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Abstract
We evaluated whether evolution is faster at ecotones as niche shifts may be needed to persist under unstable environment. We
mapped diet evolution along the evolutionary history of 350 sigmodontine species. Mapping was used in three new tip-based
metrics of trait evolution–Transition Rates, Stasis Time, and Last Transition Time–which were spatialized at the assemblage
level (aTR, aST, aTL). Assemblages were obtained by superimposing range maps on points located at core and ecotone of the 91
South American ecoregions. Using Linear Mixed Models, we tested whether ecotones have species with more changes from the
ancestral diet (higher aTR), have maintained the current diet for a shorter time (lower aST) and have more recent transitions
to the current diet (lower aLT) than cores. We found higher aTR, aST and aLT at ecotones than at cores. Although ecotones
are more heterogeneous, both environmentally and in relation to selection pressures they exert on organisms, ecotone species
change little from the ancestral diet as generalist habits are necessary toward feeding in ephemeral environments. The need to
incorporate phylogenetic uncertainty in tip-based metrics was evident from large uncertainty detected. Our study integrates
ecology and evolution by analyzing how fast trait evolution is across space.

Introduction
To disentangle the mechanisms producing the biological diversity seen in nature, ecologists increasingly
seek to integrate ecology and evolution (Wiens and Donoghue 2004; Jetz et al. 2012; McGill et al. 2019).
Mapping traits onto phylogenies is essential for such integration, as mapping traits reveals the rates and
tempo of evolution of behavioral, morphological and ecological characteristics (Bollback 2006). Knowledge
of trait evolution has often been applied to evaluate the evolutionary mechanisms producing, for example,
the appearance of ecological innovations and the bursts behind evolutionary radiations (Cantalapiedra et al.
2014; Joy et al. 2016; Maestri et al. 2017). Nevertheless, despite extensive study on rates of trait evolution
over time and across clades (Gingerich 2009; Joy et al. 2016 and references therein), understanding how
these rates vary over space is equally challenging, and still little understood.
In terms of species diversification, rates are heterogeneous over space. Between-biome comparisons suggest
that some biomes are more speciation-prone than others (Goldberg et al. 2005; Davies and Buckley 2011;
Antonelli et al. 2018). For example, Amazonian tropical forests were inferred to be the main source of
Neotropical biodiversity due to high speciation and low extinction rates, yielding species accumulation within
tropical forests (Davies and Buckley 2011; Antonelli et al. 2018). Marine tropical biomes appear to be sources
of temperate-region bivalves owing to the dispersal of taxa that evolved in tropical regions (Goldberg et al.
2005). Montane portions of the Andes and also of the Atlantic Rainforest were shown to be centers of early
rodent diversification and diversity accumulation into the Neotropics (Leite et al. 2014; Maestri et al. 2019).
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Although these findings implicate cradles and museums of biodiversity, we still need to know the situations
where diversification results in trait evolution (e.g., Oliveira et al. 2016), as well the roles of historical and
ecological factors in producing spatial heterogeneity in trait evolution.
Here, we tested whether within-biome heterogeneity in species trait evolution would be related to the distance
from spatially and temporally unstable ecotones. If this relationship holds, then assemblage position relative
to ecoregion boundary, or its interaction with habitat type, should be the main predictor of evolutionary
speed relative to other ecological and historical variables like habitat type, neighborhood characteristics,
and location (either in the Andes or Atlantic Rainforest). Ecotone is a concept used at several spatial
scales to characterize the boundary between habitat patches; the environmental contrast between adjacent
patches can produce boundaries that organisms may perceive (Cadenasso et al. 2003). We hypothesize that
assemblages located at ecoregion ecotones have species with more changes from the ancestral character state
(higher transition rates), have maintained the ancestral character state for shorter time (lower stasis time)
and have more recent transitions to the current character state (lower last transition times) than assemblages
from ecoregion cores.
Region cores are more homogeneous environmentally and in terms of selection pressures exerted on organisms,
since environmental changes are buffered before they reach cores (Mayle et al. 2004; Mayle and Power
2008; Donoghue and Edwards 2014). Populations inhabiting region cores should be large and stable in
size over time, as well as occur under environmental conditions similar to the conditions found in the
ancestral range (Wiens and Graham 2005; Pearman et al. 2008; Davies and Buckley 2011). In contrast,
region ecotones are more heterogeneous, both environmentally and in relation to selection pressures exerted
on organisms, because environmental challenges are first noticed in ecotones, which leads to changes in
vegetation development and in the location, quality and type of habitats and limiting resources on which
individuals depend (De Vivo and Carmignotto 2004; Eckert et al. 2008; Sexton et al. 2009; Donoghue and
Edwards 2014). Populations inhabiting ecotones should be smaller, be under stronger extinction pressure,
and have less stable population size than core populations (Karanth et al. 2006). They also should show
shifts from ancestral characters as these shifts may be needed to persist in ecotones (Pearman et al. 2008;
