
vol . 205 , no . 6 the amer ican natural i st june 2025
Macroevolutionary Divergence along Allometric Lines

of Least Resistance in Frog Hindlimb Traits

and Its Effect on Locomotor Evolution
Monique N. Simon,1,* Elodie A. Courtois,2 Anthony Herrel,3 and Daniel S. Moen1,4

1. Department of Evolution, Ecology, and Organismal Biology, University of California, Riverside, California 92521; and Department of
Integrative Biology, Oklahoma State University, Stillwater, Oklahoma 74078; 2. CNRS-Guyane USR 3456, Résidence Le Relais, Cayenne,
French Guiana, France; and Station d’Ecologie Expérimentale du CNRS à Moulis, USR 2936, Saint Girons, France; 3. UMR 7179 CNRS
and Muséum National d’Histoire Naturelle, Département Adaptations du Vivant, Paris, France; 4. Institut de Biologie de l’École Normale
Supérieure (IBENS), École Normale Supérieure, Paris, France

Submitted June 3, 2024; Accepted February 14, 2025; Electronically published May 2, 2025

Online enhancements: supplemental PDF.
abstract: Understanding whether and why microevolutionary
patterns of trait covariation match macroevolutionary divergence is
essential for linking evolution at different timescales. However, recent
work has focused on developmental constraints for alignment be-
tween intraspecific variation and divergence, neglecting a potential
role of natural selection on function to connect these scales. Here,
we compare the support for the selection and constraint hypotheses
to explain both phenotypic trait covariation and species divergence.
To test these hypotheses, we collected data on hindlimb and jumping
performance traits within and across species of two frog genera. We
compared patterns of within-species phenotypic variation (the Pma-
trix) with divergence and selective covariance matrices, from which
we could extract the major axes of the realized adaptive landscape
(AL), the directions in which adaptive peaks shifted the most over
evolutionary time. We also tested whether the major axes of the AL
were related to selection on jumping performance. We found high
alignment between patterns of variation across scales. Most diver-
gence occurred in allometric size, defined as the first eigenvector of
the P matrix. However, jumping performance gradients were un-
aligned with the major axes of the AL and the P matrix. Across spe-
cies, however, evolution of maximum acceleration showed a strong
negative relationship with changes in allometric size. We infer that
the jumping peak evolved under fluctuating selection, and species
have tracked the peak along the direction of most within-species var-
iation, allometric size. We conclude that long-term hindlimb diver-
gence was constrained by developmental interactions among traits
associated with growth and not net directional selection. Nonetheless,
divergence on size indirectly influenced jumping evolution.
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Introduction

Most phenotypes affecting fitness are complex, composed
of several traits and influenced by both genetic and envi-
ronmental factors (Lande 1979; Lande and Arnold 1983;
Wagner and Altenberg 1996; Lynch and Walsh 1998). Al-
though the short-term evolution of complex phenotypes is
well characterized (but sometimes hard to predict), under-
standing the evolution of complex phenotypes at larger
evolutionary timescales is challenging. Connecting micro-
evolution to macroevolutionary divergence is complicated
by the evolution of the genetic architecture of traits, in
which trait covariances are widespread in complex pheno-
types. Genetic architecture can remain stable or change
over long periods of time (Arnold et al. 2008), with each
outcome affecting phenotypic divergence differently. Un-
ravelingwhich evolutionaryprocesses shape genetic covari-
ances and correlations over long timescales is essential to
better understand the evolution of complex phenotypes and,
ultimately, to better connect micro- and macroevolution.
At microevolutionary scales, the divergence of complex

phenotypes depends on the genetic architecture ofmultiple
traits, represented by the additive genetic variance-covariance
matrix (theGmatrix; Lande 1979; Arnold et al. 2001, 2008).
The G matrix is composed of genetic variation of traits on
its diagonal and genetic covariation between traits in the
off-diagonal, reflecting the coinheritance of multiple traits
(Lande 1979; Arnold 1992; Lynch andWalsh 1998). Higher
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genetic covariation between traits may bias evolutionary
trajectories of phenotypic means away from the direction
of selection, toward directions that have the most genetic
variation (Lande 1979; Lande and Arnold 1983; Schluter
1996; Hansen and Houle 2008; Walsh and Blows 2009).
Yet given enough time, phenotypic means may reach adap-
tive optima and the G matrix would no longer affect the
evolution of those means (Arnold et al. 2001).
However, genetic architecture can evolve over long time-

scales, making its role in shaping long-term phenotypic
evolution less straightforward than at microevolutionary
scales (Turelli 1988; Steppan et al. 2002; Arnold et al.
2008). Both theoretical (Jones et al. 2004, 2012, 2014; Revell
2007; Arnold et al. 2008) and empirical (Cano et al. 2004;
Eroukhmanoff and Svensson 2011; Björklund et al. 2013;
Careau et al. 2015; Renaud et al. 2021; Chantepie et al.
2024) studies have shown that the G matrix can change,
although the changes may be subtle even over millions of
years (McGlothlin et al. 2022). On the other hand, several
processes can promote G matrix stability, such as strong
correlated mutational effects (Lande 1979; Hohenlohe and
Arnold 2008), persistent correlational selection molding
genetic correlations (Cheverud 1984; Jones et al. 2003; Re-
vell 2007), and persistent directional selection that aligns
the G matrix and the adaptive landscape (AL; Jones et al.
2004, 2007, 2014; Pavlicev et al. 2011; Melo and Marroig
2015; Houle et al. 2017). Therefore, connecting the evolu-
tion of the G matrix with phenotypic divergence at the
macroevolutionary scale is difficult and depends on the rel-
ative strengths of distinct evolutionary forces shaping the
G matrix and species’ phenotypic means.
Empirical evidence of species divergence aligned with

the axis of most genetic variation (also known as gmax) was
first shown by Schluter (1996) across different vertebrates.
Yet divergence was less aligned with gmax in distantly related
species (around 4 million years of divergence) compared
with species that diverged more recently (Schluter 1996).
Subsequent work also showed a relatively short-term effect
of genetic constraints on divergence in different systems
(Bégin and Roff 2004; McGuigan et al. 2005; Hansen and
Houle 2008; Chenoweth et al. 2010; Bolstad et al. 2014;
Opedal et al. 2022, 2023; Holstad et al. 2024). However,
recent articles have shown that such effects can persistmuch
longer than previously thought, spanning tens of millions
of years (Houle et al. 2017;McGlothlin et al. 2018).More ex-
tensive evidence shows long-term divergence aligned with
the axis of most phenotypic variation (pmax), which is fre-
quently aligned with gmax (Marroig and Cheverud 2005,
2010; Renaud et al. 2006; Hunt 2007; Simon et al. 2016;
Machado 2020;Mongle et al. 2022). Such evidence suggests
that the G matrix preserves its structure and its influence
on phenotypic divergence over long periods of time (Ar-
nold et al. 2001; McGlothlin et al. 2018).
What evolutionary scenarios might explain such a per-
sistent relation between theGmatrix and divergence? First,
the constraint hypothesis states that a persistent correla-
tion of mutational effects (pleiotropic mutations expressed
on themutational matrix, theMmatrix) promotes stability
of genetic correlations (Lande 1980; Jones et al. 2003; Houle
et al. 2017), biasing most divergence along axes of most
genetic variation, whether divergence was mainly caused
by random drift or selection. If selection has been the main
driver of divergence, the persistent effect of constraints may
indicate the existence of anALwithmultiple adaptive peaks
or with a fluctuating peak, inwhich peaks are easier to reach
in directions of most genetic variance or lineages chase the
peak along directions of most variance, respectively (Step-
pan et al. 2002; Melo et al. 2016b; Holstad et al. 2024). Sec-
ond, the selection hypothesis implicates evolution along
selective lines of least resistance (SLLR), which represent
ridges in theAL, that is, directions underweakest stabilizing
selection, along which changes in phenotype will produce
little or no change in average fitness (Arnold et al. 2001;
Hohenlohe and Arnold 2008; Arnold 2023). SLLR can be
estimated as the last eigenvector of a matrix of multivariate
stabilizing selection coefficients (the g matrix), which rep-
resents the curvature and orientation of the AL (Lande
and Arnold 1983; Phillips and Arnold 1989; Arnold et al.
2001). The SLLR would then favor peak shifts in their own
direction to shape phenotypic means while also aligning
the G matrix with the AL (Arnold et al. 2001; Jones et al.
2003, 2012; Arnold 2023).
All of these scenarios are plausible, yet those that include

