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Testing for differences in beta diversity from plot-to-plot dissimilarities

Abstract The central role of beta diversity in describing
biodiversity patterns has been investigated in many fields
of ecology and biogeography.While a variety ofmeasures
of beta diversity have been proposed over the past five
decades, the question of how to test for differences in beta
diversity among different sets of sampling plots has been
addressed only rarely. Here, we describe a simple analyt-
ical procedure to test for differences in beta diversity
among distinct sets of plots. The advantage of this ap-
proach compared to methods that have been previously
proposed lies in its randomization procedure. Such a
procedure creates a distribution of null values of the test
statistic that is compatible with the null hypothesis of no
significant difference in multivariate dispersion between
the groups. The proposed test was illustrated using a large
dataset of plant and water beetle (Coleoptera) assem-
blages collected from 45 farmland ponds in Ireland.
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Introduction

Beta diversity, defined as the variability in community
structure and composition among sites or sampling plots
(Whittaker 1960, 1972; Legendre et al. 2005), represents
a fundamental concept in community ecology since it
provides some insight into the potential factors that
make species assemblages more or less similar to one
another at different places and times (Anderson et al.
2011; Vellend 2010). The concept of beta-diversity plays
a central role in biodiversity assessments and conserva-
tion, since it complements information on alpha-diver-
sity, i.e., the number of species at a site, by providing
information on the spatial and/or temporal variation in
species composition (Margules and Pressey 2000).

The search for the measures of beta diversity that best
describe patterns of biodiversity in space and time has
long been ongoing. Given the broad generality of this
question, since the seminal work of Whittaker (1960,
1972) many different measures of beta diversity have
been proposed based on different ecological perspectives
and viewpoints (e.g., Wilson and Shmida 1984; Koleff
et al. 2003; Legendre et al. 2005; Jost et al. 2010;
Anderson et al. 2011; Tuomisto 2010a, b). A number of
approaches have been proposed to measure beta diver-
sity, including (1) methods that compute diversity indi-
ces for each site and test hypotheses about the factors
that may explain the variation among sites (Lande 1996;
Veech et al. 2002), or (2) methods that calculate beta
diversity by using variation partitioning (Legendre
2008). Methods that measure beta-diversity can also be
distinguished in univariate and multivariate measures,
depending on whether they refer to patterns in species
richness or whether they account for information on
species identity and abundance (Anderson 2006;
Anderson et al. 2011). In a recent review paper on
measures of beta diversity, Anderson et al. (2011) de-
scribes two types of measures of b diversity: turnover
and variation. While turnover aims at measuring chan-
ges in community structure between sampling units
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along spatial, temporal, and/or environmental gradients,
thus requiring defining specific gradients of interest with
directionality, variation in community structure between
sample units within a given spatial or temporal context,
within a certain group (such as a habitat type or
experimental treatment) is measured without having to
define any particular gradient or direction. In a multi-
variate context, this has a direct correspondence with the
multivariate dispersion or variance in community
structure defined by Anderson (2006) and Anderson
et al. (2006). From this latter point of view, a funda-
mental concept in the analysis of multivariate data is the
extent to which groups of observations may differ in
their relative dispersions. For example, increases or de-
creases in the multivariate dispersion of species data can
be an important symptom of environmental stress (see
Warwick and Clarke 1993; Clarke 1993).

Despite the existing arsenal of metrics that have been
proposed over the past five decades, the question of how
to test for differences in beta diversity among different
sets of sampling plots has been addressed only rarely.
Moreover, the majority of the available measures sum-
marize beta diversity by means of a single scalar value,
thus they are not appropriate to test for differences in
multivariate dispersions among groups of plots.

