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Evaluating trait correlations across species within a lineage via phylogenetic regression is fundamental to comparative evolu-

tionary biology, but when traits of interest are derived from two sets of lineages that coevolve with one another, methods for

evaluating such patterns in a dual-phylogenetic context remain underdeveloped. Here, we extend multivariate permutation-based

phylogenetic regression to evaluate trait correlations in two sets of interacting species while accounting for their respective phy-

logenies. This extension is appropriate for both univariate and multivariate response data, and may use one or more independent

variables, including environmental covariates. Imperfect correspondence between species in the interacting lineages can also be

accommodated, such as when species in one lineage associate with multiple species in the other, or when there are unmatched

taxa in one or both lineages. For both univariate and multivariate data, the method displays appropriate type I error, and statistical

power increases with the strength of the trait covariation and the number of species in the phylogeny. These properties are

retained even when there is not a 1:1 correspondence between lineages. Finally, we demonstrate the approach by evaluating the

evolutionary correlation between traits in fig species and traits in their agaonid wasp pollinators. R computer code is provided.
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Interactions between species, such as predator–prey, host–

parasite, competition, and mutualism, have long fascinated ecol-

ogists and evolutionary biologists (Rosenzweig and MacArthur

1963; Anderson and May 1978; Tilman 1982; West et al. 2007).

These interactions underlie processes responsible for adaptive

phenotypic evolution in space and time and trait coevolution be-

tween species (Thompson 2005), as well as biological diversifi-

cation, including patterns of co-diversification (Page 2003). Al-

though many studies have focused on interactions between species

pairs, recent studies have emphasized that to gain insight into the

ecological and evolutionary consequences of species interactions,

we must account for the network of interactions that characterize

communities of co-occurring species (e.g., Polis 1991; Strauss

1991; Bascompte et al. 2003). For example, species coexistence

and the resilience of ecological networks are emergent properties

of natural communities that may be poorly predicted from the

independent analysis of component species pairs (Montoya et al.

2006; Amarasekare 2008; Thébault and Fontaine 2010).

Although the network variables of interest are often ecolog-

ical, evaluating such variables requires a phylogenetic perspec-

tive because the species interacting within communities possess

shared evolutionary histories and are not statistically indepen-

dent. Indeed, several procedures have been developed to model

the evolution of community structure and the strength of asso-

ciations among species that explicitly account for phylogenetic

nonindependence in a pair of associated lineages (Legendre et al.

2002; Henry et al. 2013; Rafferty and Ives 2013; Hadfield et al.

2014). In certain circumstances, the effect of trait values from

one phylogenetically related set of species on the strength of

ecological interaction with another set of species can also be

incorporated (Rafferty and Ives 2013; see also Hadfield et al.

2014). Utilizing such approaches, researchers have been able to
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elucidate the extent to which species associations, incidence rates,

and community structure have been affected by evolutionary his-

tory (Longdon et al. 2014; Calatayud et al. 2016). Likewise, some

methods model phenotypic evolution of continuous characters in

one lineage while taking into consideration changes in trait val-

ues in a second set of coevolving taxa that interact with the focal

clade (Manceau et al. 2017). However, the latter approach does

not directly evaluate the correlation between traits across the two

coevolving lineages.

As with the evaluation of ecological variables across a com-

munity, phylogenetic nonindependence of taxa must be accounted

for in evaluating the correlation in two sets of trait values across

species, a problem that is addressed using phylogenetic com-

parative methods such as phylogenetic independent contrasts

(PIC) (Felsenstein 1985) or phylogenetic generalized least squares

(PGLS) (Martins and Hansen 1997). An important and related area

of study is coevolution and the extent to which phenotypic traits

covary between interacting sets of taxa. Biologically, it may be

expected that traits will be correlated between sets of species, as

changes in the traits of one species may exert selective pressures

that result in changes in the traits of their interacting species,

and vice versa (Heinrich and Raven 1972; but see Janzen 1980;

Nuismer et al. 2010). Indeed, such patterns of coadaptation may

be predicted to occur in the traits of plants and their pollinators

(e.g., Weiblen 2004; Smith et al. 2008), predators and their prey

(e.g., West et al. 1991; Abrams 2000), hosts and their parasites

(e.g., Morand et al. 2000; Morand and Poulin 2003; Johnson et al.

