, J., Mostad, P., Andersson, S., and Hansen, T. F.
(2012). A phylogenetic comparative method for studying multivariate
adaptation. J. Theor. Biol. 314, 204-215. doi: 10.1016/j.jtbi.2012.
08.005

apes.

Frontiers in Neuroanatomy | www.frontiersin.org

July 2018 | Volume 12 | Article 54


https://doi.org/10.1073/pnas.1514473113
https://doi.org/10.1098/rstb.2013.0245
https://doi.org/10.1038/35016580
https://doi.org/10.1016/j.cub.2014.08.056
https://doi.org/10.1016/j.jtbi.2012.08.005
https://www.frontiersin.org/journals/neuroanatomy
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroanatomy#articles

Lewitus

Modeling Macroevolution of the Brain

Beaulieu, J. M., Jhwueng, D.-C., Boettiger, C., and O’Meara, B. C. (2012). Modeling
stabilizing selection: expanding the ornstein-uhlenbeck model of adaptive
evolution. Evolution 66, 2369-2383. doi: 10.1111/j.1558-5646.2012.01619.x

Betizeau, M., Cortay, V., Patti, D., Pfister, S., Gautier, E., Bellemin-Ménard,
A., et al. (2013). Precursor diversity and complexity of lineage relationships
in the outer subventricular zone of the primate. Neuron 80, 442-457.
doi: 10.1016/j.neuron.2013.09.032

Blomberg, S. P., Garland Jr, T., and Ives, A. R. (2003). Testing for phylogenetic
signal in comparative data: behavioral traits are more labile. Evolution 57,
717-745. doi: 10.1111/j.0014-3820.2003.tb00285.x

Blomberg, S. P., Lefevre, J. G., Wells, J. A.,, and Waterhouse, M. (2012).
Independent contrasts and pgls regression estimators are equivalent. Syst. Biol.
61, 382-391. doi: 10.1093/sysbio/syr118

Boddy, A. M., McGowen, M. R., Sherwood, C. C., Grossman, L. I, Goodman,
M., and Wildman, D. E. (2012). Comparative analysis of encephalization in
mammals reveals relaxed constraints on anthropoid primate and cetacean brain
scaling. J. Evol. Biol. 25, 981-994. doi: 10.1111/j.1420-9101.2012.02491.x

Boettiger, C., Coop, G., and Ralph, P. (2012). Is your phylogeny informative?
measuring the power of comparative methods. Evolution 66, 2240-2251.
doi: 10.1111/j.1558-5646.2011.01574.x

Bouckaert, R., Heled, J., Kithnert, D., Vaughan, T., Wu, C.-H., Xie, D, et al. (2014).
BEAST 2: a software platform for Bayesian evolutionary analysis. PLoS Comput.
Biol. 10:¢1003537. doi: 10.1371/journal.pcbi.1003537

Butler, M. A, and King, A. A. (2004). Phylogenetic comparative analysis:
a modeling approach for adaptive evolution. Am. Nat. 164, 683-695.
doi: 10.1086/426002

Cavalli-Sforza, L. L., and Edwards, A. W. (1967).
analysis: models and estimation procedures. Evolution 21,
doi: 10.1111/j.1558-5646.1967.tb03411.x

Clavel, J., Escarguel, G., and Merceron, G. (2015). mvmorph: an r package for
fitting multivariate evolutionary models to morphometric data. Methods Ecol.
Evol. 6,1311-1319. doi: 10.1111/2041-210X.12420

Clavel, J., and Morlon, H. (2017). Accelerated body size evolution during cold
climatic periods in the Cenozoic. Proc. Natl. Acad. Sci. U.S.A. 114, 4183-4188.
doi: 10.1073/pnas.1606868114

Cooper, H. M., Herbin, M., and Nevo, E. (1993). Visual system of a naturally
microphthalmic mammal: The blind mole rat, spalax ehrenbergi. J. Comp.
Neurol. 328, 313-350. doi: 10.1002/cne.903280302

Drury, J., Clavel, J., Manceau, M., and Morlon, H. (2016). Estimating the effect of
competition on trait evolution using maximum likelihood inference. Syst. Biol.
65, 700-710. doi: 10.1093/sysbio/syw020

Dunbar, R, and Shultz, S. (2017). Why are there so many explanations
for primate brain evolution? Phil. R. Soc. B 372:20160244.
doi: 10.1098/rstb.2016.0244

