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A B S T R A C T   

In this paper, we propose two related versions of a dissimilarity-based measure of functional beta diversity, 
together with the associated tests for differences in beta diversity among different groups of samples. Both 
measures are based on the optimal functional matching between the species in two samples. As such, they are 
tightly connected to Hurlbert’s seminal work on encounter-based diversity measures. The behavior of the pro
posed measures is illustrated with one worked example on the functional turnover of Alpine species along a 
successional gradient. Results show that both measures proved able to detect the functional turnover of vege
tation along the chronosequence. The method, for which we provide a simple R function, further allows to 
evaluate the functional contribution of single sampling units to the overall beta diversity of any kind of species 
assemblages.   

1. Introduction 

Beta diversity measures the variability in species composition among 
a set of sampling units and is considered to be a key signature of the 
ecological processes that make species assemblages more or less similar 
to one another (Anderson et al., 2011; Bennet and Gilbert, 2016). Since 
the pioneering work by Whittaker (1972), there have been intense dis
cussions on how to measure beta diversity and how to test for differences 
in beta diversity among different groups of samples. For reviews, see e.g. 
Lande (1996), Koleff et al. (2003), Anderson (2006); Anderson et al. 
(2011), Jost (2007), Tuomisto (2010a, 2010b), Chase et al. (2011), Chao 
and Chiu (2016), Legendre and De Cáceres (2013), Ricotta (2017), Chao 
and Ricotta (2019) and references therein. 

Irrespective of how beta diversity is measured, an important requi
site for diversity measures is their ecological interpretability. According 
to the seminal paper of Stuart Hurlbert (1971), meaningful diversity 
indices should have a straightforward biological interpretation: “We 
therefore can muddle along with a plethora of indices, each supported 
by at least one person’s intuition and a few recommended by fashion, or 
we can sharpen our thoughts and rephrase our questions in terms of 
biologically meaningful properties [...]” (Hurlbert, 1971 p. 579). 

Among these properties, the probability of intra- and interspecific 
encounters is a variable of interest, as it is directly related to the po
tential ecological interactions among all individuals and species in the 
community (Hurlbert, 1971; Patil and Taillie, 1982). This encounter- 
based approach is even more important for functional diversity where, 
unlike for classical diversity measures, the species are not considered 
equally dissimilar from each other. In a sense, dealing with functional 
diversity measures, the potential amount of ecological interactions 
among different individuals is ideally related to their functional 
resemblance. 

In this paper, we thus propose two different versions of a 
dissimilarity-related index of functional beta diversity, together with the 
associated tests for differences among different groups of samples. Both 
indices are based on the optimal functional matching between the spe
cies in two samples. As such, they are tightly connected to Hurlbert’s 
encounter-based approach. 

2. A dissimilarity-based index of functional beta diversity 

Given a set of N samples, let pjk be the relative abundance of species j 
= 1, 2, …, S in sample k = 1, 2, …, N such that 0 ≤ pjk ≤ 1 and 

∑S
j pjk = 1. 
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The information on the species functional organization within samples is 
usually represented by a symmetric S × S matrix of pairwise functional 
dissimilarities dij between species i and j in the range [0,1] (with dij = dji 
and dii = 0) which represent the multivariate differences in the character 
states among the S species. 

To calculate a dissimilarity-based index of functional beta diversity, 
the first step consists in calculating the pairwise functional dissimilarity 
Dhk between any pair of samples h and k. To this end, Ricotta et al. 
(2021) first used an algorithmic measure originally developed by Kos
man (1996) and Gregorius et al. (2003) to calculate genetic distances 
between populations. The measure is based on the optimal matching 
between the species abundances in h and k so as to minimize the overall 
functional dissimilarity between both samples. 

The dissimilarity index Dhk is calculated as follows: given two sam
ples h and k, with n individuals in both samples, each individual in h is 
matched to an individual in k in order to get n pairs that minimize the 
sum of functional dissimilarities between the individuals in each pair 
(Kosman and Leonard, 2007). The pairs are built such that all in
dividuals in both samples are used only once. The overall functional 
dissimilarity between the two samples is then obtained as the mean 
dissimilarity between each pair of individuals (i.e. by dividing the sum 
of functional dissimilarities by the n pairs of individuals). However, 
since the number of individuals in h and k is generally not the same, to 
get a complete matching between the samples, this procedure is usually 
performed on the species relative abundances in both samples. The 
algorithmic dissimilarity Dhk can be thus interpreted as the minimum 
cost per individual needed to change the character states of the species 
in sample h to the states of the species in k (Gregorius et al., 2003). 

Finding the optimal matching between the species abundances in h 
and k is known as the assignment problem, a special type of linear 
programming or linear optimization problem (Dantzig and Thapa, 
1997). Dealing with species relative abundances, the functional 
dissimilarity between samples h and k can be formulated as (Gregorius 
et al., 2003): 

Dhk = min
π

∑S

i

∑S

j
dij × π(i, j) (1)  

where π(i, j) is the relative abundance of species i in sample h that is 
matched with species j in sample k. Since Dhk is essentially a mean 
dissimilarity between matched pairs of individuals, if the functional 
dissimilarity dij between each pair of individuals is in the range [0, 1], 
the resulting mean dissimilarity also ranges between 0 and 1. Kosman 
(2014) further showed that if all species in h and k are considered 
maximally dissimilar from each other (i.e. if dij = 1 for all species i in 
sample h and species j in sample k), Dhk will be equal to Dhk =

1
2
∑S

i,j

⃒
⃒
⃒pih − pjk

⃒
⃒
⃒. 

