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Abstract Performance capacity influences ecology,
behavior and fitness, and is determined by the underlying
phenotype. The phenotype-performance relationship can
influence the evolutionary trajectory of an organism. Sev-
eral types of phenotype-performance relationships have
been described, including one-to-one relationships between
a single phenotypic trait and performance measure, trade-
offs and facilitations between a phenotypic trait and mul-
tiple performance measures, and redundancies between
multiple phenotypic traits and a single performance mea-
sure. The F-matrix is an intraspecific matrix of measures of
statistical association between phenotype and performance
that is used to quantify these relationships. We extend the
F-matrix in two ways. First, we use the F-matrix to
describe how the different phenotype-performance rela-
tionships occur simultaneously and interact in functional
systems, a phenomenon we call many-to-many mapping.
Second, we develop methods to compare F-matrices among
species and compare phenotype-performance relationships
at microevolutionary and macroevolutionary levels. We
demonstrate the expanded F-matrix approach with a dataset

Electronic supplementary material The online version of this
article (doi:10.1007/s11692-014-9288-1) contains supplementary
material, which is available to authorized users.

P. J. Bergmann (D<)

Department of Biology, Clark University, 950 Main Street,
Worcester, MA 01610, USA

e-mail: pbergmann@clarku.edu

E. J. McElroy

Department of Biology, College of Charleston, 58 Coming
Street, Charleston, SC 29424, USA

e-mail: mcelroye @cofc.edu

Published online: 26 July 2014

of eight phrynosomatine lizard species, including six phe-
notypic traits and two measures of locomotor performance.
Our results suggest that all types of relationships occur in
this system and that phenotypic traits involved in trade-offs
are more functionally constrained and tend evolve slower
interspecifically than those involved in facilitations or one-
to-one relationships.

Keywords Facilitation - Functional morphology -
Lizard - Redundancy - Trade-offs - Constraint -
Locomotion

Introduction

A central tenet of the study of natural selection is that form
and function are closely coupled. Historically, correlations
between organismal phenotypes and their environments
have been viewed as strong evidence of adaptation (Darwin
1859). To study these correlations from an intraspecific
perspective, Arnold (1983) argued that performance at a
given task is an important link between phenotype and
fitness. Performance can be defined as how well an
organism does a certain task, and it is now widely thought
that selection acts primarily on fitness-related performance
and only secondarily on the underlying phenotype (e.g.,
Garland and Carter 1994; Calsbeek 2008; Irschick et al.
2008; Langerhans and Reznick 2010). However, the con-
cept of fitness is not directly transferable to the
macroevolutionary level, and so the phenotype —
performance — fitness paradigm has been expanded for
this purpose, relating phenotype to performance to habitat
use, as species with different task performance levels tend
to use different habitats where they perform the best
(Garland and Losos 1994; Aerts et al. 2000; Van Damme
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et al. 2003; Bergmann and Irschick 2010). An implicit
assumption of both approaches has been a direct, or one-to-
one, relationship between phenotype and performance. For
example, it has long been known that bill size correlates
positively with bite force, giving the ability to crack larger
seeds in Darwin’s finches, and that the availability of dif-
ferent sized seeds exerts a selective pressure on bill size
(Gibbs and Grant 1987; Herrel et al. 2005).

However, in many instances phenotype and performance
are weakly or not related even though the type of perfor-
mance measured is fitness-relevant and the phenotypic
traits are clearly of functional importance (e.g., Wiens and
Rotenberry 1980; McNally and Doolan 1986; Wiens 1991;
Zaaf and Van Damme 2001; Alfaro et al. 2005). These
findings suggest that either organismal phenotypes are
imperfectly adapted to multiple functional demands (Le-
wontin 1978), or that direct relationships do not fully
describe how biological systems function (e.g., Irschick
and Losos 1998). To resolve these central issues to
understanding trait evolution, we must study phenotype-
performance relationships with a focus on complexity,
where the phenotype is composed of multiple parts and
must be able to carry out multiple tasks (Walker 2010).
Under these circumstances, complex relationships between
phenotype and performance might weaken the strength of
direct, one-to-one relationships between the two.

Recent work has identified several phenomena to
explain the complexity of phenotype-performance rela-
tionships. These are functional trade-offs, facilitation, and
redundancy. Functional trade-offs are a form of constraint
where there is an inverse relationship between two per-
formance measures, which place conflicting demands on a
phenotypic trait, resulting in a situation where the perfor-
mance measures cannot be maximized simultaneously
(Garland and Losos 1994; Van Damme et al. 2003; Walker
2007, 2010; Langerhans 2009; Holzman et al. 2011b;
Vanhooydonck et al. 2011). In the Darwin’s finch example,
bill size is involved in a trade-off between song perfor-
mance and bite force (Herrel et al. 2009). Smaller bills are
able to produce sounds with a wider range of frequencies
than larger bills, which is important in attracting a mate,
but are unable to generate high bite forces (Podos 2001;
Huber and Podos 2006).

Facilitation is the converse of trade-offs because it
places similar demands on the phenotype (Walker 2007),
whereby a given change in a phenotypic trait improves
multiple aspects of performance (Table 1). Facilitation has
been documented in Anolis lizards, where velocity and
acceleration are both positively correlated with hindlimb
muscle mass (Vanhooydonck et al. 2006b). Both trade-offs
and facilitation are forms of one-to-many relationships
(Walker 2010), where a single phenotypic trait influences
multiple aspects of performance (Table 1).
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Table 1 Characteristics of  various

relationships

phenotype-performance

# of Performance measures affected

1 >1

# Phenotypic Traits Involved

1 One-to-one relationship One-to-many relationship

A phenotypic trait will directly ~ (multitasking)

affect one performance
measure

A phenotypic trait affects
multiple performance
measures

Trade-off Performance
measures are affected in
opposite ways

Facilitation Performance
measures are affected in the

same way
>1  Many-to-one relationship Many-to-many relationship

Multiple phenotypic traits
affect a performance measure

Multiple phenotypic traits
variously affect multiple

Redundancy increases with the ~ Performance measures

number of phenotypic traits
related to performance

Some phenotypic traits affect
only one measure of
performance, others
multiple

One-to-one, redundancy,
trade-offs, and facilitation
all happen simultaneously

Redundancy also results in complex relationships
between phenotype and performance because a range of
phenotypes can yield the same level of performance
(Table 1) (Alfaro et al. 2005). Such many-to-one mapping
of phenotype to performance is ubiquitous, arising in any
situation where a phenotype consists of multiple traits that
influence a single performance measure (Alfaro et al. 2005;
Wainwright et al. 2005). Redundancy can weaken a trade-
off, as different aspects of a complex phenotype can be co-
opted for different aspects of performance (Vanhooydonck
et al. 2006a; Wainwright 2007; Walker 2007; Holzman
et al. 2011b). Evidence for redundancy has been docu-
mented in a diversity of organisms (e.g., Alfaro et al. 2005;
Vanhooydonck et al. 2006a; Strobbe et al. 2009). It may
also be at play in the Darwin’s finches because the depths
and widths of both the head and bill all influence bite force
(Herrel et al. 2005).

