
Introduction

Ponds play a central role as reservoirs of biodiversity re-
gionally, supporting a disproportionately large number of
species relative to their surface area, particularly within the
agricultural matrix, where they may act as biodiversity ‘hot-
spots’ (Céréghino et al. 2008), supporting uncommon,
unique, and rare species (Williams et al. 2004, Gioria et al.
2010). The conservation of ponds ultimately relies on a solid
understanding of the principal determinants of pond biodi-
versity, which is a function of local and regional variables as
well as of processes of dispersal and speciation, land use his-
tory, and degree of habitat patchiness (Heino 2000, Wood et
al. 2003, Céréghino et al. 2008).

To date, extensive research efforts have focused on
evaluating biotic-abiotic relationships in ponds. These stud-
ies have highlighted the importance of factors such as eutro-
phication, connectivity, and hydro-period in determining
patterns of pond biodiversity (Heino 2000, Fairchild et al.
2003, Céréghino et al. 2008). Contrasting patterns have,
however, emerged while assessing the relationship between

pond community patterns and factors such as pond size, pond
age, or water chemical gradients (e.g., Gee et al. 1997, Heino
2000, Oertli et al. 2002, Gioria et al. 2010).

The difficulties in making generalizations on the main
drivers of patterns in pond biodiversity have often been at-
tributed to 1) the heterogeneity in the biotic and biotic condi-
tions that characterize each pond, 2) random colonization
events, and 3) the tolerance of many taxa to large abiotic gra-
dients (Heino 2000, Jeffries 2008). Although there is no
doubt that certain environmental and habitat conditions play
a critical role in determining pond biodiversity, differences
in the approach used to analyze community patterns may
have major effects on the outcomes of any ecological study.

Ecologists may employ a wide range of analytical ap-
proaches to assess biotic-abiotic relationships and new meth-
ods are occasionally proposed to address the difficulties as-
sociated with the analysis of species data or the drawbacks of
previously-developed models (e.g., Clarke 1993, Guisan and
Zimmerman 2000, Thuiller 2003, Blanchet et al. 2008). In
the field of aquatic ecology, a remarkably different approach
to the analysis of community data has been adopted by ma-
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rine and freshwater ecologists over the years, despite the high
similarity in the complexity and nature of such data. Fresh-
water ecologists have made extensive use of canonical corre-
spondence analysis (CCA; ter Braak 1986) to evaluate biotic-
abiotic relationships in ponds and lakes (e.g., Nicolet et al.
2004, Studinski and Grubbs 2007), despite the use of CCA
to analyze community data has long been discouraged due to
the implicit use of chi-square distances as the measure of dis-
similarity between pairs of samples (see e.g., Clarke 1993,
Legendre and Legendre 1998). The use of multivariate non-
parametric or semi-metric approaches has therefore been
strongly recommended (Clarke 1993, Anderson 2001).
These methods, including analysis of similarities (ANOSIM,
Clarke 1993), the BIO-ENV procedure proposed by Clarke
and Ainsworth (1993), and permutational multivariate analy-
sis of variance (PERMANOVA, Anderson 2001), have been
widely applied to the analysis of marine community struc-
ture. In addition to these methods, Mantel tests (Mantel
1997) and Procrustean randomization tests (Gower 1971,
Jackson 1995, see Peres-Neto and Jackson 2001 and refer-
ences therein) have also been applied to the analysis of com-
munity patterns in aquatic ecosystems.

The aim of this paper is to compare the results of a
number of methods that have been applied widely to the
analysis of community patterns by using data from 45 farm-
land ponds in Ireland (see Gioria et al. 2010). To characterize
and quantify the potential differences in the outcomes of
these analytical approaches, we modelled the relationship be-
tween a range of environmental variables and community
patterns (species richness and species composition) for water
beetles and wetland plants. These taxa have been commonly
used to evaluate biodiversity in ponds and tend to respond in
a similar way to the same set of environmental variables (see
Gioria et al. 2010 and references therein). Vascular plants are
considered to be a good surrogate taxon for invertebrate bio-
diversity, in both terrestrial and aquatic systems, since they
are sensitive to environmental changes and are characterized
by a well-described ecology and taxonomy (e.g., Rodwell
1995, Sætersdal et al. 2003, Schaffers et al. 2008). In ponds,
the use of water beetles as surrogates for invertebrate biodi-
versity and as indicators of anthropogenic disturbance has
also been recommended (e.g., Foster et al. 1992, Menetrey et
al. 2005, Bilton et al. 2006).

