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Abstract
1. Estimating phenotypic distributions of populations and communities is central to 

many questions in ecology and evolution. These distributions can be character-
ized by their moments (mean, variance, skewness and kurtosis) or diversity met-
rics (e.g. functional richness). Typically, such moments and metrics are calculated 
using community- weighted approaches (e.g. abundance- weighted mean). We pro-
pose an alternative bootstrapping approach that allows flexibility in trait sampling 
and explicit incorporation of intraspecific variation, and show that this approach 
significantly improves estimation while allowing us to quantify uncertainty.

2. We assess the performance of different approaches for estimating the moments 
of trait distributions across various sampling scenarios, taxa and datasets by com-
paring estimates derived from simulated samples with the true values calculated 
from full datasets. Simulations differ in sampling intensity (individuals per spe-
cies), sampling biases (abundance, size), trait data source (local vs. global) and esti-
mation method (two types of community- weighting, two types of bootstrapping).

3. We introduce the traitstrap R package, which contains a modular and extensible set 
of bootstrapping and weighted- averaging functions that use community composi-
tion and trait data to estimate the moments of community trait distributions with 
their uncertainty. Importantly, the first function in the workflow, trait_fill, allows the 
user to specify hierarchical structures (e.g. plot within site, experiment vs. control, 
species within genus) to assign trait values to each taxon in each community sample.
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1  |  INTRODUC TION

1.1  |  Trait distributions

The shape and dynamics of phenotypic distributions can inform us 
of the rules of life that shape biological diversity and functioning 
across all scales of organization (Brown, 1995; Maurer, 1999). For 
example, at the population level, the shape of phenotypic distribu-
tions reflects how populations respond to different selective pres-
sures and other evolutionary forces (Lande, 1976; Levins, 1968; 
Turelli & Barton, 1994). At the community level, phenotypic distri-
butions can reflect species interactions, environmental pressures, 
immigration, local extinction and drive species coexistence and 
ecosystem functioning (Bolnick et al., 2011; Enquist et al., 2015; 
Keddy, 1992; Norberg et al., 2001). Their shapes reflect how as-
semblages have responded to past changes and how their composi-
tion and functioning will respond to future environmental changes 
(Grime, 2006; Inouye et al., 2019; Keddy, 1992; Suding et al., 2008; 
Webb et al., 2010). At larger geographic and temporal scales, phe-
notypic distributions reflect unique evolutionary histories, the im-
pact of climate change, differing biogeographic processes and the 
unique climates and ecology of biomes (Donoghue & Edwards, 2014; 
Echeverría- Londoño et al., 2018; Moncrieff et al., 2016; Violle 
et al., 2014; Woodward et al., 2004). The ‘true’ trait distribution of a 
population or a species assemblage thus reflects the joint outcome 
of the ecological and evolutionary forces that have shaped the phe-
notypic diversity in that assemblage (Roughgarden, 1972, 1974, 
1979; Figure 1, top row). However, measuring trait distributions is 
difficult, if not impossible, as it requires information on the trait 
values of all individuals (or organs, e.g. leaves) present. Biologists, 
therefore, rely on methods that estimate these distributions from 
the data we can feasibly sample.

The existing approaches for quantifying the trait diversity of 
an assemblage can be grouped into two categories: (1) those based 
on distance matrices and (2) those based on trait spaces (Mammola 
et al., 2021). Approaches based on distance matrices (e.g. functional 
dispersion; Laliberté & Legendre, 2010; functional distinctiveness; 
Violle et al., 2017) first convert trait observations into distance ma-
trices (e.g. Euclidean for continuous traits, Gower for mixtures of 
continuous and categorical traits), and may further convert these 
distance matrices into functional dendrograms (e.g. Functional 
Diversity sensu Petchey & Gaston, 2002). Such distance- based ap-
proaches have the advantage of being comparable to other facets 
of biodiversity, such as phylogenetic distances. Still, because they 
transform trait observations into distances, they sacrifice the abil-
ity to discern differences among individual traits and obscure links 
between traits and mechanisms. Approaches based on trait spaces 
preserve information about the underlying biology by preserving 
the information captured in individual traits and trait– environment 
relations, but may be computationally difficult at higher dimensions. 
Within the trait space view, we often focus on quantifying a sin-
gle trait dimension at a time because we have theoretical reasons 
for focusing on particular traits (which may reflect trait syndromes; 
e.g. the leaf economic spectrum). However, we note that ecologi-
cal and evolutionary forces will operate on whole phenotypes, and 
focusing solely on independent trait axes may miss important dy-
namics caused by trait covariances (Laughlin & Messier, 2015; Pistón 
et al., 2019). While we touch on all of these approaches in this work, 
our focus is primarily on those that characterize the shapes of a sin-
gle dimension of the multidimensional trait space at a time.

The overall shapes of distributions can be characterized by 
their means and higher statistical moments— the variance, skew-
ness, and kurtosis (Box 1). These moments of trait distributions 
are a key component of Trait Driver Theory (Box 1; Supporting 

4. Across all taxa, simulations and metrics, bootstrapping approaches were more 
accurate and less biased than community- weighted approaches. With bootstrap-
ping, a sample size of 9 or more measurements per species per trait generally 
included the true mean within the 95% CI. It reduced average percent errors by 
26%– 74% relative to community- weighting. Random sampling across all species 
outperformed both size-  and abundance- biased sampling.

5. Our results suggest randomly sampling ~9 individuals per sampling unit and spe-
cies, covering all species in the community and analysing the data using nonpara-
metric bootstrapping generally enable reliable inference on trait distributions, 
including the central moments, of communities. By providing better estimates of 
community trait distributions, bootstrapping approaches can improve our abil-
ity to link traits to both the processes that generate them and their effects on 
ecosystems.