A simple way to generalize Dhk to more than two samples, which is 
usually adopted in community ecology for calculating the beta diversity 
of a set of N samples (but see e.g. Diserud and Ødegaard, 2007), consists 
in calculating the mean value of Dhk for all possible pairs of samples: 

βN =

∑N
k>hDhk

N(N − 1)/2
(2) 

Once beta diversity has been calculated, the next step is how to test 
for differences in beta diversity among different groups of samples. To 
this end, Anderson (2006) proposed a multivariate analogue of Levene’s 
(1960) test, which is directly connected to the way βN is calculated. The 
test can be considered in two steps: first, starting from the functional 
dissimilarities between all pairs of sampling units Dkn, the dissimilarity 
Dk⋅of each individual sample from its group centroid in multivariate 
space is calculated according to McArdle and Anderson (2001). Next, the 
average of these dissimilarities among groups is compared using 
ANOVA. A P-value can be then obtained with either the traditional ta
bles on F-distribution or by using a permutation procedure (Anderson, 
2006). 

A drawback of this method is that the dissimilarity of individual 
samples from the group centroid depends on the number of samples in 
each group. Take for example a group composed of five maximally 
dissimilar samples, i.e. with Dhk = 1 for all h ∕= k. In this case, the 
dissimilarity Dk⋅ of each individual sample from its group centroid is 
equal to Dk⋅ = 0.632. By contrast, for ten maximally dissimilar samples, 
Dk⋅ = 0.671 (for details, see Anderson, 2006). Accordingly, this test 
works correctly only with fully balanced designs with the same number 
of samples in each group. 

To overcome this problem, a possible solution may consist in 
substituting Dk⋅ with the mean dissimilarity of each individual sample k 
from all other N − 1 samples in the same group: 

Dk =

∑N
h∕=kDhk

N − 1
(3) 

The same approach was used by Violle et al. (2017) and Kosman et al. 
(2019) to calculate the mean distance in trait space of a species to all 
other species in a community. The main advantage of Dk over Dk⋅ is that 
Dk is not influenced by the number of samples in each group. Like for the 
Anderson (2006) test, the average of these dissimilarities among groups 
can be then compared using standard ANOVA (see the example in 
Supplementary material, Appendix 1). 

3. A second index of beta diversity 

A second method for deriving a measure of multiple-site functional 
dissimilarity among sampling units may consist in calculating the 
dissimilarity of Kosman (1996) and Gregorius et al. (2003) Dkη between 
the species relative abundances in sample k and the species relative 
abundances in an hypothetical complementary sample η. This comple
mentary sample is obtained by pooling together the species relative 
abundances of all N − 1 samples that are different from k such that the 
relative abundance of species j in η is calculated as: 

pjη =

∑N
h∕=kpjh

N − 1
(4) 

According to this leave-one-out approach, η can be interpreted as the 
compositional centroid of the N − 1 samples that differ from k in 
Euclidean space (see Champely and Chessel, 2002). A multiple-site 
measure of beta diversity can be then obtained by taking the mean of 
the dissimilarities Dkη over the N samples: 

βη =

∑N
k Dkη

N
(5) 

If beta diversity is calculated according to Eq. 5, a test for differences 
in beta diversity among different groups of samples can be then per
formed in the usual way, by comparing the mean values of Dkη within 
each group with ANOVA. 

4. Worked example 

4.1. Data 

To illustrate the behavior of the proposed measures, we used a data 
set of Alpine vegetation sampled by Caccianiga et al. (2006) along a 
primary succession at the foreland of the Rutor Glacier (Northern Italy). 
The data set has been already used in previous studies on community 
structure and diversity (Ricotta et al., 2016; Ricotta et al., 2020) and is 
composed of 45 species in 59 plots of approximately 25 m2. All data are 
available in Ricotta et al. (2016, Appendix S2). The species abundances 
in each plot were measured with a five-point ordinal scale transformed 
to ranks. The plots were classified into three successional stages based 
on the age of the glacial deposits: early-successional stage (17 plots), 
mid-successional stage (32 plots), and late-successional stage (10 plots). 

For all 45 species sampled at the three successional stages, we used 
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six quantitative traits that are related to their successional status along 
the primary succession: canopy height (CH; mm), leaf dry mass content 
(LDMC; %), leaf dry weight (LDW; mg), specific leaf area (SLA; mm2 ×

mg-1), leaf nitrogen content (LNC; %), and leaf carbon content (LCC; %). 
All traits can be found in Caccianiga et al. (2006, Table 2). 

First, we used the Euclidean distance to compute a matrix of pairwise 
functional distances between the 45 species from the six functional 
traits. For this purpose, all trait values for the 45 species were stan
dardized to zero mean and unit standard deviation. The output func
tional distances were then scaled in the range [0, 1] by dividing each 
distance by the maximum value in the distance matrix. 

Using the algorithmic approach of Kosman (1996) and Gregorius 
et al. (2003), we next calculated the beta diversity components (i.e. 
dissimilarities) Dk and Dkη for each sample in each successional stage. All 
calculations were performed with a new R script (available in the elec
tronic Supplementary material, Appendix 1 and 2 of this paper) that 
modifies the R function dislptransport in Ricotta et al. (2021, Ap
pendix S3). We finally tested for differences in beta diversity among the 
three successional stages by comparing the average of these dissimilar
ities among groups with ANOVA. P-values were obtained by using a 
permutation procedure. Among the many available permutation pro
cedures in ANOVA designs (Anderson, 2004; Anderson and Ter Braak, 
2003), we used the simplest approach, which consists in permuting in
dividual observation units among the three successional stages of the 
Rutor chronosequence. To this end, we reshuffled 17 + 32 + 10 = 59 
observed dissimilarities Dk and Dkη into random groups of 17, 32, and 10 
units, respectively (9999 permutations) and recalculated the F-values 
for each permutation. The same permutation procedure, was then used 
to perform a post-hoc pairwise t-test with Holm correction of the values 
of Dk and Dkη between the three successional stages. 

