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Phylogenetic regression is frequently used in macroevolutionary studies, and its statistical properties have been thoroughly

investigated. By contrast, phylogenetic ANOVA has received relatively less attention, and the conditions leading to incorrect

statistical and biological inferences when comparing multivariate phenotypes among groups remain underexplored. Here, we

propose a refined method of randomizing residuals in a permutation procedure (RRPP) for evaluating phenotypic differences

among groups while conditioning the data on the phylogeny. We show that RRPP displays appropriate statistical properties

for both phylogenetic ANOVA and regression models, and for univariate and multivariate datasets. For ANOVA, we find that

RRPP exhibits higher statistical power than methods utilizing phylogenetic simulation. Additionally, we investigate how group

dispersion across the phylogeny affects inferences, and reveal that highly aggregated groups generate strong and significant

correlations with the phylogeny, which reduce statistical power and subsequently affect biological interpretations. We discuss the

broader implications of this phylogenetic group aggregation, and its relation to challenges encountered with other comparative

methods where one or a few transitions in discrete traits are observed on the phylogeny. Finally, we recommend that phylogenetic

comparative studies of continuous trait data use RRPP for assessing the significance of indicator variables as sources of trait

variation.
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Understanding how traits correlate across species is fundamen-

tal to evolutionary biology, and evaluating such patterns requires

a phylogenetic perspective. Over the past several decades, the

phylogenetic comparative toolkit has grown to include a diverse

set of analytical methods to evaluate myriad biological hypothe-

ses in a phylogenetic framework (e.g., Felsenstein 1985; Garland

et al. 1992; Blomberg et al. 2003; O’Meara et al. 2006; Revell

and Harmon 2008; Beaulieu et al. 2012; Blomberg et al. 2012;

Pennell and Harmon 2013). Likewise, recent years have seen the

advent of statistical approaches for evaluating patterns of trait

evolution in multivariate phenotypes (Revell and Harmon 2008;

Klingenberg and Gidaszewski 2010; Bartoszek et al. 2012; Klin-

genberg and Marugán-Lobón 2013; Adams 2014a,b,c; Adams and

Felice 2014; Uyeda et al. 2015; Goolsby 2016; Adams and Col-

lyer 2018). Together, these analytical tools are now in standard

use in macroevolutionary studies evaluating trends in phenotypic

datasets (e.g., Baker et al. 2015; Friedman et al. 2015; Zelditch

et al. 2015; Moen et al. 2016; Reynolds et al. 2016; Sherratt et al.

2016; Arbour and López-Fernández 2017; Serb et al. 2017).

For many macroevolutionary hypotheses, patterns in phe-

notypes are evaluated with respect to one or more independent

(predictor) variables using phylogenetic linear models. In this

context, most of the theoretical development has centered on

phylogenetic regression (simple linear regression models that ac-

count for phylogenetic relatedness of covariates). However, be-

cause generalized least squares (GLS) estimation of coefficients
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for linear models has become a standard method of phylogenetic

regression, it has been tacitly assumed that the mathematical and

statistical properties observed for implementations of phyloge-

netic regression correspond equally to implementations for other

types of linear models as well. Inasmuch as this assumption is

perhaps safe for coefficient estimation (mathematical properties),

assumptions about the dispersion of such statistics (i.e., their sta-

tistical properties) require more scrutiny over different scenar-

ios. In this article, we introduce a refined method of randomiz-

ing residuals in a permutation procedure (RRPP) for statistically

evaluating phylogenetic linear models. We demonstrate that this

procedure displays appropriate statistical properties such as type I

error, power, and other properties under diverse scenarios, and that

these properties hold when examining various types of response

variables, including both (analysis of variance [ANOVA]) and

regression designs. With respect to group differences ANOVA,

we compare the statistical performance of RRPP to alternative

methods based on phylogenetic simulation (Garland et al. 1993),

and find that RRPP exhibits higher power than this alternative.

Additionally, we explore how the dispersion of groups across the

phylogeny affects statistical and biological inferences. We dis-

cover that aggregation of groups to particular sublineages within

a phylogeny reduces statistical power, and subsequently affects

biological inferences from these data. The broader implications of

this phylogeny-group aggregation on our ability to make accurate

macroevolutionary inferences are discussed.

A GENERAL PERMUTATION PROCEDURE FOR

PHYLOGENETIC LINEAR MODELS

The goal of phylogenetic linear models is to ascertain whether

there is an association between species traits and ecological vari-

ables while accounting for phylogenetic nonindependence. In

phylogenetic regression, the independent variable, X, is a con-

tinuous quantitative variable. However, when X represents a fac-

tor containing indicator values (e.g., 0 or 1), phylogenetic linear

models are conceptually no different in approach, and in this case

assess the association of the grouping variable with the depen-

dent variables (henceforth referred to as phylogenetic ANOVA).