2005), and other species interactions. However, deciphering the

ecological and evolutionary significance of trait correlations in

such systems is complicated by the fact that the species within

each interacting lineage are not independent. As such, the phylo-

genetic history of each interacting lineage can influence patterns

of trait variation among species within each group. Thus, identify-

ing trait correlations between sets of interacting species requires

a phylogenetic perspective (for discussion see Morand and Poulin

2003; Weiblen 2004).

Methods such as phylogenetic independent contrasts (PIC)

and PGLS condition the data on a single phylogeny to account

for the lack of independence in trait values within that lineage.

However, in the case of interacting lineages, one must account

for the separate phylogenetic histories of each interacting lin-

eage. A few approaches have attempted to account for multiple

phylogenies while assessing trait correlations, either by obtaining

predicted values for both traits using phylogenetic eigenvector

regression (Morand and Poulin 2003), or by obtaining residu-

als for each trait using phylogenetic autocorrelation approaches

(Weiblen 2004). Unfortunately, the methods upon which these

two approaches are based have numerous analytical challenges.

For instance, phylogenetic eigenvector regression displays un-

acceptably high type I error rates (Freckleton et al. 2011), has

no underlying evolutionary model, and suffers other procedural

difficulties (e.g., if all eigenvectors are used, the data predicted by

the phylogeny is identical to the original data where phylogenetic

relationships were ignored: see Rohlf 2001; Adams and Church

2011). Likewise, phylogenetic autocorrelation can result in mul-

tiple values that produce identical optimal fits of the data to the

phylogeny, limiting the utility of the method and complicating bi-

ological interpretation (see Rohlf 2001). Because of these issues,

an alternative and more general method for studying trait correla-

tions in interacting species while accounting for their respective

phylogenies is desired.

In this article, we propose a new statistical procedure for

evaluating the covariation between traits for two sets of inter-

acting species while accounting for their respective phylogenies.

The approach is based on a Brownian motion model of evolu-

tion, and is extended from one implementation of phylogenetic

regression: multivariate permutation based PGLS (Adams 2014).

The method is general, may be used with either univariate or

multivariate response data, and may use one or more independent

variables, including environmental covariates. The method is also

appropriate for datasets where there is not a 1:1 correspondence

between species in the interacting lineages, such as when species

in one lineage associate with multiple species in the other, or

when there are unmatched taxa in one lineage relative to another.

Using computer simulations, we show that the method displays

appropriate type I error rates and high statistical power for both

the univariate and multivariate cases, and retains these desirable

properties even when there is not a 1:1 correspondence between

lineages. We then provide an empirical example demonstrating

the utility of the approach by examining the evolutionary correla-

tion between phenotypic traits in fig species and phenotypic traits

in their agaonid wasp pollinators. Computer code written in R for

implementing the procedure is also provided.

Phylogenetic Regression
Phylogenetic comparative methods evaluate trends of evolution-

ary covariation among traits by conditioning the data on the phy-

logeny under a particular model of evolution. Typically, a Brow-

nian motion model is used (e.g., Felsenstein 1973, 1981), though

other models, such as Ornstein–Uhlenbeck (Hansen 1997; But-

ler and King 2004) or early-burst (Blomberg et al. 2003), may be

used in some applications. Most implementations of phylogenetic

regression are based on a generalized least squares (GLS) model

of the form:

Y = Xβ̂ + ε, (1)

where Y is a N × p matrix of trait values for the N species across

p dependent trait dimensions, and X is a N × k design matrix

containing one or more independent variables. In this model, the

EVOLUTION FEBRUARY 2018 2 3 5



D. C. ADAMS AND J. D. NASON

residuals (ε) are not independent, but are normally distributed as

N (0, C). Here, C is an N × N phylogenetic covariance matrix de-

scribing the expected covariance between species resulting from

shared evolutionary history as characterized by the phylogeny

(Rohlf 2001; Blomberg et al. 2003; O’Meara et al. 2006).

To obtain parameter estimates for the model while condi-

tioning the data on the phylogeny, several algebraic approaches

are commonly used, and all yield identical parameter estimates

when implemented properly (Garland and Ives 2000; Rohlf 2001;

Blomberg et al. 2012). The first is based on phylogenetically inde-

pendent contrasts (Felsenstein 1985). Here, N − 1 contrast scores

are obtained for each trait in X and Y, found as the difference in

trait values between the two descendent taxa for each node on the

phylogeny divided by the square root of the sum of their branch

lengths. Model parameters, minus the intercept, are then found

using the contrast scores Xpic and Ypic as:

β̂ = (
Xt

picXpic

)−1
Xt

picYpic. (2)

Likelihood ratio tests or their derived parametric summary

measures (e.g., F ratios) are typically used to statistically evaluate

the fit of the regression model while accounting for phylogeny

(see discussion in Adams and Collyer 2018).