Dunbar, R. I. (1992). Neocortex size as a constraint on group size in primates. J.
Hum. Evol. 22, 469-493. doi: 10.1016/0047-2484(92)90081-]

Eastman, J. M. Alfaro, M. E., Joyce, P, Hipp, A. L, and Harmon,
L. J. (2011). A novel comparative method for identifying shifts in
the rate of character evolution on trees. Evolution 65, 3578-3589.
doi: 10.1111/j.1558-5646.2011.01401.x

Faurby, S., and Svenning, J.-C. (2015). A species-level phylogeny of all extant and
late Quaternary extinct mammals using a novel heuristic-hierarchical Bayesian
approach. Mol. Phylogenet. Evol. 84, 14-26. doi: 10.1016/j.ympev.2014.11.001

Felsenstein, J. (1985). Phylogenies and the Comparative Method. Am. Nat. 125,
1-15. doi: 10.1086/284325

Finlay, B. L., and Darlington, R. B. (1995). Linked regularities in the
development and evolution of mammalian brains. Science 268, 1578-1584.
doi: 10.1126/science.7777856

Florio, M., Albert, M., Taverna, E., Namba, T., Brandl, H., Lewitus, E., et al. (2015).
Human-specific gene ARHGAP11b promotes basal progenitor amplification
and neocortex expansion. Science 347, 1465-1470. doi: 10.1126/science.aaal975

Garland, T. and Ives (2000). Using the past to predict the present: Confidence
intervals for regression equations in phylogenetic comparative methods. Am.
Nat. 155, 346-364. doi: 10.1086/303327

Goswami, A. (2007). Cranial modularity and sequence heterochrony in mammals.
Evol. Dev. 9, 290-298. doi: 10.1111/j.1525-142X.2007.00161.x

Goswami, A., and Finarelli, J. A. (2016). Emmli: A maximum likelihood approach
to the analysis of modularity. Evolution 70, 1622-1637. doi: 10.1111/ev0.12956

Phylogenetic
550-570.

Trans.

Grabowski, M., Voje, K. L., and Hansen, T. F. (2016). Evolutionary modeling
and correcting for observation error support a 3/5 brain-body allometry for
primates. J. Hum. Evol. 94, 106-116. doi: 10.1016/j.jhevol.2016.03.001

Grafen, A. (1989). The phylogenetic regression. Phil. Trans. R. Soc. Lond. B 326,
119-157. doi: 10.1098/rstb.1989.0106

Hadfield, J. D. (2010). Mcmc methods for multi-response generalized
linear mixed models: the mcmcglmm r package. J. Stat. Soft. 33, 1-22.
doi: 10.18637/jss.v033.i02

Hannisdal, B., and Peters, S. E. (2011). Phanerozoic earth system evolution and
marine biodiversity. Science 334, 1121-1124. doi: 10.1126/science.1210695

Hansen, T. F. (1997). Stabilizing selection and the comparative analysis of
adaptation. Evolution 51, 1341-1351. doi: 10.1111/j.1558-5646.1997.tb01457.x

Hansen, T. F., and Bartoszek, K. (2012). Interpreting the evolutionary regression:
the interplay between observational and biological errors in phylogenetic
comparative studies. Syst. Biol. 61, 413-425. doi: 10.1093/sysbio/syr122

Harmon, L. J., Losos, J. B., Jonathan Davies, T., Gillespie, R. G., Gittleman,
J. L, Bryan Jennings, W., et al. (2010). Early bursts of body size and
shape evolution are rare in comparative data. Evolution 64, 2385-2396.
doi: 10.1111/j.1558-5646.2010.01025.x

Harvey, P. H., and Pagel, M. D. (1988). The allometric approach to species
differences in brain size. Hum. Evol. 3, 461-472. doi: 10.1007/BF02436332

Heath, T. A., Huelsenbeck, J. P., and Stadler, T. (2014). The fossilized birth-death
process for coherent calibration of divergence-time estimates. Proc. Natl. Acad.
Sci. U.S.A. 111, E2957-E2966. doi: 10.1073/pnas.1319091111

Herculano-Houzel, S. (2010). Coordinated scaling of cortical and cerebellar
numbers of neurons. Front. Neuroanat. 4:12. doi: 10.3389/fnana.2010.00012

Herculano-Houzel, S. (2011). Not all brains are made the same: new views on brain
scaling in evolution. Brain Behav. Evol. 78, 22-36. doi: 10.1159/000327318