To fully understand complex phenotype-performance
relationships it is imperative to integrate the study of one-
to-one relationships, trade-offs, facilitation, and redun-
dancy into a single quantitative framework because they
can all be at play simultaneously in a functional system. To
do this, we propose the concept of “many-to-many map-
ping” of phenotype to performance. Many-to-many map-
ping considers multiple phenotypic traits that influence
multiple measures of performance, allowing for a
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comprehensive consideration of how the different types of
phenotype-performance relationships shape the functional
system (Table 1). In a complex system, some phenotypic
traits may underlie trade-offs between performance mea-
sures, while others may underlie facilitation, and others
still can influence one performance measure but not others.
Increased complexity acts to mitigate trade-offs (Holzman
et al. 2011b), and the degree to which it does so is deter-
mined by the degree of redundancy (Alfaro et al. 2005),
facilitation, and one-to-one relationships between pheno-
type and performance. Quantifying the relationships
between multiple phenotypic traits and multiple aspects of
performance allows one to assess how phenotypic traits
constrain performance, and how performance functionally
constrains phenotypic traits (Walker 2007, 2010).

The F-matrix is a general model for relating multiple
phenotypic traits to multiple performance measures at the
intraspecific level (Ghalambor et al. 2003; Walker 2007).
As such, it is ideally suited for studying many-to-many
mapping of phenotype to performance. The F-matrix also
has the strength of quantifying functional constraints in a
phenotype-performance system (Walker 2007). However,
the F-matrix approach remains largely theoretical, as it has
only been applied to predation survival and climbing
ability in a goby fish (Blob et al. 2010), and to feeding in
sunfishes (Holzman et al. 2011b), likely because it lacks a
practical implementation and the hypothetical example
provided by Walker (2007) considered only two pheno-
typic traits. Another current limitation of the F-matrix is
that it has not been expanded from the intraspecific to the
interspecific, or macroevolutionary, level.

Here, we use a dataset of locomotor performance and
morphometric data collected from eight species of
Phrynosomatine lizards to (1) illustrate how the F-matrix
can be applied to characterize many-to-many mapping of
phenotype to performance, and (2) extend the F-matrix to
the interspecific level to characterize the macroevolution
of phenotype-performance relationships. We also imple-
ment all of the associated analyses into a set of easy-to-
use functions in the R computing environment (R
Development Core Team 2012). Locomotion in phryno-
somatines is an ideal system for studying many-to-many
mapping because it is complex, consisting of many inte-
grated morphological traits, and because locomotion is
ecologically-relevant (Irschick and Jayne 1998; Toro et al.
2003; Vanhooydonck et al. 2006b). Phrynosomatine liz-
ards in particular are morphologically and ecologically
diverse, and their locomotion has been studied extensively
(Miles 1994; Reilly 1995; Bonine and Garland 1999;
Irschick and Jayne 1999; Bonine et al. 2001; Van Damme
and Vanhooydonck 2001; Scales et al. 2009; Bergmann
and Irschick 2010; Higham et al. 2011b; McElroy et al.
2012).

Materials and Methods
Phrynosomatine Locomotor Dataset

Phrynosomatine lizards consist of three clades: the horned
lizards (including the genus Phrynosoma), the sand lizards
(Callisaurus, Cophosaurus, and Holbrookia), and the fence
lizards (Sceloporus, Urosaurus and Uta) (Reeder and
Wiens 1996). The horned lizards are slow-moving, terres-
trial, broad-bodied ant specialists (Sherbrooke 2003;
Bergmann et al. 2009); the sand lizards are fast, terrestrial,
gracile sprinters (Irschick and Jayne 1998); and the fence
lizards are semi-arboreal with an intermediate body shape
(Herrel et al. 2002).

Our dataset includes eight species, some from each
subclade: Callisaurus draconoides, Cophosaurus texanus,
Holbrookia maculata, Phrynosoma mcallii, P. platyrhinos,
Sceloporus jarrovii, S. virgatus, and Uta stansburiana. The
dataset includes, six morphometric phenotypic traits
[snout-vent length (SVL), and relative length of the front
limb (rFLL), thigh (tThigh), crus (rCrus), foot (rFoot), and
the fourth hind digit (rDigit)], and two performance mea-
sures (maximal velocity and acceleration on a horizontal
surface). We also used a phylogeny relating these species
to do phylogenetically-informed analyses (Online Resource
D).

We calculated the relative lengths of our morphometric
traits to account for the confounding affects of body size
and to decrease collinearity in a phylogenetically-informed
way, following the approach of Blomberg et al. (2003) as
implemented in the phytools package (Revell 2009) in R (R
Development Core Team 2012). To do this for individual
lizards, we used our species-level phylogeny, but with
individuals as taxa, with a polytomy for each species. We
used this approach on log-transformed variables, using
log(SVL) as the proxy for size. Our approach ensured that
data were maintained in a single morphospace and were,
therefore, comparable among species, which separate
regressions for each species would not have accomplished.