K E Y W O R D S
body size, community ecology, community- weighted mean, functional ecology, functional 
traits, nonparametric bootstrapping, population biology, R package, traitstrap
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F I G U R E  1  Inferring community trait distributions. Top row: An example community of three species in the Johannesburg Zoo (JBZ). These 
species can all be characterized by a common trait (as they are all plants, say, leaf size), and there is variation among and within species and 
individuals in the value of that trait. Thus, the JBZ population of each species can be characterized by a distribution of trait values, and the 
combination of these trait values across all individuals of all species yields the JBZ community trait distribution. The first raw moment is the 
mean. It describes the central tendency of the distribution. The second central moment is the variance, which describes the spread of the 
data. The third standardized moment is the skew, which measures the lopsidedness of the distribution; symmetric distributions will have a 
skewness, if defined, of zero. The fourth standardized moment is kurtosis, which measures the heaviness of the distribution's tails. High kurtosis 
corresponds to a distribution with long tails compared to the normal distribution, while low kurtosis corresponds to relatively short tails. As the 
kurtosis of normal distribution has a value of three, it is common practice to instead calculate the ‘excess kurtosis’ by subtracting three from 
the kurtosis. This excess kurtosis is sometimes simply called ‘kurtosis’, a convention we follow here. The mean and the central and standardized 
moments describe the shape of the trait distribution and can be used to infer ecological processes and functions. Middle Row: Since it is usually 
not feasible to measure all individuals (or all organs, e.g. leaves, teeth, etc.), a common approach is to measure the traits of a subset of individuals 
and represent each species by its mean trait value. The traits of these species are then combined with some measure of species abundance 
(e.g. coverage, body size, biomass) to estimate the mean and additional moments of the community trait distribution. Bottom row: Rather than 
collapsing the variation across all the measured individuals into a single mean value per species, we can employ a bootstrapping approach that 
uses all the measurement variations. With this approach, we randomly resample (with replacement) the observed trait distributions (or statistical 
distributions fitted to the data) in proportion to some measure of abundance. This method utilizes the same data but, as we demonstrate below, 
provides results closer to the true values and provides confidence intervals around the estimated values.
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4  |   Methods in Ecology and Evoluon MAITNER et al.

Information Appendix 1; Enquist et al., 2015; Maitner et al., 2017; 
Weiher & Keddy, 1995; Wieczynski et al., 2019). The shape of 
the trait distribution can reveal information about the processes 
shaping and affecting population and community composition 
and species abundance, which will, in turn, impact ecological pro-
cesses and ecosystem responses (Box 1; Supporting Information 
Appendix 1; Enquist et al., 2015; Weiher & Keddy, 1995). This 
information can rule out potential mechanisms and support 

others in observational or correlative studies. We can pair it 
with experimental approaches to disentangle alternative mech-
anistic hypotheses explicitly and thus link trait distributions with 
underlying processes (Weber & Agrawal, 2012). While there are 
challenges to inferring community dynamics from trait diver-
sity patterns, several potential solutions have been suggested, 
including incorporating mechanistic models and temporal data 
(Münkemüller et al., 2020).

BOX 1 Why measure the moments of trait distributions?

Each trait moment is associated with specific ecological processes. Different measures of the trait distribution can provide insights 
regarding the main drivers of species composition as well as the past and future dynamics of the species assemblage and can have 
consequences for ecosystem functioning.

Moments of trait distribution Ecological processes Ecosystem response

Mean

 
 
 
 
 
 
 
 

• May represent local phenotypic optima  
(Muscarella & Uriarte, 2016; Todd  
et al., 2011)

• Dominant phenotype due to competitive 
hierarchy (Freckleton & Watkinson, 2001)

• Will shift productivity according to form 
of growth equation (Enquist et al., 2015)

• Shifts in mean body size can cause 
trophic cascades (Shackell et al., 2010)

Variance • Low where abiotic filtering is strong 
(Keddy, 1992; Weiher & Keddy, 1999) or 
competitive exclusion is high

• High where there is high immigration, 
competitive niche displacement and/or 
temporal variation

• High where there are repeated disturbances 
or environmental variability (Grime, 2006)

• High where species pools overlap (Denelle  
et al., 2019)

• Increased variance accelerates 
community response to environmental 
changes (Enquist et al., 2015; Norberg  
et al., 2001)

• Increased variance can reduce 
ecosystem productivity and fluxes 
(Enquist et al., 2015; Norberg  
et al., 2001)

• Increased variance in one trophic level 
can promote increased variance in 
interacting trophic levels

• Higher variance may increase intraguild 
predation (Wissinger, 1992)

• Variance can stabilize or destabilize 
species coexistence (Bolnick  
et al., 2011; Hart et al., 2016; Uriarte & 
Menge, 2018)

Skewness • Strong skewness can indicate a response to 
rapid environmental changes (Enquist  
et al., 2015).

• Weak skewness may result from species 
introductions (Blanchet et al., 2010)

• Low skewness may reflect the loss of traits in 
distribution tails due to filtering, exclusion or 
ontogeny (Enquist et al., 2015)

• High skewness may be caused by biased 
immigration (Enquist et al., 2015)

• Changes in skewness will impact 
dependent trophic levels (Inouye  
et al., 2019)

• Asymmetric loss of traits may cause a 
disproportionate decline in ecosystem 
functions (Duffy, 2003)

• Skewness may impact ecosystem 
multifunctionality (Le Bagousse- Pinguet 
et al., 2021)
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    |  5Methods in Ecology and EvoluonMAITNER et al.

1.2  |  Community weightings are imprecise 
estimates of trait distributions

The current standard for summarizing phenotypic distribution relies 
on species average trait values and measures of species abundance 
(note: throughout, we reserve the word ‘mean’ for referencing the 
first moment of trait distributions and use ‘average’ in the broader 
sense; and we use ‘abundance’ to broadly represent different 

quantifications of relative abundance in the assemblage, including 
biomass, coverage, number of individuals, etc.). The approach calcu-
lates the weighted moments of trait distributions by taking the aver-
age trait values for each species in the community and multiplying 
them by a measure of abundance (e.g. cover, biomass; Grime, 1998; 
see Supporting Information Appendix 2 for details). New measures 
and indices of trait diversity and multifunctionality rely on accurate 
measures of the four moments of trait distribution (e.g. the variance, 

Moments of trait distribution Ecological processes Ecosystem response

Kurtosis Here, TraitStrap calculates the excess kurto-
sis (see text). Excess kurtosis measures the 
‘tailedness’ of distributions relative to the nor-
mal distribution. Distributions with negative 
excess kurtosis (platykurtic) are characterized 
by fewer and/or less extreme outliers than the 
normal distribution (more peaked distribution 
than the normal distribution). Distributions 
with a positive excess kurtosis (leptokurtic) 
have longer tails (more outliers) than the nor-
mal distribution

Positive kurtosis— A higher kurtosis corre-
sponds to more outliers or a greater extremity 
of deviations

• Higher excess kurtosis— a more platykurtic 
(peaked) distribution— reflects competitive 
exclusion or other types of biotic exclusion 
or competitive hierarchies (Abrams & 
Chen, 2002; Navas & Violle, 2009), and can 
reflect a low trait diversity, and may typically 
occur under strong environmental filtering 
that would select for a limited range of trait 
values (Keddy, 1992).