Most implementations of phylogenetic linear models are based

on GLS, where coefficients (slopes) are estimated between sets of

trait values (Y) and independent variables (X) while accounting

for the nonindependence among observations as described by the

phylogeny. Three common algebraic formulations are encoun-

tered in the macroevolutionary literature: phylogenetically inde-

pendent contrasts (PICs: Felsenstein 1985), phylogenetic gener-

alized least squares (PGLSs: Grafen 1989; Martins and Hansen

1997), and phylogenetic transformation (Garland and Ives 2000;

Adams 2014a). When implemented properly, all three formula-

tions yield identical parameter estimates and model coefficients

(Garland and Ives 2000; Rohlf 2001; Blomberg et al. 2012).

Finally, phylogenetic linear models are typically evaluated statis-

tically using parametric procedures such as likelihood ratio tests

or the evaluation of derived parametric summary measures such

as F ratios; though both permutation and simulation methods are

sometimes used, particularly for multivariate data (see discussion

in Adams and Collyer 2018).

One approach to evaluating multivariate phylogenetic regres-

sion makes use of phylogenetic transformation and permutation

procedures. Here, a phylogenetic transformation matrix (Garland

and Ives 2000) is used to condition both the independent and

dependent variables on the phylogeny, and parameter estimates

are obtained from the transformed data. Statistical evaluation is

then accomplished by a permutation procedure, in the simplest

case permuting the rows of the dependent variables and repeating

the transformation and parameter estimation to generate empir-

ical sampling distributions of test statistics for comparison to

the observed test value (Adams 2014a; Adams and Collyer 2015).

For more complex multifactor designs, RRPPs are preferable, and

their use has been explored for ordinary least squares (OLSs) mod-

els (Collyer et al. 2015). For the case of phylogenetic regression,

randomizing dependent data was previously shown to have appro-

priate type I error rates under various scenarios (Adams 2014a).

However, using simulations with pure birth trees, Goolsby (2016)

documented slightly elevated type I error rates for PGLS models

evaluated by randomizing dependent data. Given this discrepancy

in results, how one should permute data for PGLS designs is re-

visited here. Specifically, we present a more generalized solution,

based on a simple refinement of RRPP, which not only alleviates

the challenges identified by Goolsby (2016), but produces appro-

priate type I error rates and high power regardless of the types

of independent variables analyzed, including both regression and

ANOVA designs. The approach is as follows.

First, the GLS model for phylogenetic ANOVA is found as:

Y = XB̂ + E, (1)

where Y is an n × p matrix of trait values for the n species

for p traits, X is an n × k design matrix containing optionally

an n × 1 vector of ones for an intercept plus one or more in-

dependent variables (X), B̂ is a k × p matrix of model coeffi-

cients, and E is an n × p matrix of residuals. The residuals of

the model (E) are not independent, but have an expected covari-

ance of σ2C where C is an n × n phylogenetic covariance ma-

trix and σ2 is the Brownian motion rate parameter (Rohlf 2001;

Blomberg et al. 2012). One may reformulate the problem above

via phylogenetic transformation (Garland and Ives 2000), based

on the well-known OLS transformation of GLS models (Judge

et al. 1985; Johnston and DiNardo 1997; Rencher 2000; Kariya

and Kurata 2004). Here, a phylogenetic transformation matrix is
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obtained as: P = (UW−1/2Ut )−1 , where U and W are the matri-

ces of eigenvectors and eigenvalues of C, respectively (Garland

and Ives 2000; also Adams 2014a; Adams and Collyer 2015).

Transforming the model design and data by projection yields:

Xphy = PX, Yphy = PY, and Ephy = PE. The GLS problem

may then be reformulated as:

PY = PXB̂ + PE, (2)

which is equivalently written as: Yphy = Xphy B̂ + Ephy. Coef-

ficients of the model may be found via the OLS solution as:

B̂ = (Xt
phyXphy)−1 Xt

phyYphy, which yields identical estimates to

those found from GLS methods. Unlike the residuals from equa-

tion (1), which are correlated, it has been shown that phyloge-

netic transformation yields residuals with uncorrelated error, as

one expects with OLS models: E {Ephy ET
phy} = E {PE(PE)T } =

Pσ2C PT = σ2 I (Garland and Ives 2000; see also Johnston and

DiNardo 1997). In other words, Ephy are independent of the phy-

logeny as expressed in C. As a consequence, because Ephy are

independent, they are appropriate as the exchangeable units un-

der the null hypothesis in a permutation procedure to assess model

significance (sensu Collyer et al. 2015). This assignment of ex-

changeable units differs from the one offered by Adams and Col-

lyer (2015), who argued the untransformed residuals were appro-

priate exchangeable units, as in the OLS case. However, unlike

OLS models, with GLS models an unequivocal definition of null

hypothesis exchangeability is not possible (Commenges 2003),

and the most appropriate assignment of exchangeable units in-

volves a heuristic investigation (see the Supporting Information

for more detail). In the case that p is small relative to n, parametric

evaluation of models is possible. However, RRPP permits evalua-

tion of models for multivariate data (including high-dimensional

data, where p is large relative to n), but also achieves consistent

results compared to parametric evaluation for low-dimensional

cases (as we demonstrate in the Supporting Information). Thus,

RRPP (using phylogenetically transformed residuals as ex-

changeable units) provides a more universal paradigm of model

evaluation.

To implement RRPP, both full and reduced design matrices

(Xf and Xr) are defined for the statistical model of interest, such

that Xr contains one fewer term as compared to Xf (for details

see Collyer et al. 2015). Next, the design matrices and the matrix

of dependent variables (Y) are transformed by P, conditioning

them on the phylogeny. Coefficients (B̂) are then calculated for

the reduced model as above and predicted values (XphyB̂) and

residuals (Ephy) are obtained. These residuals are then permuted,

added to the predicted values, and parameters are obtained from

the full model using these data. Repeating this procedure many

times yields empirical sampling distributions for test statistics

(e.g., F) from which statistical significance may be evaluated

(see Collyer et al. 2015). It should be emphasized that the main

difference between the RRPP approach described here and previ-

ous permutation methods is that RRPP permutes residuals from

data conditioned on the phylogeny, and it is those residuals that

have been rendered independent relative to the phylogeny (see

additional discussion in Supporting Information). By inference,

any GLS model where data are conditioned on the phylogeny

yields residuals that are appropriate for downstream significance

testing via ANOVA with RRPP. Therefore, the RRPP approach

described here is appropriate for evaluating all manner of phylo-

genetic linear models, including phylogenetic regression, phylo-

genetic ANOVA, and phylogenetic factorial models, as it accounts

for the correlation between phylogenetic covariance and model

design.

COMPLICATING ISSUES: GROUP DISPERSION ON THE

PHYLOGENY

When considering phylogenetic ANOVA, one issue that has re-

ceived relatively little attention is the extent to which phylogenetic

covariance matrices and model design matrices (X) are correlated.

For regression, several authors have examined the relationship be-

tween a continuous independent variable and the phylogeny (e.g.,

Freckleton et al. 2011; Mazel et al. 2016). However, to our knowl-

edge, an equivalent examination of the effect of grouping variables

has not been explored. To illustrate the issue, consider the hypo-

thetical scenarios in Figure 1. Here, we have the phylogeny for

a group of taxa, along with several ecological grouping variables

to which the species belong. The ecological variables include

large versus small species (Fig. 1A), the presence or absence

of a predator species within the prey species’ range (Fig. 1B),

species that have invaded a new geographic region (Fig. 1C),

and distinct microhabitat use (Fig. 1D). The evolutionary biolo-

gist wishes to determine whether multivariate phenotypes differ

between species as a function of each ecological group designa-

tion while accounting for shared evolutionary history. However,

while each hypothesis is biologically reasonable to consider, as

are hypotheses that combine these ecological variables, a potential

complication is that the manner in which the groups are distributed

on the phylogeny differs for each of the ecological variables. How

this might affect statistical and biological inferences is currently

unknown.

Theoretical development of PGLS until now has generally

assumed independence between phylogenetic covariance matri-

ces (C) and model design matrices (X), especially as simulation

studies tend to use phylogenetic regression with random nor-

mal variables simulated from Brownian motion models of evo-

lution, given a phylogeny, which naturally simulates indepen-

dence between C and a continuous variable, X (e.g., Revell 2010;

Goolsby 2016; Adams and Collyer 2018; Uyeda et al. 2018). How-

ever, visual inspection of the hypothetical examples in Figure 1
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Figure 1. Phylogeny for 16 species in a hypothetical lineage. Sev-

eral ecological grouping variables are displayed (A) size groups,

(B) predator presence/absence, (C) invasion of a new geographic

region, and (D) ecoregions. For each ecological scenario, the PLS

correlation between the design matrix of that scenario and the

phylogenetic covariance matrix is displayed. When all variables

are included in the design matrix, the correlation is: rPLS = 0.816;

P = 0.034.