Herculano-Houzel, S., Manger, P. R,, and Kaas, J. H. (2014). Brain scaling in
mammalian evolution as a consequence of concerted and mosaic changes in
numbers of neurons and average neuronal cell size. Front. Neuroanat. 8:77.
doi: 10.3389/fnana.2014.00077

Hunt, G. (2012). Measuring rates of phenotypic evolution and the inseparability
of tempo and modemeasuring rates of phenotypic evolution. Paleobiology 38,
351-373. doi: 10.1666/11047.1

Huxley, J. S., and Teissier, G. (1936). Terminology of relative growth. Nature
137:780. doi: 10.1038/137780b0

Jerison, H. J. (1975). Evolution of the Brain and Intelligence, Vol. 16. [University of
Chicago Press, Wenner-Gren Foundation for Anthropological Research].

Lewitus, E., Hof, P. R, and Sherwood, C. C. (2012). Phylogenetic
comparison of neuron and glia densities in the primary visual cortex
and hippocampus of carnivores and primates. Evolution 66, 2551-2563.
doi: 10.1111/j.1558-5646.2012.01601.x

Lewitus, E., and Huttner, W. B. (2015). Neurodevelopmental lincRNA microsyteny
conservation and mammalian brain size evolution. PLoS ONE 10:e0131818.
doi: 10.1371/journal.pone.0131818

Lewitus, E., Kelava, I, Kalinka, A. T., Tomancak, P., and Huttner, W. B.
(2014). An adaptive threshold in mammalian neocortical evolution. PLoS Biol.
12:1002000. doi: 10.1371/journal.pbio.1002000

Maddison, W. P., Midford, P. E., and Otto, S. P. (2007). Estimating a binary
character’s effect on speciation and extinction. Syst. Biol. 56, 701-710.
doi: 10.1080/10635150701607033

Mabhler, D. L., Weber, M. G., Wagner, C. E.,, and Ingram, T. (2017). Pattern
and process in the comparative study of convergent evolution. Am. Nat. 190,
S13-S28. doi: 10.1086/692648

Manceau, M., Lambert, A., and Morlon, H. (2016). A unifying comparative
phylogenetic framework including traits coevolving across interacting lineages.
Syst. Biol. 66, 551-568. doi: 10.1093/sysbio/syw115

Mayhew, P. ], Jenkins, G. B., and Benton, T. G. (2008). A long-term association
between global temperature and biodiversity, origination and extinction in the
fossil record. Proc. Biol. Sci. R. Soc. 275, 47-53. doi: 10.1098/rspb.2007.1302

Montgomery, S. H., and Mundy, N. I. (2012). Evolution of ASPM is associated with
both increases and decreases in brain size in primates. Evolution 66, 927-932.
doi: 10.1111/j.1558-5646.2011.01487.x

Morlon, H., Lewitus, E., Condamine, F. L., Manceau, M., Clavel, J., and
Drury, J. (2016). RPANDA: an r package for macroevolutionary analyses on
phylogenetic trees. Methods Ecol. Evol. 7, 589-597. doi: 10.1111/2041-210X.
12526