To obtain maximum velocity and acceleration data, we
fitted quintic splines to displacement data obtained from
digitized videos taken in the field. The velocity data were
previously published and calculated by taking the maxi-
mum of the first derivative of the quintic splines (Berg-
mann and Irschick 2010). As noted in the original
publication, maximal velocities for some of the sand liz-
ards are underestimated due to the length of the racetrack
used, and so this represents a caveat of the current study as
well, but does not influence our ability to demonstrate
many-to-many mapping and the F-array approach. The
acceleration data were calculated as the maximum value of
the second derivative of our quintic spline (Walker 1998),
and are originally published here. In order to obtain reliable
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Fig. 1 A diagram of an F-array composed of F-matrices for four
species, two performance measures, and five phenotypic traits.
Numbers in the cells of the top F-matrix represent a hypothetical
example to illustrate how an F-matrix works. Row sums indicate the
functional constraint of each aspect of the phenotype. The column
(before backslash) and row (after backslash) grand sums are overall
measures of functional constraint for performance and phenotypic
traits, respectively. Variances are measures of how different the
influences of different variables are. The number of traits with a
relationship to each performance measure and the column sums are
measures of potential complexity and redundancy. Types of phenotype-
performance relationships are mapped to the right of the diagram

acceleration data, we eliminated any trial in which the
lizard was not stationary at the beginning of the video
because peak acceleration occurs during the first two
strides of movement (Vanhooydonck et al. 2006b; McElroy
and McBrayer 2010). Our final dataset thus included six
phenotypic traits, two performance measures, and eight
species (see Table 3 for intraspecific sample sizes), and is
archived at datadryad.org.

Construction and Interpretation of F-matrices

The F-matrix contains the relationships between multiple
phenotypic traits (shown in rows) and multiple perfor-
mance measures (shown in the columns, see hypothetical
example in Fig. 1). The F-matrix for a species is filled with
standardized partial regression coefficients from a multiple
regression of phenotypic traits on each performance mea-
sure (Ghalambor et al. 2003; Walker 2007). To accomplish
this for each species, we scaled all of our phenotypic and
performance variables to mean zero and standard deviation
of one and ran multiple regression on each performance
measure (dependent variable) with log(SVL), rFLL,
rThigh, rCrus, rFoot, and rDigit as predictors in R (R
Development Core Team 2012). We also adopted the same
approach, but using phylogenetically independent contrasts
(Felsenstein  1985), calculated in Mesquite v2.75
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(Maddison and Maddison 2011), to construct an interspe-
cific F-matrix. We positivized contrasts for each perfor-
mance measure, adjusting the signs for the phenotypic
contrasts appropriately, and ensured that contrasts were
adequately standardized by the phylogenetic branch
lengths using correlation (Garland et al. 1992). We used
effect sizes to determine which values to consider inter-
pretable, using effects of 0.5 (medium to large) as the cut-
off (Cohen 1988). This was necessary due to decreased
power of the multiple regression due to collinearity, which
acts to increase parameter variance but not bias the
parameter estimates themselves (Freckleton 2011; Dor-
mann et al. 2013). Collinearity was present in our dataset
despite adjustment of phenotypic traits for body size and
phylogeny, with tolerances for some phenotypic traits
<0.1, and correlations among several phenotypic traits
>(0.7 (Online Resource 3). Use of effect sizes is also
desirable because in interpreting an F-matrix, it the mag-
nitude rather than the significance associated with null
hypothesis tests (Moran 2003) that is important.

For each F-matrix, we also calculated the sum and
variance of elements for each row, the sum and variance of
the absolute values of elements for each column, the grand
sums of absolute column and absolute row sums, as well as
FF" and F'F matrices, using basic algebra. These metrics
are important for a full interpretation of the F-matrix, and
allow us to determine whether each phenotypic trait is
involved in a trade-off, facilitation, or a one-to-one rela-
tionship (see Fig. 1 for a hypothetical example). F-matrix
row sums give a measure of the degree of functional
constraint placed on each phenotypic trait by the perfor-
mance measures (Walker 2007). For example, traits
involved in trade-offs tend to have low sums, indicating
high degrees of constraint (trait V in Fig. 1). Those traits
involved in one-to-one relationships have weaker func-
tional constraints (traits X and Y in Fig. 1), and those
involved in facilitation have the weakest functional con-
straint acting on them (traits W and Z in Fig. 1). Row
variances are estimates of how different the effects of the
performance measures are on each phenotypic trait, and
trade-offs generally result in the greatest row variance
(Fig. 1). The row sums and variances have also been
interpreted as measures of phenotype evolvability and
variability in selection coefficient, respectively (Walker
2007), but this requires consideration of the G-matrix
because phenotypic traits with low underlying genetic
variability will not be able to evolve readily (Schluter
1996; Holzman et al. 2011b), irrespective of the functional
constraints on the phenotype.

F-matrix columns provide an understanding of how
performance measures are influenced by the suite of phe-
notypic traits considered. The number of phenotypic traits
influencing a performance measure and the sum of absolute
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column values provide measures of the complexity of the
system and the potential for redundancy. The variance of
absolute column values is a measure of how different the
effects of the phenotypic traits are on a given performance
measure. We calculated column sums and variances using
absolute values because having relatively longer or shorter
body parts is not in itself dis/advantageous to the animal,
but rather depends on how a trait influences performance.
Hence, performance A and B in Fig. 1 are parts of equally
complex systems. By combining column sums and vari-
ances with information on trade-offs, facilitations and one-
to-one relationships, one can predict which traits will be
most able to evolve in response to selection for an increase
in a performance measure, given functional constraints.
The grand sums of absolute row and column sums, provide
two additional numbers that give overall measures con-
straint on phenotypic traits from performance, and on
performance from phenotypic traits, respectively. These
measures of functional constraint in the system are
important because they consider all phenotypic traits and
performance measures simultaneously (Fig. 1). The higher
the magnitude of these values, the less constrained the
system is.

The FF' and F'F matrices are useful for quantifying
functional integration among g phenotypic traits or p per-
formance measures, respectively (Walker 2007). The FFT
is a symmetrical ¢ x g matrix, where the diagonal values
are proportional to the square of row sums of the F-matrix,
providing a measure of functional constraint for each trait,
and the off-diagonal values indicate the functional inte-
gration among phenotypic traits, given performance con-
straints on the phenotype. The F'F matrix is a symmetrical
p X p matrix, where the diagonal gives a measure of
phenotypic constraint on performance measures, and the
off-diagonal values indicate whether performance mea-
sures trade-off (if negative) or facilitate one another (if
positive), given phenotypic constraints on performance.