4.2. Results 

The results of the permutational ANOVA on the values of Dk and Dkη 
among the three successional stages were in both cases highly significant 
(F
(
Dk

)
= 71.56, p < 0.001 and F(Dkη) = 18.91, p < 0.001). For both 

dissimilarity coefficients Dk and Dkη, the within-group dispersion (or 
beta diversity) progressively decreased along the primary succession 
(Fig. 1). As shown by Caccianiga et al. (2006) and Ricotta et al. (2016), 
the significantly higher beta diversity of the early-successional samples 
may be due to the random dispersal mechanisms that drive the coloni
zation of the moraine ridges in the first successional stages (abiotic fil
ter). In contrast, the lower beta diversity of the mid- and late 
successional samples is associated to a lower level of stochasticity in the 
colonization process of the later successional stages and hence to an 
increased level of functional homogeneity among different sampling 
units (biotic filter). 

Note that, since Dk is essentially an average dissimilarity between 
pairs of samples, while Dkη is the dissimilarity between a given sample k 
and a complementary sample η that is obtained by pooling together the 
species relative abundances of all samples that are different from k, the 
values of Dkη are generally lower than the values of Dk (see Fig. 1). 

5. Discussion 

In this paper we proposed two measures of functional beta diversity, 
βN and βη which originate from Whittaker’s (1972) suggestion that beta 
can be summarized from a dissimilarity coefficient between pairs of 
samples (see also Chao and Chiu, 2016). The proposed measures are 
tightly connected to each other to the point that both of them can be 
considered ‘variazioni sul tema’ of the same approach. In particular, Dkη 
represents the dissimilarity of sample k from the pooled set of species in 
the N − 1 samples that differ from k. Therefore, this index, together with 
the corresponding beta diversity βη, is directly related to the notion of 
originality (or distinctiveness, Pavoine et al., 2017). A sample is func
tionally original if its functional characteristics are rare in the pooled set 
of samples. The index is also related to the notion of the complemen
tarity of a sample compared to a reference set of samples: complemen
tarity being the gain in biodiversity units provided by adding an area (or 
sample) to a set of areas (samples) (Faith et al., 2004). These two notions 
(originality and complementarity) are used in conservation biology to 
identify sites with distinct species/functional/phylogenetic composition 
(and thus sites for which conservation actions should be a priority 
because of their distinct composition) (e.g. Mishler et al., 2014). 

From the perspective of conservation biology, Kosman et al. (2019) 
recently proposed an additional indicator for estimating functional dif
ferences among samples: functional uniqueness, or singularity. Based on 
this approach, a sample that is on average quite distant from most 
samples but functionally similar to another sample has a lower conser
vation priority compared to a sample with the same average distance to 
other samples but without a close neighbor in functional space. To 
summarize this property, Violle et al. (2017) calculated the minimum 
pairwise distance between a focal sample and all other samples, while 
the singularity measure of Kosman et al. (2019) is based on variation in 
distances of the focal sample to all other samples, not just the nearest 
neighbor in trait space. Nonetheless, irrespective of how singularity is 
calculated, it can be easily derived from the distances Dhk in Eq. 1. 

Unlike the vast majority of functional dissimilarity measures used in 
community ecology, the algorithmic index of Kosman (1996) and Gre
gorius et al. (2003), is not based on the excess of among-sample diversity 
compared to within-sample diversity (e.g. Chao et al., 2014; Chiu and 
Chao, 2014; Pavoine and Ricotta, 2014). Therefore, it is very flexible as 
it can be based on any between-species dissimilarity measure of choice 
without restrictions on their geometrical properties (see e.g. Pavoine 
and Ricotta, 2014). Also, the index of Kosman (1996) and Gregorius 
et al. (2003) satisfies an important requisite for functional dissimilarity 
measures which requires that dissimilarity remains unchanged if a given 
species j is replaced by two functionally identical species with the same 
total abundance of j. For mathematical details, see Leinster and Cobbold 
(2012); Pavoine and Ricotta (2019). From an ecological viewpoint, this 
means that the measures that conform to this requisite summarize the 
functional dissimilarity among samples irrespective of the identity of the 
species that support these functions. Accordingly, this algorithmic 
dissimilarity is closer to the essence of functional dissimilarity than the 
measures that do not conform to this requisite. 

Regarding the test for differences in functional beta diversity among 
different groups of samples, the principle is the same as that of Anderson 
(2006). However, the values of Dk and Dkη are not influenced by the 
number of samples in each group. In addition, we do not need to 
calculate the functional centroid of each group, and this renders the test 
much easier to perform, especially if the dissimilarities Dhk and Dkη are 
not embeddable in Euclidean space without distortion (for details, see 

Fig. 1. Box plots of the beta diversity components (dissimilarity coefficients) Dk 
and Dkη for the three successional stages of the Alpine vegetation of the Rutor 
glacier. ESS = early-successional stage; MSS = mid-successional stage; LSS =
late-successional stage. Different letters a and b indicate significantly different 
distributions at p < 0.001 for Dk and p < 0.01 for Dkη (permutational t-test with 
Holm adjustment for multiple tests based on 9999 randomizations). 
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McArdle and Anderson, 2001). 
Nonetheless, alongside the pros, there are also a few potential cons 

for this test: like for the Anderson test, the values of Dk and Dkη are not 
fully independent of each other. This is because, for a given sample k the 
quantity Dk (Dkη) is obtained by averaging all dissimilarities Dhk (all 
species relative abundances pjh) over all N − 1 samples that are different 
from k (see Eq. 3 and 4, respectively). This nonindependence may 
become relevant for small numbers of samples such that in the most 
critical situation of N = 2, the values of Dk and Dkη are identical for both 
samples. 