Sexton et al. 2009; Benton 2010; Donoghue and Edwards 2014).
Spatial heterogeneity in the rates of species diversification and trait evolution is well known (Benton 2010;
Jetz et al. 2012; Oliveira et al. 2016). But while there are a few metrics to evaluate spatial heterogeneity
in rates of diversification (including the tip-based metrics reviewed in Title and Rabosky 2019), there is no
consensus or metric on how to evaluate spatial heterogeneity in rates of trait evolution. In order to evaluate
our hypothesis, we propose three tip-based metrics for calculating trait transition rates, stasis time and last
transition time (TR, ST and LT, respectively). All three metrics aim to calculate species-specific direction
and time of character-state transitions from the phylogeny tips to the root. Transition rates indicate how
many times the ancestral character has changed over time. Stasis time indicates the maximum branch length
(time interval) over which the current tip-character was maintained across the whole phylogeny. Finally, last
transition time is the sum of branch lengths from the tip to the prior/previous node with a reconstructed
character equal to current tip-character (Fig. 1). To calculate the three tip-based metrics, we mapped and
estimated ancestral states using stochastic mapping of discrete traits via Bayesian inference (Bollback 2006),
which allows calculating the time at which a trait changed along phylogeny branches and not just at the
nodes. Tip-based metrics such as TR, ST and LT can be later summarized across assemblages, allowing
assessments of the effect of spatial, environmental, and historical factors on trait evolution rates. Here, we
averaged tip-based metrics across all species occurring in a given assemblage to obtain assemblage-level TR,
ST, and LT –hereafter aTR, aST, and aLT– to then test whether evolution has been faster at ecotones.
The test involved a thorough consideration of phylogenetic uncertainty from character reconstruction to
hypothesis testing (Fig. 1).
We tested our hypothesis of faster trait evolution at ecotones by integrating data on distribution, diet, and
phylogeny of sigmodontine rodents. Sigmodontinae is a subfamily within the family Cricetidae (Musser and
Carleton 2005) that arrived in South America before the final closure of Panama Isthmus (˜10 Ma; Leite et al.
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2014; Steppan and Schenk 2017). They are a useful group for testing our hypothesis because the species are
sensitive to habitat stability at fine scales due to their small body-size, short generation time, small geographic
range, and narrow microhabitat requirements for feeding, reproducing, and avoiding predation (Patton et al.
2015). One notable aspect about sigmondontine rodents is the uncertain phylogenetic relationships among
species, genera and tribes. Different phylogenies show equally plausible but differing topologies (e.g., Weksler
2006; Machado et al. 2013; Leite et al. 2014; Steppan and Schenk 2017), suggesting that reliance on only
one phylogeny may be insufficient to understand the evolution of the group (Rangel et al. 2015; Upham et
al. 2019). Another remarkable aspect about them is that, since their colonization of South America, they
experienced a rapid evolutionary radiation that has allowed sigmodontine species to spread into many types
of habitats (Patton et al. 2015), without radical changes from their ancestral morphology (Maestri et al.
2017). However, sigmodontine rodents do show an impressive variation in diet (Paglia et al. 2012; Missagia
et al. 2019). Many species are highly specialized to consume a few items from specific habitats, such as
herbs and seeds from open habitats or leaves and fruits from forested habitats (Paglia et al. 2012; Pardiñas
et al. 2020). Thus, diet should evolve as a response to the spatial heterogeneity and temporal instability of
ecotones.
Materials and Methods
The unit of analysis
In our analyses, we used the 91 World Wildlife Foundation ecoregions of the Neotropics (Olson et al., 2001)
included within the total extent of rodent range maps (-55.98º S to 12.63º N, -91.66º E to -34.79º W).
These ecoregions have an average area of 16.91 ± 21.87 square degrees. By design, the WWF ecoregions
consider regional species pools, represent homogeneous areas in terms of biota and climates, capture major
environmental heterogeneity at a global scale, and are objectively classifiable into major habitat types (Olson
et al. 2001; Smith et al. 2018). Furthermore, ecoregion ecotones represent meaningful boundaries between
biological communities (Smith et al. 2018), a property highly desirable considering our hypothesis. The
Neotropical ecoregions embrace a striking diversity of habitats and have changed in position due to climate
change over geological time (Costa et al. 2017). Furthermore, such changes were more severe at ecoregion
ecotones than at their cores (Mayle et al. 2004; Mayle and Power 2008).
We began our analyses by building an empty raster of 0.25º cell size. We used 0.25º cell size to ensure
sufficient sample size in ecotones and cores. Next, we determined the coordinates of the cell centroid of
ecoregions in order to obtain points at several distances from ecoregion ecotones (Fig. 1). For each ecoregion,
we measured the geographical distance between each point and the ecoregion boundary using thedist2Line
function (‘geosphere’ package, Hijmans 2019). As we were interested in comparing the tip-based metrics
between points at the ecotone and core, we defined ecotone points as the 10 points closest to the ecoregion
boundary, whereas we defined core points as the 10 points farthest from the ecoregion boundary (Fig. 1).
Our total sample size was 1,820 points: 910 in cores and 910 in ecotones from 91 different ecoregions.