Construction and Interpretation of the Interspecific
F-array

One limitation of the F-matrix approach is that it is
designed for intraspecific analyses, and therefore, does not
consider macroevolutionary changes. To address this, we
suggest first compiling an F-matrix for each species, and
then assembling multiple F-matrices into a 3-D F-array
with phenotypic traits, performance measures, and species
as the three axes (Fig. 1). An F-array can be analyzed in
conjunction with a phylogeny using comparative statistics
(Felsenstein 1985; Revell and Collar 2009) to study how
the F-matrix has evolved, and to compare intraspecific and
interspecific patterns. This is a powerful approach because

intraspecific microevolutionary patterns can be compared
directly to interspecific macroevolutionary patterns.

We assembled our species F-matrices into an F-array,
re-divided it into a species by phenotype matrix for each of
our two performance measures, and calculated one phe-
notypic evolutionary VCV (eVCV) matrix for each per-
formance measure using our phylogeny and the ratematrix
function in the R package Geiger (Harmon et al. 2003). We
then used a Mantel test that includes the diagonal to
compare eVCV matrices for maximal velocity and accel-
eration to test whether the influence of phenotypic traits on
the two performance measures has evolved a similar
structure in the clade. Including the diagonals of the
eVCVs was necessary because the values in the diagonal of
these matrices are informative, unlike the diagonal of a
dissimilarity matrix, which is the usual input for a Mantel
test (Bonnett and Van de Peer 2002). Since the diagonal
contains different information from the off-diagonals (rates
of trait evolution as opposed to strength of trait co-evolu-
tion), we randomized the diagonal elements separately
from the off-diagonals (Mantel 1967).

We also used the F-array to compare phenotypic trait
evolution under functional constraint between intraspecific
and interspecific levels. We did this using Mantel tests,
modified to compare the entire matrix (Mantel 1967). We
used these tests to compare intraspecific F-matrices in a
pairwise manner, and to compare each intraspecific F-
matrix to the interspecific F-matrix that we calculated
using phylogenetically independent contrasts (similar to
Holzman et al. 2011b). For these tests, we compared all
elements of the F-matrices because they are all informa-
tive, containing standardized partial regression coefficients
between phenotypic traits and performance measures.
Here, a significant Mantel test indicates that phenotype-
performance relationships are similar between species, and
that species-level relationships coincide with clade-level
relationships.

For all of these Mantel tests, we converted the included
cells of the two matrices being compared to vectors, and
randomized one of the vectors 10,000 times, calculating the
Pearson correlation between vectorized matrices for the
unrandomized data and each randomized dataset. We then
calculated the p value as the twice the number of ran-
domized correlation coefficients that were more extreme
than the unrandomized coefficient, divided by 10,000, for a
two-tailed test. We implemented these tests in an R func-
tion that we wrote (Online Resources 5 and 6). We used the
Benjamini-Hochberg (BH) (Benjamini and Hochberg
1995) technique for correcting for multiple comparisons.
The BH technique is superior at controlling type I error
rates to the Bonferroni and sequential Bonferroni approa-
ches because it takes false discovery rate into account
(Williams et al. 1999).
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Table 2 Intraspecific F-matrix for Cophosaurus texanus (A), and the interspecific F-matrix of phylogenetically independent contrasts with cells

filled with standardized partial multiple regression coefficients

A. Cophosaurus texanus

B. Interspecific F-matrix

Vel Accel Sum Var Vel Accel | Sum Var  Sigma
SVL 0.65 0.07 072 0417 SVL 1.29 1.60 2.89 0.05 0.05
rFLL -0.32 -1.38 0.28 rFLL -3.13 0.10 0.01
rThigh 0.20 -1.79 240 rThigh -1.09 11.14 0.01
rCrus 0.46 419 537 rCrus 2.07 4.10 0.02
-2.36 0.34 rFoot 1.24 3.09 4.33 1.70 0.02
0.63 1.55 rDigit 0.15 -2.67 4.42 0.08
“Sumx| 12.57\11.06 Sum|x| | 9.39 11.51 | 20.90\16.18
var|x| 0.04 1.50 var|x| 0.97 0.93
# traits 3 5 # traits 5 5

For each F-matrix, the row sums and variances, column sums and variances of the absolute values, and grand sums of absolute values for
columns (before backslash) and rows (after backslash) are provided. F-matrix cells with values of medium to large effect size (>0.5) are
indicated by shading, with positive values in grey and negative values in black. Brownian motion model sigma parameters for each phenotypic

trait are also presented for the interspecific F-matrix

Results

Many-to-Many Mapping in Lizard Locomotion:
An examination of Two F-Matrices

We show that for the phrynosomatine locomotor system,
species differ in their phenotype-performance relation-
ships. Our analyses show that one-to-one relationships,
trade-offs, facilitations, and redundancy are common and
occur simultaneously in many of the species. Therefore, the
F-matrix can be used for studying many-to-many mapping.
Although we analyzed eight species, we provide a detailed
interpretation of F-matrices for one of them and the
interspecific F-matrix here so as to demonstrate the
approach on real data. F-matrices for all species are
available in Online Resource 2.

Table 2 presents the F-matrix for Cophosaurus texanus
and the interspecific F-matrix. Both F-matrices document a
combination of trade-offs, facilitations, and one-to-one
relationships between phenotype and performance. In Co.
texanus rFoot is involved in a facilitation, where individ-
uals with shorter feet have higher velocities and accelera-
tions, while rDigit is involved in a trade-off where
relatively longer digits result in higher accelerations but
lower velocities. All other phenotypic traits are involved in
one-to-one relationships with either velocity or
acceleration.
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Interspecifically, SVL, rFLL, and rFoot are involved in
facilitations, where species that evolve longer bodies, rel-
atively shorter front limbs, and relatively longer feet evolve
higher velocities and accelerations. Additionally, species
that evolve relatively longer thighs evolve lower velocities
but higher accelerations. Again, the other phenotypic traits
have one-to-one relationships with one of the performance
measures.

Phenotypic traits show different amounts of functional
constraint, as represented by row sums, with SVL and the
relative length of the digit being more constrained than
other traits in Co. texanus, and the relative length of the
thigh being most constrained interspecifically. The grand
row sum is high for both Co. texanus and the interspecific
F-matrix (Table 2), when compared to other species,
except Callisaurus draconoides (Table 3), suggesting
lower overall levels of constraint in Co. fexanus and the
clade in general.

