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A B S T R A C T

Rarefaction methods are statistical techniques used to estimate diversity across increasing number of samples, 
generating rarefaction curves that depict diversity as a function of sample size. These methods are widely applied 
in ecological research to compare taxonomic, functional, and phylogenetic diversity across samples with varying 
collection efforts. However, incorporating spatially explicit rarefaction methods has become essential, as ac
counting for spatial autocorrelation substantially influences results and alters how biodiversity hotspots or 
conservation priorities are identified. This paper describes Rarefy, an R package that introduces novel functions 
capable of handling any diversity metric, allowing users to compute the expected values of taxonomic, func
tional, or phylogenetic indices for reduced sample sizes under spatially constrained, distance-based sampling unit 
arrangements. To showcase the package's functionalities, we estimated the functional diversity of plant com
munities along the northern Adriatic coastline. The spatially explicit rarefaction functions consistently produced 
lower diversity values compared to their non-spatial counterparts, reflecting the functional redundancy typical of 
spatially adjacent plant communities. These differences provide a practical diagnostic signal of spatial structure 
in the dataset. The Rarefy package offers ecologists a robust and straightforward tool to account for spatial 
constraints in rarefaction analyses, yielding more ecologically meaningful diversity estimates. Future de
velopments will further integrate null-model procedures, extending the comparison between observed and 
randomized community diversity patterns illustrated in this study.

1. Introduction

Rarefaction and extrapolation are core tools in biodiversity research 
because ecological datasets are almost always incomplete and sampling 
effort differs across sites, periods, and methods (Hortal et al., 2015; 
Marchetto et al., 2024). By standardising diversity estimates to a com
parable level of effort or sample coverage, rarefaction curves support 
fair comparisons in monitoring programs, meta-analyses, and applied 
conservation assessments. However, in many plot-based inventories and 
spatial surveys, sampling units are not independent: nearby samples 
tend to be more similar than distant ones because of spatial autocorre
lation and environmental structure. In such cases, “standard” non- 

spatial rarefaction can overstate the amount of independent informa
tion gained when additional plots are added and may lead to biased 
comparisons across areas or sampling designs (Bacaro et al., 2016). This 
motivates the need for tools that make spatial constraints explicit when 
constructing sample-based rarefaction curves, and that remain appli
cable to multiple facets of diversity (taxonomic, functional, 
phylogenetic).

Sample-based species accumulation curves have been widely used in 
ecology for comparing species richness in assemblages of various sizes 
after rarefaction to a common level of sampling effort or sample 
completeness (Chao and Jost, 2012; Colwell et al., 2004; Gotelli and 
Colwell, 2001), and for extrapolating species richness over larger 
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sampling effort (Chao et al., 2014, 2015; Colwell et al., 2012). Usually, 
these curves are calculated as the mean of species richness obtained by 
randomly resampling, without replacement, the set of N sampling units 
and counting the number of species observed in 1, 2, …, N plots (Bacaro 
et al., 2012). Since their introduction in the routine analysis of diversity, 
rarefaction techniques have also been proposed to rarefy functional 
(Ricotta et al., 2012) and phylogenetic (Chao et al., 2015) diversity 
metrics in relation to sampling size, but neither of these methods ac
counts for the autocorrelative structure in the distribution of data. More 
recently, Ricotta et al. (2019) offered new insights on this topic pro
posing a new way to summarize β-diversity along a gradient. In more 
detail, they proposed a metric able to summarize multiple-site dissimi
larity as a result of a species turnover process, taking into account the 
spatial autocorrelation among plots along a pre-defined gradient. In 
summary, for a predefined gradient consisting of N sequentially ordered 
plots, a directional species accumulation curve can be generated by 
sequentially adding plots from one end of the gradient and calculating 
the cumulative species richness from plot 1 to N, acknowledging that 
diversity metrics are influenced by the plot order. Accounting for the 
spatial structure of the data is of primary importance for unbiasedly 
determining the structure and composition of species assemblages, as it 
directly affects the shape and values of the rarefaction curve (Bacaro 
et al., 2016; Chiarucci et al., 2009). Therefore, spatially-explicit rare
faction methods that account for spatial autocorrelation should be 
routinely used in diversity analyses to avoid spurious results (Kühn, 
2007). Practically speaking, spatially-explicit rarefactions tend to show 
a decrease in species accumulation with spatial distance between sam
ples, and the difference between the spatially-explicit curve and its non- 
spatially explicit counterpart depend on the degree of spatial autocor
relation in the data (Ricotta et al., 2019).