We obtained the identity of sigmodontine rodents whose ranges overlap the centroid points in the core
and ecotone of ecoregions. We used a buffer of 0.125-degree width (half of cell size) to obtain the species
composition around the points; a width of 0.125 degrees also avoided the overlap between buffers, which
would result in high spatial dependence in rodent composition between neighboring points. After obtaining
point-scale composition, we continued the analyses with species occurring exclusively in the ecotone or core
of each ecoregion. We used the range maps of 350 of 384 species listed in Patton et al. (2015) for which we
could calculate tip-based metrics. Nomenclature and classification mainly followed accounts in Patton et al.
(2015), updated where necessary (see Maestri et al. 2017 and references therein). Range maps are available
in Dryad Digital Repository (Maestri et al. 2019, http://dx.doi.org/10.5061/dryad.8vt6s95).
Phylogeny
We used one of the most updated and complete sets of phylogenies of sigmodontine rodents (Upham et
al. 2019) for ancestral diet mapping and phylogenetic uncertainty analysis. The phylogenies have dated
branches and were built from a supermatrix alignment of 11 genes which were extracted from a more
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inclusive mammalian supermatrix of 31 genes (Upham et al. 2019). The phylogenies were built using the
multigene-approach for 279 of 413 extant sigmodontine species; the remaining 134 species were randomly
placed at the tips of the phylogeny according to prevailing taxonomy. To consider phylogenetic uncertainty,
we used a random sample of 100 phylogenies. An ancestral state was estimated for each node included in
the evolutionary history of the 413 species, but we focused our analysis on the 350 species with distribution
data that were included in the phylogeny. The mapping of ancestral characters was repeated for the 100
phylogenies in order to assess uncertainty in tip-based metrics (see below Ancestral character mapping ).
Diet states
We used the percentage of animal and vegetal items included in the diet of sigmodontine rodents from the
Elton Traits v.1 database (Wilman et al. 2014). The database has suitable resolution to characterize rodent
diet with high detail. We allocated each rodent species to one of four diet states: 1) insectivores ([?] 50%
of the diet comprised by insects, < 50 % of the diet comprised by plants and fruits/seeds); 2) plant-eaters
([?] 50% plants, < 50% of insects and fruits/seeds); 3) fruit and seed-eaters ([?] 50% fruits/seeds, < 50% of
insects and plants); and 4) generalists (several types of food items composing < 50% of the diet). We used
these percentage cut-offs because most sigmodontine species are omnivorous (Paglia et al. 2012; Patton et
al. 2015; Maestri et al. 2017). Thus, few of them would be included in a non-omnivore group if we were to
use higher percentage cut-offs. Since diet data were lacking for 33 of the 350 species having distribution and
phylogenetic data, we imputed the percentage of consumed items for these species using a random forest
algorithm without the phylogeny to ensure the independence between trait and phylogeny (Stekhoven and
Buehlmann 2012).
Ancestral character mapping
We used an algorithm of stochastic mapping of discrete characters via Bayesian inference (Bollback 2006) to
reconstruct the trajectory of diet states across the rodent phylogenies. We used the functionmake.simmap
of the Phytools package (Revell 2012), implemented in the R environment. Stochastic mapping based on
Bayesian inference allows calculation of the discrete ancestral state (s) of the phylogeny’s nodes and the
timing of changes along the branches. Stochastic mapping output shows the most probable ancestral state
(s) of a node; this output is based on the mean posterior probability of finding a given state and the timing of
changes along the phylogeny branches. The mean posterior probability is based on a sample of the posterior
probability across a desired number of simulations; here, we used 100 phylogenies and 100 simulations per
phylogeny.
Evolutionary processes can produce both symmetric and asymmetric transitions across diet states (Joy et
al. 2016), so we first defined whether transitions across diet states are equal (“SYM”, symmetric model) or
different (“ARD”, all-rates-different model) (Table S1, see Supplementary Methods in the Online Supporting
Information). As the model with symmetric transition rates had more support than the model with asymmetric rates, we conducted definitive stochastic character mapping using the complete set of 100 phylogenies,
with 100 simulations per phylogeny, to more robustly estimate parameters under the symmetric evolutionary
model. The output of the stochastic mapping procedure consisted of a set of 10,000 estimates of diet states
and length of time that a given diet state persisted per node. This time length is based on the branch length
between two nodes with a common diet state. To attribute diet category and estimated time to each node,
we built an adjacency matrix with phylogeny tips (species) in the rows, and internal-node numbers in the
columns. Values of 1 were attributed to nodes belonging to the evolutionary history of a species. The first
column is the phylogeny root and is completely filled with 1’s, as it belongs to the evolutionary history of all
species; the last column is the most recent internal node leading to a tip. These 1’s were then replaced by
the reconstructed diet category and time. When more than one state was equally probable at a given node,
we used the state present longer at that node.
Tip-based metrics
The estimated node states were used to calculate three tip-based metrics of trait evolution. The transition
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rates (TR) of the species swere calculated as:
T Rs =