Focusing on the performance measures velocity has
lower phenotypic redundancy than acceleration, being
influenced by fewer traits and having a lower grand column
sum in Co. texanus (Table 2). Therefore, selection for
higher acceleration could act more effectively and on more
phenotypic traits than selection on velocity due to weaker
functional constraints. Both aspects of performance are
influenced by five phenotypic traits and have similar col-
umn sums interspecifically, resulting in a complex system
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Table 3 F-matrix row sums for eight species of phrynosomatine lizards

Species | C.dra. C.tex. H.mac. P.mca. P.pla. S.jar. S.vir. U.sta.
n 8 8 13 14 12 11 14 14
SVL ﬂ 072 002 -0.77 023 025 044 0.14
FFLL -138 089 065 -0.74 -0.13 -0.56

rThigh | 1.16 026 019 059 -0.02 -0.10 -0.11
rCrus 043 -021 -043 -028 -0.69  -1.18
rFoot 065 -0.60 002 022 -0.66 -0.70
rDigit | -0.56 0.63 029 [ 123 -084 063 -0.39
Grand | 1353 11.06 4.14 270 323 173 3.08 4.29

Darkness of shading corresponds to magnitude of each sum—darker values have weaker functional constraints on their evolution

The grand sum of absolute values of row sums is also provided for each species

Sum
- N W N O O N 00 © o
I

> + G > R\ W >
Q‘& 0’.\6\?\5(\@? g(\c Q Q\ (‘9@ 99\05’\'

Species

Fig. 2 F-matrix column sums of absolute values of the cells of the F-
matrix for velocity (white bars) and acceleration (black bars),
indicating the amount of redundancy governing each performance
measure

with high redundancy, and therefore, weak functional
constraints relative to what is seen in Co.
(Table 2). Overall functional constraints on the perfor-
mance measures are weaker in the fast-running sand lizards
Co. texanus and Ca. draconoides than in the other species
that we sampled (Fig. 2, Online Resource 2).

texanus
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Fig. 3 Correlations between velocity and acceleration for each
species. White bars represent correlations between raw velocity and
acceleration for each species. Black bars represent correlations
obtained from FTF matrices for each species; these take phenotypic
constraints on performance into account. Positive values indicate
facilitations, negative values indicate trade-offs. The greater the
magnitude, the stronger the facilitation or trade-off

Accounting for functional relationships between phe-
notype and performance can change the relationship
between performance measures depending on what rela-
tionships different phenotypic traits are involved in.
Although standard Pearson correlations between velocity
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and acceleration are positive in all species (Fig. 3, white
bars), the relationships change when the constraints the
phenotype are taken into account (as calculated from F'-
F matrices: Fig. 3, black bars). Phenotypic traits involved
in facilitations in Ca. draconoides, Phrynosoma platyrhi-
nos, and Uta stansburiana strengthen the relationships
between velocity and acceleration. However, when trade-
offs play a more important role in the functional system (as
in Holbrookia maculata, Sceloporus jarrovii, and S. virg-
atus—Online Resource 2), the strength of the relationship
between performance measures decreases. This is taken to
an extreme in P. mcallii, where the direction of relationship
between performance measures is reversed on account of a
strong trade-off associated with rCrus (Fig. 3, Online
Resource 2).

Both the Co. texanus and interspecific F-matrices
illustrate the concept of many-to-many mapping of phe-
notype on performance. Each performance measure is
affected by multiple phenotypic traits, and various pheno-
typic traits are involved in trade-offs, facilitations, and one-
to-one relationships (Table 2). The phenotypic traits that
trade-off (rDigit in Co. texanus and rThigh in the inter-
specific example) are most constrained functionally. Each
performance measure can nevertheless be selected for,
either via the evolution of phenotypic traits involved in
facilitations or one-to-one relationships. These facilitations
and one-to-one relationships mitigate the effects of the
trade-offs on the functional system. Indeed, row sums tend
to be greatest for facilitating and “one-to-one” traits, and
lowest for traits that trade-off. The interspecific F-matrix
allows us to test whether phenotypic traits that are least
constrained functionally also have the high rates of evo-
lution, as estimated by fitting a Brownian motion model to
each phenotypic trait (Table 2B). Interestingly, the trait

that trades-off (rThigh) has the highest functional con-
straint (row sum) and lowest rate of evolution (sigma).
However, there is only a weak relationship between func-
tional constraint and rate of evolution in general
(R = 0.142). There is a stronger but inverse relationship
(R = —0.228) between sigma and the row variance, the
latter being a measure of variation in the constraining
effects of the performance measures on phenotypic traits.
This suggests that the concept of functional constraint is at
least partially related to rates of evolution on phylogenies
(Holzman et al. 2012).

Interspecific F-Array Analysis

There are some phylogenetic trends in species F-matrices.
A table of row sums for all species is a map of how
functional constraint on phenotypic traits varies among
species (Table 3). In our dataset, the most specialized
sprinters, Ca. draconoides and Co. texanus have the
weakest functional constraints, and the front limb along
with the rDigit of the hind limb are least constrained across
species (Table 3). Both species of Phrynosoma and
Sceloporus jarrovii have phenotypes that are most con-
strained functionally and, interestingly, are the slowest
running and most ecologically specialized (Table 3, also
see discussion).

The eVCV matrix for each performance measure
describes the rate (diagonal) and functional co-evolution
(off-diagonal) of the influence exerted by phenotypic traits
on performance at a macroevolutionary level (Table 4). In
our eVCVs, the influence of rCrus on acceleration evolves
most quickly in this group of species, while the influence of
body length on acceleration evolves most slowly (Table 4,
upper triangle). The influence of rCrus on velocity has co-

Table 4 Evolutionary VCV matrix for velocity (lower triangle) and acceleration (upper triangle) for eight species of phrynosomatine lizards,

given the phylogeny presented in Online Resource 1

SVL rFLL

rThigh

rCrus rFoot

rDigit

SVL 5.7/5.2

2.1 1.0

rFLL

rThigh 2.2/12.6
rCrus

rFoot

rDigit

4.6

Diagonals contain evolutionary variances for both aspects of performance. Negative covariances are shaded black and positive ones are shaded

grey
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Table S Mantel tests comparing intraspecific F-matrices to the
clade-level F-matrix

Species R P

Ca.dra. —0.196 0.5560
Co.tex. -0.292 0.4090
H.mac. —0.092 0.7498
P.mca. —0.218 0.5262
P.pla. 0.090 0.7850
S.jar. 0.305 0.3242
S.vir. 0.311 0.3396
U.sta. —0.338 0.2804

Each Mantel test is based on 10,000 data randomizations

evolved in an opposite direction to SVL, rFLL, and rFoot
interspecifically (Table 4, lower triangle). In contrast, the
influences of rCrus and rDigit on acceleration are posi-
tively related. A Mantel test comparing eVCV matrices for
velocity and acceleration approaches significance
(R = 0.653, P = 0.089), indicating that phenotypic traits
influence both maximum velocity and acceleration in
somewhat similar ways in phrynosomatine lizards.