• Lower excess kurtosis may result from 
species introductions (Blanchet  
et al., 2010) and can reflect the coexistence 
of functionally contrasting species (Enquist  
et al., 2017)

• Increased kurtosis in dispersal kernels 
causes increased rates of spread (Kot  
et al., 1996)

• Decreased kurtosis values reflect 
increased trait diversity (Gross  
et al., 2017), which may lead to 
increased productivity (e.g. Spehn  
et al., 2005)

• Functionally rare species (those in 
the tails of the distribution) may 
play important roles in maintaining 
ecosystem services (Delalandre  
et al., 2022)

Skewness + Kurtosis • Asymmetrical distributions (skewness2 > 0) 
and lower kurtosis values than expected by 
chance imply heavier tailed distributions, 
with a higher relative abundance of rare 
species with extreme trait values. This 
pattern is consistent with trait differences 
between rare and common species promoting 
coexistence.

• For symmetrical distributions (skewness2 = 0), 
observed kurtoses were also lower than 
expected by chance, consistent with high 
levels of trait diversity within dryland 
communities and co- dominance of 
functionally contrasting species (see Gross  
et al., 2017)

• Indicator of multifunctionality (Gross  
et al., 2017)

BOX 1  (Continued)
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6  |   Methods in Ecology and Evoluon MAITNER et al.

skewness and the kurtosis of the trait– abundance distributions; 
Gross et al., 2017).

The problem with community- weighted moments is that they 
represent the traits of a species with a single value, usually a species- 
level average. Attributing a property of a group (i.e. species) to all 
individuals within that group leads to an aggregation bias termed 
the ecological fallacy (Clark & Avery, 2010; Denny, 2017; Ruel & 
Ayres, 1999). For example, imagine we sample two sites along an en-
vironmental gradient, and the individuals at these sites are roughly 
the same body size. However, many of the individuals at one of these 
sites belong to species that typically grow much larger. Based on 
individual measurements, we would correctly conclude that there is 
no relationship between the gradient and individual size. In contrast, 
if we use species- average traits instead of locally measured traits, we 
may erroneously infer a significant relationship between size and the 
environmental gradient. The ecological fallacy is caused by variation 
within the groups we aggregate by, which in practice are often spe-
cies. Traits vary within species due to ontogeny, abiotic forces, biotic 
interactions, experimental treatments and genetic differences, and 
thus, average traits may be a poor approximation for the traits of an 
individual (Agrawal, 2001; Bolnick et al., 2011; Finney et al., 2002; 
Hendry, 2016; Miner et al., 2005; Parmesan & Yohe, 2003; Reznick 
& Ghalambor, 2001; Violle et al., 2012). Population biologists and 
ecologists have, therefore, increasingly come to realize that locally 
measured traits, along with the representation of intraspecific trait 
variation, are essential and can better reveal the local ecological 
and evolutionary processes that shape local communities (Bolnick 
et al., 2003, 2011; Fontana et al., 2018; Hart et al., 2016; Jónsdóttir 
et al., 2022; Lake & Ostling, 2009; Siefert et al., 2015; Uriarte & 
Menge, 2018; Violle et al., 2012). Furthermore, using average spe-
cies traits leads to statistical non- independence between sites that 
share species, inflating Type 1 errors when using standard regres-
sion techniques (Miller et al., 2018). An alternative approach is to use 
traits that are measured and averaged within a smaller scale (e.g. site, 
plot). Using site- specific average traits incorporates intraspecific 
variation across sites. It alleviates the issues of inflated Type 1 error. 
Still, it fails to capture variation within sites and does not account for 
uncertainty (i.e. it does not provide an estimate of error). The prob-
lem of aggregation bias remains regardless of the aggregation scale, 
although the magnitude of the problem may decrease towards finer 
sampling resolutions.

Accurately assessing the shapes of the realized trait distributions 
of populations and communities depends on sampling and estimation 
methodologies. If we consider a set of traits (e.g. all plant heights in a 
5- m plot, all fish biomasses in a 100- L mesocosm, leaf area of all sun- 
exposed leaves in a 1- ha plot) as a statistical population with some 
parameter we would like to quantify (e.g. mean, variance), we usually 
try to represent that population using a statistical sample. To accu-
rately depict the population, that sample must be representative. 
The estimator used should be consistent (approach the true value 
as sample size increases), relatively efficient (have a small variance 
relative to other estimators) and unbiased (expected value of the es-
timator is the true value; Everitt & Skrondal, 2010). Previous studies 

have examined how different sampling methods and estimators per-
form when estimating trait mean and variance (Baraloto et al., 2010; 
Carmona et al., 2015; Lavorel et al., 2007; Paine et al., 2015), and 
suggest that community- weighted approaches can provide reason-
able estimates of mean and variance. However, this previous work 
was limited to community- weighted approaches, did not include 
skewness or kurtosis and focused on a single taxon in each study.

1.3  |  Bootstrapping incorporates variation to 
improve estimates

Community- weighted moments ignore intraspecific variability, 
leading to biased estimates of trait distributions and implicitly 
misrepresenting uncertainty (Figure 1, middle row). To account 
for intraspecific variation, we need to move from quantifying spe-
cies as a single, average trait value to a distribution of trait values 
(Carmona et al., 2016). Previous efforts to integrate intraspecific 
variation into measures of trait diversity have done so by repre-
senting species as multiple individuals (Cianciaruso et al., 2009) 
or full distributions (Carmona et al., 2016; Mason et al., 2008; 
Mouillot et al., 2005; Wong & Carmona, 2021). While these ef-
forts help solve the problem of aggregation bias, they do not 
fully address the issue of uncertainty. However, we can account 
for intraspecific variation and uncertainty through the statisti-
cal sampling of the raw data or fitted distributions to better es-
timate interspecific and intraspecific variation in traits (Enquist 
et al., 2015). Bootstrapping is a method that uses random sam-
pling with replacement to generate a set of distributions (Figure 1, 
bottom row). Moments of the distribution are then estimated by 
averaging the moments across the set of distributions, and their 
uncertainty can be reported by summarizing their variation within 
the set (Davison & Hinkley, 1997; Efron, 1979). Nonparametric 
bootstrapping involves random sampling with replacement from 
the full set of observed data to generate a set of new distributions. 
In the case of trait distributions, the observed traits are sampled 
in proportion to their abundance (e.g. the relative abundance of a 
species within a community and trait values within each species).