Anderson (2006) first proposed a test for differences
in beta diversity among different groups of plots
(PERMDISP), which is essentially a multivariate
extension of Levene’s test (Levene 1960). Based on
Whittaker’s (1972) idea that a pairwise plot-to-plot dis-
similarity matrix is per se an expression of beta diversity,
Anderson (2006) proposed to test for differences in beta
diversity among distinct groups of plots calculating an
F-statistic to compare the average distance of individual
plots to their group centroid; a P value is then obtained
by permuting such distances among the groups of plots.
This method is flexible, since it allows the similarity
between pairs of samples to be calculated using any
distance/dissimilarity measure of choice. However, while
for Euclidean distances, the group centroid can be easily
calculated as the arithmetic mean for each variable in the
multi-species space, for many ecologically relevant dis-
similarity measures like the Jaccard or Bray–Curtis
dissimilarities that are not Euclidean embeddable, the
calculation of the centroid is not as simple. More spe-
cifically, a matrix of S · S plot-to-plot dissimilarities
with elements dij is said to be Euclidean if the S plots can
be embedded in an Euclidean space such that the
Euclidean distance between plot i and plot j is dij (Gower
and Legendre 1986).

When non-Euclidean dissimilarities are preferred
over Euclidean distance measures, principal coordinate
analysis (PCoA) can be used to place the plots into a
Euclidean space that preserves the original dissimilarities
calculated among them. PCoA is an ordination method
that takes a symmetric matrix of plot-to-plot dissimi-
larities and outputs a set of Euclidean coordinates for
each plot such that the Euclidean distance between two
plots in the full-dimensional principal coordinate space

is equal to the original dissimilarity value between both
plots (Gower 1966; Legendre and Anderson 1999). If the
original dissimilarity measure is Euclidean embeddable,
the principal coordinate space contains real axes only.
However, if the original dissimilarity is not Euclidean,
then the ordination space is composed of both real and
imaginary axes, making the underlying calculations
more complex (see Anderson 2006).

To overcome these mathematical difficulties, Ricotta
and Burrascano (2009) proposed the calculation of an F-
statistic to compare the average distance between indi-
vidual plots to the pooled set of plots within each group.
As in PERMDISP, the P values are then obtained by
permuting such distances among groups. Unfortunately,
both tests suffer from using an overly simplistic ran-
domization procedure. For instance, given k distinct
groups of plots, the null hypothesis to be tested is that
there is no significant difference in multivariate disper-
sion (or beta diversity) between the k groups. Since the
value of the multivariate F-statistic used to test the null
hypothesis is unknown, a distribution of F under the null
hypothesis is generated by randomly shuffling the plots
into different groups a large number of times. The
problem here derives from the fact that, by randomly
reshuffling plots among groups, the distances of each
plot from the pooled set of plots within each group (in
the Ricotta and Burrascano test) or from the group
centroid (in PERMDISP) actually change at each ran-
domization step, while in both tests these distances are
kept constant during the randomization process.
Therefore, this randomization process, for both tests, is
not fully compatible with the null hypothesis to be tes-
ted.

Here we propose a method to test for differences in
beta diversity among distinct groups of plots based on a
randomization procedure compatible with the null
hypothesis of no significant difference in multivariate
dispersion between the groups. To show how the pro-
posed test works in practice, we used data from water
beetle and plant communities (species richness and
composition) in 45 farmland ponds in Ireland. Compu-
tations were performed using the R software and the
codes specifically developed to implement this procedure
are presented in ‘‘Appendix I’’.

Description of the test

To make the test as general and flexible as possible, it is
based on any pairwise plot-to-plot dissimilarity matrix
of choice that is reasonable for analyzing specific aspects
of ecological data. These dissimilarities (not necessarily
fulfilling the distance axioms) can be calculated using
species presence and absence data, species abundances,
or any type of ecologically meaningful functional,
morphological or phylogenetic difference between spe-
cies in different plots (Ives and Helmus 2010; Izsák and
Papp 1995; Izsák and Price 2001; Nipperess et al. 2010;
Ricotta and Bacaro 2010).
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Given such a pairwise dissimilarity matrix, the beta
diversity of a certain group of plots can be defined as
the mean of the plot-to-plot dissimilarities within the
group (Legendre et al. 2005; Whittaker 1972).
According to this definition, a test for differences in
beta diversity among different groups of plots can be
performed simply by comparing with ANOVA the
mean of these plot-to-plot dissimilarities among
groups. A distribution of values of the test-statistic
under the null hypothesis is then obtained by Mantel
randomization of the dissimilarity matrix (see Fig. 1 for
a schematic example).