demonstrate that C and X (where X is a matrix that includes both

a vector of ones for an intercept and one or more X variables)

will be inherently correlated. To diagnose the problem statisti-

cally, one may assess the multivariate correlation between C and

X. We propose the use of two-block partial least squares to ac-

complish this task. Partial least squares is a statistical method that

identifies the maximal covariation between two sets of variables

based on singular value decomposition of the covariance ma-

trix across sets of variables (Jöreskog and Wold 1982; Rohlf and

Corti 2000; Abdi and Williams 2013). Applying the approach

to the phylogeny and the ecological variables in Figure 1, we

observe a significant correlation between the phylogeny and eco-

logical groups in variables C and D, but not for variables A and

B. (Correlation is also strong when all ecological variables are

combined, suggesting that any variable correlation produces an

inherently correlated design matrix; see Fig. 1.) Visual inspection

of Figure 1 reveals why: variables C and D display a high degree

of aggregation of the ecological groups to particular sublineages

of the phylogeny that is not present for groups in variables A and

B. This observation reveals a potential concern when perform-

ing phylogenetic ANOVA; that the distribution of groups across

the phylogeny can result in high or low correlations between the

independent (grouping) variable and the phylogeny. Thus, even

before we consider the relationship between multivariate pheno-

types and ecological groups via phylogenetic ANOVA, we should

first investigate whether groups are conflated with phylogenetic

sublineages. The question then becomes, if such phylogenetic

aggregation of groups exists, can this affect our statistical and

biological inferences?

Methods and Results
PHYLOGENETIC ANOVA: SIMULATIONS EVALUATING

STATISTICAL PERFORMANCE

To evaluate the analytical performance of the proposed RRPP

procedure, we conducted a series of computer simulations. First,

we examined the type I error and power of the approach for

both univariate and multivariate data. For each simulation, we

generated 1000 pure-birth trees containing 64 taxa, and on each

we generated two distinct grouping variables: one where groups

were assigned randomly to species (C and X not inherently corre-

lated, chance notwithstanding) and a second where groups were

assigned in an aggregated manner (the first 32 species were as-

signed to group A and the second 32 species to group B, such

that some degree of inherent correlation between C and X was

imposed). Group designation was represented as a vector of indi-

cator values: X = 0,1. Next, we selected the number of dimensions

for the dependent (Y) variable (p = 1, 5, and 10), and selected

βinput to represent the known group differences (βinput = 0.0, 0.1,

0.25, 0.5, 0.75, 1.0). We then simulated 1000 datasets (1 per phy-

logeny) of the dependent (Y) variable under a Brownian motion

model of evolution, with known differences in groups incorpo-

rated. This was accomplished by simulating random noise under a

Brownian model (YBM) using a p × p identity matrix to represent

the input covariance matrix. To incorporate known differences

among groups, predicted values were obtained by multiplying the

indicator variable X by the input regression coefficient, and adding

this to the BM-simulated data: Y = βX + YBM. The resulting data

therefore contained trait variation as expected under Brownian

motion evolution on the phylogeny, plus a known degree of group

difference (when βinput > 0.0).

For each simulated dataset, phylogenetic patterns were eval-

uated using the refined RRPP procedure proposed here. The pro-

portion of simulated datasets whose significance level was less

than the nominal α = 0.05 was treated as an estimate of type I

error (βinput = 0.0) or power (βinput > 0.0) of the test. Type I error

and power were determined for RRPP under both the random and
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aggregated group scenarios. In parallel, we conducted phyloge-

netic ANOVA on the same simulated datasets using a previously

proposed approach based on phylogenetic simulation (Garland

et al. 1993; generalized to multivariate in geiger: Pennell et al.

2014). This approach does not condition the data on the phylogeny

during the ANOVA computations, but rather compares results

from an OLS ANOVA to those obtained from datasets generated

on the phylogeny under Brownian motion. Type I error rates and

power were obtained for this method for comparison. Note that

we did not include comparisons with parametric evaluation of

PGLS for ANOVA. Prior work has demonstrated that parametric

evaluation of phylogenetic regression displays decreasing power

as the number of dependent trait dimensions (p) increases, and

statistical evaluation is not possible when p � (n − k), where

n and k are the number of observations and model parameters,

respectively (Adams 2014a). We confirmed through simulation

that this debilitating property likewise holds for parametric evalu-

ations of multivariate phylogenetic ANOVA (results not shown),

so this alternative was not included in the simulations.