Even more importantly, the randomization process associated to this 
test, while being statistically sound, has only little biological foundation. 
Beta diversity describes the spatial variability in species composition 
and is considered to be a key signature of a number of community as
sembly processes, such as dispersal, habitat filtering, intra- and inter- 
specific competition, or the species responses to environmental condi
tions (Bennet and Gilbert, 2016). Therefore, while the permutation of 
the dissimilarities Dk and Dkη among sampling units has no clear bio
logical meaning, a biologically sound null model should provide some 
indication on whether differences in beta diversity among groups of 
samples are actually related to deterministic assembly processes that 
deviate from stochastic patterns of species co-occurrence (Chase et al., 
2011). This may be achieved, for example, by restricted permutation of 
species occurrences among the samples in each group. However, to 
construct an adequate randomization test that correctly addresses the 
ecological questions under study without confounding within group 
heterogeneity with between group heterogeneity, some additional work 
is needed. In the meantime, the tests described in this paper may 
represent an acceptable, though ecologically imperfect solution to the 
problem. 
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Appendix 1. R scripts and examples 

 

The R function distorefpool calculates, in a set of N plots, the functional dissimilarity 

between a given plot and a theoretical plot obtained by pooling all other plots (like in Eq. 4 

and 5 of the main text). When the plots are distributed between defined groups, the R function 

rtestsampledis performs the ANOVA-like approach that evaluates how different the 

average dissimilarity between two plots of a group (see argument fac) is from one group to 

another. The function posthoc completes function rtestsampledis by performing pair-wise 

tests: an ANOVA-like test is performed to evaluates how different the average dissimilarity 

between two plots of a group is from the average dissimilarity between two plots of another 

group (all possible combinations of two groups are considered). This program is free 

software: you can redistribute it and/or modify it under the terms of the GNU General Public 

License http://www.gnu.org/licenses/.  

It will be integrated in a new version of the adiv package of R: https://cran.r-

project.org/web/packages/adiv/index.html. The functions were checked and applied with R-

4.0.5. 

 

Disclaimer: users of this code are cautioned that, while due care has been taken and it is 

believed accurate, it has not been rigorously tested and its use and results are solely the 

responsibilities of the user. 

 

Dependencies: ade4 (Thioulouse et al. 2018) 
 

Function Syntax: Functions are available in  Appendix 2 (.txt file)  
 
Usage: distorefpool(comm, dis, fundis, ...) 
rtestsampledis(comm, dis, fac, fundis, option = 1:2, nrep = 999, 

...) 

posthoc(Xtest, p.adjust.method = "none", output = c("light", 

"full")) 

 
Arguments: 

comm: a matrix or a data frame of N plots × S species containing the relative or absolute 

abundance of all species. Columns are species and plots are rows.  

dis: a matrix or an object of class dist providing the functional dissimilarities between 

species (dissimilarities are nonnegative, symmetric, and the dissimilarity between a species 

and itself is zero). Species here must be in the same order as in the columns of comm. 

fundis: a character string giving the name of a function to calculate plot to plot 

dissimilarity. The first argument of this function must be a matrix or a data frame of plots ×  

species containing the relative or absolute abundance of all species. The second argument of 

this function must be an object of class dist providing the functional dissimilarities between 

species (dissimilarities are nonnegative, symmetric, and the dissimilarity between a species 

and itself is zero). 

...: further arguments that can be passed to function fundis. 

fac: a factor with the length equal to the number of rows in comm. The factor indicates which 

group each plot belongs to. 

option: either 1 or 2. If 1, then the functional distinctiveness of a plot is measured as its 

average functional dissimilarity to another plot (like in Eq. 2 of the main text). If 2, then the 

functional distinctiveness of a plot is measured as its functional dissimilarity to a theoretical 

plot obtained by pooling all other plots (like in Eq. 5 of the main text).  

http://www.gnu.org/licenses/
https://cran.r-project.org/web/packages/adiv/index.html
https://cran.r-project.org/web/packages/adiv/index.html
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nrep: the number of permutations to be done in the ANOVA-like approach that evaluates 

how different the average dissimilarity between two plots of a group (see argument fac) is 

from one group to another.  

Xtest: an object of class "rtestsampledis" obtained by function rtestsampledis.  

p.adjust.method: a character string. See function p.adjust for details and choice of 

adjustment methods.  

output: a logical. If TRUE, all simulated values are saved and returned. 

 
 
Value: 

The function distorefpool returns a vector with, for each studied plot, the average 

functional dissimilarity between the plot and the other plots (Eq. 2 of the main text).  

The function rtestsampledis returns an object of class "randtest" (from package ade4, 

Thioulouse et al. 2018).  

The function posthoc returns an object of class "krandtest" (also from package ade4).  

 
Example: 

Install and load packages lpSolve, adiv, ade4 and ggplot2. 
install.packages("lpSolve") # Berkelaar et al. (2020) 

install.packages("adiv") # Pavoine (2020a,b) 

install.packages("ade4") # Thioulouse et al. (2018) 

install.packages("ggplot2") # Wickham (2016) 

 

library(lpSolve) 

library(adiv) 

library(ade4) 

library(ggplot2) 

 

Load functions distorefpool, rtestsampledis and posthoc available in Appendix 2 (a 

.txt file) in R. For that, use the following script to source the Appendix: 
 

source(file.choose()) 

 

Load also function dislptransport available in Ricotta et al. (2021, Appendix S3). For that, 

copy and paste the function directly in your R console or copy and paste each of them in a .txt 

file and use the script source(file.choose()) to source it in R 

 

Load the dataset RutorGlacier available in the adiv package of R. 
 

data(RutorGlacier) 

 

RutorGlacier is a list. RutorGlacier$Abund is an object of class data.frame that contains 

the abundance of plant species in plots (plots in rows; species in columns). 

RutorGlacier$Traits2 is an object of class data.frame that contains the values of traits 

for all observed plant species. 