A case study

To illustrate the proposed test with a real dataset, we
used data from farmland ponds in Ireland sampled
specifically to investigate the strength of vascular plant
species composition in predicting the composition of
water beetle (Coleoptera) assemblages (Gioria et al.
2010a, 2011). Farmland ponds play a major role in
maintaining biodiversity at the regional/landscape level,
and may support more species, as well as more
uncommon, rare, and threatened species, compared to
other freshwater ecosystem types (see Gioria et al.
2010a, b and references therein). In Ireland, farmland
ponds support a large proportion of the overall water
beetle fauna as well as species listed in the IUCN Red
List of Irish Water Beetles (Foster et al. 2009). Here, we
analyze a subset of this entire dataset (Gioria et al.
2010a) comprising 45 permanent ponds from which 67
plant and 77 water beetle species were recorded. The
ponds used for this study were sampled in two regions
(Region 1, Wexford, 19 ponds; 52°23¢ N, 6°23¢ W; Re-
gion 2, Mullingar, 26 ponds; 53°33¢ N, 7°25¢ W). Plant
data are expressed as percentage cover over a sampling

area comprised within 2 m from the pond margin within
each microhabitat type. Beetle abundance data are ex-
pressed as beetle counts collected over a standardized
time (3-min ‘net-in-the-water’, with sampling time di-
vided equally across microhabitat type) within the
sampling area where plant data were recorded. This
protocol allowed a direct comparison of plant and beetle
data since they were collected over the same surface area
(Gioria et al. 2011). Samples were collected in June/July
2008 for ponds located in Region 1, and in June/July
2009 for ponds located in Region 2.

A relationship between plants and water beetles was
expected. Gioria et al. (2010a, b, 2011) showed that
there is a moderate, consistent correlation in species
composition and diversity between plants and water
beetles. The nature of the relationship between these
taxonomic groups has long been described. Patterns in
water beetle composition are known to be correlated to
the structure and composition of the vegetation (e.g.,
Ranta 1985; Friday 1987; Gee et al. 1997; Painter 1999;
Declerck et al. 2006). Foster et al. (1992) showed that
the abundance of emergent vegetation was among the
most important factors in classifying Irish water bee-
tles. Foster and Eyre (1992) also suggested that the
density of the vegetation in standing water was
important in determining patterns in water beetle
assemblages in Britain. Gioria et al. (2010a, b) sug-
gested that the significant contribution of plant com-
munity composition in explaining patterns in water
beetle assemblages could depend upon a combination
of factors. First, the composition of wetland plants
directly affects the characteristics of the micro-habitats
available to water beetles by determining the physical
structure of the vegetation at a locality as well as the
availability of oviposition sites, food sources, and
shelter from predators (see also Painter 1999). Mor-
over, the composition of the vegetation has a direct
effect on the stability of the substrate and the cycling of
nutrients (e.g., Keddy 2000). Second, the composition
of the vegetation incorporates information on the bio-
tic and abiotic conditions at a locality (Keddy 2000;
Declerck et al. 2006; Schaffers et al. 2008). For in-
stance, the presence of submerged plant species incor-
porates information on pond permanency and
minimum depth, whilst, for instance, the dominance of
grasses and rushes encompasses information on pond
permanency and/or grazing intensity.