RESULTS

Results of our simulations are found in Figure 2. The results reveal

several important patterns. First, both phylogenetic ANOVA eval-

uated by simulation (Garland et al. 1993) and the revised RRPP

procedure display appropriate type I error rates at the nominal

α = 0.05 for both random and aggregated groups, and for both

univariate and multivariate datasets. Second, the statistical power

of both procedures increases as the known differences among

groups increases (Fig. 2). However, evaluating such patterns us-

ing RRPP displays higher statistical power as compared to using

phylogenetic simulation (Fig. 2), revealing that RRPP is more

capable of detecting group differences in a phylogenetic con-

text when they are present. Additionally, it should be noted that

because approaches based on phylogenetic simulation use OLS

methods (Garland et al. 1993; Pennell et al. 2014), parameter

estimates are incorrect, as they are not conditioned on the phy-

logeny. Additionally, because statistical evaluation is based on

parametric test statistics such as Wilks’ λ, the phylogenetic sim-

ulation approach cannot be used for highly multivariate data, as

such test measures cannot be calculated when p � (n − k). There-

fore, when evaluating phenotypic differences among groups in a

phylogenetic context, the new RRPP approach is preferred.

Inspection of the results illustrated in Figure 2 reveals an-

other important pattern; namely that statistical power is com-

promised when groups are aggregated on the phylogeny. Com-

paring power curves obtained between randomly distributed and

aggregated groups, it is discovered that power decreases when

groups are more highly aggregated on the phylogeny. This re-

veals an important point: that the manner in which indepen-

dent grouping variables associate with the phylogeny can af-

fect downstream inferences on how dependent (Y) and indepen-

dent (X) variables associate with one another (see also Fig. 1).

This point will be revisited in more detail in the Discussion

below.

Finally, we performed further simulations to evaluate addi-

tional statistical properties of the RRPP procedure proposed here.

The results of these simulations are found in the Supporting Infor-

mation. Summarizing those results: for phylogenetic regression,

the RRPP method yields identical model coefficients and statistics

(β and F) as those obtained from other GLS implementations, and

produces significance estimates that are highly correlated with

earlier permutation procedures (Supporting Information). Addi-

tionally, the RRPP method displays low bias in parameter estima-

tion, and generates empirical sampling F distributions that match

theoretical expectation (Supporting Information). And following

the theoretical requirements outlined in Adams and Collyer (2018)

for multivariate phylogenetic comparative methods, the approach

is rotation-invariant, insensitive to differing levels of covariation

in the dependent (Y) variables, and is robust to increasing trait

dimensionality (Supporting Information). Taken together, these

results allow one to argue through consilience that the RRPP

method described here provides a useful refinement of existing

phylogenetic comparative methods that is appropriate for evalu-

ating patterns in phenotypes as described by regression, ANOVA,

and other linear models. The new method is implemented in geo-

morph 3.0.6 (Adams et al. 2018).

A Biological Example
To illustrate the utility of the RRPP approach described above,

we examined patterns of phenotypic variation (body proportions)

in salamanders of the genus Plethodon. This lineage of terrestrial

salamanders is widely distributed in North American forests, and

extensive ecological research has shown that interspecific compe-

tition is widespread (Jaeger 1970; Hairston 1980; Anthony et al.

1997). Further, competitive interactions affect patterns of com-

munity composition (Adams 2007), and result in phenotypic dif-

ferences between populations and species (e.g., Adams and Rohlf

2000; Adams 2010). In eastern North America, most species be-

long to one of two functional guilds, which also correspond to dif-

ferences in overall body size between taxa (Highton 1995). Thus,

an interesting ecological hypothesis to consider is whether multi-

variate phenotypes differ between functional guilds, and whether

the allometric relationship for multivariate phenotypes relative to

body size is similar across guilds.

For the present example, we selected 37 species representing

members of two functional guilds, which are commonly referred

to as the P. cinereus and P. glutinosus species complexes (e.g.,

Highton 1995). A recent phylogeny for the group is found in
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Figure 2. Results from statistical simulations evaluating methods for two implementations of phylogenetic ANOVA. Type I error and

power curves for phylogenetic ANOVA using OLS plus simulation (Garland et al. 1993) when groups are (A) randomly distributed, or (B)

aggregated across the phylogeny. Type I error and power curves for RRPP methods when groups are (C) randomly distributed, or (D)

aggregated across the phylogeny.

Figure 3A, which represents a time-calibrated maximum clade

credibility tree obtained from a sampling of the posterior distri-

bution of trees from a Bayesian analysis of a multigene dataset

(Bonett and Blair 2017). Note that each of the functional guilds

is reciprocally monophyletic, implying that species in these two

groups are perfectly aggregated into sublineages. A partial least

squares analysis confirmed this visual finding (rPLS = 0.99;

P < 0.0001), demonstrating a strong correlation between eco-

logical groups and the phylogeny. Thus, this example represents

the “worst case” scenario with respect to group aggregation on

the phylogeny.