Nonparametric statistical procedures rely on no or few as-
sumptions about the shape or parameters of the population dis-
tribution from which the sample was drawn. Thus, they may be 
beneficial when the underlying distribution is unknown or is not 
easily fit by a parametric distribution. Parametric bootstrapping 
assumes that the data come from a known distribution but with 
unknown parameters (e.g. a normal distribution). The method then 
estimates the parameters from the sampled trait data and uses 
the estimated distributions to simulate samples. The assumption 
is that the sample set of trait data comes from a population char-
acterized by a probability distribution that a fixed set of parame-
ters can adequately model. Parametric approaches are useful if 
we have a priori reasons to suspect a certain probability distribu-
tion. Although our focus is predominantly on statistical moments 
of univariate distributions, bootstrapping approaches can be used 
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    |  7Methods in Ecology and EvoluonMAITNER et al.

to account for uncertainty in any quantification of trait structure, 
including multivariate metrics or entire multivariate distributions. 
Due to their generality, bootstrapping methods can easily be in-
tegrated into existing trait diversity frameworks (e.g. Carmona 
et al., 2016; Cianciaruso et al., 2009). However, whether using a 
parametric or nonparametric bootstrapping approach or quanti-
fying a univariate or multivariate metric, bootstrapping leverages 
the variation within the data to estimate trait distributions better 
and provide uncertainty estimates (see Supporting Information 
Appendix 3). Bootstrapping also encourages us to conceptualize 
the traits of a population or sample as distributions rather than 
point estimates (Figure 1) and, in doing so, reflects issues inherent 
to many standard sampling protocols.

1.4  |  Common sampling protocols may lead to 
biases in trait data

Accurate characterization of trait distributions requires representa-
tive sampling of the traits of a particular statistical population. For 
example, suppose we are interested in a particular plot's commu-
nity dynamics or ecosystem function. In that case, the true statisti-
cal population of interest will be the complete set of values of our 
focal traits within that plot (e.g. the height of every plant or the area 
of every leaf). Conversely, for other questions (e.g. trait evolution), 
we may want to standardize measurements by limiting our statistical 
population to a particular subset (e.g. adult body mass, sun- exposed 
leaves). Common sampling protocols in trait- based ecology (e.g. 
Pérez- Harguindeguy et al., 2013) often make choices that limit accu-
rate measurement of the full statistical population, for example, by 
focusing the collection on ‘fully grown’ (i.e. large) and healthy indi-
viduals or organs, with little attention to representing the complete 
variation within the local population. Even where size bias is unin-
tentional, larger individuals are more likely to be measured because 
they are easier to identify, see, catch or measure in macroorganisms, 
or conversely, some methods are more likely to sample smaller in-
dividuals (e.g. in microbial ecology) or those in poor condition (Bisi 
et al., 2011; Boonstra & Rodd, 1982).

Another common practice when measuring traits in ecology is to 
limit field data collection to only the most common species. A com-
mon practice is collecting field data from the most abundant species 
until 80% of the community's individuals are represented (Pérez- 
Harguindeguy et al., 2013), automatically excluding rare species. 
This practice may also bias estimates of trait distributions, particu-
larly when the trait values of rare species are outliers (Rosenzweig 
& Lomolino, 1997; Violle et al., 2017). It is also common practice to 
forego local trait measurements altogether and instead use pub-
licly available trait values for the species of interest. Trait sampling 
is time- consuming, and local trait datasets from the study system 
are often incomplete or unavailable. Therefore, trait values are often 
taken from sources that aggregate or summarize global trait data (e.g. 
Bjorkman et al., 2018; Jones et al., 2009; Maitner et al., 2017; Oliveira 
et al., 2017), sometimes using inferred traits (e.g. genus- level average 

traits or traits inferred via statistical modelling) where species- level 
measurements are lacking (Penone et al., 2014; Swenson, 2014). A 
final common approach is to randomly sample a minimum number of 
individuals from within the community, irrespective of species iden-
tity (Baraloto et al., 2010). This ensures that intraspecific variability 
is representatively captured within all species. However, given the 
long tails of species abundance distributions (Enquist et al., 2019), 
purely random sampling may overlook rare species unless sample 
sizes are quite high. Each of these common sampling protocols may 
be well suited for particular research questions or settings; however, 
if they are used to estimate the trait distribution of a full statistical 
population rather than a particular subset (e.g. the realized trait dis-
tribution of a community, aiming to understand the functioning of 
that community), they may bias estimates.

Although bootstrapping methods are becoming increas-
ingly common in the trait- based literature (Enquist et al., 2017; 
Gaüzère et al., 2019; Henn et al., 2018; Jónsdóttir et al., 2022; Ross 
et al., 2017), we currently lack a clear picture of the relative perfor-
mance of these methods and how much common sampling strategies 
impact those performances. Here, we test the accuracy of different 
methods to estimate the four moments of trait distributions. To do 
so, we developed an R package (R Core Team, 2020), traitstrap, that 
estimates the moments of community trait distributions or alterna-
tive relevant metrics used in trait- based ecology along with associ-
ated uncertainty using parametric and nonparametric bootstrapping 
methods. The package offers flexibility by enabling multiple, user- 
specified sources of traits and trait variation and hierarchical sam-
pling designs, and may hence be adapted to cope with variation in 
data availability as well as the needs of different specific research 
questions. The R package estimates trait distributions and can also 
be used to calculate the community- weighted moments of trait 
distributions, along with confidence intervals and uncertainty esti-
mates. Using traitstrap, we analysed various datasets across differ-
ent organisms and ecosystems to test how data collection strategies 
and methods of estimating the moments of community trait distribu-
tion impact their reliability.

2  |  MATERIAL S AND METHODS

2.1  |  The traitstrap Package

Our R (R Core Team, 2020) package, traitstrap (https://github.com/
Plant-Funct ional-Trait-Cours e/trait strap), estimates the moments 
of community trait distributions using bootstrapping approaches. 
The package is available via CRAN (https://cran.r-proje ct.org/packa 
ge=trait strap), and can be installed using the R function install.
packages("traitstrap"). Two inputs are needed: a dataset with infor-
mation on the abundances of species within a community (used to 
weight species traits); and a dataset with the traits and trait values 
for the species in the community. Traitstrap is based on tidyverse 
(Wickham et al., 2019) code, and the data should be organized in a 
tidy long format. The two datasets need some specific columns (i.e. 
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taxon, abundance, trait and trait value), but the naming convention 
is flexible and specified in the functions. More details on the pack-
age are included in Supporting Information Appendix 4. Example 
workflows can be found in Supporting Information Appendix 5. 
Example data, code and workflows are also included in the traitstrap 
package and can be viewed using the R function vignette(package = 
"traitstrap").

2.2  |  Comparing method performance on five 
empirical datasets

We used five datasets (Table S1, Appendix 7) to evaluate the per-
formances of two different bootstrapping (BS) approaches (para-
metric and nonparametric) against two approaches for calculating 
the classical community- weighted (CW) moments (using cross- site 
vs. site- specific species average traits) across a variety of sampling 
designs. We sought diverse datasets so that differences observed 
between methods were as generalizable as possible. These data-
sets (Table S1) included both plants and animals from aquatic and 
terrestrial systems that vary in richness and abundance and in-
cluded both observational and experimental work. We treat each 
dataset's full set of trait observations as the ‘true’ trait distribu-
tion for the community and compare the inferred community- 
weighted and bootstrapped moments with these true values 
(Baraloto et al., 2010; Carmona et al., 2015; Lavorel et al., 2007; 
Paine et al., 2015).