selection have been most supported in the literature. Such
supporting studies have either shown phenotypic diver-
gence to be driven by selection (Marroig and Cheverud
2005, 2010; Simon et al. 2016;Machado 2020) or have been
done with morphological traits that had clear functional
relevance, implying diversifying selection (e.g., Renaud et al.
2006; Kolbe et al. 2011; McGlothlin et al. 2018; Mongle
et al. 2022; Opedal et al. 2022).Moreover,most of these stud-
ies considered feeding or locomotor traits, suggesting a role
of selection on function mediating the effects of constraints
on divergence. Long-term correlational selection is expected
to shape patterns of trait correlations to maintain functional
integration, that is, to maintain higher correlations among
traits that act together to perform a specific function (Olson
and Miller 1958; Cheverud 1984; Estes and Arnold 2007).
Thus, selection on functional performance may align long-
term phenotypic divergence with intraspecific variation by
shaping both trait correlations and phenotypic means.
However, functional performance is rarely incorporated

in studies aiming to link micro- to macroevolution. Most
studies that compare both scales have focused on scaling
relationships (effects of changes in size on performance; e.g.,
Toro et al. 2003) or considered few species (e.g., Taverne
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et al. 2021). Moreover, recent work has focused on devel-
opmental reasons for alignment between intraspecific var-
iation and interspecific divergence (e.g., Mongle et al. 2022;
Machado et al. 2023). Finally, no empirical work has ad-
dressed how selection on functional performancemay shape
both trait correlations and phenotypic divergence, preclud-
ing a test of selection on function as a mechanism to explain
the lasting effect of genetic constraints on divergence.
In this article, we pursue a deeper understanding of the

link between genetic architecture within populations and
phenotypic divergence across species by directly consider-
ing selection on trait function. We studied 60 species of
frogs belonging to two genera, one arboreal (Boana) and
the other terrestrial (Leptodactylus).We collectedmorpho-
logical data (on hindlimb traits) for all species and jumping
performance data (maximum acceleration and velocity)
for 18 of those species (fig. 1). We also collected intraspe-
cific data to estimate phenotypic within-species patterns
(P matrices), which allowed us to test whether within-
species trait covariation patterns matched between-species
divergence and whether divergence in both morphology
and performance were driven by selection. Although we
could not estimate a jumping performance g matrix and
extract SLLR, we estimated the major axes of the AL shap-
ing hindlimb morphology by estimating a selective covari-
ance matrix, the covariance matrix of peak movements
over evolutionary time (Felsenstein 1988;Marroig and Che-
verud 2010; Machado 2020). Then we estimated functional
performance gradients—the effects of hindlimb morphol-
ogy on jumping performance—and tested how well they
aligned with phenotypic lines of least resistance and with
major axes of the AL. If functional performance gradients
aligned with both within-species patterns of variation and
with the AL, we would support the selection hypothesis
and infer that selection on functionmediates the alignment
of micro- and macroevolution. If functional performance
gradients aligned with neither within-species patterns nor
the AL, we would support the constraint hypothesis and
infer that constraints unrelated to function drove the align-
ment between micro- and macroevolution.
Methods

Specimens, Sample Sizes, and Taxonomy

We caught individuals in the wild from seven species of
Boana and eight of Leptodactylus in French Guiana in
2013 and 2015. We generally targeted males to reduce po-
tential effects of sexual dimorphism (see below) and be-
cause males were calling. In Boana, mature males could
be identified by the presence of prepollical spines (Pinheiro
et al. 2022). However, some species of Leptodactylus did
not show clear sexual dimorphism, so we verified sex via
dissection after performance data collection (see below).
We sampled a total of 131 individuals across both genera,
collecting 1–17 individuals per species (mean n p 7:6) for
those we sampled only for interspecific analyses (table S1;
tables S1–S10 are available online). To improve estimates
of within-species trait covariation patterns, wemore exten-
sively sampled the most abundant species at our field sites
for each genus: n p 48 for Leptodactylus mystaceus and
n p 29 for Boana boans. These samples represent data
for both morphology and jumping performance.
To better estimatemorphological trait covariationwithin

species, wemeasuredmuseum specimens collected from lo-
calities close to French Guiana, so that final sample sizes
were n p 53 for L. mystaceus and n p 45 for B. boans
for morphology-only analysis. Likewise, we included data
from the literature (Moen et al. 2013, 2016) and collected
new morphological data from additional museum speci-
mens (19 species of Boana and 16 species of Leptodactylus).
In sum, for morphological analysis we analyzed 479 in-
dividuals across 33 species of Boana and 27 species of Lep-
todactylus. For morphological and performance analysis,
we had 167 individuals representing nine Boana and nine
Leptodactylus species (fig. 1). See table S1 for the sample
size for each species and associated numbers of males and
females. Finally, we confirmed or updated species names
based on collection localities and recent taxonomic litera-
ture (for details, see the supplemental data in our Dryad re-
pository; Simon et al. 2025).
Jumping Performance

We measured jumping forces using a Kistler piezoelectric
force plate (Squirrel, model Z17097) and charge amplifier
(model 9865), collecting data at 500 Hz. Body mass was
measured before jumping trials on an Ohaus balance pre-
cise to 0.1 g. Each frog was then stimulated to jump from
the force plate repeatedly until at least three strong jumps
were recorded per individual, with one day of rest between
trials. To extract maximum jumping forces, we first iso-
lated the highest force peaks in the vertical direction in
each force trace.We then extracted the corresponding hor-
izontal (X, Y) and vertical (Z) forces as text files using
BioWare software (ver. 5.4.8.0; Kistler).
We describe our analysis of force profiles in detail in the

supplemental PDF (figs. S1, S2; figs. S1–S5 are available
online). In brief, we used a custom Matlab script (ver. R2020a,
MathWorks; script developed by Craig McGowan) to smooth,
center, and integrate the X, Y, and Z force traces indepen-
dently, then calculated single-dimensional jumping velocity
and acceleration profiles (Schwaner et al. 2021). We then
extracted the peak acceleration and velocity for each trace
for each individual as our two performance variables. We
used the peak values from the single best jump, defined as
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the jump with maximum acceleration, as data for each in-
dividual (Wilson et al. 2000; James and Wilson 2008). The
force tracedata for each jumpingpeakand theMatlab script are
provided in Dryad and Zenodo (Simon et al. 2025). All sub-
sequent analyses were performed in the R programming
environment (ver. 4.2.2; R Core Team 2022) and can be re-
produced using the data file and supplemental R scripts as-
sociated with this article (Simon et al. 2025).
Morphology