Frontiers in Neuroanatomy | www.frontiersin.org

July 2018 | Volume 12 | Article 54


https://doi.org/10.1111/j.1558-5646.2012.01619.x
https://doi.org/10.1016/j.neuron.2013.09.032
https://doi.org/10.1111/j.0014-3820.2003.tb00285.x
https://doi.org/10.1093/sysbio/syr118
https://doi.org/10.1111/j.1420-9101.2012.02491.x
https://doi.org/10.1111/j.1558-5646.2011.01574.x
https://doi.org/10.1371/journal.pcbi.1003537
https://doi.org/10.1086/426002
https://doi.org/10.1111/j.1558-5646.1967.tb03411.x
https://doi.org/10.1111/2041-210X.12420
https://doi.org/10.1073/pnas.1606868114
https://doi.org/10.1002/cne.903280302
https://doi.org/10.1093/sysbio/syw020
https://doi.org/10.1098/rstb.2016.0244
https://doi.org/10.1016/0047-2484(92)90081-J
https://doi.org/10.1111/j.1558-5646.2011.01401.x
https://doi.org/10.1016/j.ympev.2014.11.001
https://doi.org/10.1086/284325
https://doi.org/10.1126/science.7777856
https://doi.org/10.1126/science.aaa1975
https://doi.org/10.1086/303327
https://doi.org/10.1111/j.1525-142X.2007.00161.x
https://doi.org/10.1111/evo.12956
https://doi.org/10.1016/j.jhevol.2016.03.001
https://doi.org/10.1098/rstb.1989.0106
https://doi.org/10.18637/jss.v033.i02
https://doi.org/10.1126/science.1210695
https://doi.org/10.1111/j.1558-5646.1997.tb01457.x
https://doi.org/10.1093/sysbio/syr122
https://doi.org/10.1111/j.1558-5646.2010.01025.x
https://doi.org/10.1007/BF02436332
https://doi.org/10.1073/pnas.1319091111
https://doi.org/10.3389/fnana.2010.00012
https://doi.org/10.1159/000327318
https://doi.org/10.3389/fnana.2014.00077
https://doi.org/10.1666/11047.1
https://doi.org/10.1038/137780b0
https://doi.org/10.1111/j.1558-5646.2012.01601.x
https://doi.org/10.1371/journal.pone.0131818
https://doi.org/10.1371/journal.pbio.1002000
https://doi.org/10.1080/10635150701607033
https://doi.org/10.1086/692648
https://doi.org/10.1093/sysbio/syw115
https://doi.org/10.1098/rspb.2007.1302
https://doi.org/10.1111/j.1558-5646.2011.01487.x
https://doi.org/10.1111/2041-210X.12526
https://www.frontiersin.org/journals/neuroanatomy
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroanatomy#articles

Lewitus

Modeling Macroevolution of the Brain

Mota, B., and Herculano-Houzel, S. (2015). Cortical folding scales universally
with surface area and thickness, not number of neurons. Science 349, 74-77.
doi: 10.1126/science.aaa9101

Mota, B., and Herculano-Houzel, S. (2016). Response to comments on “cortical
folding scales universally with surface area and thickness, not number of
neurons.” Science 351, 826-826. doi: 10.1126/science.aad2346

Miinkemiiller, T., Lavergne, S., Bzeznik, B., Dray, S., Jombart, T., Schiffers, K., et al.
(2012). How to measure and test phylogenetic signal. Methods Ecol. Evol. 3,
743-756. doi: 10.1111/j.2041-210X.2012.00196.x

Neves, K., Meireles Ferreira, F. M., Tovar-Moll, F., Gravett, N., Bennett, N, C,,
Kaswera, C., et al. (2014). Cellular scaling rules for the brain of afrotherians.
Front. Neuroanat. 8:5. doi: 10.3389/fnana.2014.00005

Nuismer, S. L., and Harmon, L. J. (2015). Predicting rates of interspecific
interaction from phylogenetic trees. Ecol. Lett. 18,17-27. doi: 10.1111/ele.12384

Nunn, C. L., and Barton, R. A. (2001). Comparative methods for studying primate
adaptation and allometry. Evol. Anthropol. 10, 81-98. doi: 10.1002/evan.1019

Pagel, M. (1999). Inferring the historical patterns of biological evolution. Nature
401, 877-884. doi: 10.1038/44766

Paradis, E., Claude, J., and Strimmer, K. (2004). APE: analyses of
phylogenetics and evolution in r language. Bioinformatics 20, 289-290.
doi: 10.1093/bioinformatics/btg412

Powell, L. E,, Isler, K., and Barton, R. A. (2017). Re-evaluating the link between
brain size and behavioural ecology in primates. Proc. R. Soc. Lond. B Biol. Sci.
284:20171765. doi: 10.1098/rspb.2017.1765

Preuss, T. M., and Coleman, G. Q. (2002). Human-specific organization
of primary visual cortex: alternating compartments of dense cat-301
and calbindin immunoreactivity in layer 4a. Cereb. Cortex 12, 671-691.
doi: 10.1093/cercor/12.7.671

Rabosky, D. L. (2014). Automatic detection of key innovations, rate shifts,
and diversity-dependence on phylogenetic trees. PLoS ONE 9:¢89543.
doi: 10.1371/journal.pone.0089543

Revell, L. J. (2010). Phylogenetic signal and linear regression on species data.
Methods Ecol. Evol. 1, 319-329. doi: 10.1111/j.2041-210X.2010.00044.x

Revell, L. J, and Collar, D. C. (2009). Phylogenetic analysis of the
evolutionary ~correlation using likelihood. ~Evolution 63, 1090-1100.
doi: 10.1111/.1558-5646.2009.00616.x

Revell, L. J., and Harmon, L. J. (2008). Testing quantitative genetic hypotheses
about the evolutionary rate matrix for continuous characters. Evol. Ecol. Res.
10, 311-331.