Over the past decade, the theoretical and computational foundations 
of rarefaction have expanded substantially, particularly following the 
development of unified interpolation–extrapolation frameworks. The 
introduction of Hill numbers as a coherent family of diversity measures 
(Chao et al., 2014) marked a key step forward, with subsequent exten
sions incorporating species abundances, sample completeness, phylo
genetic structure, and β-diversity standardisation (Chao et al., 2015; Zou 
and Axmacher, 2020; Zou et al., 2025). These advances have been 
operationalised in widely used R packages, most notably iNEXT (Hsieh 
et al., 2016), which enabled rigorous comparisons of diversity across 
assemblages with unequal sampling effort, as well as in classic 
non-spatial implementations such as specaccum and rarefy in vegan 
(Oksanen et al., 2018) and the collector.curve function in the package rtk 
(Saary et al., 2017). Dedicated routines have further extended rarefac
tions to functional diversity (e.g., rare_Rao in adiv; Pavoine, 2020), while 
recent developments introduced parametric estimators of total expected 
richness using rarefaction-derived asymptotic models (Zou et al., 2023) 
and abundance-based solutions for α- and β-diversity standardisation 
under incomplete sampling (e.g. rarestR; Zou et al., 2025).

Despite this substantial methodological progress, current rarefaction 
frameworks remain mostly non-spatial. Most approaches treat sampling 
units as fully exchangeable, ignoring the intrinsic spatial structure and 
autocorrelation that characterize ecological assemblages. Even in cases 
where spatial heterogeneity is explicitly acknowledged—such as plot- 
aggregation rarefaction used to harmonise species–area relationships 
across forest inventories (Portier et al., 2022)—spatial information en
ters only indirectly as a statistical ordering rather than being embedded 
in the rarefaction process itself. A few tools allow limited spatial 
ordering of samples (e.g., proximity-based accumulation in mobr; 
McGlinn et al., 2019, 2021), but they do not provide a general frame
work for rarefying arbitrary taxonomic, functional, or phylogenetic di
versity metrics under user-defined spatial constraints. Similarly, 
metagenomic implementations (e.g., Metaxa2 Diversity Tools; Bengts
son-Palme et al., 2016) and recent computational advances, such as 
Bayesian estimators of rarefaction curves (Baek and Park, 2022), focus 
on estimation accuracy while still assuming spatial independence among 

samples. This represents a critical limitation, as spatial autocorrelation 
is one of the dominant features of ecological data and profoundly affects 
both accumulation curves and estimates of sample completeness.

Aiming to provide a platform for both established and new rarefac
tion methods, we developed the Rarefy package, the first R package 
dedicated to gathering complementary functions for calculating rare
factions. Rarefy allows spatially constrained, sample-based rarefaction 
curves for taxonomic, functional, and phylogenetic diversity, and by 
allowing users to plug in custom diversity functions beyond the default 
indices. The current version of the Rarefy package displays an extensive 
collection of existing rarefaction approaches and proposes four new 
spatially-explicit methods to calculate rarefaction curves using various 
indices of taxonomic, functional and phylogenetic diversity.

