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Studies of evolutionary correlations commonly use phylogenetic regression (i.e., independent contrasts and phylogenetic general-
ized least squares) to assess trait covariation in a phylogenetic context. However, while this approach is appropriate for evaluating
trends in one or a few traits, it is incapable of assessing patterns in highly multivariate data, as the large number of variables
relative to sample size prohibits parametric test statistics from being computed. This poses serious limitations for comparative
biologists, who must either simplify how they quantify phenotypic traits, or alter the biological hypotheses they wish to examine.
In this article, | propose a new statistical procedure for performing ANOVA and regression models in a phylogenetic context that can
accommodate high-dimensional datasets. The approach is derived from the statistical equivalency between parametric methods
using covariance matrices and methods based on distance matrices. Using simulations under Brownian motion, | show that the
method displays appropriate Type | error rates and statistical power, whereas standard parametric procedures have decreasing
power as data dimensionality increases. As such, the new procedure provides a useful means of assessing trait covariation across
a set of taxa related by a phylogeny, enabling macroevolutionary biologists to test hypotheses of adaptation, and phenotypic
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change in high-dimensional datasets.
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In comparative biology it is generally accepted that the evaluation
of evolutionary correlations among traits requires a phylogenetic
perspective. Because of shared evolutionary history, species in
a phylogeny are not independent (Felsenstein 1985; Harvey and
Pagel 1991; Felsenstein 2004; Revell et al. 2008; Pennell and
Harmon 2013). This leads to phenotypic similarities among taxa,
whose expected covariance may be described in proportion to
their shared ancestry under a specified model of trait evolution
(Felsenstein 1985; Grafen 1989; Martins and Hansen 1997; Rohlf
2001). As a consequence, statistical procedures that assess pat-
terns of covariation among traits from cross-species data must
take the evolutionary relationships among taxa into considera-
tion during the analysis, so that the lack of independence among
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species may be properly accounted for (Revell 2010). In these
circumstances, when evolutionary correlations among traits are
identified via phylogenetic comparative methods, such correla-
tions provide important evidence of adaptation and inform on the
evolutionary causes of phenotypic change (Garland et al. 1992;
Riiber and Adams 2001; Pennell and Harmon 2013), as the po-
tential effect of shared evolutionary history may be ruled out.
Over the past several decades, numerous analytical ap-
proaches have been developed to account for phylogenetic
nonindependence while assessing patterns of trait covariation
(Cheverud et al. 1985; Felsenstein 1985; Grafen 1989; Martins
and Hansen 1997; Diniz-Filho et al. 1998; Garland and Ives 2000;
Guill et al. 2003). Of the approaches available, phylogenetic
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regression (Felsenstein 1985; Grafen 1989) is most commonly
used for assessing evolutionary associations in a comparative
framework. Phylogenetic regression, which can be implemented
either using independent contrasts (PIC: Felsenstein 1985) or gen-
eralized least squares (PGLS: Grafen 1989; Martins and Hansen
1997), evaluates trait associations as described by linear models,
where one trait is treated as the dependent (response) variable, and
one or more additional traits are treated as explanatory (indepen-
dent) variables (Grafen 1989; Rohlf 2001; Pennell and Harmon
2013: described below). Most empirical studies of evolutionary
covariation examine patterns between one or a few traits. Some
classic examples include characterizing the evolutionary corre-
lations between body mass and home range size in mammals
(Garland et al. 1992), evaluating the correlation between life his-
tory traits and growth-related variables in maples (Ackerly and
Donoghue 1998), assessing the relationship between limb mea-
surements and functional performance in lizards (Losos 1990),
and evaluating the association between genome size and develop-
mental rate in salamanders (Sessions and Larson 1987).
Phylogenetic regression can also be used to evaluate evo-
lutionary patterns in multivariate datasets. In this case, the re-
sponse variable may be a set of measured traits treated simulta-
neously, or may be a complex multidimensional trait like shape
(for instance, as quantified from geometric morphometric meth-
ods: Bookstein 1991; Adams et al. 2013). Indeed, several studies
have investigated multivariate phenotypic evolution using phy-
logenetic regression using shape as data (e.g., Ribber and Adams
2001; McPeek et al. 2008; Monteiro and Nogueira 2011; Blankers
et al. 2012; Klingenberg and Marugidn-Lob6n 2013; Outomuro
et al. 2013a,b; Piras et al. 2013; for applications to other mul-
tivariate data types see: Lawing and Polly 2011). However, one
underappreciated challenge for these approaches when evaluating
highly multivariate datasets is that as the number of trait dimen-
sions equals or exceeds the number of species in the phylogeny
(p = N), parametric methods such as multivariate regression and
MANOVA cannot be used to assess significance. The reason for
this is that when p > N, the covariance matrices obtained from
these models are singular. Thus, parametric test statistics that
require inverting a covariance matrix or finding its determinant
(Wilks’ lambda, Pillai’s trace, etc.) cannot be computed, and the
matrix computations for obtaining the likelihood of such mod-
els cannot be completed (see Adams 2014a). Furthermore, for a
given number of species, it may be expected that the ability to
detect evolutionary patterns in such data will decrease as trait
dimensionality increases (a property that is demonstrated below).
Thus, while standard procedures for implementing phylo-
genetic regression can accommodate multivariate datasets, their
utility is compromised by the complexity of the phenotypic data
under consideration. For this reason, numerous authors have re-

duced the dimensionality of their data by representing it using
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a smaller set of principal component axes before implementing
phylogenetic analyses (Bergmann et al. 2009; Nogueira et al.
2009; Monteiro and Nogueira 2011; Brusatte et al. 2012: see rec-
ommendations in Monteiro 2013). However, this procedure is not
optimal, because one cannot assume that patterns of evolutionary
covariation between multivariate phenotypes and other factors
align with the major axes of variation that summarize the phe-
notypic traits (Monteiro 2013). Therefore, for high-dimensional
phenotypic datasets, an alternative procedure is required.