The second implementation, often called PGLS, uses the

standard algebraic solution for GLS models (Grafen 1989; Mar-

tins and Hansen 1997). This approach is generally more flexible

than that of independent contrasts because non-Brownian motion

models, as well as complex statistical designs that include multiple

independent variables, environmental covariates, and categorical

factors, are more easily accommodated using this implementation

(Pennell and Harmon 2013). First, a column of ones is appended

to X to include the intercept. Model parameters are then obtained

using the GLS solution:

β̂ = (
Xt C−1X

)−1
Xt C−1Y. (3)

As above, likelihood ratio tests and parametric summary

measures are typically used to statistically evaluate the fit of the

regression model conditioned on the phylogeny.

A third implementation uses phylogenetic transformation

(Garland and Ives 2000; Adams 2014). Here, a phylogenetic trans-

formation matrix is obtained as P = (UW−1/2Ut )−1 , where U
and W are the eigenvectors and eigenvalues of the phylogenetic

covariance matrix C (Garland and Ives 2000). Next, the indepen-

dent variable, X (including a column of ones), and the dependent

variables, Y, are transformed by P via projection: Xphy = PX
and Yphy = PY. This results in data conditioned on the phy-

logeny and whose error is now independent of the phylogeny as

expressed in C. Model parameters are then estimated as:

β̂ = (
Xt

phyXphy

)−1
Xt

phyYphy . (4)

Statistical evaluation of the fit of these models is accom-

plished using likelihood ratio tests (as above), or by generating

empirical sampling distributions of test statistics through permu-

tation procedures (e.g., Adams 2014; Adams and Collyer 2015).

Finally, a phylogenetic generalized linear mixed model

(P-GLMM) has been proposed as an alternative approach to

model the coevolutionary relationship between traits while ac-

counting for nonindependence due to phylogeny (Lynch 1991;

see also Housworth et al. 2004; Hadfield and Nakagawa 2010; de

Villemereuil and Nakagawa 2014). This method is derived from

the “animal model” in quantitative genetics, but instead of using

an animal pedigree to account for the relationships among individ-

uals, the species phylogeny is used to account for the relationships

among taxa. The model is of the form:

Y = Xβ̂ + Zû + ε. (5)

With this model, the set of independent variables and their

parameters (Xβ̂) are treated as fixed effects, whereas a phyloge-

netic random effect, described by the phylogenetic relatedness

matrix and its effect parameters (Zû), is also included. Note that

this formulation differs somewhat from that of the GLS model,

where phylogenetic nonindependence is incorporated in the er-

ror structure using the phylogenetic covariance matrix C. With

P-GLMM, model parameters β̂ and û are estimated using re-

stricted maximum likelihood or MCMC approaches, and like-

lihood ratio tests, posterior probability distributions, or related

measures are used to statistically evaluate the model. For bivari-

ate regression, P-GLMM yields results similar to those obtained

from GLS applications (see, e.g., Housworth et al. 2004).

Phylogenetic Regression on Two
Phylogenies
Phylogenetic regression estimates the covariation between traits

while conditioning the data on a single phylogeny under a spec-

ified model of evolution. This statistical approach is appropriate

for most applications, as both the independent (X) and dependent

(Y) variables are typically derived from the same set of species.

However, when the traits are from two sets of species that coe-

volve with one another, this is not the case, as one set of traits (X)

is derived from one lineage, whereas the other set of traits (Y) is

derived from a second lineage. Thus, in this scenario, properly ac-

counting for species nonindependence requires conditioning the

data on two phylogenies in some manner. To accomplish this one

might consider a P-GLMM approach, where a second random

effect is added to the model to incorporate the second phylogeny.

However, this conditions the response (Y) data on both phylo-

genies simultaneously, which is the incorrect statistical model

for the present application. Instead, the independent (X) variables
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should be conditioned on the phylogeny for their species, whereas

the dependent (Y) variables are conditioned on the phylogeny for

their species. Only by conditioning each dataset on its respective

phylogeny can one properly account for the expected covaria-

tion among species trait values for both the X and Y variables.

Accomplishing this requires a different implementation.