Rarefy therefore fills a critical methodological gap by integrating 
spatial information directly into the rarefaction process and by gener
alizing rarefaction far beyond species richness. Through functions that 
operate on abundance matrices, functional and phylogenetic distance 
matrices, or user-defined diversity metrics, Rarefy provides a unified 
computational infrastructure for spatially explicit and distance-based 
rarefaction. This makes it possible to quantify how spatial autocorrela
tion shapes α- and β-diversity accumulation, to compare spatially con
strained and unconstrained curves, and to extend rarefaction analysis to 
any dimension of biodiversity. As such, Rarefy complements and extends 
existing rarefaction frameworks, providing ecologists with a flexible, 
modern tool that reflects the current need for spatially aware, func
tionally integrative, and reproducible biodiversity analyses.

2. Generalization of spatially-explicit rarefaction to any plot-to- 
plot dissimilarity measure

One of the main issues in calculating a diversity index is the extent of 
the study area. A larger study area implies more environmental het
erogeneity which increases proportionally to the distances among 
samples (Bacaro et al., 2012; Chiarucci et al., 2009; Nekola and White, 
1999). Classically, a method to characterize heterogeneity in the di
versity of ecological communities is represented by rarefaction curves, 
namely a descriptive curve providing a level of diversity (usually species 
richness) as a function of an increasing number of sampling units. 
Generally, this curve is calculated by randomly resampling the samples 
without replacement and by further averaging the accumulation curves 
derived by each randomization (sample-based rarefaction) or, as an 
alternative, by using an analytic formulation. For instance, an analytic 
formulation of the rarefaction curve using species richness was first 
derived by Shinozaki (1963), then independently rediscovered by 
several authors in the 1970s and again in the 2000s (see Chiarucci et al., 
2008 for a literature review).

However, these methods do not consider the extent and environ
mental heterogeneity of the study area, an issue first proposed by 
Chiarucci et al. (2009) and later addressed by Bacaro et al. (2012). 
Indeed, species are almost never randomly distributed, either due to 
heterogeneity of environmental factors or to non-random dispersal 
mechanisms and, thus, autocorrelation in species composition (and 
other relevant diversity aspects) should be adequately evaluated using 
directional curves (sensu Ricotta et al., 2019). Spatial, temporal or 
environmental gradients can be taken into account when directional 
curves are calculated, however, for the sake of simplicity, we will mainly 
refer to spatial-explicit directional curves in the remains of the article.

The calculation of a spatially-explicit rarefaction cannot be derived 
theoretically and mathematically since each accumulation curve, on 
which is based the calculation of the spatially-explicit rarefaction curve, 
is case-specific and depends on the distribution of samples along a user- 
defined gradient (Ricotta et al., 2019). In Rarefy, the general approach 
for the calculation of taxonomic spatially-explicit rarefaction curve has 
thus been generalized to any measure of biodiversity (e.g., functional 
and phylogenetic diversities as provided by default in the Rarefy pack
age) as follows (Fig. 1):
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1) for each sample in the pool of the N sampling units, the other 
samples from 2 to N are ordered based on increasing values of the 
selected metric of spatial distance;

2) the resulting biodiversity measure is then calculated for the set of 
1, 2, 3, …, N sampling units, giving origin to a “spatial-explicit accu
mulation curve” (that can be seen as a “Collector's curve” using a 
different notation as in Gotelli and Colwell, 2001);

3) the process is repeated, starting the accumulation process from 
each sampling unit in the assemblage, and the rarefaction is then 
calculated as the mean of the N accumulation curves obtained.

The described approach can be generalized for any sample-based 
dissimilarity measure by choosing the preferred metric of dissimilarity 
in step 1 above such as those available in the Rarefy package (or im
ported by the user according to their needs): this gives origin to a general 
rarefaction curve in which the expected values of the selected diversity 
indices incorporate the autocorrelation pattern in the chosen dissimi
larity metric. In addition, any type of diversity index can be used in step 
2. In this way, a phylogenetic- or functional-explicit rarefaction curve 
(based on the diversity of the phylogenetic or functional dissimilarity 
matrix across species within sampling units) can be developed.