Specifically, we aimed at evaluating and comparing po-
tential differences in: 1) the number of variables selected in
the reduced models; 2) the contribution of each selected vari-
able to the variance in the study response variable; 3) the
overall variance explained by the reduced models; and 4)
models of species richness versus model in species composi-
tion. This information is critical to a sound interpretation of
any theoretical model and to the development of effective
management practices and conservation programs.

Material and methods

To perform this modeling exercise, we used data from 45
permanent ponds located in two intensively farmed regions

in Ireland (Wexford, 52°23’N, 6°23’W; Mullingar, 53°33’N,
7°25’W, see Gioria et al. 2010 for details on the sampling
protocol). Beetle community data consist of species abun-
dance data, while vegetation data are expressed as percentage
cover. To model vegetation data, we used three categorical
variables: grazing intensity (grazed, fenced, ungrazed); pond
dominant substratum (mud, gravel); and pond age (2-10
years, >10 years), as well as nine continuous variables: pond
surface area; maximum pond depth; maximum depth of sam-
pling; conductivity; pH; alkalinity; ammonia (NH�-N); and
nutrients (NO�-N, PO�-P). To model beetle data, we used
two additional explanatory variables: plant species richness
and plant vegetation cover over the sampled area (Table 1).

Modeling species richness

The relationship between species richness and the sets of
explanatory variables was investigated, separately for plants
and beetles, using three procedures: 1) a generalized linear
model (GLM; McCullagh and Nelder 1989); 2) a parametric
multiple regression model based on a permutational forward
selection procedure (FP; Blanchet et al. 2008); and 3) non-
parametric distance-based multivariate analysis for linear
models (DISTML; Anderson 2001, McArdle and Anderson
2001).

Species richness and environmental data were log-trans-
formed prior to data analyses. Multi-collinearity between
pairs of variables was examined using the Pearson’s correla-
tion coefficient (r) as well as variance inflation factor analy-
sis (VIF; Montgomery and Peck 1982), which was per-
formed on the full models. The maximum correlation
between variables was always below 0.60, for both response
variables (beetle and plant species richness), and individual
VIF values were never above 10. We therefore retained all
the explanatory variables in the full models.

For the GLM, we used the Poisson model family to
model species richness (Guisan and Zimmermann 2000), ap-
plying the log-link function to relate the mean value of the
response variables to their linear explanatory variables
(Crawley 1993). The reduced model was constructed by fol-
lowing a number of steps. First, we computed the deviance
for the null model to calculate the value of the intercept, and
we constructed a full model using all the explanatory vari-
ables to quantify the total variance in the response variable
explained by all the explanatory variables. We then used an
iterative stepwise (backward and forward) procedure to iden-
tify the variables to be included in the reduced model (see
Guisan and Zimmermann 2000). We used the Akaike Infor-
mation Criterion (AIC; Hastie and Pregibon 1993) and the
Bayesian Information Criterion (BIC; Schwarz 1978) as the
model selection criteria (see Burnham and Anderson 2004
for a review of model selection criteria). The χ� statistic was
used to test the significance of each variable retained in the
reduced model (α = 0.05, see Crawley 1993). The goodness-
of-fit of the selected model was evaluated using the adjusted
deviance D

� (Guisan and Zimmermann 2000) and the χ� test
was performed to evaluate whether there were statistically
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significant differences between the full and the reduced
model. We then performed a weighted analysis of deviance
to evaluate the performance of the selected model in predict-
ing the relationship between species richness and the predic-
tor variables (McCullagh and Nelder 1989). To calculate the
prediction error for the GLMs, we performed a leave-one-out
cross-validation (Guisan and Zimmermann 2000). Finally,
we calculated the coefficient of correlation (r) between the
values predicted by the reduced model and the observed val-
ues of the response variables.

The forward selection procedure proposed by Blanchet
et al. (2008) was here used since it was developed to prevent
two well-known problems associated with the use of classic
forward selection: 1) the overestimation of the explained
variance and 2) an inflated Type I Error (Blanchet et al.
2008). This procedure is based on two stopping criteria: 1)
the significance level α (here set at 0.05) and 2) an adjusted
coefficient of determination (maximum R

�
���), calculated by

constructing a full model inclusive of all explanatory vari-
ables. This procedure performs a forward selection by per-
mutation of residuals under the reduced model. When for-
ward selection identifies a variable that brings one or the
other criterion over the fixed threshold, that variable is re-
jected, and the procedure is stopped. One of the advantages
of this method is that the selection of useless variables occurs
less often and fewer variables are selected (Blanchet et al.
2008).