We acknowledge that the ability to which our ‘true’ distributions 
reflect reality will differ across datasets. For the herbaceous plants' 
data, the individual- level traits were measured for every individual 
within each plot and thus do reflect the full trait distributions for 
that study area. Conversely, other datasets may not sample every 
individual but include wider spatial or temporal coverage. While we 
conduct analyses for multiple datasets where possible, we place 
special emphasis on the herb dataset, because (1) it contains com-
plete trait distributions for individual- level traits within spatially 
delimited communities (and one measurement per individual for 
organ- level traits); and (2) it contains very high levels of intraspecific 
variation, making it a challenge for our methods. Using these five 
datasets and four approaches to estimating the moments of commu-
nity trait distributions, we conducted simulations comparing method 
performance across a gradient of sampling intensities. For subsets 
of the datasets, we also compared the performance of the methods 
in the presence of size- biased sampling, abundance- biased sampling 
and when using local traits versus those available in a global trait 

database. Full methodological details are available in Supporting 
Information Appendix 8.

To evaluate the performance of bootstrapping approaches in cal-
culating distance- based metrics, we compared the performance of 
parametric bootstrapping against community- weighted (using cross- 
site vs. site- specific species average traits) methods for calculating 
five common multivariate metrics: functional evenness (FEve; Mason 
et al., 2005), functional dispersion (FDis; Laliberté & Legendre, 2010), 
Rao's Quadratic entropy (RaoQ; Botta- Dukát, 2005), functional rich-
ness (FRic; Villéger et al., 2008) and functional divergence (FDiv; 
Villéger et al., 2008). We additionally calculate two metrics of func-
tional rarity: average functional uniqueness and average functional 
distinctiveness (Grenié et al., 2017; Violle et al., 2017). Using the herb 
dataset, we simulated a gradient of sampling intensities. We evalu-
ated the performance of the three methods relative to the ‘true’ FEve, 
FDis, RaoQ, FRic, FDiv, average uniqueness and average distinctive-
ness values. Full methodological details are available in Supporting 
Information Appendix 8. We expect bootstrapping to perform well 
for the metrics FDis, RaoQ and average distinctiveness, as these met-
rics are functions of the full trait- distance matrix. However, FEve is 
a measure of point regularity along a minimum spanning tree in trait 
space, FRic and FDiv are both sensitive to the borders of trait space, 
and functional uniqueness is a measure of the minimum distance be-
tween taxa. Thus, we expect these metrics to be biased by the resa-
mpling procedure that underlies bootstrapping. Still, we include these 
metrics to highlight the limitations of bootstrapping.

3  |  RESULTS AND DISCUSSION

3.1  |  Nonparametric bootstrapping: Simply the 
best

Across datasets, bootstrapping outperforms community- weighted 
calculations of trait moments in terms of both bias and precision 
(Figure 2c). These methods consistently had lower errors and con-
fidence intervals that generally included the true moment values 
(Figure 2). While all methods perform reasonably well for estimat-
ing means (Figures 2c– 4), differences in performance between the 
bootstrap and community- weighted approaches are apparent for 
estimating the higher moments (Figure 2c). For example, across all 
datasets, at sample sizes of nine individuals per species per plot, 
nonparametric bootstrapping reduced the percent error by an aver-
age of 26% for the mean, 74% for the variance, 73% for the skewness 
and 67% for the kurtosis, relative to cross- site community- weighted 

F I G U R E  2  Method performance across moments and dataset. (a) Best- performing methods (closest to actual values and containing the 
true values within their CI) across simulations, arranged by dataset (rows) and central statistical moments (columns). Situations where no 
method included the true value in its CI were not counted; hence, some donuts are incomplete. The ‘winning’ method (and the percentage 
of times it was the winner) for each trait x moment combo is also shown. (b) Different methods ranked by lowest mean deviation (‘winner’ is 
the top row) for sample sizes from 1 to 49 trait measurements per species. Mean deviation was calculated only for values with the true value 
in their CI. (c) Points denote estimated values of central statistical moments with vertical lines denoting the true value of each moment and 
diamonds denote the mean estimated deviation for each dataset- moment method.
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estimates (Table S3). These general patterns hold across various 
sampling intensities and the full datasets (Figure 4b, Figure S4). Trait 
moments estimated via community- weighted approaches showed 
relatively weak relationships with the true moments (Figure 3), sug-
gesting that their use may impede our ability to correctly infer the 
drivers of trait distributions (e.g. trait by environment relationships) 
or their impacts (e.g. ecosystem function). We also observe some 
consistent biases in the directionality of estimates of the different 
moments, where both community- weighted methods consistently 
underestimate the variance and overestimate skewness and kurtosis 
relative to the true moments (Figure 2c, see Figure S5 for all datasets 
and Fgure S6 for comparisons across traits). Biases were observed 
across organisms and traits. These biases occur because the mo-
ments beyond the mean are sensitive to the shape of the distribu-
tion, and by ignoring trait variation within a species, we are left with 
a poor estimate of that shape.

While the differences between the two bootstrapping ap-
proaches are more subtle (Figure 2c), nonparametric bootstrapping 
fairly consistently ranks above the parametric approach (Figure 2a,b), 
and it is also less likely to introduce systematic biases in the different 
moments (Figure 4). In addition, nonparametric bootstrapping is not 
only consistently the better method across the different moments 
and datasets (i.e. organisms and dataset types) but also at the trait 

level, including both chemical and morphological traits (e.g. leaf car-
bon content vs. leaf area, Figure S7) and individual-  and organ- level 
traits (e.g. plant height vs. leaf size; Figure S8). Thus, nonparametric 
bootstrapping is the method most likely to yield the most accurate 
estimates and the least likely to introduce consistent biases.

Although our main focus here was on univariate trait distribu-
tions, our multivariate simulations likewise show that multivariate 
metrics were better estimated by bootstrapping than community- 
weighted approaches (Figure S16). Community- weighted ap-
proaches also consistently failed to correctly identify the relative 
order of sites (Figure S17). While FEve, FRic, FDiv and average 
uniqueness were better estimated by bootstrapping than either 
community- weighted approach, none of the approaches could cor-
rectly calculate either metric (Figure S16). Due to the difficulties of 
estimating FEve, FRic, FDiv or average uniqueness, we recommend 
caution when using these metrics.