t
N

where t is the number of transitions of trait states detected at the nodes that a species underwent from
the phylogeny root to the tip, and N is the total number of nodes, counting from the tip to the root. A
value equal to 1 indicates that the species presented as many character-state transitions as possible given its
evolutionary history, whereas a value equal to 0 indicates that there were no transitions – the tip and the
ancestral character-state remained the same (Fig. 1).
Stasis Time (ST) of the species s was calculated as:
STs = max {Li , . . . , LN } if Li ∈ Ai = a
where L is the branch length value from node i to N that have the trait-state A similar to the tip trait-state
a . Stasis time (ST) examines evidence for character retention over time (Fig. 1). The metric consists
in determining, across the whole phylogeny, the maximum value of branch length between two nodes with
mapped trait A similar to the tip trait a . This can be seen in Fig. 1, where species 3 is currently an
insectivore, having recently transitioned from a plant-eater diet. Its lineage had a longer time as an insecteater from node 2 to the 3 than between any other nodes. Thus, the longer stasis time as an insect-eater is
that one embracing the branches predating the time as a plant-eater.
Finally, Last Transition Time (LT) of the species s was calculated as:
min{N, Li ∈
/ Ai = a}

LTs =

X

Li

i=1

where branch lengths L are summed from node i to N having a trait A similar to the tip trait a . The sum
stops when the trait A of the node i differs from the tip traiti =1. Last transition time indicates when the
current tip trait became fixed. The values of LT will exceed ST because the former consists of a sum of more
recent branch lengths with trait a , whereas the latter is the maximum branch length between two nodes
with trait a . R code with the tip-based metrics we develop here can be found in the GitHub of the first
author.
Ecoregion-scale variables
We tested whether tip-based metrics varied relative to ecoregion ecotone and cores, as well as to other variables characterizing the ecological and biogeographic context of ecoregions (Table 1). First, we superimposed
the points on the ecoregion shapefile (Olson et al. 2001) to determine whether points were in ecoregion cores
or ecotones, and whether their habitat was either forested or open. The distinction between forested and open
habitats reflects broad differences in vegetation structure and in the type of available niches and resources
(Vivo and Carmignotto 2004). Ecoregions belonging to forest, woodland, and mangrove biomes were considered forested habitats, while ecoregions belonging to grassland, shrubland, desert, savanna, inland-water,
and the rock and ice biomes were considered as open habitats.
We considered the predominant habitat type and number of neighboring ecoregions in our analyses. Neighborhood can be important because an ecotone assemblage can have values of tip-based metrics that resemble
a core assemblage when the ecotone lies between two ecoregions with similar habitat. That ecotone assemblage is then expected to have lower transition rates, higher stasis time, and longer last transition times than
an assemblage located in the ecotone between ecoregions with contrasting habitats.
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We considered the importance of the Central Andes and Atlantic Forest in predicting aTR, aST, and aLT
because sigmodontine diversification and richness have a close relationship with these regions (Patton et
al. 2015; Maestri and Patterson 2016; Maestri et al. 2019). We superimposed ecoregions on the shapefiles
of Central Andes (Löwemberg-Neto 2015) and the Atlantic Rainforest (Muylaert et al. 2018, available at
https://github.com/LEEClab/ATLANTIC-limits) to distinguish their ecoregions from others (Fig. S1, see
Supplementary Results in Supporting Information). We treated the southernmost portions of the Andean
region (mainly southern Argentina and Andean piedmont), as well as extreme northern and southern portions
of Atlantic Rainforest as belonging to other regions (e.g., Uruguayan Savanna, Cerrado, Caatinga), not as
primary loci of sigmodontine diversification (Maestri et al. 2019).
Statistical analyses
Testing the influence of ecoregion-scale variables, ecoregion identity, and spatial autocorrelation
We averaged species-level tip-based metrics across species of an assemblage to obtain tip-based metrics at
the level of ecological assemblage (hereafter: aTR, aST, aLT) and run hypothesis test (Fig. 1).
We estimated the effect of ecoregion-scale variables on each assemblage-level tip-based metric using linear
mixed models (LMM, Pinheiro and Bates 2000). Linear mixed models are a class of models that allow
estimating the effect of grouping factors describing the study design (random effect), of spatial autocorrelation
(as an error term), and of interesting ecological processes (as a fixed effect, Table 1) when modeling variation
in aTR, aST, and aLT. Here ecoregion identity was considered as random effect in LMM analysis as they
were part of the sampling design, and differences in shape and convolutedness could mask differences between
cores and ecotones.
We identified high spatial autocorrelation (Moran’s I >0.5, P<0.001) for all tip-based metrics analyzed
here. We then looked for spatial autocorrelation in residuals of our LMM models with either aTR, aST,
or aLT as response variables, ecoregion-scale variables as fixed effects (Table 1), and ecoregion identity as
a random effect. Spatial autocorrelation was incorporated in the model through an exponential correlation
structure with nugget effect based on the latitude and longitude values of each point. We used exponential
structure with nugget effect because the variograms generally showed a highly stepped decrease in spatial
autocorrelation, mainly between very close points. Comparisons of models with and without nugget effect
generally supported the model with nugget effect (Table S2).
To account for phylogenetic uncertainty on tip-based metrics we ran one LMM analysis per estimate of
aTR, aST, and aLT. We accounted for phylogenetic uncertainty using a randomly subsampled set of 2,000
of the 10,000 estimated values, due to computational limitations when estimating fixed, random, and spatial
parameters for the whole dataset of estimates. Thus, uncertainty on random effect (standard deviation,
σ), spatial autocorrelation (range, r and nugget, n ), and fixed effect (regression intercept, and regression
coefficient of each variable) were represented by the standard deviation calculated across estimates from the
2,000 models. The LMM intercept represents the average tip-based metric when quantitative variables are
at their average (i.e., zero in the standardized scale), and factors are at their first level of contrast (Table 1).
The regression coefficient of each variable represents the number of standard deviations from the intercept:
the larger the coefficient, the stronger the effect of a variable on the response variable (Schielzeth 2010). We