DISTLM is a non-parametric procedure that performs a
distance-based analysis on a linear model for any dissimilar-
ity matrix (McArdle and Anderson 2001). The purpose of
DISTLM is to perform a permutational test for the multivari-
ate null hypothesis of no relationship between two matrices
on the basis of any distance measure of choice, using permu-

tations of the observations. Here, we applied a forward selec-
tion of the predictor variables, running 9999 tests by permu-
tation (α = 0.05). The Euclidean distance was used as the
measure of dissimilarity between pairs of samples for log-
transformed species richness data.

Modeling species composition

We used four analytical procedures to model patterns in
species composition (sample × species matrices): 1) classical
canonical correspondence analysis (CCA), using a stepwise
variable selection; 2) a forward selection procedure de-
scribed by Blanchet et al. (2008); 3) BIO-ENV (Clarke and
Ainsworth 1993); and 4) DISTLM (forward selection of the
predictor variables, 9999 permutations). Environmental vari-
ables were log-transformed prior to multivariate data analy-
ses, while plant and beetle species composition data were
log(x+1)-transformed.

Two measures of dissimilarity were applied to species
composition data in non-parametric models: 1) the Bray-
Curtis dissimilarity measure (d��; Bray and Curtis 1957) and
2) a modified Gower distance (d��) proposed by Legendre
and Legendre (1998). The d�� was selected due to its useful
properties in the analysis of community data and its wide use
in ecological studies (Clarke 1993, Legendre and Legendre
1998), while the d�� was used since it has the advantage of
being explicit about the contribution of differences in species
identity and relative abundances (here, such differences were
assigned weight: 1).

BIO-ENV is permutational procedure that aims at iden-
tifying the combination of environmental variables that
maximizes the correlation between a biotic and an environ-
mental data matrix (Clarke and Ainsworth 1993). We used
the Spearman rank coefficient of correlation (ρ�) as the meas-
ure of correlation between biotic and environmental vari-
ables. We used Euclidean distance as the measure of dissimi-
larity between pairs of samples for environmental data, and
we performed 9999 random permutations of all combina-
tions of variables.

Prior to performing these analyses, we used permuta-
tional multivariate analysis of variance (PERMANOVA;
Anderson 2001) to test whether the factor ‘region’ (two lev-
els) had any significant effect on beetle and plant assem-
blages. Since the effects of regional differences were not sig-
nificant, this factor was not included in the analyses. GLM,
FP, and CCA models were performed using the R software
2.10.1 (R Development Core Team 2010, see electronic sup-
plement), while DISTML, BIO-ENV, and PERMANOVA
procedures were performed using the statistical package
PRIMER v.6 and PERMANOVA+ (Clarke and Warwick
2001, Anderson et al. 2008).

Results

The relationship between environmental variables and
biotic communities varied from weak to strong, depending
on 1) the response variable (species richness versus species
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composition), 2) the model (three models of species richness,
four models of species composition), 3) the measure of dis-
similarity used in the non-parametric multivariate ap-
proaches, and on 4) the model selection criterion in the GLM
and the DISTLM.

As for patterns of species richness, the GLM and
DISTLM models explained a similar amount of variation
(70-73% for beetles and 53-56% for plants), despite selecting
a different number of variables and the different contribution
percentage of each selected variable to the overall explained

variance (Table 2 and 3). The FP model selected a lower
number of variables compared to the GLM and the DISTLM,
and explained a lower amount of variation (~63% and ~48%
of variation in beetle and plant species richness, respectively,
Table 4). The model selection criterion in the GLM (AIC ver-

sus BIC) had only a marginal effect on the overall explained
variance, while a substantial difference was evident in the
number of variables included in the reduced models. In the
DISTLM models, the use of the BIC as compared to the AIC
resulted in the selection of a lower number of variables, each
of which explained the same amount of variance (Table 3).
The same is true when species composition data were used as
the response variable (Table 5).

Models of species composition explained a lower per-
centage of variation compared to those of species richness
(Table 4 and 5). When modeling species composition, the FP,
the DISTLM_AIC), and the BIO-ENV models selected a
similar number of variables, although the FP reduced models
explained a lower percentage of variance, particularly for
plant species composition. The CCA models retained only
two significant variables in both communities (Table 5); the
use of the AIC versus the BIC did not affect the models.

In the DISTLM_BIC model, only 1-2 variables were se-
lected, compared to up to seven variables included in the
DISTLM_AIC. The choice of the dissimilarity measures
(d�� versus d��) in the non-parametric models (BIO-ENV
and DISTLM) affected the overall explained variance in spe-
cies composition, for both beetle and plant data, but did not
affect the identity of the selected variables or their order of
contribution to the explained variance (Table 5).