The interspecific F'F matrix shows a weak relationship
between velocity and acceleration (R = 0.071), in contrast
to higher positive correlations for individual species
(Fig. 3). This is likely due to rThigh being involved in a
strong trade-off (Table 2B). Mantel tests indicate that none
of the species-level F-matrices are significantly related to
the clade-level F-matrix (Table 5), suggesting that mac-
roevolutionary phenotype-performance relationships are
different from intraspecific ones. Such functional diver-
gence among species is further demonstrated with pairwise
Mantel tests on intraspecific F-matrices, where very few
species have similar F-matrices (Table 6). Interestingly,

the sprinting specialist sand lizards (Callisaurus, Copho-
saurus, and Holbrookia) have among the most similar F-
matrices (Table 6), suggesting common phenotypic-per-
formance relationships in sprinters.

Discussion
Many-to-Many Mapping of Phenotype on Performance

That there are complex relationships between phenotype
and performance is well accepted (Wainwright 2007).
Studies of redundancy (Toro et al. 2004; Alfaro et al. 2005)
and trade-offs (Gould and Lewontin 1979; Losos 1993;
Garland and Else 1994; Westneat 1994; Vanhooydonck
et al. 2001; Wilson et al. 2002; Angilletta et al. 2008;
Holzman et al. 2011b, 2012) have given us important
insights into these complex relationships. Together, these
studies suggest that redundancy, trade-offs, facilitations,
and one-to-one relationships between phenotype and per-
formance interact with one another. For example, increased
redundancy and complexity in a phenotype can mitigate
trade-offs between aspects of performance (Holzman et al.
2011b). However, most often, these phenotype-perfor-
mance relationships are studied independently, and this
hampers our understanding of their complexity and inte-
grated nature.

The F-matrix approach provides a powerful quantitative
tool for studying the complexity of phenotype-performance
relationships, allowing for the consideration of functional
constraint and evolvability of phenotype and performance
(Ghalambor et al. 2003; Walker 2007). The F-matrix is
perfect for studying many-to-many mapping, which is
broadly applicable to any functional system by allowing for

Table 6 Mantel tests

Ca.dra. Co.tex. H.mac. P.mca. P.pla. S.jar. S.vir. U.sta.
comparing intraspecific F-
matrices in a pairwise manner Ca.dra. 0.015 0.027 | 0.216 0.484 0305 0.706 0.104
Co.tex. 0.775 0.080 | 0.011 0.246 0.738 0.481 0.115
H.mac. 0.735  0.699 0.377 0.003 0.955 0.270 0.114
The lower triangle provides the P.mca. | -0.374 -0.639 -0.264 0.953 | 0.244 0.274 0.006
correlations and the upper
triangle proyides p_valuesl P.pla. -0.232 -0.357 -0.781 0.009 0.390 0.007 0.195
Values in bold are significant
after correction for multiple S.jar. -0.341 -0.066 0.029 -0.411 -0.268 0.585 0.894
comparisons using the
Benjamini-Hochberg method. S.vir. 0.107 -0.165 -0.370 -0.347 0.710 | 0.167 0.756
Boxes near the diagonal contain
within-clade comparisons. Each U.sta. -0.520 -0.566 -0.575 0.705 0.392 | -0.076 0.054
Mantel test is based on 10,000

data randomizations
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one-to-one relationships, trade-offs, facilitation, and
redundancy to be considered simultaneously so their
interactions can be studied.

The many-to-many concept is predictive of how phe-
notypes may evolve along “functional lines of least resis-
tance” when under selection for performance, similar to the
concept of evolving along genetic lines of least resistance
(Schluter 1996). Indeed both functional and genetic lines of
least resistance are important to consider in predicting how
phenotypic evolution is likely to occur, where the former
addresses the effects of functional constraints and inte-
gration, while the latter addresses genetic constraints
resulting from heritable variation and covariation. Many-
to-many mapping further helps to explain why some traits
evolve more readily than others. Holzman et al. (2011a)
showed that redundancy and complexity mitigate trade-
offs. Our findings agree with those of Holzman et al.
(2011a), but go further, suggesting that trade-offs are most
mitigated by phenotypic traits that are involved in facili-
tation or one-to-one relationships with performance. The
simulated data of Holzman et al. (2011b), also support this
because, while the strength of the initial trade-off is
reduced with the addition of more phenotypic traits, some
of the added traits are involved in trade-offs and reverse
this trend (for example, traits 8 and 10 in their Fig. 2).

We would expect phenotypic traits involved in func-
tional trade-offs to be most constrained in their evolution,
traits that uniquely affect a single performance measure to
evolve more readily, and traits involved in facilitations to
evolve most readily because they can enhance multiple
aspects of performance simultaneously. Our results lend
some support to this, as rThigh was involved in a trade-off
in the interspecific F-matrix and also had the lowest rate of
evolution, but the general pattern is weak (Table 2B). This
may be because Brownian rates of evolution do not take
functional constraints into account (while F-matrix row
sums and variances do), or because our F-matrices do not
take genetic variation into account (see below for further
discussion). Interestingly, not all functional trade-offs
constrain evolution: evolutionary rates in the feeding
apparatus of fishes are larger for traits strongly involved in
functional trade-offs (Holzman et al. 2012). One possible
explanation for this is that the constraining nature of trade-
offs depends on the relative impacts of a phenotypic trait
on the performance measures—if one performance mea-
sure is influenced far more than the other, then this can
result in a trade-off associated with a trait that evolves
quickly. Another explanation for this is that not all per-
formance measures are equally important to fitness, so
performance measures less important to fitness will also
help to mitigate the effect of trade-offs. For example, rel-
ative and absolute velocity are differentially important to
evading a predator (Van Damme and Van Dooren 1999),
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and the importance of biting and suction feeding differ
based on diet in fishes (Price et al. 2011). To better
understand the interacting effects of trade-offs, redundan-
cies, and facilitations on evolutionary rates and trends,
more empirical studies are needed using the F-matrix and
considering many-to-many mapping.