After performance trials, we euthanized individuals, pre-
served them in formalin, and then stored them in 70% eth-
anol. We primarily collected data on hindlimb traits be-
cause hindlimb length and muscle mass strongly predict
frog jumping performance within species (e.g., Emerson
1978; Wilson et al. 2000; James et al. 2005, 2007) and espe-
cially across species (Gomes et al. 2009; Moen et al. 2013,
2021; Citadini et al. 2018; Moen 2019; Juarez et al. 2020).
We used a digital caliper (to 0.1 mm) to externally measure
snout-to-vent length, femur length, tibiofibula length, tar-
sus length, foot length, the largest width of the upper and
lower leg, and the width perpendicular to the last twomea-
surements (Juarez et al. 2023; Morinaga et al. 2023). Using
the leg widths as axes of an ellipse to calculate area, we esti-
mated the upper- and lower-leg cross-sectional areas (CSA),
which should be proportional to muscle CSA, a key com-
ponent of jumping performance in anurans (Hellam and
Podolsky 1969; Peplowski and Marsh 1997; Olson and
Marsh 1998; Astley 2016). We took the square root of the
Figure 1: Frog species in the genera Boana and Leptodactylus for which we collected only morphological data (60 species) or bothmorphological
and jumping performance data (18 species, in boldface). Morphological data were bone lengths (shown here as their sum, leg length) and muscle
cross-sectional areas of hindlimbs. Performance data were maximum jumping acceleration and velocity. The phylogeny was from Portik et al.
(2023). Boxplots show the median (lines), interquartile range (boxes), 95% distribution (whiskers), and points outside the 95% distribution.
Mya p million years ago.
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muscle CSA to put it on the same linear scale as our other
measurements. Moreover, to be able to interpret morpho-
logical patterns in an allometric context (given that size is
an important axis of variation in all species; see “Results”),
we natural log transformed all trait values.
Within-Species Phenotypic Matrix
and Matrix Similarity

To characterize within-species trait covariation, we esti-
mated three within-species variance-covariance matrices
(P matrices) for the species with highest sample sizes:
Boana boans, Boana raniceps, and Leptodactylus mystaceus
for morphology, with sample sizes of 45, 44, and 53 individ-
uals, respectively.We first tested for effects of sex within each
species on the six hindlimb traits. We used a multivariate lin-
ear regressionmodel with all traits as the dependent variables
and only sex as the fixed factor for B. boans and L. mystaceus
(our sample of B. ranicepshad no females).We then used the
residuals of the linear models to estimate the P matrices in
the function CalculateMatrix (EvolQGpackage, ver. 3.1;Melo
et al. 2016a).
To determine whether patterns of within-species trait

covariation were shared by the three species, we compared
P matrices using two matrix similarity indices. First, ran-
dom skewers (Cheverud and Marroig 2007) give the simi-
larity of a pair of matrices as the average vector correlation
of response vectors obtained from applying random se-
lection vectors. Second, the Krzanowski projection (Krza-
nowski 1979) gives similarity in the shared eigenvector
subspace (three pairs of eigenvectors) between thematrices
being compared. We provide full details of these methods
in the supplemental PDF. Both indices showed high simi-
larity among all three P matrices (above 0.89 for all pair-
wise comparisons; table S2). Because of this high similarity,
we estimated pooled Pmatrices for each genus as our best
estimate of within-species patterns. By pooling all species
from the same genus, we achieved higher sample sizes to
estimate six-by-six intraspecific P matrices: n p 242 for
Boana and n p 215 for Leptodactylus. We used multivar-
iate linear regression models with both species and sex as
fixed factors, as well as their interaction, and then used
the residuals of the models to estimate the pooled Pmatri-
ces for Boana and Leptodactylus using the function Cal-
culateMatrix from EvolQG. However, we also used the
P matrices from our three species with high intraspecific
samples in some analyses to test the sensitivity of our
results to using pooled matrices (see below).
After estimating the pooled P matrices, we performed

an eigenanalysis to interpret which combinations of traits
were associated with the most phenotypic variation. We
focused on only the first two eigenvectors because they
representedmore than 85% of all trait variation in the three
species. We used those first two eigenvectors of the pooled
Pmatrices as surrogates for genetic lines of least resistance
because G matrices have never been estimated for our
study taxa and traits. For morphological traits, P matrices
are good approximations of G matrices in a diversity of
biological organisms, for five reasons. First, morphological
traits show moderate to high heritability (Phillips and Ar-
nold 1989; Roff 1996; Porto et al. 2009; Styga et al. 2019).
Second, phenotypic and genetic variation of log-transformed
traits tend to scale isometrically for several organisms
(Holstad et al. 2024). Third, a high similarity between P
matrices of distantly related species, as we found between
B. boans and L. mystaceus, suggests high stability of trait
covariation patterns over evolutionary time, compatible
with stableGmatrices (Phillips and Arnold 1999; Marroig
and Cheverud 2001). Fourth, a single point estimate of
the G matrix may be less predictive of divergence than a
pooled Pmatrix that represents a long-term average of co-
variation patterns (Mongle et al. 2022). Finally, traits closely
associated with functional performance are likely under
selection to favor developmental architectures that do not
disrupt functional integration, channeling environmental
variation to match genetic patterns (Cheverud 1984).
Divergence Variance-Covariance Matrix and Alignment
with Within-Species Covariation Patterns

We estimated the divergence morphological matrix (D
matrix) for each genus accounting for phylogeny. We used
species’ means as the data and the anuran phylogeny of
Portik et al. (2023). This phylogeny was estimated with
phylogenomic analysis on more than 300 markers, is the
most recent comprehensive phylogeny available, and has
branch lengths in units of time. Most of our sampled spe-
cies were in the phylogeny (see the supplemental PDF
for taxon-substitution details). We then pruned this phy-
logeny to contain only our sampled species of Boana
(n p 33 species) or Leptodactylus (n p 27 species).
We calculated the D matrix under a Brownian motion