All the models included depth-related variables and type
of substratum among the most significant determinants of
species composition patterns, for both plant and beetle com-
munities. The variable ‘maximum sampling depth’ was se-
lected as the most important driver of patterns in beetle and
plant species composition by the DISTLM_AIC and the
BIO-ENV models, while the FP model of beetle species com-
position and CCA (both for plants and beetles) emphasized
the contribution of ‘maximum pond depth’ to the total ex-
plained variance.

Discussion

Biotic-abiotic relationships in the study ponds ranged
from weak to strong, for both plant and beetle communities.
The use of different analytical approaches and response vari-
ables (species richness versus species composition) affected
the overall variance explained by the reduced models, the
identity of the variables selected in the reduced models, the
total number of retained variables, and the contribution of the
selected environmental variables to the explained variance.

Models of species richness explained a larger percentage
of variation compared to models of species composition,
showing a strong relationship between beetle species rich-
ness and environmental variables, while a moderate relation-
ship was found for plant species richness. The lower variance
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explained by the models of species composition reflects the
higher complexity of multispecies abundance, consistent
with previous investigations in terrestrial systems (e.g.,
Guisan et al. 1999, Su et al. 2004). The high variability of
species composition data was also evident from the fact that
only two explanatory variables were never selected by any of
the models of species of composition. Some variables were
significant determinants of patterns in species composition

only (e.g., pond age), providing additional evidence that spe-
cies richness may not summarize exhaustively community
patterns, as previously suggested (Clarke 1993, Su et al.
2004, Fleishman et al. 2006).

When modeling species richness, the forward procedure
proposed by Blanchet et al. (2008) resulted in the selection
of a lower number of significant variables compared to GLM
and explained a lower percentage of variation, indicating that
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this method does indeed avoid calculating an over-inflated
variance. These differences/advantages were not, however,
evident when using the FP to model patterns in species com-
position. The use of parametric versus non-parametric ap-
proaches to model species richness (GLM and FP versus

DISTLM) also resulted in differences in the number, iden-
tity, and contribution of the significant variables to the over-
all explained variance. The GLM and the DISTLM explained
virtually the same amount of variation, probably due to the
fact that species richness was normalized prior to the data
analyses, allowing the use of a parametric measure of dis-
similarity (Euclidean distance) in the DISTLM.

All the models selected pond-depth related variables and
substratum among the significant determinants of plant and
beetle community patterns, consistent with previous studies
on plant and invertebrate assemblages in ponds and lakes
(e.g., Rodwell 1995, Fairchild et al. 2003, Pakulnicka 2008).
Some of the study models emphasized the role of maximum
pond depth as a determinant of biodiversity patterns, while
others identified in maximum depth of sampling the major
determinants of such patterns. Despite being depth-related,
these measures encompass different information, as indi-
cated by their low correlation in permanent ponds. While
maximum sampling depth provides information on the
aquatic-terrestrial transition zones of a pond, maximum pond
depth affects the presence of emergent and submerged plant
species. Thus, the selection of only one pond depth-related
measure may have important implications for the develop-
ment of conservation strategies. The contribution of chemi-
cal variables to patterns in beetle and plant species composi-
tion was not always evident in the reduced models, consistent
with previous investigations in ponds (Gee et al. 1997, Ni-
colet et al. 2004, Heino 2000, Jeffries 2008). This is likely
due to the absence, in the ponds used for this study, of large
chemical gradients and extreme conditions, as well as to a
broad tolerance of the recorded species to physico-chemical
variables (Gioria et al. 2010).

The differences in the measure of dissimilarity used in
the non-parametric models and in the model selection crite-
rion (AIC versus BIC) affected both the overall explained
variance and the number of variables included in the reduced
models. It is beyond the scope of this paper to discuss the
differences in the properties of these or other dissimilarity
measures (see Legendre and Legendre 1998) or criteria of
model selection (see Burnham and Anderson 2004). Al-
though we do not here suggest the use of multiple dissimilar-
ity measures/criteria, we showed that ecologists must be
aware that their choice in relation to the use of alternative
measures/criteria may affect substantially the outcomes of
any model and must therefore be based on the type of data
we intend to analyze. The same can be said of the choice of
the transformation applied to both biotic and abiotic vari-
ables prior to the analysis, although not presented in this
study (M. Gioria, unpublished results).