3. Generalization of rarefaction over any diversity metric

The Rarefy package enables users to rarefy any biodiversity metric 
using the design_rare() function. This function offers flexibility in 
selecting a custom metric, either by passing a user-defined or existing 
function (such as those from the adiv package; Pavoine, 2020) via the 
fun_div method or by providing the metric's equation as a string using the 
equation method. In the worked example, we demonstrate a simple 
analysis using the Shannon index with the equation approach and the 
functional Pavoine et al. (2017) R Entropy with the fun_div approach.

4. Description of the functions available in the Rarefy package

The whole list of diversity metrics proposed in Rarefy v2.0.0 is 
described in Table 1 (further indices might be included in upcoming 
package releases) and in the related ‘vignette’. Indeed, Rarefy is designed 
to compile the most advanced rarefaction methods developed to date, 
positioning itself as a comprehensive repository for future functions 

related to this approach.
Specifically, brand-new functions (in bold) and already published 

functions not included in any package, are presented below while their 
main characteristics are detailed in the ‘vignette’ document enclosed in 
the Rarefy package: 

- directionalSAC calculates directional and non-directional rarefaction 
curves of species richness (α-diversity) and species turnover (β-di
versity using the ratio of global [over all samples] species richness to 
local [within-sample] species richness) over accumulated samples 
(Ricotta et al., 2019).

- rare_alpha calculates spatially and non-spatially-explicit rarefaction 
curves of species-based α diversity using Tsallis entropy (Tsallis, 
1988) (also known as HCDT entropy), or the Hill numbers (Hill, 
1973).

- rare_beta calculates spatially and non-spatially explicit rarefaction of 
species-based β-diversity, using Whittaker's species turnover, Jac
card dissimilarity coefficient, Bray-Curtis dissimilarity, or Cody 
index (Koleff et al., 2003). In case of Bray-Curtis and Jaccard dis
similarities, the accumulation curve is calculated as the mean of 
pairwise dissimilarities among sampling units.

Fig. 1. Flowchart of the general framework implemented in Rarefy to calculate distance-based rarefaction curves. Four steps in the generation of distance-based 
rarefaction curves are defined: in step 1) any sample-based dissimilarity measure can be computed among the pairwise set of samples. Based on pairwise ordina
tion on distance, an accumulation curve (Collector curve) is calculated for each plot out of the N plots in step 2) where sampling units are aggregated based on their 
closeness. Finally, the spatially-explicit rarefaction is then calculated as the mean of the N accumulation curves obtained (steps 3 and 4).

Table 1 
Features of diversity components calculated by Rarefy functions, including a 
brief description of technical function requirements.

Level P/A vs. 
abund.*

Dis vs. 
tree†

Random or 
directional

Solution

directionalSAC α & β P/A − Both Analytical
rare_alpha α Abund. − Both Permutations
rare_beta β Both − Both Permutations
rarexpected_fun α P/A Dis Random Analytical
rao_permuted α Abund. Dis Random Permutations
ser_functional α Abund. Dis Directional Permutations
rare_phylo α Both Tree Random Permutations
ser_phylo α Both Tree Directional Permutations

* P/A = presence/absence; Abund = abundance data.
† functional or phylogenetic characteristics are entered in the function as a 

matrix of dissimilarity between species (“Dis”) or as a tree (a functional 
dendrogram or a phylogenetic tree, “Tree”).
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- rarexpected_fun calculates an expected functional diversity rarefac
tion, by replacing the abundance of a given species with the proba
bility that this species is found at least once in a set of n samples out 
of N (=relative contribution of the given species to the richness of the 
set of n samples) (Ricotta et al., 2010). As a functional diversity 
index, the function employs Rao's quadratic entropy (hereafter Rao's 
Q, Rao, 1982), which in the context of functional dissimilarities, 
measures the average functional distance between any two randomly 
selected species, weighted by their abundance.