 

As in Ricotta et al. (2021), the functional distances between species are calculated using the 

Euclidean distance applied to species' traits, each standardized to zero mean and unit standard 

deviation :  
 

fdis <- dist(scale(RutorGlacier$Traits2[1:6])) 
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Then the resulting functional distances among species were scaled to the unit range by 

dividing each distance by the maximum value in the distance matrix : 

 
fdis <- fdis/max(fdis) 

 

Pairwise functional distances between plots can be obtained by using the following command:  
 

Dhk <- dislptransport(RutorGlacier$Abund, fdis) # Eq. 1 of the main text 

 

The associated overall beta diversity over all plots simply is 
 

BetaN <- mean(Dhk) # Eq. 2 of the main text 

BetaN 

[1] 0.2116677 

 

The average dissimilarity of each individual plot to all other plots can be obtained as follows: 

 
Dkbar <- sapply(1:attributes(Dhk)$Size, function(i) mean(as.matrix(Dhk)[i, 

-i])) # Eq. 3 of the main text 

names(Dkbar) <- attributes(Dhk)$Labels 

Dkbar 

       X1        X2        X3        X4        X5        X6        X7        X8  

0.2833631 0.1880202 0.2097167 0.2007451 0.2332128 0.3294609 0.2238146 0.2014741  

       X9       X10       X11       X12       X13       X14       X15       X16  

0.3444822 0.2001922 0.2533755 0.2398871 0.2361672 0.2504668 0.3215201 0.3394210  

      X17       X18       X19       X20       X21       X22       X23       X24  

0.2490277 0.1813965 0.1875205 0.1754742 0.1976459 0.1667445 0.1695133 0.1838696  

      X25       X26       X27       X28       X29       X30       X31       X32  

0.1787682 0.1700641 0.1649776 0.1791913 0.1596490 0.1834967 0.1744900 0.1767666  

      X33       X34       X35       X36       X37       X38       X39       X40  

0.1655225 0.1863529 0.1790495 0.1805052 0.1725616 0.1831648 0.1749797 0.1933605  

      X41       X42       X43       X44       X45       X46       X47       X48  

0.1706312 0.2033942 0.1708969 0.1784742 0.1836892 0.1949550 0.2230722 0.2029705  

      X49       X50       X51       X52       X53       X54       X55       X56  

0.1852885 0.2417135 0.2404009 0.2521855 0.2150808 0.2044498 0.2792292 0.2207165  

      X57       X58       X59  

0.2303822 0.2561274 0.2453327 

 

The average dissimilarity of each individual plot to the theoretical plot obtained by pooling all 

other plots can be obtained as follows: 

 
Dketa <- distorefpool(RutorGlacier$Abund, fdis, "dislptransport")  

Dketa 

        X1         X2         X3         X4         X5         X6         X7  

0.24676468 0.13054320 0.14790770 0.15652715 0.16337355 0.30240280 0.17244626  

        X8         X9        X10        X11        X12        X13        X14  

0.14835707 0.31946384 0.13039521 0.22406177 0.20454009 0.18382233 0.23347194  

       X15        X16        X17        X18        X19        X20        X21  

0.30088606 0.32799898 0.21218436 0.13750160 0.13538275 0.14228780 0.15342645  

       X22        X23        X24        X25        X26        X27        X28  

0.12467190 0.12195372 0.14763775 0.13931504 0.13184800 0.11590768 0.13326021  

       X29        X30        X31        X32        X33        X34        X35  

0.10180148 0.12946702 0.10236718 0.13893242 0.11049052 0.13377701 0.11115636  

       X36        X37        X38        X39        X40        X41        X42  

0.14724159 0.12469215 0.14273816 0.09118223 0.16022342 0.11851015 0.16944553  

       X43        X44        X45        X46        X47        X48        X49  

0.13484530 0.13268298 0.14774691 0.15206365 0.17579620 0.17311839 0.13041099  

       X50        X51        X52        X53        X54        X55        X56  

0.22158769 0.21760442 0.23463467 0.19284376 0.15629914 0.27028423 0.18411935  

       X57        X58        X59  

0.20210019 0.24369769 0.22946792 
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Link between Dketa and Dkbar: 
 

plot(Dkbar, Dketa) 

 

 

The overall beta diversity over all plots associated with Dketa simply is 
 

BetaEta <- mean(Dketa) # Eq. 5 of the main text 

BetaEta 

[1] 0.1706723 

 

RutorGlacier$Fac is a vector that indicates which level of the successional gradient a given 

plot belongs to ("early" = early-successional stage, "mid" = mid-successional stage and "late" 

= late-successional stage).  

 
FAC <- factor(RutorGlacier$Fac, levels = c("early","mid","late")) 

 

The same calculation of the functional distinctiveness of a plot can thus also be done within 

each successional stage:  

 
Listcomm <- split(1:nrow(RutorGlacier$Abund), FAC) 

 

funx <- function(x) { 

funi <- function(i) mean((as.matrix(Dhk)[x, x])[i, -i]) 

RES <- sapply(1:length(x), funi) 

names(RES) <- rownames(RutorGlacier$Abund)[x] 
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return(RES) 

} 

 

LDkbar <- lapply(Listcomm, funx)  

LDkbar 

$early 

       X1        X2        X3        X4        X5        X6        X7        X8  

0.2793514 0.2063564 0.2146637 0.2145762 0.1902042 0.2452806 0.1980554 0.1963205  

       X9       X10       X11       X12       X13       X14       X15       X16  

0.2663816 0.1839177 0.2005795 0.1834980 0.1820301 0.2263759 0.2358982 0.2760978  

      X17  

0.1926447  

 

$mid 

      X18       X19       X20       X21       X22       X23       X24       X25  

0.1421271 0.1504958 0.1306955 0.1609434 0.1237694 0.1233812 0.1472974 0.1387185  

      X26       X27       X28       X29       X30       X31       X32       X33  

0.1150523 0.1174132 0.1419706 0.1069922 0.1350532 0.1246678 0.1200482 0.1132186  

      X34       X35       X36       X37       X38       X39       X40       X41  

0.1368429 0.1490411 0.1279568 0.1240154 0.1311320 0.1355208 0.1443436 0.1225057  

      X42       X43       X44       X45       X46       X47       X48       X49  

0.1563800 0.1197213 0.1292627 0.1328761 0.1536369 0.2102809 0.1542701 0.1452713  

 

$late 

      X50       X51       X52       X53       X54       X55       X56       X57  

0.1191709 0.1334624 0.1510494 0.1325934 0.1473606 0.1686762 0.1262438 0.1119260  

      X58       X59  

0.1395953 0.1234304 

 

DkbarWithinGroup <- unlist(LDkbar, use.names = FALSE) 

names(DkbarWithinGroup) <- unlist(lapply(LDkbar, names)) 