CCA was the multivariate method that selected the low-
est number of significant variables (pond-depth related

measures and substratum) and did not include ‘pond surface
area’ among the significant drivers of vegetation patterns.
This indicates that extreme caution is required when inter-
preting the ecological significance of the results of only one
theoretical model, and that multiple analytical approaches
should be used in the analysis of biodiversity patterns. Each
method has, in fact, advantages and drawbacks over others.
In a comparison of CCA and GLM models of plant species
distribution, Guisan et al. (1999) concluded that while CCA
gives a broader view of ecological gradients in an area, par-
ticularly in the presence of rare species, GLM provides better
species-specific models, although both approaches showed a
similar ranking of model quality. In a study on littoral ascidi-
ans, Naranjo et al. (1996) compared the results of CCA and
BIO-ENV and suggested a combined use of these methods,
despite being conceptually different. Since the BIO-ENV
procedure includes a stopping rule when ρ� decreases with
the inclusion of unimportant variables, these authors recom-
mended the use of BIO-ENV to select the variables that
would be subsequently used as the explanatory variables in a
CCA.

The use of multi-trophic groups may aid in the interpre-
tation of the results of theoretical models aimed at assessing
the effects of environmental variables on biotic communities.
Here, the combined use of plant and beetle data provided use-
ful information on both the direct and the potential indirect
of the environmental variables on the ecological quality of
the study ponds. The role of the vegetation in providing food,
shelter from predators, and a physical structure to inverte-
brate communities has been reported in both aquatic and ter-
restrial systems (e.g., Foster et al. 1990, 1992, Schaffers et al.
2008), and the strength of vegetation patterns in predicting
water beetle species composition has been recently quanti-
fied (Gioria et al. 2010).

Information on species identity is also central to a proper
interpretation of the results of any theoretical model. Here,
the variable ‘pond surface area’ was not always selected
among the determinants of plant or beetle community pat-
terns. However, even if larger ponds support significantly
more diverse communities, the role of small or temporary
ponds in maintaining habitat connectivity and in acting as a
refuge to some species may be central to the maintenance of
biodiversity at the regional level, as previously shown in
other studies (e.g., Nicolet et al. 2004, Biggs et al. 2005,
Gioria et al. 2010). The role of species identity could be in-
cluded in theoretical models by using weights accounting for
a species’ rarity and conservation value. This information
could be already be available for certain regions and taxo-
nomic groups (e.g., Foster et al. 1990).

As the field of pond ecology rapidly increases, there is a
growing need for adopting common analytical approaches
that allow for a synthesis of the results of a multiplicity of
studies. This could be best achieved by progressively com-
bining information from purely observational investigations
with results obtained from experimental studies. In the long
term, the use of balanced experimental designs and hypothe-
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sis testing procedures would allow a more rigorous quantifi-
cation of the effects of categorical variables and of the inter-
actions among variables. It would also allow conducting
meta-analysis studies and drawing more general conclusions
about the effects of specific variables on communities and
ecosystems.

Conclusions

Our results confirm that a critical approach is required
when discussing biotic-abiotic relationships based on the re-
sults of theoretical models. As pointed out by Guthery et al.
(2005) in a broader context, any theoretical model of biodi-
versity, in any system, should possess an interpretable and
ecologically-sound meaning, and that no model selection cri-
terion can replace an ecologist’s experience. We cannot pro-
vide a remedy for the agony of selecting the most appropriate
procedure to model biotic-abiotic relationships. Based on our
results, however, we can make some general recommenda-
tions. First, we recommend the use of both species richness
and species abundance data as the response variables of mod-
els of biodiversity. Second, we recommend the use of at least
two modeling approaches for each response variable (uni-
variate and multivariate), to increase the likelihood of detect-
ing the major contributors of biodiversity patterns and to ac-
count for the highly variable nature of species data.
Non-parametric modeling approaches should be included in
studies of biotic-abiotic relationships, since these methods
are flexible, robust, and have long been shown to be more
appropriate for the analysis of community data, not being
based on any assumption of multivariate normality (see
Clarke 1993). Moreover, the use of non-parametric methods
does not require data transformation, such as the one applied
in this study for comparative reasons, avoiding having to re-
duce the contribution of species abundance data in the mod-
els to information similar to that provided by presence/ab-
sence data. Finally, we encourage the use of sampling
designs and analytical approaches that allow for a synthesis
of the results of a multiplicity of studies. This would be best
achieved by progressively shifting from purely observational
studies to experimental investigations and to the use of hy-
pothesis testing analytical procedures.
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Electronic supplement: R packages and functions

The file may be downloaded from the web site of the
publisher at www.akademiai.com.
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