- ser_functional calculates spatially explicit functional rarefaction 
using Rao's Q, or Chao et al. (2019) functional dissimilarity (FD) 
index. The function also allows for the calculation of classic (non- 
spatially explicit) functional rarefaction, as described by Ricotta 
et al. (2012).

- rare_phylo calculates non spatially-explicit phylogenetic rarefaction 
using one of the following indices of phylogenetic diversity: Faith's 
phylogenetic diversity (Faith, 1992), weighted phylogenetic di
versity (Barker, 2002), Pavoine-Love-Bonsall index (Pavoine et al., 
2009a), or feature richness indexes (Pavoine and Ricotta, 2019).

- ser_phylo calculates spatially-explicit phylogenetic rarefaction using 
the same indexes as rare_phylo.

5. Available dataset and worked example

The package also contains three datasets analyzed for the first time in 
Tordoni et al. (2018, 2019), who demonstrated that the plant assem
blages of native species in coastal ecosystems are less functionally 
diverse than alien species, and that small-scale functional homogeni
zation in the assemblage is driven by alien species. Data were collected 
in the northern Adriatic coastline using squared plots of 16 m2 (n = 128) 
organized in 9 transects arranged along a sea–inland gradient. A set of 
15 functional traits were also measured on more abundant species (for 
details about the functional traits in the dataset, see Tordoni et al., 
2019).

The whole dataset, including plant community composition data, 
species functional traits and coordinates of the samples, is fully available 
in the Rarefy package and has been arranged in three list objects as 
follows:

1) a list, named duneFVG, of three independent objects of class data. 
frame (the first one for 128 plots × all 71 species; the second for 127 
plots × 62 native species, the last one for 106 plots × 9 alien species) 
where entries represent species abundance per plot expressed as cover 
percentage.

2) a list, named duneFVG.xy, of three objects of class data.frame 
provides the spatial coordinates of plots for the three datasets described 
above.

3) a list, named duneFVG.tr8, of three objects of class data.frame 
reports the functional traits of the species (species as rows, traits as 
columns) for the total, native and alien groups.

6. Worked example

The package Rarefy can be loaded in the R console using the 
following commands: 

install.packages("devtools")

library(devtools)
install_github("elith95/Rarefy")
library("Rarefy")

The ‘Vignette’ of the package can be obtained using: 

browseVignettes("Rarefy")

Here, we provide an example of a typical R session using the function 
ser_functional to calculate a spatially-explicit functional rarefaction 
curve, proposed here for the first time. This curve represents an exten
sion of the standard functional rarefaction for species abundance data 
proposed in Ricotta et al. (2012), where the spatial component 
(Euclidean distance among plots) is used to calculate the expected value 
of the functional Rao's Q as a function of the cumulated number of plots, 
taking into account the similarity in species composition due to the 
sampling unit proximity. The proposed example uses the data freely 
available in the package as indicated above.

As a first operation, the duneFVG data are loaded into the R work
space, along with the ade4 and adiv packages: 

require(ade4)
require(adiv)
data(duneFVG)
data(duneFVG.xy)
data(duneFVG.tr8)

A functional distance matrix is then calculated among species using 
species functional traits. Considering the different nature of these vari
ables (ordinal, circular, qualitative and continuous) the modified Gower 
distance measure (Pavoine et al., 2009b) is calculated using the function 
dist.ktab available in the ade4 package (Dray et al., 2007): 

A plot-to-plot Euclidean distance matrix is then calculated with the 
dist function (available in the basic stats package) and using the plot 
coordinates as input: 

dist_sp <- dist(duneFVG.xy$tot.xy, method = "euclidean")

Now, we calculate the spatially-explicit functional rarefaction using 
Rao (1982) Q index:  