3.2  |  Even modest sampling yields relatively 
accurate estimates: That's all

Empirical trait datasets vary greatly in sampling intensity, but 
many studies have relatively moderate numbers of true replicate 

F I G U R E  3  Correspondence between estimated and true values varies with method and moment. Points include 10 replicates across five 
traits and five sites. The sample size was restricted to a maximum of nine trait observations per species per site in these simulations, with 
fewer being sampled if there were fewer than nine individuals of a given species within a given site.
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trait measurements (i.e. number of measurements per sampling 
unit, which could be population, treatment, site etc. within spe-
cies). To assess the consequences of sampling effort for trait 
moment estimation and to explore any potential differences be-
tween methods and moments in coping with low sampling effort, 
we used simulations where we varied the number of individuals 
for each replicate sampling unit from one individual to all indi-
viduals. Overall, moment estimates tend to asymptote around a 
sample size of ~9 trait values, suggesting that relatively modest 
sampling intensity gives stable and reliable trait moment esti-
mates (Figure 4). At this sampling intensity, bootstrapped esti-
mates almost always contain the true value in their CI. The degree 
to which the estimated moments of community trait distributions 
improve with increasing sampling intensity varies across traits, 
datasets, moments and methods (Figure 6, Figures S7 and S8). 
In contrast, community- weighted approaches often fail to yield 
accurate estimates, especially for the higher moments of trait 
distributions, even after sampling all trait values in the commu-
nity (e.g. cross- site community- weighted kurtosis for the herbs 
dataset; Figure 4). Importantly, the relationship between the true 

and estimated moments weakened as we went from the first mo-
ment (mean) to the fourth (kurtosis). Still, weakening was much 
more pronounced in community- weighted approaches than in 
bootstrapping approaches (Figure 3). Bootstrapped estimates 
of multidimensional metrics similarly outperformed community- 
weighted approaches, nearing the asymptote at sample sizes of 
~9 for metrics that could be accurately estimated (i.e. FDis, RaoQ, 
average distinctiveness; Figure S16). The fact that bootstrapping 
reaches its ‘optimal’ asymptote at a sample size of approximately 
9 (as well as having the estimate that is closest to the true value, 
Figure 4) is promising for data collection as this implies that even 
at a relatively modest sampling effort, we are still able to make 
reasonably accurate estimates for the moments. We note that 
bootstrapping can be applied even with small sample sizes (e.g. 
30 total samples; Chernick, 2011). At sample sizes of one trait 
value per species, bootstrapped estimates will equal community- 
weighted estimates, making bootstrapping a viable option even 
when data are limited.

Unfortunately, the aggregation biases that cause community- 
weighted methods to perform relatively poorly when using locally 

F I G U R E  4  Effect of sample size and method on estimation accuracy. (a, d) Filled circles represent the average percent error between the 
estimated moment and true moment, averaged across sites and traits. The darker portion within each circle denotes the average percent 
of replicates for which the true mean fell within the 95% CI. Solid lines indicate random sampling, and dashed lines reflect sampling bias 
towards larger leaves (herbs) or individuals (mammals). The sample size represents the maximum number of individuals per species, with 
fewer being sampled if they were not in the community. Insets figures show tendencies in bias (over-  vs. under- estimation). (a, b) Dashed line 
represents biased sampling (c, d) sample sizes were fixed at nine randomly sampled individuals.
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12  |   Methods in Ecology and Evoluon MAITNER et al.

measured data will be exacerbated when using data collected across 
larger spatial or taxonomic scales, as we may rely upon when using 
global traits databases (Figure 5). Furthermore, applying bootstrap-
ping approaches does not substantially improve the correspondence 
between estimates and the true values (Figure 5). However, we note 
that there may be ways to improve these estimates using global data, 
for example, by preferentially utilizing data from climatically similar 
conditions, prioritizing more closely related species or leveraging al-
lometric relationships between measured traits. This highlights the 
importance of locally measured traits and a pressing need for work 
exploring how best to utilize global trait datasets where local sam-
pling is impossible (e.g. at global scales or in the past).

3.3  |  Biased sampling: Out of touch

3.3.1  |  Size- biased sampling

Our simulations reveal that biased sampling of larger individuals within 
the community results in a corresponding bias in the estimates of mo-
ments (Figure 4). These size- biased estimates of moments can, to 
some extent, be compensated for with increased sampling intensity. 
However, this requires a considerable increase in sample size, from 
around nine in the unbiased case to more than 100 individuals per 
sampling unit when sampling is biased (Figure 4). Although we find that 
a larger sample size is required to reach the same ‘optimal asymptote’ 

F I G U R E  5  Effect of locally sampled traits versus traits from a global database on estimating the shape of trait distributions. Non- 
parametric bootstrapping best captures shifts in trait distributions across gradients. For example, two traits show that when traits are 
sampled from global databases (instead of measured locally incorporating intraspecific trait variation), the moments of trait distributions 
tend to be overestimated and tend to provide an incorrect relationship with how traits shift across elevation. However, incorporating 
interspecific trait measures locally with intraspecific information combined with non- parametric bootstrapping provides a robust accurate 
measure of the shape of trait distributions across elevation. The dotted- and- dashed grey line denotes the true value of each moment. The 
solid- coloured lines represent an estimate of each moment calculated using a single random sample of (up to) nine individuals per taxon per 
site. The dotted, coloured lines represent an estimate of each moment calculated using data from a publicly available database. The shaded 
area denotes the average CI of the estimate. For clarity, we only present two estimation methods, but we note that the two bootstrapping 
methods performed similarly, as did the two community- weighting methods.
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regarding deviation from the true value when compared to an evenly 
sampled community (dashed line vs. solid line in Figure 4), we observe 
bootstrapping still outperforms both community- weighted methods. 
This suggests that bootstrapping can control for size- biased sampling 
to some extent. However, given that sample sizes should be in the re-
gion of 100 individuals (an order of magnitude more than with unbi-
ased sampling) to yield results comparable to random sampling, our 
findings suggest that the better, and more efficient, approach to ob-
tain unbiased trait moment estimates is adjusting sampling procedures 
to ensure representative sampling of all species. However, we caution 
that bias is relative to the population of interest: What may be a biased 
sample for one study may be representative for another.

3.3.2  |  Abundance- biased sampling

In simulations where sample size was fixed at nine individuals per spe-
cies and we sampled species in decreasing order of abundance, we 
found that across all methods and moments, estimates only include 
the true mean in their CIs when we sampled close to 100% of spe-
cies (Figure 4). When restricting the candidate species to only those 
that constitute 80% of the cumulative community abundance (as 

is commonly recommended, e.g. Pérez- Harguindeguy et al., 2013), 
the estimates for all methods and moments have a greater devia-
tion from the true value and rarely (if ever) contain it in their CI 
(Figure 4, Figure S11). In addition, it is often only after we have 
crossed the 80% threshold that estimates approach the true value— 
this is particularly clear in the rodents dataset for kurtosis estimates 
(Figure 4d). In simulations where sampling was species agnostic but 
was either (1) random concerning abundance; (2) biased towards 
common species; or (3) biased toward rare species, we found that 
random sampling performed the best overall (although we note that 
a bias towards rare species performed well for the rodent communi-
ties at a low sampling intensity; Figure S12). This strongly suggests 
that rare species are important in driving realized community trait 
distributions. Limiting sampling to only abundant species severely 
hampers our ability to confidently estimate the statistical moments 
of the realized trait distributions of entire communities.