Phenotypic means for each species were obtained from pre-

vious sources (Adams and Church 2011; Blankers et al. 2012;

Adams 2013) and included body size (snout-vent length), head

length, snout-eye distance, body width, forelimb length, and

hindlimb length (Fig. 3B). The latter five measurements were then

divided by body size and were treated as a multivariate dataset

representing the relative body proportions of each species. We

performed analyses in three principal ways to illustrate the ad-

vantages of the proposed RRPP procedure for empirical investi-

gations (using ANOVA via RRPP) with: (1) OLS estimation of

coefficients, ignoring phylogeny; (2) PGLS estimation of coeffi-

cients, using untransformed residuals in RRPP; and (3) PGLS es-

timation of coefficients, using transformed residuals in RRPP (as

described above); henceforth OLS, PGLS-u, and PGLS-t, respec-

tively, for simplicity and to distinguish between untransformed

(-u) and transformed (-t) residuals used in RRPP. In each of these

analytical methods, we calculated single-factor, type I sums of

EVOLUTION JUNE 2018 1 2 0 9
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Figure 3. Results from empirical example. (A) A time-calibrated molecular phylogeny for the group, (B) the linear measurements used

in this study (image redrawn from Adams (2013)), (C) phylomorphospace representing the variation in body proportions for the species.

The first two dimensions explain 82% of the variation.

squares and cross-products (SSCP, with SS equal to the trace of

the SSCP matrix) for the main effects, Size and Guild, as solitary

model effects. The RRPP procedure in the case of single model

effect for both the OLS and the PGLS methods is functionally

equivalent to randomizing the row vectors of the observed data

matrix Y (Collyer et al. 2015) and for PGLS-u, specifically, is

the same as the original D-PGLS method introduced by Adams

(2014a). PGLS-t is a functional analog of randomizing the row

vectors of Yphy in this case, as randomizing the transformed resid-

uals, Ephy, preserves the global exchangeability (constant mean

and variance through permutations; sensu Commenges 2003) of

the transformed data (see Supporting Information for details). Ad-

ditionally, these models allowed parametric multivariate analysis

of variance (MANOVA) with exact F values, which we performed

(generalizing from Roy’s maximum root) to compare nonpara-

metric and parametric P values. This additional step helped to

emphasize divergence from theoretical expectation for any of the

three methods.
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For each analytical method, we also calculated type II SS for

main effects and their interaction; that is, Y ∼ Size + Guild +
Size × Guild . Type II SS are important in this case because

each main effect SS is conditioned on the SS of the alternative

main effect. Thus, we were able to determine if the variable,

Guild, which confounds phylogeny and ecology, was meaningful

in spite of phylogeny and species’ size. In all cases, the coefficient

of determination (R2), F-value, effect size (Z), and P-value were

estimated. The Z score for effect size was estimated as the SD of

the observed F-value in the distribution of RRPP-generated values

(after log-transformation for normalization). The P-value is the

probability of finding a larger RRPP-generated F-value than the

observed, by chance. In all cases, an acceptable type I error rate

of α = 0.05 was used as a significance level. All analyses were

performed in R 3.4.1 (R Development Core Team 2017) using the

RRPP approach described above as implemented in geomorph

3.0.6 (Adams et al. 2018: data and R scripts available in DRYAD

https://doi.org/doi:10.5061/dryad.2s8d0f9).

RESULTS

We consider our results, summarized in Table 1, on multiple lev-

els. First, the Guild effect was understandably large in size for

OLS evaluation and comparatively small in PGLS-u and PGLS-t

evaluations. OLS estimation of coefficients and subsequent SS

calculations failed to account for the most prominent source of

variation, evolutionary history. For type I SS effects, both OLS

and PGLS-t produced P values similar to parametric P values, at

least in terms of evaluating the significance of model effects, but

in the case of PGLS-u, the Guild effect was large and significant

(Z = 3.34, P = 0.001) despite a small F-value calculation (1.70),

suggesting a type I error, consistent with our simulation experi-

ments. Comparatively, the type I SS ANOVA statistics were quite

similar for Size between PGLS-u and PGLS-t, emphasizing the

mitigating nature of a continuous quantitative covariate. Together,

the type I SS ANOVA statistics emphasize that not transforming

residuals can exacerbate inferential error for ecophylogenetically

correlated variables.

The potential for inferential error was further increased when

considering type II SS analyses, but these analyses were also more

enlightening. In the case of OLS analysis, the reduction of R2 for

the Guild effect when conditioning it on the Size effect (from

R2 = 0.62 to R2 = 0.45) revealed the multicollinearity between

Size and Guild, which is not surprising for Plethodon, as species

in these two ecological guilds also differ in overall body size.