DkbarWithinGroup <- DkbarWithinGroup[rownames(RutorGlacier$Abund)] 

DkbarWithinGroup 

       X1        X2        X3        X4        X5        X6        X7        X8  

0.2793514 0.2063564 0.2146637 0.2145762 0.1902042 0.2452806 0.1980554 0.1963205  

       X9       X10       X11       X12       X13       X14       X15       X16  

0.2663816 0.1839177 0.2005795 0.1834980 0.1820301 0.2263759 0.2358982 0.2760978  

      X17       X18       X19       X20       X21       X22       X23       X24  

0.1926447 0.1421271 0.1504958 0.1306955 0.1609434 0.1237694 0.1233812 0.1472974  

      X25       X26       X27       X28       X29       X30       X31       X32  

0.1387185 0.1150523 0.1174132 0.1419706 0.1069922 0.1350532 0.1246678 0.1200482  

      X33       X34       X35       X36       X37       X38       X39       X40  

0.1132186 0.1368429 0.1490411 0.1279568 0.1240154 0.1311320 0.1355208 0.1443436  

      X41       X42       X43       X44       X45       X46       X47       X48  

0.1225057 0.1563800 0.1197213 0.1292627 0.1328761 0.1536369 0.2102809 0.1542701  

      X49       X50       X51       X52       X53       X54       X55       X56  

0.1452713 0.1191709 0.1334624 0.1510494 0.1325934 0.1473606 0.1686762 0.1262438  

      X57       X58       X59  

0.1119260 0.1395953 0.1234304 

 

Listab <- split(RutorGlacier$Abund, FAC) 

LDketa <- lapply(Listab, function(x) distorefpool(x, fdis, 

"dislptransport")) 

LDketa 

$early 

        X1         X2         X3         X4         X5         X6         X7  

0.26392207 0.15402068 0.16524452 0.18909005 0.10639756 0.20661496 0.14685590  

        X8         X9        X10        X11        X12        X13        X14  

0.14954525 0.23729735 0.11137968 0.15482078 0.11607055 0.09729446 0.20217095  

       X15        X16        X17  

0.20733192 0.26076225 0.13230378  

 

$mid 

       X18        X19        X20        X21        X22        X23        X24  

0.11767510 0.12624949 0.11017017 0.13823905 0.09834954 0.09531792 0.12972948  

       X25        X26        X27        X28        X29        X30        X31  

0.11711503 0.08477043 0.08440223 0.12207607 0.06362562 0.10044876 0.07859484  
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       X32        X33        X34        X35        X36        X37        X38  

0.08973293 0.07011797 0.10849854 0.11154361 0.10510035 0.09342271 0.10286584  

       X39        X40        X41        X42        X43        X44        X45  

0.08521716 0.12458756 0.08391134 0.13600940 0.09119526 0.09812298 0.10750062  

       X46        X47        X48        X49  

0.13347024 0.19162813 0.13794545 0.11570316  

 

$late 

       X50        X51        X52        X53        X54        X55        X56  

0.08910403 0.10888189 0.13266509 0.10950880 0.10701116 0.16268995 0.08632015  

       X57        X58        X59  

0.06387000 0.12289391 0.09773765 

 

DketaWithinGroup <- unlist(LDketa, use.names = FALSE) 

names(DketaWithinGroup) <- unlist(lapply(LDketa, names)) 

DketaWithinGroup <- DketaWithinGroup[rownames(RutorGlacier$Abund)] 

DketaWithinGroup 

        X1         X2         X3         X4         X5         X6         X7  

0.26392207 0.15402068 0.16524452 0.18909005 0.10639756 0.20661496 0.14685590  

        X8         X9        X10        X11        X12        X13        X14  

0.14954525 0.23729735 0.11137968 0.15482078 0.11607055 0.09729446 0.20217095  

       X15        X16        X17        X18        X19        X20        X21  

0.20733192 0.26076225 0.13230378 0.11767510 0.12624949 0.11017017 0.13823905  

       X22        X23        X24        X25        X26        X27        X28  

0.09834954 0.09531792 0.12972948 0.11711503 0.08477043 0.08440223 0.12207607  

       X29        X30        X31        X32        X33        X34        X35  

0.06362562 0.10044876 0.07859484 0.08973293 0.07011797 0.10849854 0.11154361  

       X36        X37        X38        X39        X40        X41        X42  

0.10510035 0.09342271 0.10286584 0.08521716 0.12458756 0.08391134 0.13600940  

       X43        X44        X45        X46        X47        X48        X49  

0.09119526 0.09812298 0.10750062 0.13347024 0.19162813 0.13794545 0.11570316  

       X50        X51        X52        X53        X54        X55        X56  

0.08910403 0.10888189 0.13266509 0.10950880 0.10701116 0.16268995 0.08632015  

       X57        X58        X59  

0.06387000 0.12289391 0.09773765 

 

# Box plots of the functional distinctiveness of plots (as defined by 
k

D  

and 
k

D

, respectively) within each successional stage:  

 
boxplot(DkbarWithinGroup~FAC, ylim=c(0,0.3)) 
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boxplot(DketaWithinGroup ~FAC, ylim=c(0,0.3)) 
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ANOVA-like approach to evaluate how different the average dissimilarity between two plots 

of a group: 
 
Rkbar <- rtestsampledis(RutorGlacier$Abund, fdis, FAC, "dislptransport", 

option = 1, nrep = 9999) # Here with index 
k

D  

Rkbar 

Monte-Carlo test 

Call: rtestsampledis(comm = RutorGlacier$Abund, dis = fdis, fac = FAC,  

    fundis = "dislptransport", option = 1, nrep = 9999) 

 

Observation: 71.56196 # F statistic 

 

Based on 9999 replicates 

Simulated p-value: 1e-04 # P-value 

Alternative hypothesis: greater  

 