3.4  |  Uncertainty: Any way you want it

Traditional community- weighted approaches give point estimates, 
ignoring variation in the underlying data and uncertainty in the 

F I G U R E  6  Temporal dynamics: changes in phenotypic moments over time. Nonparametric bootstrapping can accurately capture 
temporal shifts in trait distributions. Example showing plankton body size (log- transformed area) distribution changes from March 2019 
to December 2019. The grey line denotes the true value of each moment. The solid- coloured lines represent the average estimate of each 
moment calculated using a sample size of nine individuals per taxon per day, calculated once every 7 days. The shaded area denotes the 
average CI of the estimate.

 2041210x, 0, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1111/2041-210X

.14160 by U
niversitetsbiblioteket I, W

iley O
nline L

ibrary on [02/10/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



14  |   Methods in Ecology and Evoluon MAITNER et al.

estimates. In contrast, bootstrapping approaches embrace variation 
and uncertainty to improve estimation and provide confidence inter-
vals for the resulting estimate. The confidence intervals generated 
by parametric and nonparametric bootstrapping perform well, even 
on our largest dataset, which included extremely variable temporal 
trends (Figure 6). Variations in uncertainty over space and time are 
also useful, as they may indicate differences in intraspecific variation 
or measurement accuracy. Our simulations of multivariate metrics 
show that bootstrapping can also improve the estimation of multi-
dimensional metrics (Figures S14 and S15). Furthermore, bootstrap-
ping approaches lend themselves to incorporating additional sources 
of uncertainty and propagating that uncertainty into downstream 
analyses (See Supporting Information Appendix 9). For example, the 
bootstrapping approaches discussed here can be readily integrated 
with evolutionary bootstrapping approaches (Felsenstein, 1988).

3.5  |  Where to next: The promise

We compared the performance of different approaches for esti-
mating the moments of trait distributions across a variety of sam-
pling scenarios, taxa and datasets. We introduced the traitstrap 
R package to facilitate inferences of trait distributions via boot-
strapping. We find that size- biased sampling protocols can yield 
comparable results to random sampling, but only at much larger 
(e.g. an order of magnitude) sampling intensity. Furthermore, sam-
pling only the most abundant species, as advised in many trait pro-
tocols, prevents the accurate estimation of especially the higher 
moments of community trait distributions. Unfortunately, we also 
find that, even after accounting for uncertainty using bootstrap-
ping, estimates of the moments of trait distributions using global 
trait data could not accurately capture local trends. This suggests 
that the general approach of randomly sampling a relatively mod-
est number of individuals (9 individuals per sampling unit and 
species), focusing on covering all species in the community and 
analysing the data using nonparametric bootstrapping will enable 
reliable inference on trait distributions, including the central mo-
ments, of communities. We also compared the performances of 
different approaches for estimating multivariate metrics of trait 
distributions, finding that bootstrapping methods performed the 
best. However, we also found that some multivariate metrics could 
not be well estimated by any of the methods tested here. This sug-
gests that these metrics may best be set aside until a reliable esti-
mation method is found.

We make the following recommendations for future work:

1. Critically assess trait data needs to address your research 
question or hypothesis— what is your population of interest, 
and what scale, resolution and density of trait data will be 
required for a robust, unbiased assessment of the relevant 
parameters?

2. Explicitly include the major environmental drivers or other 
sources of key ecological or evolutionary variation relevant to the 

research question or hypothesis in the trait sampling design (e.g. 
ecological gradients, experimental treatments).

3. Strive to sample all species (or other taxonomic groupings) of in-
terest within the target communities, with a minimum of nine trait 
observations per species and study unit (e.g. site, experimental 
treatment).

4. For each species and trait sampling unit, collect samples randomly 
across individuals and organs (e.g. leaves) to represent realized 
community trait distributions.

5. Start by using a nonparametric bootstrapping approach to calcu-
late the moments of the community trait distribution, explicitly 
incorporating your data structure, experimental design and re-
search question needs into the bootstrapping design.

6. Depending on the moment of interest and sampling design, con-
sider also reporting moment estimates and associated confidence 
intervals from the other methods. These methods may also better 
match your system/research design assumptions.

7. Do not only assess shifts in moments independently. Each mo-
ment does not represent independent aspects of an assemblage's 
trait variation or functional variation. Non- independence gener-
ates a mathematical constraint on the possible value moments 
observed for a community (Gross et al., 2017). Trait diversity can 
thus be assessed with multiple moments. For example, as the 
trait– abundance distributions become more skewed, they also 
become more peaked, indicating a decrease in trait diversity.

8. For multivariate metrics, make sure the estimators used are ef-
ficient, unbiased and consistent.

9. Read the literature with scepticism. Our results suggest that stud-
ies reporting community- weighted moment estimates may be bi-
ased depending on the method and sample sizes. For example, 
our analyses suggest that reports in the literature of (i) CWV are 
generally biased to lower values (see Figure S5), whereas (ii) CWS 
and CWK are biased towards higher values (see Figure S5) and 
(iii) these biases may persist at all sample sizes (see Figure S11). 
Likewise, our analyses of multivariate metrics suggest that even 
the rank order of some common metrics cannot be accurately 
estimated using either a community- weighted or bootstrapping 
approach (see Figure S17).

3.6  |  Caveats and considerations: Every rose has 
its thorn

While our results strongly suggest that nonparametric bootstrap-
ping is, in general, the best option for estimating the shapes of trait 
distributions, there may be specific cases where other options are 
preferable or at least comparable. Estimates of mean trait values 
tended to be similar across bootstrapping and community- weighted 
approaches, and analyses using these approaches will likely yield 
similar results. However, bootstrapping, and by extension, the 
traitstrap package, provide the user with added benefits through 
an estimate of uncertainty (CIs) and automatic trait selection. In 
some situations, parametric bootstrapping may be preferable, for 
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example, in cases where we have strong a priori assumptions of dis-
tribution shapes or because we are explicitly interested in values 
beyond those observed. However, while we have strong reasons to 
assume that body size data follow a lognormal distribution (Kerkhoff 
& Enquist, 2009), for example, our analyses reveal that nonparamet-
ric bootstrapping still performs better and would still be the better 
option for a majority of the size- related traits across our example 
datasets (Figures S6– S8).