In this article, I propose a new statistical procedure for eval-
uating linear models in a phylogenetic context, under a Brown-
ian motion model of evolution, for high-dimensional multivariate
datasets like shape. The approach is derived from the statisti-
cal equivalency between methods based on covariance matrices
and those based on distance matrices. I show that for univari-
ate data, the distance-based approach (D-PGLS) provides nu-
merically identical estimates of evolutionary patterns to those
obtained from standard implementations of phylogenetic regres-
sion, demonstrating the statistical equivalency between the two.
I then demonstrate that the approach displays acceptable Type I
error and high statistical power for detecting evolutionary cor-
relations between an independent variable and high-dimensional
multivariate traits like shape. Further, I show that for multivariate
data, standard implementations of phylogenetic regression exhibit
decreasing statistical power with increasing dimensionality of the
response variable. Thus, these methods are hampered in their abil-
ity to identify evolutionary associations in a phylogenetic context
for high-dimensional phenotypic data. Finally, I present a bio-
logical example demonstrating the utility of the new approach
for high-dimensional datasets. Computer code written in R for
implementing the procedure is also provided.

Phylogenetic Regression via
Generalized Least Squares

One approach for assessing the evolutionary covariation between
variables in a phylogenetic context is phylogenetic regression,
or phylogenetic generalized least squares (PGLS: Grafen 1989;
Martins and Hansen 1997). For regression models, PGLS is math-
ematically equivalent to phylogenetically independent contrasts
(PIC: Garland and Ives 2000; Rohlf 2001; Blomberg et al. 2012).
However, phylogenetic regression can more easily accommodate
alternative statistical designs such as ANOVA and more compli-
cated factorial designs (Pennell and Harmon 2013), and can be
used with different evolutionary models (see below). With phylo-
genetic regression, phylogenetic relationships are taken into ac-
count while parameterizing the linear model Y = XB + ¢, which
is then statistically evaluated. Model parameterization is accom-
plished by incorporating the expected covariance due to the
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phylogeny into the residual error, ¢ (Martins and Hansen 1997).
Under a Brownian motion model of evolution, the lack of inde-
pendence due to shared ancestry is described by the phylogenetic
covariance matrix (C), which is an N x N matrix whose diagonal
elements contain the phylogenetic distance from the root of the
tree to each of the N species tips, and the off-diagonals contain
the phylogenetic distances from the root of the tree to the most
recent common ancestor for each pair of species (Garland and
Ives 2000; Rohlf 2001). In some cases, suitable branch-length
transformations of C can be used to represent alternative evo-
lutionary models, such as Ornstein—Uhlenbeck processes or an
ACDC model of evolutionary change (see Butler et al. 2000;
Blomberg et al. 2003).

Using phylogenetic regression on a single dependent (Y)
and independent (X) variable, parameter estimates describing the
relationship between the two variables while accounting for phy-
logeny may be found as

B=(x'c'x)"' x‘CY. )

Typically, a column of ones is appended to X to include
the intercept (Rohlf 2001). Predicted values from the model (?)
are then estimated, and used to determine the residual sums-of-
squares (Martins and Hansen 1997):

Y =Xp=X(X'C'X)" X'CY, )

SSkesia = (Y -Y)' € (Y -Y). 3)

Next, the total sums of squares (SSty¢) is obtained by re-
peating equations 1-3 on a design matrix X containing only the
column of ones. Variation explained by the regression model is
then estimated as SStot — SSResia, from which mean squares,
F-ratios, and R> may be obtained and evaluated. For more com-
plicated statistical designs, multiple terms may be included in
X, and the statistical relationship between each X-variable and
Y may be determined by repeating equations 1-3 above in a se-
quential fashion, each time removing a term from the model to
produce a new reduced model Xq (see Rencher and Christensen
2012). Finally, for multivariate Y data, the analytical procedure
described here is identical, but in this case sums-of-squares and
cross-product matrices (SSCP) are obtained rather than univariate
sums-of-squares (Rencher and Christensen 2012).

Phylogenetic Regression and the
Problem of High-Dimensional Data

Phylogenetic regression provides a flexible analytical tool for as-
sessing the degree of evolutionary association between variables
while accounting for phylogeny. Statistically, phylogenetic re-
gression is a parametric method that summarizes information in

Y based on variances and covariances. As such it is considered
an R-mode technique (sensu Legendre and Legendre 1998; see
also Krzanowksi 1993; Rencher and Christensen 2012). How-
ever, one complication with R-mode techniques is that for a given
sample size, as the number of trait dimensions (p) of the re-
sponse data increases, the ability to detect patterns in the data
decreases (Rao 1966), because the number of parameters to be
estimated increases with the number of dependent variables. This
phenomenon is known as Rao’s paradox, and its effects are well-
appreciated for standard multivariate R-mode methods such as
Hotelling’s T2 and MANOVA (Healy 1969; Olson 1974; Stevens
1980). Importantly, Rao’s paradox should also apply to phyloge-
netic regression, because it uses the same algebraic machinery to
obtain variances and parameter estimates as is implemented in re-
gression and ANOVA (equations 1-3 above). Thus it is expected
that the statistical power to detect patterns in a phylogenetic con-
text using standard implementations of phylogenetic regression
will decrease as the dimensionality of the dependent variables
(Y) increases. This relationship is demonstrated empirically be-
low. Furthermore, when the number of trait dimensions equals
or exceeds the number of species in the phylogeny (p = N),
significance testing using standard approaches to phylogenetic
regression cannot be completed, because the covariance matri-
ces obtained from the model are singular, and thus parametric
test statistics that require inverting a covariance matrix cannot be
obtained.