Roth, G., and Dicke, U. (2005). Evolution of the brain and intelligence. Trends
Cogn. Sci. 9, 250-257. doi: 10.1016/j.tics.2005.03.005

Sherwood, C. C., Lee, P. W. Rivara, C.-B., Holloway, R. L., Gilissen,
E. P., Simmons, R. M., etal. (2003). Evolution of specialized pyramidal
neurons in primate visual and motor cortex. Brain Behav. Evol. 61, 28-44.
doi: 10.1159/000068879

Slater, G. J. (2013). Phylogenetic evidence for a shift in the mode
of mammalian body size evolution at the
boundary. Methods Ecol. Evol.
12084

Smaers, J. B., Gdémez-Robles, A. Parks, A. N. and Sherwood, C. C.
(2017). Exceptional evolutionary expansion of prefrontal cortex in
great apes and humans. Curr. Biol. 27, 714-720. doi: 10.1016/j.cub.2017.
01.020

Stephan, H., Frahm, H., and Baron, G. (1981). New and revised data on volumes
of brain structures in insectivores and primates. Folia Primatol. 35, 1-29.
doi: 10.1159/000155963

Strausfeld, N. J., and Hirth, F. (2013). Homology versus convergence in resolving
transphyletic correspondences of brain organization. Brain Behav. Evol. 82,
215-219. doi: 10.1159/000356102

Striedter, G. (2005). Principles of Brain Evolution. Sunderland, MA: Sinauer
Associates.

Weir, J. T., and Mursleen, S. (2013). Diversity-dependent cladogenesis and trait
evolution in the adaptive radiation of the auks (aves: alcidae). Evolution 67,
403-416. doi: 10.1111/§.1558-5646.2012.01786.x

Yeung, A. W. K., Goto, T. K., and Leung, W. K. (2017). At the leading front of
neuroscience: A bibliometric study of the 100 most-cited articles. Front. Hum.
Neurosci. 11:363. doi: 10.3389/fnhum.2017.00363

cretaceous-palaecogene
4, 734-744. doi: 10.1111/2041-210X.

Conflict of Interest Statement: The author declares that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2018 Lewitus. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (CC BY). The use, distribution or
reproduction in other forums is permitted, provided the original author(s) and the
copyright owner(s) are credited and that the original publication in this journal
is cited, in accordance with accepted academic practice. No use, distribution or
reproduction is permitted which does not comply with these terms.

Frontiers in Neuroanatomy | www.frontiersin.org

July 2018 | Volume 12 | Article 54


https://doi.org/10.1126/science.aaa9101
https://doi.org/10.1126/science.aad2346
https://doi.org/10.1111/j.2041-210X.2012.00196.x
https://doi.org/10.3389/fnana.2014.00005
https://doi.org/10.1111/ele.12384
https://doi.org/10.1002/evan.1019
https://doi.org/10.1038/44766
https://doi.org/10.1093/bioinformatics/btg412
https://doi.org/10.1098/rspb.2017.1765
https://doi.org/10.1093/cercor/12.7.671
https://doi.org/10.1371/journal.pone.0089543
https://doi.org/10.1111/j.2041-210X.2010.00044.x
https://doi.org/10.1111/j.1558-5646.2009.00616.x
https://doi.org/10.1016/j.tics.2005.03.005
https://doi.org/10.1159/000068879
https://doi.org/10.1111/2041-210X.12084
https://doi.org/10.1016/j.cub.2017.01.020
https://doi.org/10.1159/000155963
https://doi.org/10.1159/000356102
https://doi.org/10.1111/j.1558-5646.2012.01786.x
https://doi.org/10.3389/fnhum.2017.00363
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neuroanatomy
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroanatomy#articles

	Inferring Evolutionary Process From Neuroanatomical Data
	Introduction
	Phylogenetic Comparative Methods: A Model-Based Approach
	The Univariate Case
	The Multivariate Case
	Hypothesis-Based Approaches
	A Checklist for Applying Model-Based PCMs to Neuroanatomical Data
	Connecting Neurobiological Processes to Macroevolutionary Processes

	Author Contributions
	Acknowledgments
	References