used density plots to represent and infer the effect of ecoregion-scale variables because these plots can show
the most likely average parameter value and effect size, as suggested by most of phylogenies. Boxplots in
the margins represent the average, first and third quartiles of the distribution of parameter estimates across
the 2,000 models.
The basis of phylogenetic uncertainty
We evaluated whether phylogenetic uncertainty arises from phylogeny structure or stochastic character mapping. To do so we used a randomization procedure, repeated 1,000 times. In each step of this procedure,
we took 10 estimates of each tip-based metric produced by simulations within one phylogeny, and 10 estimates of each tip-based metric produced by one simulation of 10 different phylogenies. We then calculated
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the standard deviation of pooled estimates, and counted the number of randomizations that the standard
deviation was lower within than between phylogenies.
Sensitivity analysis
A strong ecotone effect could be found for assemblages from ecoregions having many small-ranged species, as
these species are more likely to have their distribution centered in the ecoregion core, as well high abundance
and occurrence probability at ecoregions’ core (Andrewartha and Birch 1954; Brown 1984). Sigmodontine
rodents have, in general, small range sizes (min=0.02 square degrees, 1st quartile= 4.16, median=18.30,
mean=55.46, 3rd Quartile= 51.40, max= 797.37 square degrees, measured across the 350 species included in
our dataset), and many species have their range totally included within the area of a unique ecoregion (Fig.
S5). Furthermore, the number of species having a range smaller than ecoregion area varies geographically.
While most small-ranged species occur in the Andes, we observed a considerable number of such species in
Atlantic Rainforest, Cerrado, Chaco, and southwest Amazonian regions (Figs. S5-S7).
We evaluated whether results would change when analyzing aTR, aST, and aLT of assemblages of smallranged species. To avoid area effects when classifying small-ranged species as those having their range smaller
than ecoregion area (Fig. S5), we considered as small-ranged species those having a range size smaller than
4.16 square degrees, the 1st quartile of range-size values presented above. These models included values
of aTR, aST, and aLT across 88 small-ranged sigmodontine species, distributed in 58 ecotone points of 14
different ecoregions, and in 81 core points of 31 different ecoregions (Fig. S6).
Mapping assemblage-level tip-based metrics across space
We considered the assemblage-level tip-based metrics derived from all 10,000 estimates (100 ancestral character simulations for each of the 100 phylogenies) to build maps showing spatial variation on average and
uncertainty (standard deviation) of aTR, aST, and aLT.
Relationship between assemblage-level tip-based metrics and richness
We used a Generalized Least Squares (GLS) regression (Pinheiro and Bates 2000) to analyze the effect of
assemblage richness on aTR, aST, and aLT, because tip-based metrics can be high for assemblages with
many species. We used GLS to account for spatial correlation in the relationship between richness and
tip-based metrics. Correlation structure was exponential with nugget effect —the same we used in LMMs.
Spatial and statistical analyses were conducted using packages ‘raster’ (Hijmans 2020), ‘sp’ (Bivand et al.
2013), and ‘nlme’ (Pinheiro et al. 2020) in R 4.0.2 (R Core Team 2020).
Relationship between assemblage-level tip-based metrics and phylogenetic diversity
We used the same GLS regression just described to test the influence of phylogenetic diversity on aTR,
aST, and aLT, because tip-based metrics can be high for assemblages composed by phylogenetically distinct species. Furthermore, we also tested whether phylogenetic diversity varies between ecotones and cores.
Ecotone assemblages can consist of species from different neighboring regions, thus resulting in higher phylogenetic diversity and likely higher values of tip-based metrics in ecotones than cores.
Results
Sigmodontine species showed an average of 3.05 ± 0.50 diet transitions, and their evolutionary history had
an average of 11.78 ± 2.50 nodes across phylogenies and reconstructions. The average dietary transition
rates was TR = 0.27 ± 0.40, average stasis time was ST = 2.53 ± 0.48millions of years, and the average last
transition time wasLT = 5.97 ± 1.55 millions of years across species, phylogenies and reconstructions.
Influence of ecoregion-scale variables
We found assemblage position relative to the ecotone —either as an isolated effect or interacting with habitat
type— among the main predictors of aTR, aST, and aLT. Position had the largest coefficient in the model
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of aTR (Table 2). Position x habitat type interaction had the largest coefficient in the model of aST, and
the third largest coefficient in the model of aLT (Table 2).
Position, habitat type, and the position x habitat type interaction were the variables causing the largest
deviation in aTR from the expected aTR mean (Table 2). Although there was substantial phylogenetic
uncertainty on parameter estimates, as observed by the range of values along the x-axis of the density plot,
we found that ecotone assemblages generally had lower aTR than the expected aTR mean (intercept, Fig.
2). Assemblages at the ecotone of forested ecoregions had higher aTR than the expected aTR mean (Fig. 2).
Assemblages at forested ecoregions had lower aTR than the expected aTR mean (Fig. 2). Density plots of
least important coefficients —the ones with small regression coefficients (Table 2) and generally tight overlap
of intercept and coefficient estimates— can be found in the Supplementary Results (Figs. S2-S4).
Position x habitat type interaction, location at Atlantic Rainforest, and position were the variables causing
the largest deviation in aST from aST mean (Table 2). Although there was substantial phylogenetic uncertainty, with different groups of phylogenies leading to two different peaks of aST estimates, we found that
assemblages at the ecotone of forested ecoregions generally had higher aST than the expected aST mean
(Fig. 3). Assemblages in Atlantic Forest had higher aST than the expected aST mean. Points at ecotones
had lower aST than the expected aST mean (Fig. 3).
Habitat type, location in Atlantic Rainforest, and position x habitat type interaction were the variables
causing the largest deviation in aLT from aLT mean (Table 2). Although phylogenetic uncertainty again
affected parameter estimates, we found that assemblages at forested ecoregions generally had longer last
transition time than the expected aLT mean (Fig. 4). Assemblages in Atlantic Forest had lower aLT than
the expected aLT mean, and assemblages at the ecotone of forested ecoregions had lightly higher aLT than
the expected aLT mean (Fig. 4).
The basis of phylogenetic uncertainty