Other studies of lizard locomotion have also shown that
traits with a one-to-one relationship with a performance
measure, trade-offs, facilitation, and redundancy all occur,
but generally have not considered these phenomena
simultaneously. For example, longer hind limbs typically
allow for longer strides and higher sprint speed (Losos
1990; Bonine and Garland 1999; Irschick and Jayne 1999;
Losos et al. 2002; Toro et al. 2003), but acceleration is
determined by muscle force, which is driven by muscle
mass and fiber type (Irschick et al. 2003; Vanhooydonck
et al. 2006b; Higham et al. 2011a). Hence, velocity and
acceleration should both be able to be maximized because
they depend upon different aspects of the phenotype.
Indeed, velocity and acceleration are positively related in
Anolis lizards (Vanhooydonck et al. 2006a) and phryno-
somatines (this study), despite general expectations of
force—velocity trade-offs in functional systems (e.g.,
Westneat 1994; Levinton and Allen 2005).

Our findings also suggest that the degree of specializa-
tion influences phenotype-performance relationships in
phrynosomatine lizards. Specialization can be viewed as
facilitating the invasion of new niches, which could lead to
further evolution of diverse phenotypes, as articulated in a
key innovation hypothesis (Simpson 1944; Mayr 1963;
Nitecki 1990), or it could result in an evolutionary dead-
end whereby a specialized phenotype is only good at doing
one thing, leading to decreased phenotypic evolution
(Collar et al. 2009). We found that the species with the
weakest functional constraints (Ca. draconoides and Co.
texanus) were the most specialized for sprinting, possess-
ing long, gracile hind limbs and frequently using bipedal
locomotion (Irschick and Jayne 1999; Stebbins 2003). In
contrast, the slow moving ant-eating specialists (Phryno-
soma spp.) and Sceloporus jarrovii had the strongest
functional constraints (Table 3), lending credence to the
hypothesis that some specialists are functionally con-
strained in their evolution. A similar finding was described
for piscivorous centrarchid fishes (Collar et al. 2009).
Although a strong functional constraints and generalized
body shape in S. jarrovii appears to contradict this
hypothesis, the ecology of this species is highly specialized
in that it inhabits medium-to-high elevation talus slopes
and boulder fields (Brennan and Holycross 2006), darts
under rocks to escape predators, and so runs only very short
distances (pers. obs.).

Some previous studies of complex phenotype-function
relationships have developed explicit biomechanical
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models relating phenotypic traits to aspects of function, and
explored the properties of their models (e.g., Westneat
1994; Alfaro et al. 2005; Wainwright et al. 2005; Holzman
et al. 2011b). Such a model precisely relates phenotype to
function and facilitates the study of predictive trait evolu-
tion through simulation (Alfaro et al. 2005; Holzman et al.
2011b). A biomechanical model of lizard locomotion does
not yet exist, so should be a future area of research, as it
will further enhance our understanding of the system. Lack
of explicit biomechanical models is the case with many
functional morphology studies, which predominantly rely
on relationships between phenotypic traits and perfor-
mance. Using the latter approach is noisier, but is an
important step to ultimately creating a biomechanical
model that can complement the F-matrix.

The Interspecific F-array

We extended the F-matrix approach to accommodate
interspecific datasets by assembling a 3-D F-array, with
phenotypic traits, performance measures, and species as the
three axes (Fig. 1). The F-array has the important strength
of allowing for the direct comparison of phenotype-per-
formance relationships among multiple species, while not
discarding intraspecific patterns of variation (e.g., Table 2).
How micro- and macroevolution are related to one another
is a fundamental question in evolutionary biology, and our
approach is one that allows for the quantitative comparison
of these scales of evolution from a functional perspective
(Tables 5, 6).

The F-array approach assumes that relationships
between phenotype and performance can evolve, although
these relationships themselves may not be directly deter-
mined by specific genes. This is not a trivial assumption,
but is supported by both current practice in macroevolu-
tionary analyses and evolutionary theory. In practice,
studies of the macroevolution of phenotype-performance
relationships typically use phylogenetically independent
contrasts of various performance measures (e.g., Garland
et al. 1992; Vanhooydonck et al. 2001; Herrel et al. 2005;
Vanhooydonck et al. 2006b; Holzman et al. 2011b), and
this makes the same assumption as the F-array approach.
Recent theoretical studies have also suggested that phe-
nomena without a direct genetic basis such as phenotypic
plasticity (Pfennig et al. 2010; Pigliucci 2010), niche
construction (Odling-Smee 2010), and epigenetics (Jab-
lonka and Lamb 2010) can be heritable and evolve. The
concept of exaptation, where a phenotypic trait evolves for
one function only to be co-opted for another function
(Gould and Vrba 1982), also implies changes to phenotype-
performance relationships through time. Finally, experi-
mental evidence from Anolis lizards shows that natural
selection can act on correlations between phenotype and

performance, as opposed to acting directly on the pheno-
typic traits or performance measures (Calsbeek 2008).
Our study and others (Vanhooydonck et al. 2006b;
Holzman et al. 2011b) have also assembled interspecific F-
matrices using phylogenetically independent contrasts
(Felsenstein 1985), which may allow for smaller intraspe-
cific sample sizes (Harmon and Losos 2005). However, this
approach necessarily ignores species-specific relationships
between phenotype and performance (Hansen and Martins
1996; Ives et al. 2007). Both our F-array and the F-matrix
with phylogenetically independent contrasts approaches are
perfectly valid, but have different goals. The F-array
allows one to compare phenotype-performance relation-
ships among species and can be compared to intraspecific
patterns, while the latter approach is focused on studying
clade-level phenotype-performance relationships. Our
results (Table 5) show that the two approaches provide
different information and that intraspecific and interspecific
phenotype-performance relationships often do not coin-
cide. The comparison of micro- to macroevolutionary
patterns has been a persistent challenge in evolutionary
biology, and this is an important strength of our approach.