(BM) model of evolution (Lande 1979; Revell 2007; Simon
et al. 2016; Machado 2020). The mean rate of evolution of
each trait was calculated as the mean square of phyloge-
netic independent contrasts (PICs; Felsenstein 1985), whereas
the mean cross product of the PICs for two traits was pro-
portional to their mean rate of coevolution (Revell et al.
2007). We used the function ratematrix in the R package
GEIGER (ver. 2.0.11; Harmon et al. 2008) to estimate the
Dmatrix for each genus. We also calculated aDmatrix as-
suming a single-peak Ornstein-Uhlenbeck (OU) model of
evolution. D matrices assuming BM and OU were highly
similar to each other within and across both genera (for de-
tails, see the supplemental PDF). Thus, we chose to use D
matrices under BM because it is the simplest model.
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We conducted an eigenanalysis to examine patterns of
most divergence in trait combinations and also to test
whether directions of most divergence were aligned with
directions of most intraspecific variation. We compared
the D matrices with pooled P matrices, but we also com-
pared them with the three within-species P matrices. We
used the KrzCor method to test for similarity between P
and D matrices using four pairs of eigenvectors; we ex-
cluded the last two eigenvectors because KrzCor will give
a similarity of 1 if all eigenvectors are included (see the sup-
plemental PDF). Additionally, to check specifically for cor-
relations between the first two eigenvectors of theDmatrix
(which corresponded to 98%–99% of the variation across
species) with the first two eigenvectors of within-species
P matrices and the pooled P matrix, we also quantified
their alignment using vector correlations (the absolute
value of the dot product between two normalized vectors).
We calculated such correlations separately for each genus.
To account for estimation uncertainty for both matrices in
a given genus-specific comparison, we constructed 95%
confidence intervals (CIs) for the vector correlations using
bootstrapping resampling (for details, see the supplemen-
tal PDF). Given that vector correlations may be high by
chance, we compared these 95% CIs with a null distri-
bution of vector correlations constructed with 1,000 unit-
length random six-element vectors drawn from a normal
distribution of mean zero and unit SD. We considered ob-
served vector correlations as significant when the 95% CIs
were above the upper 5% tail of the null distribution (above
0.76).We performed all analyses with ln-transformed traits
to guarantee that covariances were scale invariant and
mean independent (Bookstein et al. 1985; McGuigan et al.
2005).

Random Drift Test

To assess which evolutionary processmost likely caused di-
vergence in hindlimb traits, we first tested whether species
divergence was consistent with genetic drift (Lande 1976,
1979; Lovsfold 1988). More variable traits within an ances-
tral population evolving by genetic drift will lead to more
divergence in species’means in those same traits compared
with less variable traits. Thus, modeling the divergence of
population means under genetic drift is a function of the
ancestral G matrix, the effective population size (Ne), and
the time since divergence (t; Lande 1979; Lovsfold 1988):

D p G
t
N e

� �
: ð1Þ

Given that t and Ne are constants, we expect the D
matrix to be proportional to the G matrix under drift.
For morphological data, it is reasonable to assume that
the G matrix can be represented by the pooled P matrix
(Ackermann and Cheverud 2002), so we tested this propor-
tionality expectation using the variance in the direction
of eigenvectors of the pooled P matrix and the variation in
species’ scores projected onto the same eigenvectors (repre-
senting theDmatrix). We also performed drift tests using
within-species P matrices instead of the pooled P matrix.
On a log scale, we may then test for proportionality of
within- and between-species variation by calculating the
regression slope (b) that relates their variances along the
eigenvectors of the pooled P matrix or within-species P
matrix (Ackermann and Cheverud 2002). Under drift,
we expect b p 1. In contrast, if the slope significantly
deviates from 1, we reject drift and infer that some form
of selectionwould have to have either increased (e.g., diver-
sifying) or reduced (e.g., stabilizing) divergence relative to
the expectation under drift (Arnold et al. 2001). We took
phylogeny into account by using PICs of the speciesmeans,
which we projected onto the eigenvectors of the pooled
Pmatrix or of the species-specific Pmatrix. For further de-
tails on this method, see the supplemental PDF.
Major Axes of the Macroevolutionary
Adaptive Landscape

Even if within- and between-species patterns were aligned
and random drift were rejected, the divergence across spe-
cies could still reflect two distinct scenarios: genetic con-
straints biasing the response to selection (constraint hy-
pothesis) or selection shaping both trait covariance patterns
and differences in species’means, aligning the Pmatrix with
the AL (selection hypothesis). To infer genetic constraints,
the first two eigenvectors of the pooled P matrix (pmax and
p2), representing evolutionary lines of least resistance, must
not align with the major axes of the AL, representing the
directions of most movement of adaptive peaks. Alterna-
tively, if both the pooled P matrix and the D matrix were
aligned with the AL, it would indicate that trait divergence
patterns were produced by the covariance of movement of
morphological adaptive peaks. If we found support for the
latter scenario, themajor axes of the AL could in principle co-
incide with SLLR.However, we could not test this hypothesis
because we would need many more individuals within spe-
cies (at least n p 500) than our highest sample size (n p 53)
to properly estimate a populational g matrix and extract
its last eigenvectors to represent SLLR (Simon et al. 2022).
To estimate the major axes of the AL, we first calculated

the selection covariance matrix (the W matrix), the covari-
ance matrix of directional net selection gradients, reflecting
the covariance of selective pressures acting on multiple traits
and producing covariances in trait changes across species (Fel-
senstein 1988; Marroig and Cheverud 2010; Machado 2020):

W p G21DG21 ð2Þ
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in which G21 is the inverse of the G matrix and D is the
divergence matrix, the variance-covariance matrix of evo-
lutionary changes in species’means. Notice that we use the
same matrix parameters as the drift test described above
but now assume amultivariate directional selection model
interacting with genetic constraints and no stabilizing se-
lection (model II in Zeng 1988). This model,D p GWG,
describes how independent populations can show corre-
lated evolutionary changes in the D matrix due to shared
constraints (represented by the G matrix), similar direc-
tional selection pressures (represented by the W matrix),
or both (Felsenstein 1988). It is important to realize that
the D matrix calculated with PICs is equivalent to the
average cross products of Dz (response to selection vec-
tors; Lande 1979) from ancestor-descendent lineages, and
thus the W matrix is a covariance matrix of net selection
gradients (i.e., minimum amount of directional selection
required to produce differences in species’ means; Felsen-
stein 1988; Arnold et al. 2001; Machado 2020). Therefore,
the eigenvectors of the W matrix represent the major axes
of the realized AL, the main directions of shifts in adaptive
peaks. To estimate theWmatrix, we used the pooled Pma-
trix as a surrogate of the G matrix, and the D matrix
representing between-species patterns, for each frog genus.
We scaled both G and D with their respective traces (the
sum of their diagonals; Bookstein and Mitteroecker 2014)
to obtain reasonable magnitudes of variation and covaria-
tion of net selection gradients. This procedure does not
change the eigenvectors of the W matrix.
We then performed an eigendecomposition of the W

matrix to obtain the major axes of the AL (wmax and w2),
then correlated them with the eigenvectors of the pooled
P matrix and of the D matrix. Once again, to account
for uncertainty in estimating these matrices, we used the
1,000 bootstrapped pooled P matrices and D matrices to
calculate resampled W matrices and compute the 95% CI
for the correlations. A vector correlation was considered
significant if the 95% CI was above the 5% upper tail of
the null distribution of six-element vector correlations
(0.76). However, we interpreted these vector correlations
as a simple quantification of the match among directions
of the AL, divergence, and constraints, rather than strict
statistical tests.
Selection on Jumping Performance