Unfortunately, the implications of these statistical shortcom-
ings have not been widely appreciated by comparative biologists,
though they pose severe limitations on the assessment of mul-
tivariate data in a phylogenetic context. Specifically, because of
Rao’s paradox, phylogenetic assessments of phenotypic data will
be compromised by the power of phylogenetic regression to de-
tect patterns in these data, because their statistical power is a
function of sample size (N) relative to trait dimensionality (p).
Thus, it will generally be more difficult to detect evolutionary
patterns in phenotypes that are characterized multivariately (like
shape), than it will be to identify patterns in single, univariate
traits such as body size. Further, in the extreme case where only
a few species exist in a clade, evolutionary biologists will be
limited to examining single traits, or must simplify their data
through dimension reduction approaches (e.g., principal compo-
nents) so that the statistical analyses themselves may be completed
(see discussion in Monteiro 2013). The undesirable consequence
is that methodological limitations are restricting the scope of phe-
notypic traits that are able to be examined with standard proce-
dures. In essence, comparative biologists are unable to fully test
hypotheses of adaptation in complex phenotypic traits because
they are constrained by the analytical tools currently at their dis-
posal for evaluating patterns in such data. Therefore, to assess
evolutionary patterns in high-dimensional phenotypic traits using
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a phylogenetic perspective, an alternative analytical framework is
required.

In classical multivariate analysis, some of the challenges
of analyzing high-dimensional data may be alleviated by using
procedures based on the matrix of pairwise distances among
specimens, rather than methods that use covariance matri-
ces (Krzanowksi 1993; Rencher and Christensen 2012). Such
distance-based (Q-mode) methods provide a complementary
(dual) view of multivariate data, as they summarize the same
information represented by covariance matrices but do so in a dif-
ferent manner (Krzanowksi 1993; Legendre and Legendre 1998).
Further, for Euclidean datasets there exists a statistical equiva-
lency between distance-based and covariance-based approaches
for many procedures such that empirical results derived from
both methods are numerically identical. This equivalency has
been demonstrated analytically for ordination methods (principal
components analysis versus principal coordinate analysis: Gower
1966), sums-of-squares from linear models (ANOVA and regres-
sion versus permutational-MANOVA: Anderson 2001; McArdle
and Anderson 2001), methods for estimating rates of phenotypic
evolution in a phylogenetic context (Adams 2014a), and meth-
ods for estimating phylogenetic signal (Adams 2014b). Addi-
tionally, distance-based techniques have a critical advantage over
covariance-based approaches when used on high-dimensional
data, such that even if the number of trait dimensions exceeds
the number of observations (p > N), statistical summaries from
Q-mode methods may still be computed (see Anderson 2001;
McArdle and Anderson 2001; Zapala and Schork 2006). Thus,
for high-dimensional datasets, distance-based procedures provide
a practical and useful means of assessing statistical patterns.

A Q-Mode Phylogenetic Regression
Method for High-Dimensional Data

Here I propose a distance-based (Q-mode) procedure for evalu-
ating linear models for high-dimensional data in a phylogenetic
context (hereafter: D-PGLS). The method assumes that trait vari-
ation accumulates over time following a Brownian motion model
of evolution (Felsenstein 1973, 1988). Under Brownian motion,
phenotypic changes are assumed to be independent from time
step to time step, and variation increases proportionally with time
(6*1). For multivariate data, each trait dimension may differ in
the rate at which variation accumulates, and changes may also
be correlated across trait dimensions (Felsenstein 1988, 2004).
For the procedure developed here, both the phenotypic data (Y)
and the design matrix (X) are transformed by the phylogeny,
which are then used to obtain matrices that capture variation in
Y relative to X as an among-specimen distance matrix. The sums
of squares explained by the model is then estimated from the
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distances among species in the phylogeny-transformed multivari-
ate space, and factors in the multivariate model are evaluated
statistically using permutation.

To implement the D-PGLS procedure, the phylogenetic trans-
formation matrix E is first obtained (Garland and Ives 2000).
This matrix is found from the eigenvectors (U) and eigenvalues
(W) of the phylogenetic covariance matrix (C) obtained from
C = UWU!. From these, the phylogenetic transformation ma-
trix is constructed as

E=(UW/U) . “

Next, the independent variables, X (including a column of
ones), and the dependent variables, Y, are projected onto E,
thereby transforming them by the phylogeny such that the re-
sulting data no longer contain phylogenetic covariances:

X,ny = EX, (5)

thy =EY. (6)

Additionally, a N x 1 column vector of ones is transformed as
1,,,= E1. From the transformed data, predicted values (?X) from
the linear model: Ypny ~ Xpny are obtained. Predicted values from
Ypny ~ 1pny are also estimated (?1). Note that unlike standard
linear models, the values in the rows of ?lare not identical. This
is because the phylogenetic relationships among taxa have been
taken into account, thereby adjusting the expected value for each
species with respect to its relationship to the other species in the
phylogeny.

Variation explained by the model is then found from the trace
of the outer-product of predicted values:

ssx=1r (T =) (T = T0)'). 7)

This N x N outer-product matrix is known as the
Gower-centered distance matrix, and represents the pairwise rela-
tionships among species in the high-dimensional data space (see
Gower 1966; McArdle and Anderson 2001). If the design matrix X
contains more than one factor, predicted values are obtained from
the terms of X,y in a sequential fashion to obtain the contributions
of each factor to the model sums-of-squares (see Anderson 2001).
Residual values are obtained from the full model (Yyny ~ Xpny)
and used to estimate the SS;esiq. Sums-of-squares are then used
to obtain F-ratios and R? values for all terms in the model. Next,
the significance of each term in the model is assessed using per-
mutation, in which the phenotypic data (Y) are permuted across
the tips of the phylogeny, and the above procedure is repeated.
Finally, to account for phylogenetic uncertainty the procedure de-
scribed above can be repeated on an empirical distribution of al-
ternative phylogenetic hypotheses to obtain a distribution of test
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statistics, from which confidence intervals can be derived (see,
e.g., de Villemereuil et al. 2012).