Standard deviation across estimates of assemblage-level tip-based metrics was generally lower within than
between different phylogenies. More specifically, the standard deviation of aTR was lower within than between
phylogenies in 89% of the randomizations. The standard deviation was also lower in 88% of the randomizations for aST estimates, and 67% for aLT estimates.
Sensitivity analysis
We found position x habitat type interaction among the most important variables explaining aTR, aST
and aLT of assemblages of small-ranged species, although uncertainty was even larger than the uncertainty
observed in previous analysis (Tables S3 and S4, Figs. S8-S10). Position x habitat type interaction, and
location in Andean and Atlantic Rainforest were the variables causing the largest deviation in aTR from
the expected aTR mean (Table S4, Fig. S8). Habitat type and point overlap with open-habitat ecoregions
in the neighborhood were the variables causing the largest deviation in aST from aST mean (Table S4, Fig.
S9). Position x habitat type interaction, and location in Andean and Atlantic Rainforest were the variables
causing the largest deviation in aLT from aLT mean (Table S4, Fig. S10).
Mapping assemblage-level tip-based metrics
Spatial variation on assemblage-level transition rates (aTR), averaged across 10,000 estimates, revealed high
aTR in central Amazonia, and northwestern and southern South America, and low aTR in northeastern
South America, and along the eastern portion of Andes (Fig. 5A). Phylogenetic uncertainty in aTR was
high in central Amazonia and central Andes (Fig. 5B). We found high assemblage-level stasis time (aST)
in northwestern South America and Atlantic Rainforest, and low aST in the western Andes, northeastern
and central South America (Fig. 5C). Phylogenetic uncertainty in aST was high in northern Amazonia and
the central-south Andes, and it was low in the northeastern Brazil and along the eastern portion of Andes
(Fig. 5D). Finally, we found high aLT in north and northwestern South America, central Amazonia, and
along the eastern Andes, and low aLT in northeastern and southern South America (Fig. 5E). Phylogenetic
uncertainty in aLT was high in central Amazonia, and in southern and western Andes (Fig. 5F).
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Random effects and spatial autocorrelation
Just a minor variation in all assemblage-level tip-based metrics was explained by ecoregion identity (random
effect σ, Table 2). Spatial autocorrelation in turn was strong and present even at very small spatial distances
(as shown by parameters r and n , Table 2).
Relationship with richness
We observed no to weak effect of assemblage richness on aTR, aST and aLT (Figs. S11 and S12 in Supplementary results). Linear correlation between assemblage-level tip-based metrics was generally lower than
0.5, except between aTR and aLT (Table S5 in Supplementary results).
Relationship with phylogenetic diversity
We observed weak effect of assemblage phylogenetic diversity on aTR, aST and aLT (Fig. S11 in Supplementary results). We did not find differences in phylogenetic diversity between ecotones and cores (Fig.
S13).
Discussion
We found that environmentally heterogeneous ecotones influenced the speed of trait evolution, affecting
both the rate and time of diet transitions in sigmodontine rodents. Ecotone species’ diet changed little
from the ancestral diet when compared to core species. Furthermore, an interaction between position and
habitat type indicated that a broader environmental context dictates the rates and time of diet evolution.
Spatial variation on assemblage-level tip-based metrics revealed regions with slow- and fast-evolving species.
Finally, phylogenetic uncertainty can influence the estimates of rates and time of trait evolution, as well as
the inference about the effect of variables on such estimates.
Ecotone effect on assemblage-level tip-based metrics
While we expected higher diet transition rates, lower stasis time, and shorter transition times in ecotone
than core assemblages, we found that, relative to core species, ecotone species presented 1) fewer transitions
in diet over their evolutionary history, 2) quicker transition periods, and 3) slightly longer retention of the
current diet.
The existence of patches of favorable habitat can prevent evolution at ecotone zones. Patches of favorable, high-quality habitat can be ephemeral and sparsely distributed along ecotones, but can sustain large
population sizes with individuals presenting little or no shifts in ecological, morphological and behavioral
characters over time (Eckert et al. 2008; Sexton et al. 2009). These processes result in few transitions from
ancestral diet because the retention of an optimal feeding strategy enables species persistence in ecotone
zones. This strategy could be a generalist diet that generally evolves as an option to explore resources from
different habitats (Price et al. 2012). Also, patches of favorable habitat along ecotones can provide the stability needed to maintain the current diet since long time ago, perhaps since late Miocene or early Pliocene
when major sigmodontine tribes diversified (Leite et al. 2014; Steppan and Schenk 2017) and within-clade
morphological disparity increased (Maestri et al. 2017).
Shorter stasis time at ecotone assemblages indicates that trait evolution occurred at more regular periods
of time along the evolutionary history of ecotone species. Speciation along regular periods prevent the
accumulation of time between transition events, and can be produced by regular cycles of environment
change which are first noticed by ecotone species (de Vivo and Carmignotto 2004; Karanth et al. 2006;
Donoghue and Edwards 2014). As ecotones buffer environmental changes, there may be thousands of years
of lag between the beginning of environmental changes and modifications of species traits. Although the
difference we found here seems to be subtle (Figs. 2-4), it represents thousands of years of lag that may have
profound influence on species persistence and trait evolution.
We found a stasis time of around 2.5 ma for both core and ecotone species. It is a long time period under
little to no trait evolution relative to the ˜10 ma of sigmodontine presence in the Neotropics. Although
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we do not know the exact geological period in which diet stasis occurred, cooling periods such as the one
embracing late Miocene and early Pliocene (Amidon et al. 2017) may well have facilitated diet retention
over large time periods. Cooling periods through the Cenozoic are related to speciation slowdowns across
major tetrapod clades, likely due to the influence of temperature on the environment’s carrying capacity
(Condamine et al. 2019).
Habitat effect on assemblage-level tip-based metrics
We found that the type of ecoregion habitat —and therefore a broader environmental context— has a large
influence on the time of diet evolution. Species from the ecotone of forest ecoregions had higher aTR, and