To infer whether selection on jumping performance relates
to the hindlimb divergence across species, we first tested
whether jumping performance showed evidence of adap-
tive evolution. We aimed to test whether performance
showed an optimal state predicted by species variation in
the axis of most divergence across both Leptodactylus
and Boana (i.e., the first axis of the D matrices, which we
inferred to reflect size variation; see “Results”). In this case,
performance would be evolving under an OU process,
in which adaptation is not necessarily instantaneous. In
contrast, the predictor—here, species means projected on
dmax—would be evolving under a BM model (the OUBM
model; Hansen et al. 2008). We can interpret the OU pro-
cess as describing movement of the adaptive optima
of jumping performance over evolutionary time in re-
sponse to changes in morphology, while accounting for
constraints and lag in adaptation (Hansen et al. 2008;
Hansen 2012).
We compared evolutionary models separately for each

performance variable using the package slouch (ver. 2.1.4;
Hansen et al. 2008), which allows OU models with con-
tinuous predictors. We testedmodels with dmax as the pre-
dictor, assuming either a BM model with a trend or an
OUBM model. We compared these models to an intercept-
only BM, an OU model with a single regime for all spe-
cies, and anOUmodel with two regimes (arboreal or terres-
trial microhabitat). For the latter, we set internal ancestral
states for model fitting by using maximum likelihood and
an equal-rates model, which showed the best fit to the data,
using the function ace (ape R package, ver. 5.7-1; Paradis
and Schliep 2019). We also performed a multivariate OU
analysis with both performance variables as response vari-
ables. However, our results seemed unreliable (see the
supplemental PDF), so for our data we favor the single-
variable models described above.
Prior to analysis, we logged both performance variables

and the predictor because we tested for an adaptive allo-
metric relationship among them. To account for sam-
pling error when estimating the regression slopes, we used
squared standard errors of both jumping performance
variables and species scores on dmax, following Ives et al.
(2007, app. 3). We then used the Akaike information crite-
rion corrected for small sample sizes (AICc) for model
comparison, using AICc weights to check the relative sup-
port for each model. To be conservative, we interpreted
parameters for all models that showed AICc weights above
0.2, indicating modest to high support (Burnham and
Anderson 2004).
Functional Performance Gradients

To further test the relationship between selection on
jumping performance and both the pattern of trait covari-
ation and the realized AL, we estimated jumping perfor-
mance gradients and their correlation with pmax and p2

and with wmax and w2, respectively. Linear performance
gradients are partial linear regression coefficients that re-
flect the effects of morphology on performance and can be
interpreted as part of the total selection on morphology
(Arnold 1983). To estimate performance gradients within
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species, we fit multiple linear regressions of maximum ac-
celeration and velocity on the hindlimb traits, for both
Boana boans and Leptodactylus mystaceus. After calculat-
ing the jumping performance gradients, we normalized
them to a length of 1.We then tested their vector correlation
with wmax and w2 and with pmax and p2. We performed the
same analysis for between-species performance gradients,
which quantified the hindlimb traits that most contributed
to differences in jumping across species (see the supplemen-
tal PDF). Comparing between-species performance gradients
withwmax andw2 may bemore relevant (thanwithin-species
analysis) to test whether shifts in morphological adaptive
peaks relate to species’ differences in jumping performance.
We calculated the 95% CI for these vector correlations
using the resampled distributions of the pooled P matrix,
divergence matrix, andWmatrix, from which we extracted
eigenvectors.
We first conducted these analyses using all six hindlimb

traits for morphology. However, such gradients may have
been poorly estimated with the sample sizes we had within
species, and they were hard to interpret functionally. Thus,
we also estimated performance gradients using just two
morphological traits: leg length (the sum of the four bone
lengths) and the square root of the total muscle CSA (the
sum of the two muscle measurements). This simpler anal-
ysis made performance gradients more reliable and easier
to interpret while still retaining the bone length by muscle
CSA contrast found as relevant in the species morpholog-
ical divergence (see “Results”). We also estimated pooled
P, divergence, and W matrices with just leg length and
muscle CSA to compare with the simplified performance
gradients.

Results

Patterns of Trait Covariation Are Shared
within and between Species

The patterns of trait covariation were similar across all
within-species P matrices and, accordingly, also between
pooled P matrices for each genus (table S2). More im-
portantly, trait covariation patterns represented by either
pooled Pmatrices or within-species Pmatrices were mod-
erately to highly similar to the patterns of divergence ma-
trices (KrzCor ranged from 0.74 to 0.90; table S4). The ei-
genvector correlations between the two first eigenvectors
of pooled P and D matrices were very high, ranging from
0.92 to 0.99 (table S4; fig. S3), whereas correlations were
particularly high only for the first eigenvector when using
within-species Pmatrices (table S4). All empirical vector cor-
relations were significant when accounting for uncertainty
in estimating the pooled P and Dmatrices, while the same
was true for only the first eigenvector when accounting for
uncertainty in estimating species P matrices (table S4).
The first eigenvector (Egv1), which corresponds to pmax,
can be interpreted as a size vector: all coefficients had the
same sign, indicating that all traits increase or decrease to-
gether in this dimension (Jolicoeur 1963). A size vector can
be either isometric, in which increases in body size do not
change shape, or allometric, in which shape changes with
size. To test whether Egv1 was isometric, we divided each
of its coefficients by the isometric expectation of 0.408 (i.e.,
1=

ffiffiffi
6

p
, the expected coefficients for a six-element vector;

Jolicoeur 1963). The scaled coefficients for bone lengths
were significantly lower than 1 (except two bones in diver-
gence matrices), whereas those for the square root of mus-
cle CSA, especially from the upper leg, were significantly
higher than 1 (table S5). This result indicated positive
allometry for muscle CSA (stronger within species) and
negative allometry for leg length (fig. 2). Therefore, we con-
clude that Egv1 corresponds to allometric size, the relative
contribution of each variable to absolute size (Marroig and
Cheverud 2005).
Variation along the second eigenvector (Egv2) repre-

sented a contrast between bone lengths and muscle CSA
(table S5). This axis can be interpreted as variation in
hindlimb shape unassociated with size changes, in which
individuals and species with higher muscle CSA at a given
body size tended to have relatively shorter legs compared
with individuals and species with lower CSA that tended
to have longer legs (for that same body size; fig. 2).
Random Drift Is Insufficient for Explaining
Divergence in Hindlimb Traits

Regression slopes of the observed morphological diver-
gence on within-species variation were above 1 for both
genera, whether using pooled Pmatrices or within-species
Pmatrices as representing ancestral patterns (except when
using Boana boans; see table 1). However, only for Lepto-
dactylus did the 95% CI of the empirical slopes exclude
the 95% CI under BM simulations, which assumed within-
species variance-covariance patterns for the rate parameters
(table 1; fig. S4). For Boana, the empirical slopes were gen-
erally above the 95% CI under BM, but the 95% CI of em-
pirical slopes were broader than in Leptodactylus. Thus, we
could confidently reject random drift as driving species di-
vergence for Leptodactylus, but we have less support for
rejecting drift in Boana. Rejection of drift wasmainly driven
by higher divergence along Egv1 than expected based on
within-species variation in this dimension (table 1).
Pooled P and Divergence Matrices Are Not Aligned
with the Major Axes of the Adaptive Landscape

The major axes of the AL, represented by the first two
eigenvectors of the W matrix, were not shared between
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Boana and Leptodactylus (table S6). In general, these
axes favored opposite changes in lengths of specific bones
in both genera, and directional net selection has favored
opposite changes in bone and muscle CSA only in Lep-
todactylus (table S6).
Neither the axes of most variation within species (pmax

and p2) nor the axes ofmost divergence across species (dmax

and d2) showed significant vector correlations with thema-
jor axes of the AL (table S7). This result also held for our
simplified analysis using just leg length and muscle CSA
(table 2). Whereas both pooled P and divergence matrices
showed a significantly high positive correlation between
leg length and muscle CSA, the W matrices showed a
very low or negative correlation between these two traits.
However, this correlation was significant only in Lepto-
dactylus (table 2).
Evolution of Maximum Jumping Acceleration,
but Not Velocity, Tracks Allometric Size