However, when accounting for phylogeny and conditioning the

Guild effect on the Size effect, R2 increased (from R2 = 0.04

to R2 = 0.09). This result suggests that after accounting for phy-

logeny and the covariation between morphology and species’ size,

the Guild effect is not merely redundant with phylogeny, as the

9% explained variation was significant in either case. However, T
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only in the case of PGLS-t do the ANOVA statistics seem rea-

sonable. The R2 = 0.09 result corresponded to a modest F-value

of 4.06. For PGLS-t, this translated to an effect size of 1.94 SDs

greater than expected by chance and a P-value of 0.023 (which is

also rather consistent with an area under a standard normal curve

of 0.026 for z = 1.94). By contrast, the effect size of 3.34 SDs

greater than expectation and a P-value of 0.001 from PGLS-u are

quite implausible for R2 = 0.09 and F = 4.06, again reiterating the

folly of not transforming residuals prior to RRPP. These discrep-

ancies were mitigated for the Size effect, but even in this case,

the PGLS-t method resulted in much more intuitive correspon-

dence among ANOVA statistics. Finally, although there were no

significant Size:Guild interactions observed, limiting comparative

interpretations of methods, the effect size was much smaller with

PGLS-t, emphasizing a perhaps more conservative method (and

less prone to type I error).

Overall, the PGLS-t result implied that a common allomet-

ric pattern was present across both guilds of species. Interpret-

ing differences in body proportions between guilds through in-

spection of principal component loadings revealed that species

in the Plethodon glutinosus functional group displayed relatively

larger body proportions, especially in their limbs. This pattern

is visually confirmed in the phylomorphospace plot (Fig. 3C),

where there was a clear separation of the two functional groups in

morphospace. Additionally, the significant evolutionary allome-

try was easily visualized in this plot, as the small species of the P.

cinereus functional group were located toward the negative side

of PC1, whereas the larger species of the P. glutinosus group were

found toward the positive side of PC1.

Discussion
In this article, we investigated how the dispersion of groups across

the phylogeny affects statistical and biological inferences when

evaluating multivariate phenotypes using phylogenetic ANOVA.

Our study revealed several key points. First, with respect to eval-

uating phylogenetic linear models, we introduced a refined RRPP

that permutes residuals from data conditioned on the phylogeny,

and therefore represents appropriate exchangeable units for GLS

models (Supporting Information). We demonstrated that the ap-

proach displays appropriate type I error rates and statistical power

(Fig. 2) and retains numerous desirable properties when evaluat-

ing both regression and ANOVA models (Supporting Informa-

tion). Goolsby (2016) documented elevated ANOVA type I error

rates on PGLS models (for phylogenetic regression) using sim-

ulations with pure birth trees, which differed from the results of

Adams (2014a) using simulations with random split trees. In the

current analyses, we used pure birth trees for both regression and

ANOVA models and found type I error rates were appropriate.

(We also verified type I error rates were appropriate with ran-

dom split trees but did not report these results.) Although Adams

and Collyer (2018) reasoned that the elevated type I error rates

were probably associated with the method of random tree gen-

eration, it appears that transforming residuals was an essential

missing component of the RRPP procedure that may have con-

tributed to elevated type I error rates in certain scenarios. Our

empirical example helped to elucidate the issue, and along with

our simulated examples confirmed that previous accounts of ele-

vated type I error rates were a result of the permutation method

used.

Under broad conditions, the appropriate type I error rates

and power with RRPP performed on transformed residuals sug-

gests that accounting for phylogenetic relatedness in residuals

prior to RRPP is a heuristically vetted need. This outcome is not

surprising, as Adams and Collyer (2018) also found that phylo-

genetic transformation of datasets prior to randomization in two-

block partial least squares analysis resulted in appropriate type

I error rates, contrary to the elevated rates pertaining to postran-

domization transformation (as reported by Goolsby 2016). These

convergent outcomes demonstrate that “transformation first,

randomization second,” is the appropriate paradigm for permu-

tation procedures involving phylogenetic transformation. This

is not true, however, when using PICs (see Adams and

Collyer 2015).

Second, we demonstrated that highly aggregated groups on

the phylogeny can generate very strong and significant correla-

tions with the phylogenetic covariance matrix. This represents

an unappreciated concern when investigating patterns of group

differences phylogenetically. Further, we argue that this concern

is biologically relevant, as strong group–phylogeny correlations

will likely be encountered in many macroevolutionary studies. In

evolutionary studies, the groups that tend to draw our attention

are typically not random, but often represent distinct sublineages

or monophyletic clades within a broader phylogeny (e.g., a sub-

lineage that has colonized an island or a new habitat relative to a

parent lineage). Such instances substantiate the requirement that

methods evaluating group differences in a phylogenetic context

display the highest power possible. As shown in Figure 2, the

RRPP procedure proposed here meets that requirement. Indeed

our empirical example provided one such instance where robust

statistical evaluation under group aggregation is required to ar-

rive at proper biological inference, as the ecological groups were

perfectly aggregated in two sublineages within the broader phy-

logeny (Fig. 3A). However, whenever species have diversified into

new ecological niches, or when a clade colonizes a new habitat,

such phylogenetic patterns will likely arise. As such, the statistical

challenges associated with group aggregation on the phylogeny

cannot be ignored.