It is important to recognize that for univariate data, the
D-PGLS procedure outlined in equations 4—7 yields statistical es-
timates that are numerically identical to those obtained from para-
metric implementations of phylogenetic regression. A demon-
stration of this property is found in Appendix A. Therefore, for
univariate data, the distance—covariance equivalency between
phylogenetic regression and D-PGLS has been preserved, since
estimates of SS, F, and R? for these models are the same. How-
ever, when used on multivariate data, D-PGLS is not restricted
by the number of trait dimensions (p), and in fact may be used
even when the number of trait dimensions exceeds the number of
species. Additionally, from a computational perspective the ap-
proach proposed here is more efficient than standard procedures,
as calculations based on the among species distance matrix re-
quire considerably less effort than those based on the variable
covariance matrix (whose size increases dramatically as the num-
ber of trait dimensions increases). This is particularly important
for phylogenetic assessments of traits such as shape, where the
number of trait dimensions frequently exceeds the number of taxa
in a phylogeny (e.g., McPeek et al. 2008; Klingenberg and Gi-
daszewski 2010; Adams 2014a). As such, D-PGLS alleviates the
analytical challenges found when using phylogenetic regression
with high-dimensional data. Computer code written in R for im-
plementing the approach is found in Appendix B, and may be
found in the R library geomorph (Adams et al. 2014).

Statistical Performance

To evaluate the statistical performance of D-PGLS, I executed a
series of computer simulations. Simulations were designed to ex-
amine the statistical association between a multivariate response
variable Y and a single continuous variable X. The multivariate
data used in these simulations were generated under a Brownian
motion model of evolution using two different patterns of error
covariance: isotropic error and nonisotropic error. Initial simu-
lations were conducted on a balanced phylogeny containing 32
species. Simulations under a wider set of conditions are found in
the Supporting Information.

For each simulation, the number of trait dimensions for Y was
first selected (p = 2, 10, 15, 20, 30). Next, input covariance matri-
ces (S) of dimension (p+1) x (p+1) were constructed, and used
to generate the phenotypic data (the additional dimension was
included to simulate the data for the X variable). For simulations
under an isotropic error model, the diagonal elements of S were
all identical (6> = 1.0). The off-diagonal elements of S were then
varied depending upon simulation conditions. Simulations eval-
uating type I error rates assumed no relationship between X and

Y, and thus used no initial covariation between traits (o, , = 0).
By contrast, simulations evaluating statistical power assumed a
positive relationship between X and Y, and thus used positive ini-
tial levels of covariation between traits. The degree of covariation
between X and Y varied depending upon the desired strength of
the Y ~X relationship (0, = 0.1, 0.3, 0.5, 0.7, 0.9). For simula-
tions under a model of nonisotropic error, the diagonal elements
of S were drawn from a normal distribution (u = 1; std = 0.02)
for each dimension, and the off diagonal elements of S were
drawn from a normal distribution whose mean followed those
used in the isotropic simulations (n = o ,; std = 0.02). Values
were drawn repeatedly from these distributions until S satisfied
all mathematical conditions of a covariance matrix.

From each initial covariance matrix S, 1000 phenotypic
datasets were obtained by evolving multidimensional traits along
the phylogeny following a Brownian motion model of evolu-
tion. Then, the evolutionary relationship between the multivariate
response variable (Y) and the dependent variable (X) for each
dataset was statistically evaluated using D-PGLS, as well as with
standard phylogenetic regression methods (e.g., PIC). The pro-
portion of significant results (out of 1000) was then treated as an
estimate of the Type I error (when o, , = 0) or statistical power
(when o, , > 0) of both approaches.

Simulations were also performed across a wider set of con-
ditions to evaluate the robustness of D-PGLS. These simulations
examined the effect of the number of taxa in the phylogeny
(N =16,32, 64, 128), as well as the effect of randomly generated
phylogenies on statistical performance (N = 16, 32, 64, 128). Fur-
ther, simulations were executed to investigate the effect of random
noise on the statistical performance of D-PGLS. Here, some trait
dimensions of the response variable (Y) were obtained using the
Y ~X relationship as described above, while other dimensions of
the response variable contained random noise. Additional imple-
mentation details and results from all simulations are found in the
Supporting Information.

RESULTS

For all simulations, D-PGLS displayed slightly conservative Type
I error rates, ranging between the nominal o = 0.05 and o = 0.002.
For both isotropic and nonisotropic conditions, Type I error be-
came more conservative as traits of higher dimensionality were ex-
amined (Figs. 1 A, C). With respect to statistical power, the power
of tests using D-PGLS increased rapidly as the degree of covaria-
tion between X and Y increased. Statistical power also increased
as the number of trait dimensions (p) increased (Figs. 1 A, C; Sup-
porting Information). This finding runs counter to Rao’s paradox,
and implies that for the same number of taxa, D-PGLS is capable
of detecting evolutionary trends more easily in high-dimensional
phenotypic traits than in data represented by fewer dimensions.
This pattern is due to the fact that as additional dimensions of
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Figure 1. Simulation results evaluating the Type | error and statistical power of hypothesis testing procedures evaluating evolutionary

covariation between a multivariate response variable (Y) and a continuous predictor variable (X) for the proposed approach D-PGLS

(A, €) and standard phylogenetic regression (B, D). Data were simulated under a Brownian motion model of evolution on randomly

generated phylogenies containing 32 species under an isotropic model of input covariance (panels A & B), and a nonisotropic model of

input covariance (panels C & D). Curves for increasing numbers of trait dimensions are shown.

data are included the distances between specimens can only in-
crease as the total dispersion among specimens increases. Thus,
any covariation between the independent and dependent variables
will be more easily detected, especially if the additional dimen-
sions covary with X. A similar finding was obtained with Q-mode
methods for comparing evolutionary rates for multivariate traits
on phylogenies (Adams 2014a), and for estimating phylogenetic
signal in multivariate data (Adams 2014b). Further, the power of
tests using D-PGLS did not decrease as dimensions of random
noise were added to the response variable Y (Supporting Infor-
mation). Thus, unlike parametric approaches, the distance-based
procedure is insensitive to the addition of variables containing un-
structured variation. Together, these findings reveal that D-PGLS
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is capable of detecting significant associations between variables,
even when the response variable is highly dimensional.