higher aST and higher aLT than the core of forest ecoregions, the core of non-forest ecoregions, and the ecotone of non-forest ecoregions. Stability of forest regions can explain high stasis time and prolonged transition
times. Available evidence show that cores were more stable over time than ecotones, at least for forested
regions (Mayle et al. 2004; Mayle and Powell 2008; Costa et al. 2017). This stability can be traced back to
the Eocene, which had forests that resemble forests today in terms of vegetation structure and taxonomic
composition (Burnham and Johnson 2004). However, the ecotones of forest ecoregions considerably changed
over time and repeatedly expanded over savannas and grasslands over time (Behling and Pillar 2007; Costa
et al. 2017). Rodent feeding strategies may have changed due to ecotone dynamics, then resulting in diet
transitions to track variation in available resources. In the same line of evidence, we find that trait evolution
is faster at the ecotone of non-forested ecoregions. Such open-habitat ecoregions, which are the result of long
periods of cold and dry climate, were much more extensive in the past than they are today (e.g., Behling
and Pillar 2007). The expansion of forests over non-forested regions could therefore have demanded more
recent adaptations of sigmodontine rodents to persist in the more forested landscapes of South America.
Phylogenetic uncertainty
We acknowledged phylogenetic uncertainty throughout our analyses, which result in high overlap of parameter estimates (Figs. 2-4, S8-S10). Upham et al. (2019) reported that building their rodent phylogeny was
especially challenging due to missing genetic data and topological uncertainty producing polytomies. These
uncertainties were further propagated across our estimates of tip-based metrics. Thus, our inference of traits
was based on the collective evidence provided by the phylogenies of Upham et al. 2019.
Results suggest two major implications of phylogenetic uncertainty. The first is the error possible when
estimating the average value of the tip-based metrics. For example, consider the density plot in the middle
of Figure 3 where we have two peaks of stasis time. If you choose calculating tip-based metrics using only one
phylogeny it is very likely that you would have an estimate of either ˜2 or ˜3 ma, but would err by at least
˜1 ma. The second implication is the error we can make when estimating the effect size of variables. Again,
considering the density plot in the middle of Figure 3, at ˜2 ma of stasis time the assemblages from the
Atlantic Rainforest have higher stasis time than assemblages located outside Atlantic Rainforest. However,
no difference between these regions can be found at ˜3 ma. By propagating uncertainty in our estimates, we
infer that the more likely value of average stasis time is ˜2.3 ma (inset gray boxplot, Fig. 3), and the more
likely effect of Atlantic Rainforest ecoregions is a positive deviation from average aST (inset black boxplot,
Fig. 3). Therefore, it is highly desirable that, when available, we use a set of phylogenies rather than only
one to test hypothesis about the evolution of ecological traits (Rangel et al. 2015).
Spatial variation in assemblage-level tip-based metrics
Regions in the Amazon Basin and portions of the Atlantic Rainforest have enjoyed environmental stability
since the Eocene (Burnham and Johnson 2004), and Patagonia and Andean regions suffered few cumulative
changes in climate since the Last Glacial Maximum (Sandel et al. 2011). These regions generally present
slow-evolving species (Maestri et al. 2019) and high levels of endemism and diversity accumulation over time
(Dynnerius and Jansson 2000; Sandel et al. 2011). Here these regions were recovered as the ones having
assemblages of species with low transition rates, high stasis time, and long times since last transition. These
findings show that environmental stability favors retention of an ancestral diet.
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Limitations
Environmental variation unrelated to the distance from ecotones could alternatively explain the lower transition rates and higher stasis time and last transition times we find for ecotone species. For instance, ecotones
of many ecoregions may be formed by other environmental factors (e.g., soil moisture and type) rather than
climate, which might make them temporally more stable than the ecotones formed by climate (Cantidio and
Souza 2019). In addition, patches of stable habitat currently found at ecotones could rather be at the core of
ecoregions in the past. Thus, shifts in ancestral area could alternatively influence trait evolution. Combining the tip-based metrics we developed here with approaches that incorporate shifts in ancestral area (e.g.,
Maestri and Duarte, 2020) can help to show whether trait evolution is produced by shifts in distribution.
We used diet because it varies across sigmodontine species (Paglia et al. 2012) and habitat types (de Vivo
and Carmignotto 2004), and is available for virtually all species (e.g., Wilman et al. 2014). In addition,
each diet type is subjected to a particular set of selection pressures and presents different probabilities of
transition and speeds of evolution (Price et al. 2012; Maestri et al. 2017). Although other important traits
like life-mode could produce different results, we believe our results are robust to trait choice as diet and lifemode were shown to produce similar macroevolutionary patterns of morphological disparity in sigmodontine
rodents (Maestri et al. 2017).
Results were mostly robust when considering small-ranged species, whose rates and time of diet transition
respond to the position x habitat type interaction —similarly to overall results. The location of species
assemblages in Andean and Atlantic Rainforest ecoregions has a large influence on its tip-based metrics.
This result is largely expected as most of their small-ranged species both speciated and subsequently evolved
within these regions (D’Elia and Pardiñas 2015).
Conclusion
Despite considerable phylogenetic uncertainty in the data, we found an influence of ecotone on the rates
and timing of diet transitions for sigmodontine rodents. This result is especially noteworthy as there may
be only subtle differences in the rates of transition and time of diet evolution between ecotone and core
species, owing to lagged responses to environmental changes. The spatial analysis of diet evolution shed light
on the evolutionary pathways that sigmodontine rodents tracked to achieve such an impressive diversity,
and expand and survive into the large range of habitats in which they occur today. Our approach provides
a formal link between macroecology and macroevolution, and can be incorporated in more sophisticated
approaches integrating reconstruction of ancestral areas and ecological traits.
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Tables
Table 1: Ecoregion-scale variables. All variables were measured at a point scale.
Variable