One consequence of this realization is that before evaluating

multivariate patterns using phylogenetic ANOVA, one must first
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determine the extent to which the ecological groups of interest and

are confounded with the branching patterns of the phylogeny. As a

diagnostic for this problem, we recommend the use of two-block

partial least squares analysis. This provides a simple statistical

measure (correlation) between the phylogenetic covariance ma-

trix and the ecological grouping variable to evaluate the extent

to which the two are correlated in empirical datasets. Identifying

such group aggregations on the phylogeny is critical, as correct

biological interpretation depends upon the degree to which such

aggregation is present. At one extreme, when groups are perfectly

aggregated phylogenetically, understanding any phenotypic simi-

larity of species within groups rests largely on inferences based on

shared evolutionary history and a common ecological shift on the

phylogeny (e.g., Wilke et al. 2010). At the other extreme, when

groups are dispersed across the phylogeny, phenotypic similar-

ity of species may identify instances of evolutionary convergence

associated with a common ecological niche (e.g., Losos 1992;

Harmon et al. 2005; Alvarado-Cárdenas et al. 2013; Serb et al.

2017). Because both extremes are biologically possible, we rec-

ommend that partial least squares analysis becomes a standard

component of the phylogenetic comparative toolkit for empiri-

cal studies where understanding phenotypic differences among

groups is a concern.

Third, we posit that any phylogenetic GLS model where data

are conditioned on the phylogeny may be statistically evaluated

using the RRPP procedure described here. For instance, in the

empirical example, we demonstrated its ability to accommodate

multiple explanatory factors by evaluating evolutionary hypothe-

ses using both phylogenetic MANOVA and multivariate analysis

of covariance (MANCOVA). In the Supporting Information, we

demonstrate its efficacy for phylogenetic regression. Because of

this analytical flexibility, we recommend that future phylogenetic

comparative studies of multivariate trait evolution use this refined

RRPP approach.

Fourth, it has not escaped our notice that OLS transforma-

tion of GLS models (Judge et al. 1985; Rencher 2000), combined

with the refined RRPP approach we propose here, is not restricted

to phylogenetic comparative analyses. Rather, it has clear appli-

cation to a much wider array of statistical problems commonly

found in ecology and evolutionary biology where model residuals

are not independent, but display covariation that may character-

ized by an expected covariance matrix (i.e., a GLS model). For

instance, analyses within species can make use of the migration

matrix (M), which describes the lack of independence among

populations resulting from gene flow (Felsenstein 2002; Stone

2011). Conditioning the data on M via phylogenetic transforma-

tion, and using the refined RRPP procedure above facilitates sta-

tistical comparisons of phenotypes among groups of populations

while accounting for their lack of independence due to migration.

In like manner, one may condition the data on a spatial covariance

matrix (S: Cressie 2015) and use the refined RRPP procedure here

to statistically evaluate biological trends across objects whose ex-

pected covariation is proportional to their spatial proximity. We

contend that OLS transformation, combined with refined RRPP,

provides a general statistical solution to many biological problems

that can be described using GLS models.

Finally, our investigation reveals a deeper connection be-

tween phylogenetic ANOVA and other phylogenetic comparative

methods that deserves comment. Recently, it has been shown that

trait-dependent diversification methods such as BiSSE (Maddison

et al. 2007) can display unacceptably high type I error rates under

certain conditions (Rabosky and Goldberg 2015). One reason for

this pattern is the fact that in some circumstances, statistical as-

sociations are inferred from data where the discrete character of

interest displays only one or a few evolutionary changes across

the phylogeny (Maddison and FitzJohn 2015). Thus, singular,

and often unreplicated events drive the patterns of association,

and can lead to support for an incorrect model hypothesis (Uyeda

et al. 2018). Considering phylogenetic ANOVA in this light, we

note the near perfect correspondence between the problems that

challenge BiSSE methods and those that affect inferences based

on phylogenetic ANOVA. That is, when groups are aggregated

across the phylogeny, there are only one or very few evolutionary

changes in group “state,” which subsequently leads to challenges

in statistical and evolutionary inference regarding ANOVA. This

observation should give the evolutionary biologist pause, because

in such instances it is difficult to unravel the patterns of trait co-

variation we wish to investigate from the influence of singular

evolutionary events. As such, we echo the recommendations of

Uyeda et al. (2018) that a greater emphasis on understanding the

origination of singular evolutionary events, and the downstream

consequences of those events on patterns of trait evolution, should

play a more prominent role in future macroevolutionary studies.
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