As a solution to this problem, we propose an extension of the

multivariate permutation-based PGLS procedure (Adams 2014;

Adams and Collyer 2015). In the description that follows and

for ease of presentation, we will refer to one set of interacting

species as the plants and the second set of interacting species as

the pollinators, though we recognize that other types of interact-

ing species could be evaluated. First, trait values for one or more

independent variables are obtained from the plant species, which

may include measures of plant phenotypes, environmental covari-

ates, or factors describing categories to which the plant species

belong (e.g., upland vs. lowland). All independent variables are

assembled column-wise in a design matrix X containing NX rows

(categorical variables are represented as a series of dummy vari-

ables). A column of ones is included in X so the model intercept

may also be estimated. Likewise, the continuous trait values for

one or more dependent variables are obtained from the pollinator

species, which are assembled column wise in a response matrix

Y containing NY rows. Finally, for both the plant and pollina-

tor lineages, estimates of the phylogeny for the species must be

available.

In addition to the data described above, a species pairs matrix

must be assembled, which specifies which pollinator is associated

with which plant. For cases of a perfect 1:1 correspondence be-

tween plants and pollinators, each pollinator species will be asso-

ciated with only one plant species, and these associations will be

found on the NX = NY rows of the species pairs matrix. However,

a more realistic scenario is when there is an imperfect match be-

tween pollinators and plants. Indeed, having multiple connections

between species is common in nature (Bascompte et al. 2003; Jor-

dano et al. 2003) for instance when there is more than one plant

per pollinator, or when there is more than one pollinator per plant.

Other mechanisms generating imperfect pairings include hori-

zontal transmission of symbionts (e.g., parasites) to new hosts,

which increases host breadth (Henry et al. 2013) or leads to the

accumulation of symbionts on hosts (Stireman et al. 2005). To

accommodate such scenarios, species that have multiple associ-

ations with interacting species will be represented on multiple

rows of the species pairs matrix, corresponding to those species

with which they associate in nature. In these cases, the number

of rows in the species pairs matrix depends on the total number

of associations between plants and pollinators, which may differ

from both NX and NY. Finally, it is biologically possible that there

are unmatched species in the dataset, for instance when a plant

species in the phylogeny does not have an associated pollinator.

In such cases, the unmatched species are not paired with a species

in the other lineage in the species pairs matrix.

With the data components above, the following operations

are performed. First, phylogenetic transformation matrices are

calculated from both the plant and pollinator phylogenies, termed

PX and PY, respectively. Next, the dependent and independent

variable matrices are transformed by their respective phylogenies

as: Xphy.t = PX X and Yphy.t = PY Y. Using the associations de-

scribed in the species pairs matrix, Xphy and Yphy are then assem-

bled from the rows of Xphy.t and Yphy.t. These are identical to Xphy.t

and Yphy.t when there is a 1:1 correspondence between plants and

pollinators, but for scenarios where there is more than one plant

per pollinator or vice versa, Xphy and Yphy will contain replicated

values from Xphy.t and/or Yphy.t in the rows corresponding to their

multiple species associations. Then, parameter estimates for the

model are calculated as:

β̂ = (
Xt

phyXphy

)−1
Xt

phyYphy (6)

and predicted values are obtained as: Ŷ X = Xphy β̂.

Next, if X contains only a single variable, a reduced model

(Xr) containing only a column of ones is transformed by PX and

the above calculations repeated to obtain predicted values from

this reduced model (Ŷ 1). Variation explained by the model is then

found from the trace of the outer product of the difference in

predicted values (Adams 2014; Adams and Collyer 2015):

SSX = tr[(Ŷ X − Ŷ 1)(Ŷ X − Ŷ 1)
t
]. (7)

On the other hand, if the design matrix X contains more than

one factor, a series of reduced model matrices are generated by se-

quentially removing terms from the original design matrix. These

matrices are then transformed by PX, and the above procedure is

used in sequential fashion to obtain the sums of squares for each

term in the model, from which the corresponding F-ratio and R2

is obtained (described in Collyer et al. 2015; see also Anderson

2001). Finally, the significance of each model term is evaluated by

generating an empirical sampling distribution of F-statistics using

permutation. Here the phylogenetic transformation by PY is per-

formed, the reduced model is fit and residuals from this reduced

model are permuted, and SS, MS, and F-values are obtained.