In contrast to results using D-PGLS, and as expected, the
parametric version of phylogenetic regression displayed decreas-
ing power as trait dimensionality (p) increased (Fig. 1 B, D).
Further, for traits of high-dimensionality, the power of these ap-
proaches was 0.0, as the statistical significance from standard
multivariate test statistics (e.g., Pillai’s trace) was not able to
be computed. Similar findings were revealed for the broader set
of simulations examined in the Supporting Information. Over-
all these results demonstrate that for high-dimensional datasets,
standard phylogenetic comparative approaches such as implemen-
tation with phylogenetic regression suffer from Rao’s paradox,
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implying that the ability of these methods to detect evolutionary
associations are compromised as trait dimensionality increases.
Further, in cases where p approaches N, statistical assessment
of evolutionary patterns cannot be evaluated with phylogenetic
regression, because the matrix computations for assessing sig-
nificance with these approaches are singular. By contrast, the
Q-mode approach developed here (D-PGLS) does not suffer from
these shortcomings, and displays increasing power as trait dimen-
sionality increases. As such, D-PGLS provides a useful means of
detecting patterns of evolutionary association in a phylogenetic
context for high-dimensional phenotypic datasets.

A Biological Example

To illustrate the utility of the approach described above, I evalu-
ated the degree of evolutionary association between body size
and head shape (i.e., allometry) in a phylogenetic context in
Plethodon salamanders. Allometry is the degree of covariation
between size and shape (Gould 1966; Mosimann 1970), and thus
describes the consequences of size changes on patterns of shape
variation (Mitteroecker et al. 2013; Voje et al. 2014). Compar-
isons of allometric trajectories among species are frequently used
to identify evolutionary changes in the size-shape relationship
across taxa (e.g., Bookstein et al. 2003; Mitteroecker et al. 2004;
Adams and Nistri 2010; Piras et al. 2010; Gunz 2012). Addition-
ally, evolutionary allometry may be inferred by characterizing the
relationship between size and shape among species in a phylo-
genetic context (e.g., Monteiro and Nogueira 2011; Cardini and
Polly 2013; Klingenberg and Marugan-Lobén 2013; Outomuro
etal. 2013b). In Plethodon, body size varies widely among species
(Highton 1995; Adams and Church 2008, 2011), with species
in some lineages displaying relatively small body sizes (e.g., P.
cinereus species complex), while species in other lineages exhibit
larger body sizes (e.g., P. glutinosus species complex). In many
ecological communities, body size also appears to be a key trait
in determining species coexistence in the group (Adams 2007).
Similarly, head shape varies within and among species, and con-
siderable evidence suggests that competitive interactions among
species may drive morphological evolution (e.g., Adams 2010).
Head shape also displays a strong genetic component (Adams
2011), thereby enabling microevolution via selection. Therefore,
because both head shape and body size vary widely in the genus, it
is of interest to determine whether the two traits coevolve among
species allometrically.

To evaluate patterns of evolutionary allometry in Plethodon 1
used head shape data from 691 adult salamanders from 18 species
(data from Maerz et al. 2006; Adams et al. 2007; Arif et al. 2007,
Myers and Adams 2008; Adams 2010; Deitloff et al. 2013). For all
individuals, 11 landmarks were digitized from left-lateral images

of the side of each head (Fig. 2A), and geometric morphometric
methods were used to generate a set of variables representing head
shape (Bookstein 1991; Adams et al. 2013). Specifically, varia-
tion in the jaw position relative to the skull was mathematically
standardized among specimens (Adams 1999), and a generalized
Procrustes analysis was then performed to align specimens to a
common coordinate system and remove variation in their posi-
tion, orientation, and size (Rohlf and Slice 1990). This resulted
in a set of shape variables (Procrustes tangent coordinates) for all
specimens, from which the mean head shape was estimated for all
18 species. Typical adult body sizes for all species were obtained
from Adams and Church (2008, 2011).

With these data, I examined trends of evolutionary allome-
try by assessing the multivariate regression between head shape
and body size in a phylogenetic context using D-PGLS. A time-
calibrated multigene molecular phylogeny for the genus (Wiens
etal. 2006: Fig. 2B) was pruned to match the species in the dataset,
and provided an estimate of the evolutionary relationships among
taxa. For comparison I also performed a nonphylogenetic evalu-
ation of evolutionary allometry using standard regression based
on Procrustes distances (sensu Goodall 1991). In addition, be-
cause the species studied here were members of two clades within
Plethodon, 1 compared head shape and body size between them
using Procrustes ANOVA and ANOVA, respectively. Finally, phy-
logenetic patterns of head shape evolution were visualized using
a phylomorphospace approach (sensu Sidlauskas 2008), and thin-
plate spline deformation grids of representative specimens were
generated to facilitate description of the observed shape changes.
All analyses were performed in R 3.0.2 (R Development Core
Team 2014) using routines in the library geomorph (Adams and
Otarola-Castillo 2013; Adams et al. 2014).

Results: Standard multivariate regression revealed a signifi-
cant relationship between head shape and body size (F = 9.481;
P = 0.001; R> = 0.372), suggesting that evolutionary allome-
try was present in Plethodon. However, when this relationship
was examined in a phylogenetic context, the association between
head shape and body size was no longer significant, with body
size explaining little of the variation in head shape (F = 1.885;
P =0.188; R?> = 0.105). Thus, in contrast to the ahistorical anal-
ysis, the phylogenetic analysis using D-PGLS strongly implied
that evolutionary allometry was not present in the group. This
apparent discrepancy between the approaches was resolved by
examining patterns of head shape variation in phylomorphospace
(Fig. 2C). Here it was found that the species examined in this study
formed two distinct clusters, which perfectly corresponded with
two monophyletic lineages (species complexes) within the genus.
Specifically, species in the P. glutinosus complex were found to
display heads that were stouter and relatively more compressed
in the anterio-posterior direction (Fig. 2C), whereas species in the
P. cinereus complex exhibited heads that were more elongated
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Figure 2. (A) Positions of 11 anatomical landmarks used to quantify head shape in Plethodon salamanders (image from [Adams et al.
2007]). (B) Fossil-calibrated molecular phylogeny displaying the estimated phylogenetic relationships among the species of Plethodon
examined here. (C) Plot of phylomorphospace viewed as the first two principal component axes of tangent space. Thin-plate spline
deformation grids representing exemplar individuals from each species complex are shown (magnified by 3x).

anterio-posteriorly, and were slightly compressed in the dorsal-
ventral direction. Further, both lineages also differed in body size,
where species in the P. glutinosus clade were larger than species
in the P. cinereus clade (Fig. 2C). Indeed, statistical analyses
confirmed that the two clades differed significantly in both head
shape (F = 16.384; P = 0.001; R> = 0.506) and body size (F =
35.612; P < 0.0001; R?> = 0.69), suggesting that patterns of vari-
ation in these phenotypic traits was distinct between lineages. Fi-
nally, a comparison of R” values between phylogenetic regression
models revealed that considerably more variation in head shape
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was explained by a model describing lineage-specific differences
(R? = 0.506) than by a model describing evolutionary allometry
(R? =0.105), implying that clade-level differences provided a bet-
ter overall explanation of the observed trends in shape variation
when taking phylogeny into account.