Implementation and Technical Issues

Frequently in biology, mathematical and theoretical
advances precede either data availability or wide-spread
knowledge of how to apply them (e.g., Fisher 1930; Fel-
senstein 1973; Lande 1979a; Arnold 1983), and applying
such techniques can be daunting. Despite the utility of the
F-matrix/F-array approach, it has only rarely been applied
to real data (e.g., Blob et al. 2010; Holzman et al. 2011b;
this study). To facilitate further use of these techniques, we
have implemented the entire workflow in a series of
functions in R (R Development Core Team 2012). These
functions and a usage manual are available in Online
Resources 4 and 5.

There are two issues that must be considered that
influence the power of an F-matrix or F-array. The more
obvious of these is sample size. Sample sizes must be
sufficiently high to give acceptable power to detect phe-
notype-performance relationships in each species. Our
study included data for 8—14 individuals for each of eight
species, a substantial dataset for a comparative functional
morphology study, but really the bare minimum for an F-
matrix for any given species. Although these sample sizes
are likely sufficient to account for intraspecific variation
(Harmon and Losos 2005; Adolph and Hardin 2007),
sample size must also exceed the number of phenotypic
traits so as not to run out of degrees of freedom (Sokal
and Rohlf 1995). This affects the choice of phenotypic
traits for inclusion in the analysis. Restricting the number
of phenotypic traits in an analysis means that estimates of
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system complexity should be made in the context of the
traits that are included. However, since closely related
species have the same suite of traits, choosing a subset of
traits may not be problematic. Nevertheless, an additional
consequence of including only a subset of traits is that the
omitted traits may also affect performance, and this can
influence partial regression coefficients (Walker 2014).
Hence, it is important to carefully consider which traits to
include in an analysis.

The second issue is collinearity, which occurs when
multiple explanatory variables (phenotypic traits) are
highly correlated with one another, explaining non-inde-
pendent components of variation in the response (Quinn
and Keough 2002; Murray and Conner 2009). Collinearity
acts to inflate the standard error of parameter estimates in
various techniques, including multiple regression, and in
some cases can make parameter estimates unstable (Mur-
ray and Conner 2009; Dormann et al. 2013). Collinearity is
common in morphological and ecological data (Fisher and
Hogan 2007; Yakubu 2010; Dormann et al. 2013). For
example, even though we adjusted our phenotypic vari-
ables for size and phylogeny, 21 % had tolerances <0.1
and between one and three pairwise correlations between
phenotypic traits in each species were >0.7 (Online
Resource 3)—these are the suggested cutoffs for when
collinearity becomes a problem (Freckleton 2011; Dor-
mann et al. 2013). Fortunately, collinearity often does not
bias parameter estimates, but does decrease the power of
significance tests (Freckleton 2011). Other methods such as
principal component analysis and canonical phylogenetic
ordination can eliminate collinearity (Quinn and Keough
2002; Giannini 2003), but confound relationships between
performance and specific phenotypic traits (Holzman et al.
2011b). The technique of hierarchical partitioning explic-
itly addresses collinearity (Chevan and Sutherland 1991;
Murray and Conner 2009), but provides numbers equiva-
lent to correlations, which are non-linearly related to
standardized partial regression coefficients, so may con-
found F-matrix interpretation (Phillips and Arnold 1999).
Nevertheless, hierarchical partitioning represents a prom-
ising approach that needs to be explored in more detail in
the context of the F-matrix.

We adopted the use of effect sizes (Cohen 1988; Steidl
and Thomas 2001) to help interpret our F-matrices due to
the low power of significance tests, which may be unreli-
able due to collinearity (Dormann et al. 2013). While this
may be a caveat, the issue of how to correct partial
regression coefficients for collinearity remains unresolved.
Our approach allowed for interpretation of our results and
draws attention to the continuous nature of the values in the
F-matrix. One may rely on effect sizes or significance tests
to identify one-to-one relationships, but it is important to
remember that some of these are actually weak/non-
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significant facilitations or trade-offs, and still affect F-
matrix calculations such as the row and column sums and
variances.

Extensions of the F-matrix and F-array

The F-matrix and F-array provide an innovative approach
to studying phenotype-performance relationships and can
be applied to any functional system, or really any system in
which multiple explanatory variables are related to multi-
ple response variables. For example, kinematics is a
behavioral mechanism that influences relationships
between phenotype and performance, making a functional
system even more complex (Lauder and Reilly 1996; Irs-
chick and Jayne 1998, 1999). Kinematics allows morpho-
logically similar species to attain different levels of
performance or morphologically dissimilar species to attain
similar levels of performance, resulting in many-to-one
mapping (Wainwright et al. 2005; Kohlsdorf and Navas
2007). Kinematics can be incorporated into our approach
by producing one F-matrix relating phenotypic traits to
kinematic traits and a second F-matrix relating kinematics
to performance, effectively expanding the form-function
paradigm (Arnold 1983) to Phenotype — Kinemat-
ics — Performance — Fitness. Our framework is not
limited to kinematics, locomotion, or gross morphological
traits. Other aspects of the phenotype (such as muscle
physiology and force generation), and other functional
systems (such as feeding or reproductive performance) can
and should be analyzed in the context of many-to-many
mapping and the F-matrix.

Another area that requires further development is
integration of the F-matrix with the additive genetic
variance—covariance, or G-matrix (Lande 1979b; Steppan
et al. 2002). These matrices have been theoretically
integrated into a single framework (by (Walker 2010),
but rarely empirically, although Holzman et al. (2011b)
did this in a simulation study, using a matrix of func-
tional trait variances and covariances (their equation 1).
Integration of G and F-matrices is important because
both have been shown to evolve (Steppan et al. 2002;
Cano et al. 2004; Revell 2007); this study). Furthermore,
the FFT provides an estimate of functional integration
among phenotypic traits, while the G-matrix provides a
similar estimate, but of genetic integration among phe-
notypic traits (Schluter 1996). Therefore, patterns of
functional and genetic integration among traits can be
compared.
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