The proportion of permuted values greater than the observed is

used as an estimate of significance (see Adams 2014; Adams

and Collyer 2015). It should be noted that when the phylogeny

for the plants and pollinators is the same, the procedure above

yields identical parameter estimates and summary test measures

to the original permutation-based PGLS procedure (Supporting

Information Material). Computer code in R for implementing the

entire procedure is found in Appendix.
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Statistical Performance
To evaluate the statistical performance of the approach described

above, a series of computer simulations were conducted. Simula-

tions were performed under a Brownian motion model of evolu-

tion, and evaluated four different scenarios: (1) a bivariate regres-

sion with a single Y variable and a 1:1 correspondence among

taxa, (2) a multivariate regression with a Y matrix (p = 9) and a

1:1 correspondence among taxa, (3) a bivariate regression with a

single Y variable and an imperfect correspondence among taxa,

and (4) a multivariate regression with a Y matrix (p = 9) and an

imperfect correspondence among taxa. The simulations used ran-

dom phylogenies for both the plants and their pollinators, which

were generated using a random splits model. Simulations with

a 1:1 perfect plant–pollinator correspondence were conducted at

four different levels of species richness (N = 16, 32, 64, 128),

and each pollinator species was associated with exactly one plant

species. For scenarios with an imperfect correspondence, plant

phylogenies were simulated with species richness of (NX = 16,

32, 64, 128), whereas pollinator phylogenies contained 25% fewer

species (NY = 12, 24, 48, 96). For species matching, each plant

was associated with one pollinator species, however, because there

were fewer pollinator than plant species, a third of the pollinators

were associated with two plant species. Thus, these simulations

evaluated scenarios of imperfect matching with multiple associa-

tions for some of the species.

For each simulation scenario above, we evaluated both type

I error rates and statistical power. Simulations evaluating type I

error rates assumed no relationship between X and Y, and thus

used no initial covariation between traits (σXY = 0.0). By con-

trast, simulations evaluating statistical power assumed a positive

relationship between X and Y, and thus used positive initial levels

of covariation between traits. The degree of covariation between

X and Y varied depending upon the desired strength of the Y � X
relationship (σXY = 0.2, 0.4, 0.6, 0.8, 0.99).

To simulate the data, an initial input covariance matrix (S)

was constructed, with the variance of each trait as (σ = 1.0)

and the covariance between traits chosen from the values above

(depending on simulation condition). For bivariate regressions,

S was a 2 × 2 matrix, whereas for multivariate regressions S
was a 10 × 10 matrix. Data were drawn from a normal distribu-

tion, N(0,S). Random phylogenies were generated, and the data

were back-transformed to each using the inverse of their respec-

tive phylogenetic transformation matrices, P−1. This procedure

was used, rather than simulating along the phylogeny directly,

because the data were meant to come from two distinct phyloge-

nies. However, it can be shown that simulating data in this manner

yields regression parameters identical to those obtained from the

data back-transformed by the phylogeny, and then evaluated us-

ing PGLS (results not presented). For each simulation condition,

1000 datasets were generated in this manner, and for all datasets,

the relationship between Y and X was evaluated using the new

phylogenetic regression approach for two phylogenies described

above. The proportion of significant results (out of 1000) was

then treated as an estimate of the type I error (when σXY = 0.0)

or statistical power (when σXY > 0.0) of both approaches.

RESULTS

When there was a 1:1 correspondence between taxa, the approach

displayed appropriate type I error rates, near the nominal α =
0.05 (Fig. 1). This was the case for both univariate and multivari-

ate response data. Additionally, the power of the test increased

as the degree of covariation between X and Y increased, and

as the dimensionality of Y increased. As expected, as the num-

ber of species in the phylogeny increased, statistical power also

increased (Fig. 1A and B); a pattern frequently found with phylo-

genetic comparative methods (e.g., O’Meara et al. 2006; Adams

2014). Importantly, when non 1:1 scenarios were examined, all

of these statistical properties were maintained (Fig. 1C and D),

revealing that the approach was robust to imperfect species as-

sociations between interacting lineages, such as when there is

more than one plant species associated with a pollinator species.

Overall, these simulations revealed that the approach is capable

of detecting significant evolutionary associations between vari-

ables while accounting for dual-species phylogenies, when such

patterns are present.