In conclusion, when all patterns were taken into considera-
tion, it was clear that the apparent evolutionary allometry observed
in Plethodon was the result of two lineages within the genus
evolving differences in both body size and head shape, as op-
posed to the alternative explanation in which more subtle changes
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in both traits cooccurred from species to species. Thus, this exam-
ple highlights the importance of incorporating phylogeny directly
into cross-species evaluations of evolutionary allometry. With-
out a phylogenetic perspective, the hypothesized mechanism re-
sponsible for patterns of size-shape covariation would have been
misidentified, and incorrectly attributed to allometric trends re-
lated to size. However, when phylogenetic nonindependence was
included in the multivariate regression, this explanation became
untenable. Instead, the observed patterns appear due to the fact
that two sublineages exist within the group, and these lineages
have evolved differences in both body size and head shape. As
such, it is lineage-specific differences and not evolutionary allo-
metric trends that best explain patterns in head shape variation
at the macroevolutionary level. Only when phylogeny was taken
into consideration could the correct pattern be revealed (see also
Garland et al. 1992).

Discussion

A critical component in the study of adaptation is to identify evo-
lutionary correlations between phenotypic traits in species related
by a phylogeny. To evaluate such hypotheses, phylogenetic regres-
sion is typically used, but this method is incapable of assessing
evolutionary patterns in highly multivariate datasets like shape, as
the large number of parameters to be estimated prohibits the anal-
yses from being analytically completed. In this article, I developed
adistance-based procedure (D-PGLS) for evaluating ANOVA and
regression models for high-dimensional datasets in a phylogenetic
framework under a Brownian motion model of evolution. I showed
that when used on univariate data, the approach yields statistical
estimates that are numerically identical to those obtained from
phylogenetic regression, thereby demonstrating the equivalency
between phylogenetic regression and D-PGLS for such datasets. I
also illustrated that the approach exhibits appropriate type I error
and high statistical power for detecting evolutionary patterns in
high-dimensional datasets. By contrast, I found that standard im-
plementations of phylogenetic regression have decreasing power
as trait dimensionality increases. Together, these findings have
several important implications for the evaluation of evolutionary
patterns in high-dimensional data and how they may be identified
phylogenetically.

First, the results presented here imply that parametric im-
plementations of phylogenetic comparative approaches, such as
independent contrasts and PGLS, may not be the most appropri-
ate procedures for assessing patterns in high-dimensional pheno-
typic datasets, because the ability of these procedures for detect-
ing patterns in multivariate data are analytically compromised by
trait dimensionality. Recently, it was suggested that comparative
analyses of multivariate data like shape may be accomplished
simply by converting the data to their phylogenetic independent

contrasts and using the appropriate statistical procedure to as-
sess the given hypothesis (see Klingenberg and Marugén-Lobdn
2013). Although this recommendation may be acceptable for large
datasets where the number of species examined greatly outpaces
the dimensionality of the phenotypic data (see e.g., Blankers et
al. 2012; Klingenberg and Marugdn-Lob6n 2013), the results pre-
sented here show that employing parametric implementations of
the standard phylogenetic comparative toolkit ubiquitously to all
datasets (including high-dimensional data), may not be sufficient,
as these methods lose statistical power as trait dimensionality in-
creases. Thus, as comparative biologists quantify phenotypic data
by more complex and comprehensive methods, standard phy-
logenetic regression approaches are not guaranteed to identify
patterns that may be present (see Fig. 1). Further, when the num-
ber of trait dimensions equals or exceeds the number of species
in the phylogeny, the parametric approach to phylogenetic re-
gression has zero statistical power as its algebra cannot be com-
pleted, thereby limiting the datasets that can be examined with this
method. Indeed, the biological example presented here represents
such a scenario, as the number of phenotypic variables describing
salamander head shape exceeded the number of species used in
the study. By contrast, evaluating evolutionary patterns in such
data via the distance-based approach developed here has no such
data restrictions. Therefore, as comparative biologists continue to
characterize phenotypic attributes in increasingly more complex
ways (from univariate measures to sets of a few traits to highly
multivariate phenotypes), so too must they alter their analytical
procedures; moving from standard implementations of phyloge-
netic regression that evaluate multivariate test statistics such as
Wilks’ lambda and Pillai’s trace to the distance-based procedure
proposed here (D-PGLS).

Second, the findings presented here demonstrate that the
comparative biologist need not reduce the dimensionality of
the phenotypic data to a few principal component axes to per-
form phylogenetic assessments of evolutionary correlations (e.g.,
Bergmann et al. 2009; Nogueira et al. 2009; Monteiro and
Nogueira 2011; Brusatte et al. 2012). Indeed, the method de-
veloped here exhibits higher statistical power as trait dimension-
ality increases (Fig. 1), implying that more data can be lever-
aged in a meaningful way to evaluate evolutionary patterns. This
empirical finding is in direct contrast to the suggestion that di-
mension reduction is a required step for evaluating patterns in
high-dimensional data like shape when using phylogenetic com-
parative methods (Monteiro 2013). While this remains the case for
covariance-based procedures that require the estimation of many
parameters, by moving from the parametric implementations of
PGLS to the distance-based D-PGLS procedure there is no need
to simplify one’s phenotypic data to force it into the standard
analytical paradigm (for a related conclusion on dimension re-
duction see Bookstein 2013). Thus, when viewed in this manner,
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D-PGLS provides a useful complement to existing phylogenetic
comparative approaches, that enables the evaluation of hypothe-
ses of adaptation and phenotypic change for high-dimensional
phenotypic data in a manner analogous to that provided by PIC
and PGLS for univariate traits.