Type

Mean ± sd/ factor levels

Position
Habitat
Position x habitat type interaction
Sum of neighbors’ area +
Number of points overlapping neighbor open-habitat ecoregions +
Number of points overlapping neighbor forest-habitat ecoregions +
Point location at the Atlantic Rainforest region
Point location at the Andean region

Factor
Factor
Factor
Quantitative
Quantitative
Quantitative
Factor
Factor

Core*, ecotone
Forest, open*
Core-forest, core-open*, ecotone-forest,
9.03 ± 29.02 square degrees
0.46 ± 0.72
1.10 ± 1.13
1= within Atlantic Rainforest; 0= not
1= within Andes; 0= not within Andes

+ Standardized to zero mean and unit variance before analysis.
* Factor-level represented by the intercept.
Table 2: Average parameter value ± standard deviation representing phylogenetic uncertainty on estimates
of fixed effects, random effect, and spatial correlation structure across 2,000 linear mixed models. Fixed
effects are represented in standard deviations from the intercept for each assemblage-level tip-based metric
(columns).
Effect/ variable

Effect/ variable

Fixed effect

Fixed effect
Intercept
Position
Habitat type
Position x habitat interaction
Sum of neighbor’s area
Point overlap with forest-habitat ecoregions
Point overlap with open-habitat ecoregions
Atlantic Rainforest ecoregions
Andean ecoregions
Random effect
Standard deviation (σ)
Residual
Spatial correlation structure
Range (r )
Nugget (n)

Random effect

Spatial correlation structure

Transition rates

Stasi

Average estimate ± standard deviation

Aver

0.270±0.120
-0.004±0.019
0.002±0.040
0.003±0.022
0.001±0.005
-0.001±0.006
-0.001±0.005
-0.001±0.031
0.002±0.031

2.500
-0.05
-0.05
0.069
-0.01
0.014
-0.01
0.062
-0.00

0.025±0.018
0.086±0.025

0.139
0.510

1.492±0.624
0.372±0.072

1.353
0.363

Figure legends
Fig. 1: Analytical scheme used to test whether evolution is faster at ecotones, which involved 1) calculating
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tip-based ancestral trait state and its change over time and 2) spatializing changes from the ancestral trait
state using assemblage-level metrics (aTR, aST, aLT), and 3) propagating uncertainty across the previous
steps (gray arrow in the background). To calculate tip-based metrics at the species level, we mapped and
estimated ancestral states using stochastic mapping of discrete traits via Bayesian inference, which allows
calculating the time at which a trait changed along phylogeny nodes. The tip trait state is taken into account
when calculating TR (as seen for Sp. 1). Note that transitions not fixed at the nodes are not considered when
calculating TR (e.g., the brief transitions between n1 to n2 from plant- insect to insect-plant), although such
brief transitions do reduce ST and LT. Also note that ST is the maximum time length between two nodes,
and LT is the sum of branch lengths with reconstructed traits equal to the tip trait. Values of tip-based
metrics are equal for sister species (Sp. 6 and 5, Sp. 4 and 3) because trait change occurred exactly in the
same nodes.
Fig. 2: Density plots of the intercept (expected mean) of assemblage transition rates aTR, and regression coefficient (deviation from the mean) of the most important variables. In each plot, the intercept is represented
by the gray line and the regression coefficient is represented by the black line. Estimates were extracted from
Linear Mixed Models that consider ecoregion-scale variables as fixed effects, ecoregion ID as random effect,
and exponential correlation structure with nugget effect to accommodate spatial autocorrelation. Intercept
and regression coefficients were extracted from each one of the 2,000 models. Boxplot in the upper margin
shows average and 1st and 3rd quartiles of the distribution of aTR.
Fig. 3: Density plots of the intercept (expected mean) of assemblage stasis time aST (millions of years),
and regression coefficient (deviation from the mean) of the most important variables. In each plot, the
intercept is represented by the gray line and the regression coefficient is represented by the black line.
Estimates were extracted from Linear Mixed Models that consider ecoregion-scale variables as fixed effects,
ecoregion ID as random effect, and exponential correlation structure with nugget effect to accommodate
spatial autocorrelation. Intercept and regression coefficients were extracted from each one of the 2,000
models. Boxplot in the upper margin shows average and 1st and 3rd quartiles of the distribution of aST.
Fig. 4: Density plots of the intercept (expected mean) of assemblage last transition time aLT (millions of
years), and regression coefficient (deviation from the mean) of the most important variables. In each plot,
the intercept is represented by the gray line and the regression coefficient is represented by the black line.
Estimates were extracted from Linear Mixed Models that consider ecoregion-scale variables as fixed effects,
ecoregion ID as random effect, and exponential correlation structure with nugget effect to accommodate
spatial autocorrelation. Intercept and regression coefficients were extracted from each one of the 2,000
models. Boxplot in the upper margin shows average and 1st and 3rd quartiles of the distribution of aLT.
Fig. 5: Mapped assemblage-level transition rates (aTR), stasis time (aST), and last transition time (aLT)
of sigmodontine rodent assemblages at points in ecoregion cores and ecotones. Tip-based metrics in the left
maps (A,C,E) were obtained by averaging metrics across 10,000 estimates (100 phylogenies, 100 simulations
per phylogeny). Phylogenetic uncertainty on estimates of the tip-based metrics, represented in the right
maps (B,D,F), were calculated through the standard deviation of the metrics across 10,000 estimates.
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