A Biological Example
To illustrate the utility of the approach described above, we eval-

uated the degree of evolutionary association between phenotypic

traits in species of fig and their wasp pollinators. Figs (genus

Ficus, family Moraceae) are highly diverse (750-plus species)

and widely distributed across tropical and subtropical habitats. Fig

wasp pollinators (family Agaonidae, superfamily Chalcidoidea)

are obligately associated with figs and typically have a one-to-one

species specificity with their hosts (Weiblen 2002; Marussich and

Machado 2007). A textbook example of a highly coevolved mu-

tualism (Janzen 1979; Herre et al. 2008), previously inseminated

pollinators are attracted to enclosed fig inflorescences (syconia)

by species-specific volatile attractants. A wasp then enters the

syconium through a small ostiole and provides pollination ser-

vices to the plant while laying eggs into a subset of its many

ovules, with each ovule supporting one developing wasp larva.

The data examined here are found in Weiblen (2004) and

contain the mean style length for individual plant species and

the mean ovipositor length for its associated pollinator species;

pollinators oviposit through the style into ovules and so a corre-

lation between style and ovipositor length across species would

be indicative of coadaptation. The phylogenetic relationships for
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Figure 1. Simulation results evaluating the type I error (when σXY = 0.0) and statistical power (when σXY > 0.0) of the phylogenetic

regression approach developed here for evaluating trait correlation between two lineages of interacting species under the following

conditions: (A) univariate response data with a 1:1 correspondence among taxa, (B) multivariate response data with a 1:1 correspondence

among taxa, (C) univariate response data with an imperfect correspondence among taxa, and (D) multivariate response data with an

imperfect correspondence among taxa. For all scenarios, curves for increasing numbers of species in the phylogeny are shown.

the plants are from Weiblen (2000), and are represented by a

strict consensus tree of 208 trees obtained from a parsimony anal-

ysis of the ITS region of ribosomal DNA (see Weiblen 2000).

The phylogenetic relationships for the pollinators are represented

by the single most parsimonious tree obtained from an analy-

sis of cytochrome oxidase I (Weiblen 2001). Phenotypic traits

from Weiblen (2004) were associated with their respective taxa

in these phylogenies, resulting in a dataset of 39 plant–pollinator

species pairs (Table 2 of Weiblen 2004). Plant–pollinator associa-

tions, along with their respective phylogenies are found in Figure

2A. The evolutionary correlation of style and ovipositor length

across species while accounting for both the phylogenies of the

plants and the pollinators was accomplished using the multivariate

permutation-based PGLS procedure described above. All analy-

ses were performed in R 3.4.1 (R Development Core Team 2017)

using routines written by the senior author and found in Appendix

(all data and R scripts used for the analysis may be obtained from

DRYAD: https://doi.org/10.5061/dryad.r3765).

RESULTS

Using analyses that did not account for phylogenetic associa-

tions, there was a significant relationship between species means

for style length and ovipositor length (β = 0.735, P < 0.0001,

r = 0.899: Fig. 2B). When the phylogenies of both plants and

pollinators were taken into consideration, this relationship was

still highly significant (β = 0.577, P < 0.0001, r = 0.548: Fig.

2C), though it was revealed that the original analysis overesti-

mated the biological association (r) between style and ovipositor

length by approximately 60%. Because the latter analysis prop-

erly accounted for both the plant and pollinator phylogeny in the

analysis, we conclude that the covariation between style length

and ovipositor length cannot be explained by the lack of indepen-

dence of species due to their evolutionary histories alone. This

suggests that the coevolution between ovipositor length and style

length displays an adaptive signature in this system.

Discussion
The development of robust methods accounting for the phylo-

genetic nonindependence of taxa in evaluating the correlation in

two sets of trait values across species within a lineage has been

an active area of evolutionary research. In contrast, methods ac-

counting for phylogeny in evaluating the correlation in trait values

between two interacting lineages are underdeveloped, and the few
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Figure 2. (A) Phylogenetic relationships of figs and their pollinators, with the plant–pollinator associations indicated (adapted from

Weiblen 2004). (B) Relationship between style length and ovipositor length for original data from 39 pairs of associated plant and

pollinator species, and (C) relationship between the same traits for the same 39 species pairs as viewed using the phylogenetically

transformed (PT) variables. In (C), the association between traits was evaluated using the procedure developed here (see text).