Plot-to-plot dissimilarity matrices were calculated
using (1) the Bray and Curtis (1957) dissimilarity mea-
sure, based on plants and beetle abundance data, and (2)
the Jaccard (1900) distance based on presence/absence
only. Differences in beta diversity between plant and
beetle assemblages were tested for the whole set of ponds
and for each region separately by comparing the average
of the calculated dissimilarities between the two groups
(plants and beetles) using an F test. P values were com-
puted from 999 permutations of the plot-to-plot dissim-
ilarities between the two groups. All calculations were
performed running a new function (‘BetaDispersion’

Fig. 1 Schematic example of the proposed test for differences in
beta diversity between two groups of plots, A and B, containing 4
and 5 plots, respectively. First, a dissimilarity matrix is computed
among all pairs of plots in both groups. The mean values of the
plot-to-plot dissimilarities within each group in the lower half-
matrix are then compared with ANOVA and a P value is calculated
by a Mantel randomization of the dissimilarity matrix
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freely available in ‘‘Appendix I’’) within the R statistical
environment (R Development Core Team 2010).

Results

The mean beta diversity values for each taxonomic
group are presented in Table 1. For the whole set of
ponds as well as for each region, the average pairwise
dissimilarities were higher for plant assemblages than for
beetle assemblages. The differences in the beta diversity
between plants and beetles, tested using the permuta-
tional procedure here described, were significantly dif-
ferent, for the whole dataset and within each region
(P values = 0.001 for all the performed comparisons,
Table 1).

Discussion

The dissimilarity-based test here described represents a
straightforward way of exploring differences in multi-
variate dispersions or beta diversity among groups of
plots. While a number of different approaches have been
proposed to test for differences in beta diversity among
groups of plots (Anderson 2006; Ricotta and Burras-
cano 2009), all testing procedures developed to date are
based on (1) a metric measuring the actual differences in
beta diversity among distinct sets of plots, and (2) a
randomization algorithm to assess the distribution of the
metric under a given null model. However, defining an
adequate null model for the specific hypothesis to be
tested is not a simple operation as slightly different
randomization procedures may imply considerably di-
verse null hypotheses that can ultimately have subtle and
often unintended effects on the actual ecological
hypotheses to be tested (Fortin and Jacquez 2000). Being
based on Mantel randomization of the original plot-to-
plot dissimilarity matrix, the test proposed in this paper
seems indeed compatible with the null hypothesis of no
significant difference in multivariate dispersion between
groups of plots.

The results of this study, based on field data, show
that the proposed method is useful to characterize
differences in beta diversity between different taxo-
nomic groups. From an ecological point of view, our
results showed that, in 45 permanent ponds in Ire-
land, the average plant beta diversity was consistently
higher than that of water beetles. This was evident
both when analyzing the full dataset and the regional
datasets.

Both theoretical and empirical studies have shown
that organisms usually show a spatial distribution
pattern if essential components of their environment
are patterned (Capers et al. 2010). Exogenous factors,
such as climate, soil type or solar activity, may regu-
late species distribution and diversity patterns at the
global scale based on spatial autocorrelation, related
to a similar occurrence probability in neighboring
sites, simply because the external factors show a spe-
cific autocorrelation pattern (Dormann 2006). At a
finer spatial scale, biotic and abiotic processes may
further cause a structuring within smaller areas of
relative environmental homogeneity or heterogeneity,
provoking a small-scale niche limitation (Legendre
1993; Wagner 2003). Thus, species may appear and
disappear along a compositional gradient (Wagner
2003; Bacaro and Ricotta 2007) at several spatial
scales, creating patterns of beta diversity (or beta
similarity). Moreover, the concept of beta diversity
can be applied along time intervals for the same
community. This is relevant when sampling commu-
nities that exhibit temporary pulses. In fact compari-
son among points will yield results that are largely
dependent on individual pulse phases of each com-
munity.

With respect to the dataset analyzed, highlighted
differences in beta diversities likely reflect the contribu-
tion of the main drivers of plant and water beetle
diversity patterns in Irish farmland ponds: among such
factors is pond size and depth.