We note that the performance of parametric bootstrapping 
will also depend on the approach used to fit the distributions and 
the correspondence between the parametric distribution fitted 
and the true distribution. Like bootstrapping, Bayesian statistical 
approaches offer solutions for incorporating intraspecific varia-
tion and accounting for uncertainty in estimates (Funk et al., 2017; 
Shiklomanov et al., 2020), and are conceptually related to bootstrap-
ping (Efron, 2011; Newton & Raftery, 1994; Rubin, 1981). While here 
we focus on bootstrapping due to its ease of implementation and 
computational speed, there may be situations where Bayesian ap-
proaches are preferable or even necessary. In particular, hierarchical 
Bayesian models may be well suited for characterizing community 
trait distributions given the hierarchical nature of community trait 
distributions (i.e. the community trait distribution is the sum of one 
or more species trait distributions; Webb et al., 2010). Furthermore, 
hierarchical Bayesian models can easily incorporate abiotic or biotic 
covariates that may impact trait distributions, handle missing data, 
incorporate measurement error and show better performance with 
rare species (Dietze et al., 2008). Future work using simulations to 
examine the performance of hierarchical Bayesian models across 
different sampling scenarios, particularly in comparison to boot-
strapping and community- weighted approaches, is needed.

A useful estimator should be consistent, efficient and unbiased 
(Everitt & Skrondal, 2010). Bootstrapping methods outperformed 
community- weighted approaches based on these criteria, with 
community- weighted methods often not consistent, instead even 
diverging from the true value as sample size increased (Figure 6, 
Figures S7, S8, S12 and S14) and often showing strong biases 
(Figures S3 and S4). These poor performances are due to the ag-
gregation biases inherent in community weighting. Community- 
weighted estimates diverge from the truth because, at low sample 
sizes, they may, by chance, get closer to the truth, but at larger sample 
sizes, they converge on the wrong answer. These approaches are in-
herently biased because they ignore an important source of variation. 
For some of the multidimensional metrics, neither bootstrapping nor 
community- weighted approaches proved a good estimator (e.g. FEve, 
FRic), suggesting that the use of these metrics should be reconsid-
ered until good estimators are developed (Everitt & Skrondal, 2010).

Finally, we stress that there may be valid reasons to focus on 
the average traits of a subset of individuals or organs within a spe-
cies, such as providing a more standardized point of comparison or in 
cases where the research question focuses on potential rather than 
realized trait expressions. Such analyses ask different questions than 
those focusing on full trait distributions, and what is appropriate 
data for the former will lead to bias in the latter.

4  |  CONCLUSIONS

Central to several core questions in evolutionary biology, ecology 
and biogeography are how ecological and evolutionary processes 
both influence and are influenced by the shape and dynamics of 
phenotypic distributions (Garnier et al., 2016; Lynch & Walsh, 1998; 
Schimper, 1903; Walsh & Lynch, 2018). Using community weight-
ing has been a common practice in trait- based ecology to estimate 
phenotypic distributions' moments (and, therefore, shapes). A prob-
lem with this approach is that community weighting leads to an ag-
gregation bias termed the ecological fallacy (Clark & Avery, 2010; 
Denny, 2017; Ruel & Ayres, 1999). Community weighting ignores 
important characteristics of trait distributions— intraspecific varia-
tion and uncertainty— and our results underscore that this approach 
is problematic and likely has led to erroneous results and biased 
conclusions.

We found that a general bootstrapping approach can better es-
timate trait (phenotypic) distributions and thus provides a general 
basis for improving the study and quantification of the diversity of 
form and function. We compared the performance of multiple forms 
of bootstrapping and community- weighted approaches to estimat-
ing the moments of community trait distributions by conducting 
simulations on multiple datasets that include plant and animal, ter-
restrial and aquatic, community and population and experimental 
and observational data. Our method incorporates intraspecific vari-
ability and uncertainty and, as a result, can more accurately estimate 
the shape (moments) of trait distributions. It provides a powerful 
alternative to estimating trait distributions, especially when assess-
ing higher moments (i.e. allowing better estimation of shapes of dis-
tributions beyond means) and a way to measure uncertainty (95% 
confidence intervals) for each moment.

Our work also points to five key recommendations/conclusions 
on the status of how to best estimate the shape of phenotypic dis-
tributions based on current methods. First, it is important to design 
trait sampling to reliably quantify the distribution of phenotypes 
within populations and communities of interest (i.e. adhere to the 
‘rule of 9’, and sample randomly unless the research question spe-
cifically requires otherwise). Second, make sure to understand and 
be critical of biases inherent in traditional community- weighted 
approaches. These approaches bias estimates of variance towards 
lower values (see Figure S5) and estimates of skewness and kurtosis 
towards higher values (see Figure S6). Third, when sampling traits 
or compiling trait data, it is critical to sample as locally as possible to 
the study site and/or from similar ecological conditions. Using traits 
from global trait compilations or more distant samples will increas-
ingly inject error and possible bias to your study. Studies that were 
based on global trait data should likely be revisited. Fourth, robust 
and accurate measures of trait diversity and multifunctionality ne-
cessitate measures of both skewness and skewness and kurtosis of 
trait distributions (Gross et al., 2017). As a result, it is important to 
sample traits locally and include multiple intraspecific trait measures. 
Studies on functional diversity that do not include intraspecific trait 
data are likely suspect. Lastly, none of the multivariate metrics 
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investigated here (FEve, FDis, RaoQ, FRic, FDiv, average functional 
uniqueness and average functional), or even their relative ordering, 
could be accurately estimated using a community- weighted ap-
proach (Figures S16 and S17). While bootstrapping methods per-
formed better, some metrics could not be accurately estimated using 
either bootstrapping or community weighting (FEve, FRic, FDiv and 
average uniqueness; see Figures S16 and S17). Studies of community 
trait distributions using species mean traits and multidimensional 
metrics are thus also likely suspect.

Our results underscore the importance of intraspecific variation in 
addressing core questions in ecology and evolution (Agrawal, 2001; 
Bolnick et al., 2011; Finney et al., 2002; Hendry, 2016; Miner 
et al., 2005; Parmesan & Yohe, 2003; Reznick & Ghalambor, 2001; 
Violle et al., 2012). Past efforts that have assessed how evolutionary, 
ecological or environmental forces have shaped trait distributions 
using community- weighted approaches and biased sampling should 
likely be re- evaluated in light of our findings. Future efforts aimed 
at assessing how phenotypic traits are shaped by ecological, envi-
ronmental or historical factors, or how traits impact ecosystem pro-
cesses, will likely be enhanced by additional attention to the higher 
moments of trait distributions, improved sampling designs incorpo-
rating both intraspecific and interspecific variation and the use of 
non- parametric bootstrapping.
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