The model with highest support for maximum acceleration
was a BM regression model (table 3) showing a significant
negative relationship between the evolution of maximum
acceleration and evolutionary changes in allometric size
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Figure 2: Species distributions along axes of most phenotypic divergence for Boana (A) and Leptodactylus (B). The first axis (eigenvector 1) cor-
responds to dmax and represents variation in allometric size, which explains 95% and 97% of divergence across species in Boana and Leptodactylus, re-
spectively. The second axis (eigenvector 2) corresponds to d2 and represents hindlimb shape, as a contrast between bone length and muscle cross-
sectional areas (CSA). d2 explains only 3% and 2% of divergence across species in Boana and Leptodactylus, respectively. These divergence axes are
similar to axes of most variation within species. Arrows point from circles of species in photos, which are not scaled to body size. All photos by D. S. Moen.
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(dmax; fig. 3A). This negative relationship indicated that
smaller species, with less proportional muscle CSA, pro-
duced higher maximum accelerations than bigger species.
An OU regression model with no differences between gen-
era/microhabitat (OU1BM) had modest support for the
evolution of maximum acceleration (table 3), also showing
a significant negative evolutionary relationship between
maximum acceleration and allometric size.
In contrast, the evolution of jumping peak velocity was

unrelated to dmax (table 3; fig. 3B). An intercept-only BM
model showed the most support. A two-regime OU model
also showedmodest support, suggesting a different optimum
Table 1: Random drift tests for hindlimb traits in the two frog genera
Empirical slope
 Empirical 95% CI
 BM simulations 95% CI
Drift test:

Pooled P:

Boana
 1.35
 .77 to 1.92
 .87 to 1.13

Leptodactylus
 1.44
 1.14 to 1.73
 .85 to 1.14
Within-species P:

Boana (B. boans)
 1.00
 .69 to 1.32
 .90 to 1.10

Boana (B. raniceps)
 1.30
 .75 to 1.85
 .85 to 1.15

Leptodactylus
 1.41
 .89 to 1.93
 .86 to 1.15
Drift test excluding pmax:

Pooled P:

Boana
 .94
 .21 to 1.67
 .78 to 1.21

Leptodactylus
 1.25
 .64 to 1.86
 .71 to 1.24
Within-species P:

Boana (B. boans)
 .72
 .48 to .96
 .83 to 1.18

Boana (B. raniceps)
 1.03
 .05 to 2.01
 .76 to 1.23

Leptodactylus
 1.21
 .00 to 2.43
 .72 to 1.15
Note: We performed a regression test of between-species divergence on within-species variation.We strongly rejected drift (values in boldface) when the empirical
slope 95% confidence interval (CI) was outside the 95%CI of Brownianmotion (BM) simulations that used the corresponding Pmatrices as the rate matrix. Values in
italics indicate empirical slopes that were higher than the 95%CI of BM simulations.We also performed the test when excluding variation in the first eigenvector (pmax)
to show that drift was rejected in the overall (two-axis) drift test mostly because of higher-than-expected variation along pmax, rather than both axes.
Table 2: Pooled P, divergence, and W matrices when using total leg length and muscle cross-sectional areas (CSA)
Leg length
 Muscle CSA
 Leg length
 Muscle CSA
Pooled Boana
 Pooled Leptodactylus
Pooled P:

Leg length
 .004
 .660
 .008
 .758
(.0002 to .006)
 (.602 to .788)
 (.005 to .0086)
 (.626 to .830)

Muscle CSA
 .004
 .010
 .010
 .021
(.0026 to .0065)
 (.006 to .012)
 (.0055 to .010)
 (.013 to .021)
Boana
 Leptodactylus
Divergence:

Leg length
 .004
 .939
 .005
 .957
(.0023 to .0059)
 (.884 to .973)
 (.0028 to .0086)
 (.911 to .980)

Muscle CSA
 .004
 .006
 .006
 .008
(.0024 to .0069)
 (.0033 to .0089)
 (.0033 to .010)
 (.0044 to .014)

W matrix:
Leg length
 3.565
 .025
 5.685
 2.383

(2.06 to 4.40)
 (2.18 to .50)
 (3.83 to 9.13)
 (2.72 to 2.13)
Muscle CSA
 .036
 .557
 2.677
 .550

(2.32 to .52)
 (.33 to .92)
 (22.40 to 2.17)
 (.32 to 1.45)
Note: Pooled Pmatrices showwithin-species trait patterns, whereas divergencematrices show between-species patterns calculated using phylogenetic independent
contrasts (i.e., standardized to time). W matrices show patterns of coselection between the traits. Diagonal elements are variances, below-diagonal elements are
covariances, and above-diagonal elements are correlations. Values in parentheses are 95% confidence intervals (CIs) from bootstrapped matrices. Boldface values
are significantly higher or lower than zero according to the 95% CI.
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jumping velocity for arboreal (Boana) and terrestrial species
(Leptodactylus; table 3).
Jumping Performance Gradients Are Aligned
with Neither Constraints nor the AL

Very few performance gradients showed significant effects
of hindlimb traits on jumping performance when consid-
ering all six traits (table S8). Hindlimb traits explained
22% of the variation in maximum acceleration in B. boans
and 16% of the variation in maximum velocity in Lepto-
dactylus mystaceus. In contrast, when analyzing just leg
length and muscle CSA, we found more significant rela-
tionships (table S9). Reducing leg length increasedmaximum
acceleration in B. boans and across species of Leptodactylus
(fig. S5). Increasing muscle CSA increased maximum ac-
celeration and velocity in L. mystaceus, but we found the
opposite pattern across species of Leptodactylus (fig. S5).
Although not all performance gradients were significant,
several showed a pattern of opposite signs between leg
length and muscle CSA. This result agrees with the low
or negative correlation found between these two traits in
the W matrix (table 2).
The full multivariate performance gradients had very

low vector correlations with both pmax and p2 (table S10).
Some performance gradients showed empirical correlations
above the null expectation with the first major axis of the
AL (B. boans for maximum acceleration) or the secondma-
jor axis of the AL (L. mystaceus for maximum velocity).
However, the 95%CIswere large,making these correlations
nonsignificant (table S10).
Discussion

We found an overall pattern of hindlimb trait covariation
that was highly similar within and between species in both
Boana and Leptodactylus (table S4), despite a deep diver-
gence around 60 million years ago between the genera
(fig. 1). Our study adds to the mounting evidence that var-
iational patterns within species, reflected by theP orGma-
trix, influence species divergence over long evolutionary
timescales (Marroig and Cheverud 2005, 2010; Renaud
et al. 2006; Simon et al. 2016; Houle et al. 2017;McGlothlin
et al. 2018;Machado 2020,Mongle et al. 2022; Opedal et al.
2023; Machado et al. 2023). However, understanding
which factors have shaped both the major axes of the AL
and those of the G matrix is challenging. By including
functional performance in our study, we were able to infer
that the realized AL was not aligned with hindlimb trait
correlations, and directional net selection seemed unaligned
with selection associated with jumping performance. Yet
our inference that the adaptive peak of jumping perfor-
mance randomly drifted across species, coupled with sta-
bility of the G matrix, may explain the persistent effect of
patterns of within-species hindlimb trait covariation on
divergence.
Stability of Genetic Architecture of Hindlimb
Traits in Both Frog Genera