One current limitation with the approach developed here is
that the method is only formulated under a Brownian motion
model of evolution. Thus, evolutionary patterns derived from
other evolutionary processes, such as an Ornstein—Uhlenbeck
model (OU: Hansen and Martins 1996; Butler and King 2004)
cannot be investigated. Recently, multivariate extensions of the
OU models have been developed for assessing phenotypic trends
in a phylogenetic context (Bartoszek et al. 2012; see also But-
ler and King 2004). However, like phylogenetic regression, this
method requires the estimation of a large number of parameters
that increases greatly with trait dimensionality (see discussion in
Monteiro 2013). As such, the multivariate OU model will suffer
the same limitations when used on highly multivariate data as
does standard phylogenetic regression, and thus in practice it will
be limited in utility to those scenarios where one evaluates a few
number of traits across a phylogeny containing many species. Fu-
ture work is required to derive an OU equivalent of D-PGLS to fill
this void. With such an approach, evolutionary biologists could
then compare the evolution of highly multivariate phenotypes
as described by both Brownian motion and Ornstein—Uhlenbeck
processes, providing the multivariate equivalent of evolutionary
model selection approaches currently used for univariate traits
(e.g., Butler and King 2004; Collar et al. 2010; Harmon et al.
2010; Beaulieu et al. 2012).

Despite this, the distance-based phylogenetic regression pro-
cedure proposed here (D-PGLS) provides an important quanti-
tative merging of methods that characterize phenotypes using
high-dimensional data (morphometrics) with those that evaluate
interspecific patterns in a phylogenetic context. Recent years have
seen an increased attention on the empirical intersection between
morphometrics and phylogenetic comparative biology, and how
data from the former may be used in the analytics of the latter (e.g.,
Adams et al. 2009; Klingenberg and Gidaszewski 2010; Adams
et al. 2011; Klingenberg and Marugdn-Lobon 2013; Monteiro
2013; Polly et al. 2013; Adams and Felice 2014; Adams 2014a,b).
While in some cases the standard tools of the phylogenetic com-
parative toolkit may be sufficient for evaluating patterns in mor-
phometric data (e.g., Sidlauskas 2008; Monteiro and Nogueira
2010; Klingenberg and Marugan-Lobdn 2013; Piras et al. 2013),
in other instances the characteristics of this high-dimensional
data type dictate that alternative analytical procedures are some-
times required (see Klingenberg and Gidaszewski 2010; Adams
2014a,b). The analysis of evolutionary correlations between high-
dimensional phenotypic data and other factors represents one such
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case, as the number of parameters that require estimation using
standard approaches quickly becomes prohibitive. However, by
deriving a Q-mode alternative that leverages the statistical equiv-
alency between covariance-based and distance-based approaches,
comparative biologists may circumvent this conundrum, and may
evaluate evolutionary trends in high-dimensional data while ac-
counting for phylogenetic nonindependence.
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Appendix A:

Worked Example Demonstrating the Equivalency
of Phylogenetic Regression and D-PGLS for
Univariate Data

In this example, five hypothetical species are related by the fol-
lowing phyloge d have the following phenotypic values for
Xand Y: @

For these data, the phylogenetic independent contrasts are

found as:
0.2294 —1.4708
0.5773 —1.1547
PIC, = | —1.4042 PIC, =] —0.7071
1.4142 —0.7071

A linear regression of pic, on picy yields the following sta-
tistical summary values: SS = 0.2369; F = 0.1713; R> = 0.054,
which are identical to those found using phylogenetic generalized
least squares (PGLS).

To estimate this relationship via distances, the phyloge-
netic covariance matrix (C) representing these evolutionary


dcadams
Sticky Note
Note: figure left out in final print.  Found at bottom


PGLS FOR HIGH-DIMENSIONAL DATA

relationships under Brownian motion is first obtained as:

®)
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Next, the phylogenetic transformation matrix (Garland and
Ives 2000) is obtained through the components of an eigen-
decomposition of the phylogenetic covariance matrix: C =
UWU!. For this example, U and W are:

[ 00 00 1 0.0000 0.0000 ]
—0.5 05 0 0.0000 —0.7071
u— |05 05 0 00000 07071
—0.5 —05 0 —0.7071 0.0000
—0.5 —05 0 —0.7071 0.0000
7 0 0 0 0
03000
W=|00 3 0 0 ©)
00010
00 0 0 1

The eigenvectors and eigenvalues of C are then used to con-
. . -1
struct the phylogenetic transform matrix, as E = (UW'/ 2U‘) :

0.5773  0.0000  0.0000  0.0000  0.0000
0.0000 0.7388 —0.2612 —0.0498 —0.0498
E = | 0.0000 —0.2612 0.7388 —0.0498 —0.0498
0.0000 —0.0498 —0.0498 0.7388 —0.2612
0.0000 —0.0498 —0.0498 —0.2612 0.7388

Using this matrix, both Y and X (with a column of ones to
estimate the intercept) are transformed by the phylogeny:

2.3094 0.5775 0.5773
0.6116 0.3779 0.2455
Yoranss = | 2.6116 | Xypansy = | 0.3779  1.2455
2.0342 0.3779  1.4002
0.0342 0.3779  2.4002

Predicted values are then obtained from the columns of X, 45
in a sequential manner (X, X;&2, X|_3, etc.), using a linear model
(Y~X):

[2.12717]

2.3594

1.3925
13925 1.5783
Y, a1 = ' Y, reax = | 1.3235

pred.1 1.3925 pred.x

13925 1.2841
' 1.029

Variation explained by the model (SSx) is found from the
trace of the outer product of predicted values (see text for expla-
nation):

§Sx = 1r (YY') = 0.2369

Finally, residual values are estimated from the model in a
similar manner, from which SS_ is obtained. From SSx and
SS,es one obtains F = 0.1713 and R? = 0.054; which are identical
to the values obtained using phylogenetic regression as shown
above.