By setting the argument comparison = TRUE, a classic functional 
rarefaction curve is also calculated, and its values are provided in the 
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Fig. 2. Graphical comparison between spatially-explicit and classic functional rarefaction curves calculated using the duneFVG dataset available in the Rarefy 
package and two selected functional diversity indices: a) Rao (1982) Q index b) Pavoine et al. (2017) R Entropy. 95% confidence intervals are also included for each 
curve (black and red dashed lines). In both cases, spatially-explicit rarefactions and their non-spatially explicit counterparts are not coincident (with the spatially 
explicit curve having lower values for the same sampling effort). The degree of separation of the two curves depends on the degree of spatial autocorrelation in the 
data. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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output for direct comparison with the spatial-explicit counterpart.
Lastly, we can build plots to visualize the computed rarefaction 

curves (Fig. 2a):  

Also, to familiarize the user to the “fun_div” method of the function 
design_rare(), we provided a direct comparison of the just computed 
spatially-explicit Rao's Q functional curve with the rarefaction of the 
closely related Pavoine et al. (2017) Entropy index, available in the 

function Rentropy of the adiv package (Fig. 2b). First, a list is created to 
store the values required by the Rentropy() function. In this list, the 
community matrix should be replaced with NA, and the element names 
must match the argument names expected by Rentropy(). Next, the 
function name and the list of arguments are passed to design_rare() 
through the fun and args parameters, respectively:
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We provide below another example with the same data set to show 
how to extend rarefaction to any metric as decided by the user. Specif
ically, a Shannon-Wiener rarefaction curve (as provided, for instance, in 
Li and Zao, 2015) was calculated by using the “equation” method pro
vided by the function design_rare(). The Shannon index is calculated as 
the negative sum, taken over all species in the community, of the pro
portional abundances p of each species multiplied by their natural log
arithm:  

7. Discussion

The package Rarefy implements spatially explicit rarefaction curves 
by constructing distance-constrained accumulation trajectories, thereby 
making spatial structure an explicit component of the standardisation 
process. In this way, Rarefy complements established non-spatial 
frameworks (e.g., those available in iNEXT and vegan) by addressing a 
common situation in ecological surveys: sampling units are spatially 
structured and therefore not exchangeable under random permutations. 
This is particularly relevant when rarefaction is used to compare sites or 
sampling designs across landscapes, where spatial autocorrelation and 
environmental heterogeneity strongly shape the rate at which diversity 
accumulates. Rarefy also allows both α- and β-diversity components to 
be analyzed. R packages such as the recent rarestR (Zou et al., 2025) 
have also focused on rarefaction-based estimation of diversity under 
incomplete sampling, including tools targeting α- and β-diversity 
comparability across uneven datasets. However, Rarefy differs from 
these approaches in its primary objective and workflow: rather than 
estimating diversity under incomplete sampling in general, it provides a 
flexible framework to compute spatially constrained, sample-based 
rarefaction for a wide range of diversity metrics, including functional 
and phylogenetic indices, under user-defined distance/order con
straints. This flexibility is implemented through functions that allow 
custom diversity definitions, enabling users to extend the approach 
beyond the default indices provided in the package. From a practical 
perspective, Rarefy is intended to complement rather than replace 
established non-spatial frameworks. When sampling units can reason
ably be treated as exchangeable, non-spatial rarefaction and extrapola
tion tools remain appropriate and often more efficient. By contrast, 
Rarefy is most informative when sampling units are spatially structured 
or clustered and users want rarefaction curves that explicitly respect 
distance-constrained accumulation. In this setting, Rarefy supports 

taxonomic, functional, and phylogenetic diversity and can also accom
modate user-defined diversity metrics, thereby extending spatially 
explicit rarefaction beyond species richness. Rarefy is under active 
development, and future package releases will incorporate additional 
functionality to further broaden its scope and facilitate interoperability 
with other common rarefaction workflows. In its current version, the 
most innovative (and flexible) characteristic of Rarefy lies in the user's 
ability to apply spatial/non-spatial rarefaction to any diversity measure 

by computing the value of a chosen metric and then rarefying it in 
relation to the sampling effort, using the brand-new function design_rare 
().