We found high similarity among all Pmatrices across both
genera (tables S2, S3). This consistency suggests that theG
matrices of all these frog species have remained generally
stable over long evolutionary timescales, at least in terms
of theirmajor axes of variation. This overall stability of trait
covariation seems to be common in nature and has been
found in the morphology of many species that have di-
verged for over tens of millions of years (e.g., Marroig
and Cheverud 2001; Porto et al. 2009; Kolbe et al. 2011; Si-
mon et al. 2016; Machado et al. 2018; McGlothlin et al.
2018, 2022).
Such stability of trait correlations may be maintained by

selective, functional, or developmental constraints (Arnold
Table 3: Comparison of Brownian motion (BM) and Ornstein-
Uhlenbeck (OU) models for maximum jumping acceleration and
velocity
Univariate models
 k
 loglik
 AICc
 AICc weight
Max acceleration:

BM
 2
 23.79
 12.40
 .02

OU1
 3
 23.35
 14.40
 .01

OU2
 4
 23.17
 17.40
 .00

BM regressiona
 3
 1.33
 5.05
 .69

OU1BMb
 4
 1.99
 7.10
 .25

OU2BM
 5
 1.99
 11.00
 .03
Max velocity:

BMc
 2
 6.08
 27.35
 .51

OU1
 3
 6.10
 24.48
 .12

OU2d
 4
 8.29
 25.50
 .20

BM regression
 3
 6.08
 24.44
 .12

OU1BM
 4
 6.10
 21.12
 .02

OU2BM
 5
 8.29
 21.57
 .03
Note: Intercept-only models, BM and OU1, have no predictors. Regression
models have species’ scores on the axis of most divergence—allometric size—
as the predictor. The OU regression models can be single- (OU1BM) or two-
optima (OU2BM: arboreal or terrestrial) models, which correspond to one
or two intercepts, respectively. Models in boldface show AICc weights more
than 0.2. k p number of parameters; loglik p log likelihood of the model;
AICc p Akaike information criterion corrected for small sample sizes; AICc
weightp relative support for each model. Lettered footnotes show parameter
estimates of the most supported models (maximum likelihood estimates with
95% confidence interval).

a j2 p 0:046 (0.011 to 0.15), slope p 20:21 (20.32 to 20.10).
b Half-life p 21% of the tree length (0% to 199%), slope p 20:22

(20.32 to 20.10), stationary variance p 0.032 (0.02 to 0.99).
c j2 p 0:037 (0.016 to 0.097).
d Half-life p 14% of the tree length (0.001% to 500%); optima: arbo-

realp 1:10 m/s (1.00 to 1.21); terrestrial p 0:83 m/s (0.71 to 0.93); station-
ary variance p 0.016 (0.01 to 0.21).
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1992). Because we did not find alignment between within-
species lines of least resistance and theAL (table S8), stabil-
ity of hindlimb trait correlations could have been main-
tained by a stable pattern of correlational selection (Riedl
1977; Cheverud 1984; Brodie 1992; Arnold 2005; McGlot-
hlin et al. 2005; Roff and Fairbairn 2012)—promoting
functional integration of trait complexes (Olson andMiller
1958; Hohenlohe and Arnold 2008; Simon et al. 2019)—
instead of persistent directional selection acting on muta-
tional effects (Jones et al. 2007, 2014; Pavlicev et al. 2011).
We may thus expect correlational selection on hindlimb
traits in frogs because unbalanced trait values (e.g., greatly
differing leg bone lengths) may hinder locomotion in gen-
eral, including jumping. Therefore, the positive correlation
between leg length and leg muscle CSA could reflect their
coordinated effect on locomotor performance favored by
correlational selection. We do emphasize, however, that
our estimates of the AL only take net directional selection
into account and do not estimate the curvature of the AL
(i.e., theWmatrix does not take stabilizing and correlational
selection into account). Therefore, the misalignment be-
tween the AL and trait correlations does not rule out a role
of correlational selection promoting stability of hindlimb
trait correlations over evolutionary time.
However, because we found allometric size to be thema-

jor axis of variation, the stability of trait correlations likely
also reflects, at least inpart, developmental constraints.Var-
iation in limb growth rates is regulated by several growth
factors related to chondrogenesis and bone formation (Hent-
schel et al. 2004), and also to chondrocyte proliferation and
differentiation (Wang et al. 2004; Cooper et al. 2013). The
expression of growth factors is further regulated by sev-
eral genes that can be expressed with different patterns of
timing and spatial positioning (Towers and Tickle 2009).
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Figure 3: Scatterplots of maximum jumping acceleration (A) and velocity (B) versus allometric size.We ran different evolutionarymodels in the R
package slouch, assuming a Brownian motion (BM) or an Ornstein-Uhlenbeck model for jumping performance. While the BM regression was the
best-supported model for maximum acceleration (table 3; j2 p 0:0465 0:010 [maximum likelihood estimate5 SE], slope p 20:215 0:05,
R2 p 0:48), an intercept-only BMmodel showed the highest support for maximum velocity (table 3; j2 p 0:0375 0:010). Egv1 is the first eigen-
vector of the divergence matrix, corresponding to dmax, the direction of most divergence across species.
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Hence, genetic and developmental variation regulating
overall limb growth seems abundant and highly polygenic,
and this variationmay explainwhy individuals varymost in
allometric size. Allometric size often acts as a line of least
evolutionary resistance in several groups, along which spe-
cies predominantly diverge (Schluter 1996; Marroig and
Cheverud 2005, 2010; Simon et al. 2016; Machado 2020;
Feiner et al. 2021; Tejero-Cicuéndez et al. 2023). This
may be due to the ecological relevance of size—in diet, for
example (Moen and Wiens 2009; Marroig and Cheverud
2010; Machado 2020)—but also to conserved developmen-
tal regulation of growth patterns, creating developmental
lines of least resistance (Salazar-Ciudad 2006). Although de-
velopmental lines of least resistance can change over time
(Feiner et al. 2021), they likely evolve slowly (Voje et al.
2014; Houle et al. 2019), which fits our findings.
Divergence in Allometric Size and Selection
on Jumping Performance