    Std.Obs Expectation    Variance  

  65.043802    1.039703    1.175548 

 
# Below the histogram of simulated values with an arrow indicating the 

observed value of explained sum of squares divided by residual sum of 

squares.  
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plot(Rkbar) 

 
 
Rketa <- rtestsampledis(RutorGlacier$Abund, fdis, FAC, "dislptransport", 

option = 2, nrep = 9999) # Here with index 
k

D

 

 

Rketa 

Monte-Carlo test 

Call: rtestsampledis(comm = RutorGlacier$Abund, dis = fdis, fac = FAC,  

    fundis = "dislptransport", option = 2, nrep = 9999) 

 

Observation: 18.91216 # F statistic 

 

Based on 9999 replicates 

Simulated p-value: 1e-04 # P-value 

Alternative hypothesis: greater  

 

    Std.Obs Expectation    Variance  

  16.744722    1.033480    1.140026  

 
# Below the histogram of simulated values with an arrow indicating the 

observed value of explained sum of squares divided by residual sum of 

squares.  

 
plot(Rketa) 
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Below are the pair-wise tests: ANOVA-like tests performed to evaluates how different the 

average dissimilarity between two plots of a group is from the average dissimilarity between 

two plots of another group (all possible combinations of two groups are considered) 
 
 
PHkbar <- posthoc(Rkbar, p.adjust.method = "holm") 

PHkbar # Here with index 
k

D  

class: krandtest lightkrandtest  

Monte-Carlo tests 

Call: posthoc(Xtest = Rkbar, p.adjust.method = "holm") 

 

Number of tests:   3  

 

Adjustment method for multiple comparisons:   holm  

Permutation number:   9999  

        Test          Obs    Std.Obs   Alter Pvalue Pvalue.adj 

1  early-mid 119.34000057 78.1224147 greater 0.0001     0.0003 

2 early-late  53.87378756 31.4392769 greater 0.0001     0.0003 

3   mid-late   0.02383877 -0.6623418 greater 0.8805     0.8805 

 

# Column Test indicates which successional stages are compared; Obs = F 

statistic; Pvalue.adj = adjusted P-value 

 

# Below, for each pair of compared succession stages, the histogram of 

simulated values with an arrow indicating the observed F value.  

 

plot(PHkbar) 
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PHketa <- posthoc(Rketa, p.adjust.method = "holm") 

PHketa # Here with index 
k

D

 

class: krandtest lightkrandtest  

Monte-Carlo tests 

Call: posthoc(Xtest = Rketa, p.adjust.method = "holm") 

 

Number of tests:   3  

 

Adjustment method for multiple comparisons:   holm  

Permutation number:   9999  

        Test         Obs   Std.Obs   Alter Pvalue Pvalue.adj 

1  early-mid 29.54092333 19.531254 greater 0.0001     0.0003 

2 early-late 10.45608502  5.507140 greater 0.0036     0.0072 

3   mid-late  0.02462257 -0.666635 greater 0.8825     0.8825 

 

# Column Test indicates which successional stages are compared; Obs = F 

statistic; Pvalue.adj = adjusted P-value 

 

# Below, for each pair of compared succession stages, the histogram of 

simulated values with an arrow indicating the observed F value.  

 

plot(PHketa) 
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distorefpool <- function(comm, dis, fundis, ...){ 

 

    if (!(inherits(comm, "data.frame") | inherits(comm, "matrix")))  

        stop("comm must be a data.frame or a matrix") 

    if(nrow(comm) < 2) stop("comm must have at least two rows") 

    if (!(inherits(dis, "dist") | inherits(dis, "matrix")))  

        stop("dis must be an object of class dist or a matrix") 

    dis <- as.dist(dis) 

    if (!inherits(fundis, "character"))  

        stop("fundis must be a character string") 

    if (!exists(fundis))  

        stop("the function specified in argument fundis does not exist") 

    thefundis <- match.fun(fundis) 

    ncom <- nrow(comm) 

    funi <- function(i){ 

        commrel <- sweep(comm, 1, rowSums(comm), "/") 

        Veta <- colSums(commrel[-i, ])/(ncom-1) 

        comi <- cbind.data.frame(unlist(comm[i, ]/sum(comm[i, ])), Veta) 

        comi <- as.data.frame(t(comi)) 

        colnames(comi) <- colnames(comm)  

        rownames(comi) <- c("k","eta") 

        return(as.vector(thefundis(comi, dis, ...))) 

    } 

    RES <- sapply(1:ncom, funi) 

    names(RES) <- rownames(comm) 

    return(RES) 

 

} 

 

rtestsampledis <- function(comm, dis, fac, fundis, option = 1:2, nrep = 

999, ...){ 

     

    if (!(inherits(comm, "data.frame") | inherits(comm, "matrix")))  

        stop("comm must be a data.frame or a matrix") 

    if (!(inherits(dis, "dist") | inherits(dis, "matrix")))  

        stop("dis must be an object of class dist or a matrix") 

    dis <- as.dist(dis) 

    if(ncol(comm)!=attributes(dis)$Size) stop("Species in comm must be 

similar and in the same order as species in dis") 

    if(!inherits(fac, "factor") | length(fac)!=nrow(comm)) stop("Incorrect 

definition of argument fac") 

    ngroups <- length(levels(fac)) 

    if(min(table(fac))<2) stop("Each group in fac must contain at least 

two communities") 

    ncom <- nrow(comm) 

    if (!inherits(fundis, "character"))  

        stop("fundis must be a character string") 

    if (!exists(fundis))  

        stop("the function specified in argument fundis does not exist") 

    thefundis <- match.fun(fundis) 

    if(!option[1]%in%(1:2)) stop("Incorrect definition of argument 

option") 

    if(option[1] == 1){ 

        Dhk <- as.matrix(thefundis(comm, dis, ...)) 

        LDhk <- list() 

        for(i in 1:ngroups) { 

           LDhk[[i]] <- Dhk[fac==levels(fac)[i], fac==levels(fac)[i]] 

        } 

        LDk <- lapply(LDhk, function(x) sapply(1:nrow(x), function(j) 

mean(as.matrix(x)[j, -j])))  



    } 

    else { 

        LDk <- list() 

        for(i in 1:ngroups) { 

            LDk[[i]] <- distorefpool(comm[fac==levels(fac)[i], ], dis, 

fundis, ...) 