approaches proposed have recognized analytical challenges. To

address these issues we extended multivariate permutation-based

phylogenetic regression approaches to allow for the assessment

of trait correlations across two sets of interacting species while

accounting for their respective phylogenies. The approach is gen-

eral and may be used to evaluate either univariate or multivariate

response data, and use one or more independent variables, includ-

ing environmental covariates. Additionally, the method may be
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used with datasets where there is a 1:1 correspondence between

species in the interacting lineages, as well as for scenarios with

imperfect correspondence between species in the interacting lin-

eages, such as when there is more than one parasite per host (or

vice versa), or when there are unmatched taxa in one lineage rel-

ative to another. Using computer simulations, we demonstrated

that the approach displays appropriate type I error rates and high

statistical power for both the univariate and multivariate cases,

and retains these desirable properties even when there is not a

1:1 correspondence between lineages (Fig. 1). A particularly rel-

evant application of this method is to evaluate the correlation be-

tween traits modulating species interactions between obligately

associated lineages. We provide such an example, identifying sig-

nificant positive covariation between style length in fig flowers

and the ovipositor length of pollinating fig wasps that insert their

ovipositors the length of fig styles in the egg-laying process. This

example thus demonstrates the utility of our procedure for identi-

fying evolutionary correlations between traits in species from two

coevolving lineages.

The interactions between species, such as predator–prey re-

lationships, interspecific competition, and mutualism, have long

attracted the attention of ecologists and evolutionary biologists, as

such interactions underlie processes responsible for adaptive phe-

notypic evolution in space and time. Indeed, interactions between

species are considered to result in the coevolution of phenotypic

traits, and considerable effort has been devoted to documenting

the consequences of such interactions (Ehrlich and Raven 1964;

Anderson and May 1978; Weiblen 2004). Recent phylogenetic

approaches have furthered our understanding of how such traits

evolve, by providing models that describe evolutionary changes in

traits of a focal clade while considering interactions between those

species (Nuismer and Harmon 2015) or conditioning on the trait

values in a second set of coevolving taxa that interact with them

(Drury et al. 2016; Manceau et al. 2017). Our method provides a

useful complement to these approaches, by affording a means by

which the coevolution of traits associated with such interactions

may be evaluated using a dual-phylogenetic perspective. Through

an examination of traits in fig species and traits in their agaonid

wasp pollinators, we demonstrated the method’s utility for illu-

minating coevolutionary trends in mutualistic interactions (Fig.

2). However, we anticipate that our approach can provide equally

useful insights into the evolution of trait correlations in other sys-

tems. For example, our procedure may shed light on trait changes

observed in evolutionary arms races as characterized by some

predator–prey interactions (e.g., Brodie and Brodie 1991; Brodie

et al. 2003), or the phenotypic responses of competition between

clades (Silvestro et al. 2015). Characterizing evolutionary patterns

of trait covariation in such systems would provide further quan-

titative evidence on the patterns of trait divergence, directional

(runaway) trends, and phenotypic matching across species (sensu

Nuismer and Harmon 2015), thereby enabling deeper insight into

the macroevolutionary patterns that result from processes related

to species interactions.

One possible extension of our approach is to consider the

evolution of trait correlations at the population level. As with

interspecific interactions, pairs of species interact locally within

communities across the landscape. Therefore, how these interac-

tions affect trait values among populations may be of interest,

and it logically follows that accounting for the nonindependence

among populations is required when evaluating such trait correla-

tions. However, in these cases, a phylogeny is not the appropriate

representation of the lack of independence among populations,

as gene flow occurs across multiple populations in a network

(Felsenstein 2002; Dyer and Nason 2004). Rather, a migration

matrix among populations (M) describes the lack of independence

across populations (see Felsenstein 2002; Stone et al. 2011). Thus,

obtaining the migration matrices among populations (M) and us-

ing them in place of phylogenetic covariance matrices C in the

procedure above, one may evaluate the correlation among traits

between two sets of interacting species at the population level.

In conclusion, the method presented here of phylogenetic

regression across two phylogenies adds to the suite of available

approaches that explicitly account for phylogenetic nonindepen-

dence in a pair of associated lineages. Specifically, it provides a

robust procedure for evaluating the degree of trait covariation be-

tween lineages while accounting for their respective phylogenies.

This new approach complements existing procedures that eval-

uate patterns of codiversification of communities of coevolving

taxa (Rafferty and Ives 2013; Hadfield et al. 2014), as well as

recent approaches of phenotypic matching across such lineages

(Manceau et al. 2017). Through extension, we show that our ap-

proach also benefits developing methods for understanding how

patterns of trait variation accumulate over macro- and microevo-

lutionary timescales.
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