Spatial patterns are increasingly recognized as a fundamental 
component of biodiversity analyses, with consequences for both α- and 
β-diversity estimation (Legendre, 1993; Fortin and Dale, 2005). When 
samples are spatially aggregated or environmentally structured, clas
sical rarefaction tends to overestimate the rate at which diversity ac
cumulates, because it implicitly assumes that sampling units are 
exchangeable (Chiarucci et al., 2009). By explicitly incorporating spatial 
distances, Rarefy makes these deviations directly observable. The com
parison between classical and spatially constrained curves provides a 
practical diagnostic of spatial autocorrelation, consistent with the idea 
that species turnover, dispersal limitation and environmental filtering 
shape the spatial distribution of diversity (Sandel, 2015; McGill, 2019). 
For example, in our worked example, spatially explicit rarefaction pro
duced lower values than non-spatial rarefaction, which is consistent 
with the expectation that spatially close plots may share many species 
and traits (higher functional redundancy). However, differences be
tween spatially constrained and non-spatial curves should be interpreted 
as a diagnostic signal rather than as a direct “measurement” of spatial 
autocorrelation. In practice, the spatial–non-spatial gap is conditional 
on three elements that should be reported and checked explicitly: (i) the 
distance metric used to order sampling units (e.g., Euclidean distance, 
cost-distance, or an environmental distance when appropriate), because 
different metrics capture different notions of “closeness”; (ii) landscape 
structure and habitat mosaics, which can generate non-linear turnover 
across space and therefore change the expected separation between 
curves; and (iii) sampling grain and plot size, because accumulation 
rates and the visibility of spatial structure depend on the scale at which 
samples are collected. For instance, in strongly patchy systems or along 
sharp steep gradients, spatial ordering may expose rapid turnover at 
short distances, potentially altering the relative behaviour of curves. We 
therefore recommend interpreting curve differences together with 
explicit information on the sampling design and landscape structure, 
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and, when relevant, complementary spatial analyses.
The extension of rarefaction to functional and phylogenetic dissim

ilarity matrices also allows Rarefy to capture multiple dimensions of 
diversity, building on established approaches for quantifying functional 
and phylogenetic similarity among communities (Pavoine and Ricotta, 
2014, Ricotta et al., 2020). Functional and phylogenetic rarefaction 
curves have been used to investigate trait turnover along environmental 
gradients (Swenson, 2014), phylogenetic clustering in fragmented 
landscapes (Cadotte et al., 2010) and the scale-dependence of ecosystem 
functioning (Lepš et al., 2006). By integrating spatial constraints, Rarefy 
offers a way to evaluate whether these patterns stem primarily from 
ecological processes operating in space or from differences in sampling 
effort. This is particularly relevant in systems where environmental 
heterogeneity is strong or where functional redundancy may obscure 
spatial structuring.

Building on this framework, a promising avenue for future devel
opment involves integrating null models into rarefaction calculations, 
allowing ecologists to compare observed diversity patterns with those 
generated by randomized communities that retain the same taxonomic, 
functional, or phylogenetic characteristics for a given sampling effort. 
Null-model approaches have long been used to disentangle the effects of 
species richness, abundance structure and trait composition (Gotelli and 
Colwell, 2001; Chase et al., 2011). In the context of functional diversity, 
randomization procedures help distinguish deterministic processes such 
as environmental filtering from stochastic or neutral processes (Mason 
et al., 2011; Kraft et al., 2015). The rao_permuted function implements 
this logic within a rarefaction framework. Unlike rarexpected_fun, it 
enables comparisons between observed and expected functional di
versity across sampling gradients. This approach complements de
velopments applying rarefaction to trait-based analyses (Ricotta et al., 
2012; Chiu and Chao, 2014) and aligns with the growing interest in 
simulation-based tools within ecological informatics.