        } 

    } 

    EffRES <- unlist(lapply(LDk, length)) - 1  

    RES <- sum(unlist(lapply(LDk, var)) * EffRES) / (ncom - ngroups) 

    EffMOD <- unlist(lapply(LDk, length)) 

    MOD <- sum(EffMOD*(unlist(lapply(LDk, mean))-mean(unlist(LDk)))^2) 

/(ngroups - 1) 

    OBS <- MOD / RES 

    simul <- function(i) { 

 

        LL <- split(sample(unlist(LDk)), fac) 

        EffRES <- unlist(lapply(LL, length)) - 1  

        RES <- sum(unlist(lapply(LL, var)) * EffRES) / (ncom - ngroups) 

        EffMOD <- unlist(lapply(LL, length)) 

        MOD <- sum(EffMOD*(unlist(lapply(LL, mean))-mean(unlist(LL)))^2) 

/(ngroups - 1) 

        return(MOD / RES) 

 

    }  

    SIM <- sapply(1:nrep, simul)    

    RES <- as.randtest(obs = OBS, sim = SIM, alter = "greater", output = 

"full") 

    RES$call <- match.call() 

    class(RES) <- c(class(RES), "rtestsampledis") 

    return(RES) 

 

} 

 

posthoc <- function(Xtest, p.adjust.method = "none", output = c("light", 

"full")){ 

 

    if(!inherits(Xtest, "rtestsampledis")) stop("X must be of class 

rtestsampledis") 

    objectsX <- as.list(Xtest$call) 

    Comm <- eval.parent(objectsX$comm) 

    Dis <- eval.parent(objectsX$dis) 

    Fac <- eval.parent(objectsX$fac) 

    Fundis <- eval.parent(objectsX$fundis) 

    Option <- eval.parent(objectsX$option) 

    Nrep <- eval.parent(objectsX$nrep) 

    FFundis <- match.fun(Fundis) 

    if(length(objectsX)>7) { 

        FF <- formals(FFundis)  

        objectsXdots <- objectsX[-(1:7)] 

        for(i in 1:length(objectsXdots )){ 

        FF[names(objectsXdots)[i]] <- objectsXdots[[i]] 

        } 

        formals(FFundis) <- FF 

    } 

    levFac <- levels(Fac) 

    setFac <- combn(levFac, 2) 

 

    Distorefpool <- function(comm, dis) { 

        ncom <- nrow(comm) 



        funi <- function(i){ 

        Veta <- colSums(comm[-i, ])/(ncom-1) 

        comi <- cbind.data.frame(unlist(comm[i, ]), Veta) 

        comi <- as.data.frame(t(comi)) 

        colnames(comi) <- colnames(comm)  

        rownames(comi) <- c("k","eta") 

        return(as.vector(FFundis(comi, dis))) 

        } 

        RES <- sapply(1:ncom, funi) 

        names(RES) <- rownames(comm) 

        return(RES) 

    } 

 

    Rtestsampledis <- function(comm, dis, fac, option = 1:2, nrep = 999, 

...) { 

 

        dis <- as.dist(dis) 

        ngroups <- length(levels(fac)) 

        ncom <- nrow(comm) 

 

        if(option[1] == 1){ 

        Dhk <- as.matrix(FFundis(comm, dis)) 

        LDhk <- list() 

        for(i in 1:ngroups) { 

           LDhk[[i]] <- Dhk[fac==levels(fac)[i], fac==levels(fac)[i]] 

        } 

        LDk <- lapply(LDhk, function(x) sapply(1:nrow(x), function(j) 

mean(as.matrix(x)[j, -j])))  

        } 

        else { 

        LDk <- list() 

        for(i in 1:ngroups) { 

            LDk[[i]] <- Distorefpool(comm[fac==levels(fac)[i], ], dis) 

        } 

        } 

 

        EffRES <- unlist(lapply(LDk, length)) - 1  

        RES <- sum(unlist(lapply(LDk, var)) * EffRES) / (ncom - ngroups) 

        EffMOD <- unlist(lapply(LDk, length)) 

        MOD <- sum(EffMOD*(unlist(lapply(LDk, mean))-mean(unlist(LDk)))^2) 

/(ngroups - 1) 

        OBS <- MOD / RES 

        simul <- function(i) { 

 

        LL <- split(sample(unlist(LDk)), fac) 

        EffRES <- unlist(lapply(LL, length)) - 1  

        RES <- sum(unlist(lapply(LL, var)) * EffRES) / (ncom - ngroups) 

        EffMOD <- unlist(lapply(LL, length)) 

        MOD <- sum(EffMOD*(unlist(lapply(LL, mean))-mean(unlist(LL)))^2) 

/(ngroups - 1) 

        return(MOD / RES) 

 

        }  

        SIM <- sapply(1:nrep, simul)    

        return(list(obs=OBS, sim=SIM)) 

 

    } 

 

    FUNN <- function(Vi) { 

        FAC <- factor(as.character(Fac)[as.character(Fac)%in%Vi]) 



        COMM <- Comm[as.character(Fac)%in%Vi, ] 

        res <- Rtestsampledis(COMM, Dis, FAC, option = Option, nrep = Nrep) 

        return(res) 

    } 

    RESlist <- apply(setFac, 2, FUNN) 

    OBS <- unlist(lapply(RESlist, function(x) x$obs)) 

    SIM <- cbind.data.frame(lapply(RESlist, function(x) x$sim)) 

    colnames(SIM) <- apply(setFac, 2, function(x) paste(x, collapse="-")) 

    RES <- as.krandtest(sim = SIM, obs = OBS,  

        alter = "greater",  

        p.adjust.method = p.adjust.method, output = output) 

    RES$call <- match.call() 

    return(RES) 

 

} 
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