Appendix B:
Computer Code for R
#The function below performs distance-based phylogenetic least-
squares analysis. The method may

#be used to assess regression, ANOVA, and other linear mod-
els in a phylogenetic context.

#The approach is particularly useful for high-dimensional
data where standard (parametric)

#phylogenetic generalized least squares analyses, or the anal-
ysis of phylogenetically

#independent contrasts, cannot be performed. The function
below obtains the sums of squares

#(SS) for all factors in the linear model, and statistically
evaluates them via permutation.

D.pgls<-function(f1,phy,iter = 999){

library(ape)

data = NULL

form.in<-formula(f1)

Terms<-terms(form.in,keep.order = TRUE)

Y <-as.matrix(eval(form.in[[2]],parent.frame()))

N <-length(phy$tip.label)

p<-ncol(Y)

if(is.null(rownames(Y))){

stop(“No species names with Y-data.”)}

if(length(match(rownames(Y), phy$tip.label))! = N)

stop(“Data matrix missing some taxa present on the tree.”)

if(length(match(phy$tip.label,rownames(Y)))! = N)
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stop(“Tree missing some taxa in the data matrix.”)
C<-vev.phylo(phy); C<-C[rownames(Y),rownames(Y)]
eigC <- eigen(C)

D.mat<-solve(eigC$vectors%*%

diag(sqrt(eigC$values))%*% t(eigCSvectors))

Y.new<-D.mat%*% (Y)
ones.new <-D.mat%* % (array(1,N))
pred.1<- predict(Im(Y.new ~ones.new-1))

dat<-model.frame(form.in,data)
df<-df.tmp<-SS.tmp<-SS.obs<-F<-array()
for (i in 1:ncol(attr(Terms, “factors”))){
mod.mat<-model.matrix(Terms|[1:1],data = dat)

x.new <-D.mat%*%mod.mat

Fr<-P.val<-array(1,dim = length(SS.obs))
for(i in 1:iter){

SS.tmp<-SS.r<-array()
Y.r<-as.matrix(Y[sample(nrow(Y)),])
row.names(Y.r)<-row.names(Y)
Y.r.new<-D.mat%*% (Y.r)

pred.1.r<- predict(Im(Y.r.new~ones.new-1))

for (ii in 1:ncol(attr(Terms, “factors”))){
mod.mat<-model.matrix(Terms[ 1:ii])

x.new <-D.mat%*%mod.mat
pred.y.r<-predict(Im(Y.r.new~x.new-1))
G.r<-(pred.y.r-pred.1.r)%*%t(pred.y.r-pred.1.r)
SS.tmplii]<-sum(diag(G.r))

ifelse(ii = = 1, SS.r[ii]<-SS.tmplii], SS.r[ii]<-(SS.tmplii]-

pred.y <-predict(Im(Y.new ~x.new-1)) SS.tmplii-1]))

G<-(pred.y-pred.1)%*%t(pred.y-pred.1) }

SS.tmpli] <-sum(diag(G)) MS.r<-88.r/df .

ifelse = = 1, SS.obs[i]<-SS.tmp[il, SS.obsi]<- mod.mat<-model. matrix(Terms)
(SS.tmp[i]-SS.tmp[i-1])) x.new <-D.mat%*%mod.mat

df.tmpl[i] <-ifelse(ncol(mod.mat) = = 1,1,(ncol(mod.mat)- y-res.r<-residuals(Im(Y.rnew~x.new-1))
1) SS.rres<-sum(diag(y.res.r%*%t(y.res.r)))

iffelse(i = = 1, df[i]<-df.tmpli], dffi]<-(df.tmpl[i]-df.tmpli- MS.rres<-SS.r.res/df.res

1D) Fr<-MS.1/MS.r.res
} P.val<-ifelse(F.r> = F, P.val+1,P.val)
MS <-SS.obs/df }

P.val<-P.val/(iter+1)
anova.tab<-cbind(df,SS.obs,MS,F,P.val,Rsq)
anova.tab<-rbind(anova.tab,c(df.res,SS.res,MS.res,NA,

mod.mat<-model.matrix(Terms)
x.new<-D.mat%*%mod.mat
y.res<-residuals(Im(Y.new ~x.new-1))

SS.res<-sum(diag(y.res%*%t(y.res))) NA,NA))
df res<-nrow(Y)-1-sum(df) rownames(anova.tab)<-c(colnames(attr(Terms, “factors”)),
“Residual”)

MS.res<-SS.res/df.res
Rsq<-SS.obs/(sum(SS.obs)+SS.res)
F<-MS/MS .res }

return(anova.tab)

Supporting Information

Additional Supporting Information may be found in the online version of this article at the publisher’s website:

Figure S1. Statistical power curves for tests evaluating evolutionary covariation using D-PGLS when data are simulated on balanced phylogenies using
isotropic error.

Figure S2. Statistical power curves for tests evaluating evolutionary covariation using D-PGLS when data are simulated on balanced phylogenies using
NoNisotropic error.

Figure S3. Statistical power curves for tests evaluating evolutionary covariation using D-PGLS when data are simulated on random phylogenies using
isotropic error.

Figure S4. Statistical power curves for tests evaluating evolutionary covariation using D-PGLS when data are simulated on random phylogenies using
nonisotropic error.

Figure SS. Statistical power curves for tests evaluating evolutionary covariation using phylogenetic regression when data are simulated on balanced
phylogenies using isotropic error.

Figure S6. Statistical power curves for tests evaluating evolutionary covariation using phylogenetic regression when data are simulated on balanced
phylogenies using nonisotropic error.

Figure S7. Statistical power curves for tests evaluating evolutionary covariation using phylogenetic regression when data are simulated on random
phylogenies using isotropic error.

Figure S8. Statistical power curves for tests evaluating evolutionary covariation using phylogenetic regression when data are simulated on random
phylogenies using nonisotropic error.

Figure S9. Statistical power curves for tests evaluating evolutionary covariation using D-PGLS.
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