This function was useful to test a null model of functional trait 
reallocation based on a random selection of a given number of s species 
out of S available species in a pool and to use a standardized community 
structure (composed by s species but with a specified abundance struc
ture) to calculate the expected functional diversity for a given sampling 
effort using the Rao Q diversity index. A detailed example of function 
use and its application, applied for the first time in Tordoni et al. (2019), 
is described in the Rarefy ‘vignette’ and in Thouverai et al. (2026). In 
brief, the function works in three stages: 1) from a total set of S species 
sampled in M sampling units (i.e. regional species pool), a user-defined 
number of s species (with s < S) is randomly selected; 2) a functional 
dissimilarity matrix for the set of the s randomly selected species is 
calculated using their associated functional traits and then the rarefied 
Rao Q index is calculated for the set of M sampling units considering 
abundance of a reference plant community (the structure of the refer
ence community can be passed to the function via the “comm_str” 
argument). 3) For each permutation, step 1 and 2 are repeated and the 
functional rarefaction curves are then averaged over the number of 
permutations. The functional rarefaction curve thus obtained can be 
compared to the functional rarefaction curve calculated for the refer
ence community, and the deviation from the two curves (when positive 
or negative) can be evaluated as an effect of environmental filtering, 
niche differentiation, or biotic homogenization, alternatively.

Discussing the applicability and the limitations of Rarefy, we would 
like to recall that its applications are used to standardize diversity under 
explicit spatial constraints, but they are not designed to remove all 
sources of bias that affect biodiversity estimates. First, scale and plot- 
size effects can influence richness and other diversity metrics; when 
datasets combine inventories collected at different grains or with 
different plot areas, users should harmonise sampling units or adopt 
stratified analyses to ensure comparability (see also plot-size compara
bility issues discussed by Portier et al., 2022). Second, computational 
cost can increase rapidly with the number of sampling units because 
spatially constrained trajectories require repeated ordering and 

resampling; for a very large number of plots N, users may need to reduce 
dimensionality (e.g., by aggregating nearby plots, limiting the range of 
distances, or running analyses by spatial blocks). Third, the output re
mains conditional on the input community matrix and therefore inherits 
uncertainties related to detectability and observation error, which may 
be particularly relevant in low-detectability settings.

In species-rich and heterogeneous ecosystems, where beta-diversity 
is high and community composition changes across short distances, 
spatially constrained rarefaction is informative but should be applied 
with attention to habitat stratification. Similarly, when strong seasonal 
or interannual turnover is expected, we recommend conducting separate 
analyses by season (or other relevant temporal strata) rather than 
pooling samples across time, so that rarefaction curves summarize 
spatial structure without confounding temporal dynamics. Finally, in 
extreme environments or datasets dominated by low detectability, 
Rarefy should be used as a standardisation tool within a broader 
analytical workflow, potentially combined with repeated sampling or 
other methods that explicitly address detection limits.

Future development of the package will include a spatially-explicit 
version of rare_permuted and, in general, opening new ways towards a 
combination of rarefaction methods with different types of null model 
simulations in community ecology. Several opportunities exist for 
extending this framework. Spatially explicit null models, which combine 
randomization with spatially structured permutations, could improve 
tests of dispersal limitation or spatial filtering (Wiegand et al., 2013). 
Phylogenetic randomizations could be used to explore the sensitivity of 
PD rarefaction to alternative evolutionary hypotheses (Molina-Venegas 
and Rodríguez, 2017). Moreover, integrating Rarefy with large-scale 
biodiversity monitoring schemes would enable the application of rare
faction methods to dynamic datasets, where spatial replication and 
repeated sampling are central elements. These extensions are consistent 
with current trends in ecological informatics, which increasingly 
emphasize reproducibility, integration across data types and explicit 
treatment of spatial structure.

Citation
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in addition can also cite the Rarefy package directly. Updated citation 
information can be obtained by typing citation(‘Rarefy’) in R.
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