While small ponds tend to be characterized by a
swamp zone dominated by Typha latifolia and/or
Phragmites australis, larger ponds tend to support

Table 1 Analyses of variance testing for significant differences in beta diversity between plant and beetle assemblages

Dataset Dissimilarity measure Average beta
diversity

Average beta
diversity

F Model P value

Beetles Plants

Full dataset Bray–Curtis 0.696 0.807 239.39 0.001
Jaccard 0.708 0.831 562.61 0.001

Region 1 Bray–Curtis 0.529 0.670 85.11 0.001
Jaccard 0.623 0.741 112.43 0.001

Region 2 Bray–Curtis 0.684 0.819 96.54 0.001
Jaccard 0.686 0.820 165.20 0.001

Two measures of dissimilarity were used to calculate beta diversity: the Bray–Curtis dissimilarity measure (for species abundance data)
and the Jaccard coefficient (for presence/absence data). Analyses were carried out for the whole set of 45 ponds as well as for each region
separately (Region 1, 19 ponds; Region 2, 26 ponds). P values were obtained by Mantel randomization of the original plot-to-plot distance
matrices (999 permutations)
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species-rich plant assemblages characterized by a range
of emergent, floating-leaved, as well as submerged spe-
cies (Gioria et al. 2010a, b). On the contrary, the com-
position of water beetle assemblages is less affected by
differences in these variables (Gioria et al. 2010a, b and
references therein).

In a similar fashion, grazing also has a major effect
on vegetation, leading to communities dominated by
Juncus species, grasses and zones of bare substratum
(Gioria et al. 2010b). The dominant substratum (clay vs
gravel) also substantially affects the diversity and
composition of plant assemblages, with gravel ponds
typically richer than those dominated by mud/clay.
This was evident in the fact that the dissimilarity cal-
culated for plant assemblages was higher in Region 2,
where seven ponds were dominated by a gravel sub-
stratum compared to only two found in Region 1 (see
Gioria et al. 2010a). The range of pH was also greater
in Region 2, where a number of ponds supported
charophyte species. On the other hand, a lower beta
diversity calculated for water beetles can be due partly
to the fact that those assemblages included a ‘core’ of
common species, widespread and generally abundant in
Ireland, that was found at each pond, independently of
pond size, management regime, or dominant substra-
tum. However, since different environmental factors
operate at different spatial scales, patterns of beta
diversity should depend on the grain size at which they
are analyzed (Steinitz et al. 2006). Similarly, extent is
expected to influence the pattern of species comple-
mentarity, since increasing extent should result in (1) a
higher habitat heterogeneity, and (2) a higher proba-
bility to include geographical barriers in the area con-
sidered.

From a more general viewpoint, the possibility to
use any meaningful dissimilarity coefficient for sum-
marizing beta diversity makes our method flexible, in
line with the broad definition of beta diversity used in
this paper. As these measures summarize plot-to-plot
dissimilarity from different viewpoints and perspectives,
the most important methodological decision consists of
selecting the coefficient that best captures the specific
aspect of plot-to-plot dissimilarity we want to measure.
Nonetheless, the same decision has to be made in vir-
tually any field of multivariate analysis. Therefore, we
see this generality more as an advantage than as a
disadvantage, allowing ecologists to compute relevant
facets of beta diversity with the largest possible flexi-
bility.
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Appendix I: R function ‘BetaDispersion’

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/.

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.

Description The function ‘BetaDispersion’ performs
test for differences in beta diversity among distinct
groups of plots. The test is based on any pairwise plot-
to-plot dissimilarity matrix of choice that is reasonable
for analyzing specific aspects of ecological data. Given
such a pairwise dissimilarity matrix, BetaDispersion
compares with ANOVA the mean of the plot-to-plot
dissimilarities among groups. A distribution of values of
the test-statistic under the null hypothesis is then ob-
tained by Mantel randomization of the dissimilarity
matrix.

Dependencies None
Usage Betadispersion(data, factor, permutations =

999)

Arguments

Data An n · n matrix of distances or an object of class
‘‘dist’’ (as obtained by functions as vegdist or gowdis).