Our finding that both the G matrix and divergence were
unaligned with the AL (tables 2, S7) indicates that the high
interspecific divergence in allometric size likely reflects ge-
netic and developmental constraints biasing the response
to net selection instead of diversifying selection on allome-
tric size. This interpretation favors the hypothesis that con-
straint has shaped hindlimb divergence in both genera. In
contrast, direct selection on allometric size may not neces-
sarily have shaped hindlimb divergence, although indirect
selection on allometric size likely happened because of pos-
itive correlations within the hindlimbs.
Our interpretation that selection has influenced hind-

limb divergence in Boana may be surprising given the
lower support for rejecting drift in hindlimb divergence in
Boana (table 1). Our weakest support resulted from using
the Boana boans P matrix to represent within-species pat-
terns. Yet part of this resultmay be explained by having fewer
individuals ofB. boans, which can result in overestimation of
the first eigenvalue (Hayden and Twede 2002; Meyer and
Kirkpatrick 2008). Consequently, higher intraspecific vari-
ance on the first eigenvector of the B. boans P matrix likely
made it harder to reject drift. Consistent with this explanation,
the empirical slope for thedrift testwashigher than the 95%
CI for BM simulations when using both the pooled Pmatrix
and the Boana raniceps Pmatrix, for which we had higher
sampling than in B. boans. Moreover, the large 95% CI for
the empirical regression slopes likely reflect a low number
of traits (and, therefore, eigenvectors) to estimate the regres-
sion (six in total), whichmakes this test conservative. Hence,
despite the lower support for rejecting drift in Boana, we also
infer selection as the main driver of divergence in this genus.
Moreover, our analysis of performance gradients showed

further evidence for selection on hindlimb traits (tables S8,
S9; fig. S5). Nonetheless, the performance gradients were
generally aligned with neither directional net selection nor
hindlimb divergence (tables 2, S10). These results may indi-
cate that variation in jumping performance was not a major
contributor to differences in fitness across the species over
evolutionary time. While seemingly counterintuitive for or-
ganisms that primarilymove by jumping, this interpretation
is consistent with previous work. For example, frogs showed
only a single optimum for jumping performance despite di-
versity in limb shape at a broader evolutionary scale, sug-
gesting many-to-one mapping of morphology onto perfor-
mance (Moen 2019). However, we cannot discard poor
estimation of the AL (Wmatrix) and of within-species per-
formance gradients as contributing factors to this misalign-
ment. For the estimation of theWmatrix, a potential issue is
the necessity of inverting the pooled Pmatrix. Such a proce-
dure makes the trailing eigenvalues, which are poorly esti-
mated, dominate the inverted matrix (Hayden and Twede
2002). We tried to account for this issue by using an eigen-
value extension procedure (replacing the sixth eigenvalue of
the pooled P matrix by the fifth, which is better estimated)
on the pooled P matrix, following Marroig et al. (2012), to
better estimate the W matrices (although this procedure
is recommended for matrices with 10 or more traits). Yet
the major axes of the AL were still unaligned with within-
species variation and with performance gradients (results
shown in “R script 1.R” in our Dryad repository; Simon
et al. 2025). Moreover, other unmeasured traits may be im-
portant for jumping, potentially obscuring the relationships
between performance gradients and the AL.
Although our evolutionary analyses of maximum jump-

ing velocity and acceleration across species in Boana and
Leptodactylus suggest that jumping performance evolved
randomly (table 3), this pattern can alternatively be in-
terpreted as jumping performance evolving by directional
selection to track an adaptive peak that itself has moved
randomly (Felsenstein 1988; Hansen and Martins 1996;
Arnold et al. 2001;Hansen 2012; Holstad et al. 2024; Uyeda
andMcGlothlin 2024). We favor this adaptive explanation
for the evolution of jumping performance because of its
relevance in frog ecology (Gans and Parsons 1966; Emer-
son 1978; Duellman and Trueb 1994; Marsh 1994; Moen
2019). Adaptive peaks may move in a random fashion
when the environment fluctuates, and these fluctuations in
the direction of selectionmay explain a persistent effect of ge-
netic variance on divergence if species mostly track the peaks
along genetic lines of least resistance (Holstad et al. 2024).
Such fluctuations in the jumping performance peak may re-
late to changes in the balance of functional trade-offs (Gar-
land et al. 2022) on the hindlimbs, which also influence other
locomotor behaviors (e.g., swimming, climbing, burrowing,
walking; Moen et al. 2013; Reynaga et al. 2018; Moen 2019;
Mendoza et al. 2020).



000 The American Naturalist
Evolution of Maximum Jumping Acceleration
and Allometric Size

The negative relationship between the evolution ofmaximum
acceleration and allometric size suggests a functional con-
straint associated with size scaling. Generally, larger animals
have largermuscles,whichproducehigher forces. These forces
depend on muscle CSA, which scales to the second power
of length. However, such larger animals have proportionally
larger masses to move with those muscles because mass
scales to the third power of length. Overall, this scaling could
result in lower whole-body acceleration in larger animals.
One potential consequence is the positive allometry formus-
cle CSA that we found within and across species (table S5).
If larger animals have proportionally more muscle CSA for
their size, they may be able to partially offset the reduced
jumping acceleration due tomuscle CSA–bodymass scaling.
However, the pattern of smaller species showing higher

peak jumping acceleration than larger species may also be
interpreted as an evolutionary innovation in response to
size evolution in frogs. Smaller speciesmaymore frequently
use power amplification by elastic energy storage to achieve
higher accelerations, despite having lower absolute muscle
mass, than larger species (Astley 2016; Ilton et al. 2018; Sutton
et al. 2019; Mendoza et al. 2020). Those smaller animals,
with shorter legs and thus contact times, need higher accel-
eration than larger animals to achieve a comparable take-
off velocity. Yet such higher acceleration is limited by both
their reduced muscle CSA and the reduced force produced
by fast muscular contractions (which are necessary if the
contact time is very short in small animals; Bennet-Clark
1977; Vogel 2009). On the other hand, such small species
may be more likely to release elastic energy stored in hind-
limb connective tissue (Sutton et al. 2019) and do so more
effectively (Mendoza and Azizi 2021). Hence, species diver-
gence being restricted mostly to allometric size may have
strongly affected the evolution of jumping acceleration, as
an evolutionary solution in smaller species to a functional
constraint of muscle function and leg length. This evolu-
tionary innovation may also explain why the performance
gradients in Leptodactylus mystaceus showed an opposite
pattern than within the genus Leptodactylus (fig. S5).While
bigger muscles producemore force to increase acceleration
and velocity within species (Vogel 2009; Biewener and Patek
2018), this is not the pattern seen across species when smaller
species may be more likely and more effective in releasing
elastic energy to achieve higher locomotor accelerations
and velocity (Sutton et al. 2019; Mendoza and Azizi 2021).
Conclusions

We found support for the constraint hypothesis in shaping
long-term divergence in hindlimb traits on frogs, with a
potentially strong effect of conserved developmental con-
straints, channeling divergence mostly to allometric size.
This pattern is consistent with development having a pri-
mary role in aligningmicro- andmacroevolution, especially
in a view of a dynamicAL. In this view, fluctuating selection
on functional performance can reinforce a link between
these scales over larger timescales bymaking species pheno-
typic means chase these adaptive peak fluctuations mostly
along genetic lines of least resistance. However, develop-
mental constraints can be broken by episodes of strong
selection, which may occur when lineages invade a new en-
vironment that demands great changes in specific behaviors,
such as locomotion (i.e., a new adaptive zone). Therefore,
studying anuran species that differmore strongly in ecology
and performance, such as aquatic and burrowing species,
may favor a pure-selection hypothesis and a role of selec-
tion on performance in shaping both the genetic architec-
ture of traits and species’ phenotypic means. Overall, it is
likely that both development and function play a role in
long-term phenotypic divergence. However, knowing how
often each of these factors dominate macroevolutionary
patterns demands directly studying themacroevolutionary
AL and its connection with both developmental and func-
tional processes acting within populations and species.
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