Factor Vector describing the group structure, usually
a factor or an object that can be coerced to a factor
using ‘as.factor’.

Permutations Number of replicate permutations used
for the hypothesis tests (F tests). If not provided, the
default value of 999 is assumed.

Outputs

The function returns a list of two objects:

1. ‘Anova table’: typical analysis of variance table
showing sources of variation, degrees of freedom,
sequential sums squares, mean squares, F statistics
and P value, based on the selected number of per-
mutations.

2. Mean within group distance.

Details Significance tests are done using F-tests based
on sequential sums of squares from permutations of the
raw data, and not permutations of residuals. Permuta-
tions of the raw data may have better small sample
characteristics. Further, the precise meaning of
hypothesis tests will depend upon precisely what is
permuted.

289



Function syntax

betadispersion<-function(data, factor, permutation)
{
x<-as.dist(data)
x.estend <- as.vector(x)
if (missing(permutation))
permutation<- 999
N <- attributes(x)$Size
grouping <- as.factor(factor)
matched <- function(irow, icol, grouping) {
grouping[irow] == grouping[icol]
}
irow <- as.vector(as.dist(row(matrix(nrow = N, ncol = N))))
icol <- as.vector(as.dist(col(matrix(nrow = N, ncol = N))))
within <- matched(irow, icol, grouping)
cl.vec <- rep(‘‘Between’’, length(x))
take <- as.numeric(irow[within])
cl.vec[within] <- levels(grouping)[grouping[take]]
cl.vec <- factor(cl.vec, levels = c(‘‘Between’’, levels(grouping)))
frame<-data.frame(x.estend, cl.vec)
reduced<-frame[!cl.vec==‘‘Between’’,]
oneway <- lm(x.estend � cl.vec, data=reduced)
promo<-anova(oneway,test=‘‘F’’)
F.mod<-promo[1,4]
Average_Beta_Whitin<-tapply(reduced$x.estend, list(cl.vec=reduced$cl.vec), mean, na.rm=TRUE)
permutedist <- function(m) {
permutevec <- function(v, perm) return(v[perm])
m <- as.matrix(m)
n <- ncol(m)
w0 <- sample(n)
mperm <- apply(m, 1, permutevec, perm = w0)
mperm <- t(mperm)
mperm <- apply(mperm, 2, permutevec, perm = w0)
return(as.dist(t(mperm)))
}
permF <-array(dim=c(permutation,1))
for (i in 1:permutation)
{
permi<-permutedist(x)
vect<- as.vector(permi)
asso<-data.frame(vect, cl.vec)
reduced_asso<-asso[!cl.vec==‘‘Between’’,]
model<- lm(vect � cl.vec, data=reduced_asso)
vin<-anova(model,test=‘‘F’’)
permF[i,1]<-vin[1,4]
}
tab <- data.frame(Df = promo[,1], SumsOfSqs = promo[,2],
MeanSqs = promo[,3], F.Model = promo[,4],
P = c((rowSums(t(permF) >= F.mod) + 1)/(permutation +
1), NA))
rownames(tab) <- c(‘‘Factor’’,’’Residuals’’)
colnames(tab)[ncol(tab)] <- ‘‘Pr(>F)’’
class(tab) <- c(‘‘anova’’, class(tab))
Average_Beta_Whitin<-data.frame(Average_Beta_Whitin)
col1<-row.names(Average_Beta_Whitin)
col2<-Average_Beta_Whitin[,1]
Summary_beta<-data.frame(col1,col2)
Summary<-data.frame(Summary_beta[2:nrow(Summary_beta),])

290



colnames(Summary)<-c(‘‘Group’’, ‘‘Average Beta’’)
output<-list(tab,Summary)
output
}

Example (require the ‘‘vegan’’ library)
data(dune)
data(dune.env)
dune.dist <- vegdist(dune)
attach(dune.env)
betadispersion(dune.dist, Management,999)
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