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INTRODUCTION

Spatial distribution of a species is not stable in time
and space (Rosenzweig 1995). It changes continually,
being the result of the adjustment of the species’ physi-
ology and life cycle to both abiotic and biotic factors
(Longhurst 1998). Chorology, the study of the spatial
distribution of organisms and the factors involved in its
control necessitates having a clear idea of the eco-
logical niche of the species (Lacoste & Salanon 2001).
Among the different definitions of the ecological niche
of a species that have been proposed (e.g. Grinnell
1917, Elton 1927), the one from Hutchinson (1957) has
been the most influential. Hutchinson (1957) defined
the ecological niche as a multidimensional hypervol-
ume with the factors of the environment as the axes.
Contrary to the definition proposed by Grinnell (1917),
the niche is a property of a species, not a property of
the environment (Harmon et al. 2005). The notion of

Hutchinson (1957) is simple and represents a rigorous
way of assessing the niche of a species (Pulliam 2000).

Forecasting the spatial distribution of a species has
become an important issue in conservation (Austin
2002, Elith et al. 2006). Assessing the ecological niche
of a species is important in terms of managing endan-
gered species (Sanchez-Cordero et al. 2005), predict-
ing the responses of species to global climate change
(Pearson 1994, Berry et al. 2002) or assessing the
potential effects of invasion of non-native species
(Jackson et al. 2001). Researchers are commonly inter-
ested in (1) quantifying the breadth of the niche and
(2) knowing whether the ecological niches of 2 species
are distinct (e.g. Stewart et al. 2003). For up to 3 envi-
ronmental factors, niche comparison can be accom-
plished by a simple examination of scatterplots (i.e.
abundance as a function of the environmental descrip-
tors). However, this method can lead to misinterpre-
tation and does not numerically quantify either the

© Inter-Research 2008 · www.int-res.com*Email: gregory.beaugrand@univ-lille1.fr

Simple procedures to assess and compare the 
ecological niche of species

Grégory Beaugrand1,*, Pierre Helaouët1, 2

1Centre National de la Recherche Scientifique (CNRS), UMR 8013 ELICO, Station Marine, BP 80, 62930 Wimereux, France
2Sir Alister Hardy Foundation for Ocean Science, The Laboratory Citadel Hill, Plymouth PL1 2PB, UK

ABSTRACT: Hutchinson’s (1957; Cold Spring Harbour Symp Quant Biol 22:415–427) niche concept
is being used increasingly in the context of global change, and is currently applied to many ecologi-
cal issues including climate change, exotic species invasion and management of endangered species.
For both the marine and terrestrial realms, there is a growing need to assess the breadth of the niches
of individual species and to make comparisons among them to forecast the species’ capabilities to
adapt to global change. In this paper, we describe simple non-parametric multivariate procedures
derived from a method originally used in climatology to (1) evaluate the breadth of the ecological
niche of a species and (2) examine whether the niches are significantly separated. We first applied
the statistical procedures to a simple fictive example of 3 species separated by 2 environmental fac-
tors in order to describe the technique. We then used it to quantify and compare the ecological niche
of 2 key-structural marine zooplankton copepod species, Calanus finmarchicus and C. helgolandicus,
in the northern part of the North Atlantic Ocean using 3 environmental factors. The test demonstrates
that the niches of both species are significantly separated and that the coldwater species has a niche
larger than that of its warmer-water congeneric species.

KEY WORDS:  Ecological niche · Niche assessment · Statistical modeling · Macroecology

Resale or republication not permitted without written consent of the publisher



Mar Ecol Prog Ser 363: 29–37, 2008

breadth of the niche of a species or the probability that
the niches are separated. Austin et al. (2006) recently
stressed that quantifying the niche breadths along
gradients remained an unresolved scientific issue. We
propose simple multivariate non-parametric proce-
dures derived from a method originally used in clima-
tology (Mielke et al. 1981) to (1) numerically assess
species niche breadth and (2) evaluate whether the
ecological niches are significantly distinct. First, we
describe the technique using a simple fictive example
of 3 species distinguished by 2 factors. Then, we apply
the technique on 2 key structural marine zooplankton
copepod species in the northern part of the North
Atlantic Ocean.

MATERIALS AND METHODS

Study area and biological data. The study zone cor-
responds to the northern part of the North Atlantic
Ocean and extends from 99.5° W to 19.5° E longitude
and 29.5° N to 69.5° N latitude. Biological data were
provided by the Continuous Plankton Recorder (CPR)
survey; information describing this large-scale plank-
ton monitoring programme can be found in Warner &
Hays (1994), Batten et al. (2003) and Reid et al. (2003).
Data for the period from 1958 to 2002 were used in the
present study (Fig. 1). We applied numerical proce-
dures to assess and compare the ecological niches of
2 marine pelagic calanoid copepods, Calanus finmar-
chicus and C. helgolandicus. These calanoids are key
structural species in subarctic (C. finmarchicus) and
temperate shelf-edge (C. helgolandicus) regions of the
North Atlantic Ocean (e.g. Bonnet et al. 2005, Speirs et
al. 2005).

Environmental data. Three environmental factors
were used to assess the ecological niches of the 2 Cala-
nus species. The spatial extent of the environmental
data considered in the present study is shown in Fig. 1.
Temperature was an essential factor because of its rec-
ognized influence on plankton (Reid & Edwards 2001a,
Beaugrand & Reid 2003, Beaugrand et al. 2003). Tem-
perature data were provided by the Comprehensive
Ocean–Atmosphere Data Set (COADS; www.cdc.
noaa.gov) (Woodruff et al. 1987). Salinity also consti-
tutes an important factor for many species (Mauchline
1998). Salinity data were extracted from the ‘World
Ocean Atlas 2001’ database (www.nodc.noaa.gov/
OC5/WOA01/pr_woa01.html). Bathymetry is a factor
especially influential for distribution of C. helgolandi-
cus, which is considered to be a pseudo-oceanic spe-
cies (i.e. a species that can be found in oceanic and
neritic waters, but is mostly abundant above the shelf-
edge, Beaugrand et al. 2002a). Bathymetry data came
from the General Bathymetric Chart of the Oceans

(GEBCO; www.bodc.ac.uk/projects/international/gebco)
database and an index of spatial variability in the
bathymetry was calculated. In a geographical cell of 1°
latitude and 1° longitude, both the average and stan-
dard deviation of bathymetry data were first calculated
(225 data per geographical cell). Then, the coefficient
of variation (CV) was calculated as the percentage
ratio of the standard deviation to the mean. A high
variability in the bathymetry generally indicates con-
tinental slope regions (Fig. 2). The procedure is
explained in more detail by Helaouët & Beaugrand
(2007).

Pre-processing of data. We calculated the mean
abundance of both Calanus species for each category
of (1) temperature (every 2°C between –3°C to 35°C),
(2) salinity (every 0.5 psu between <30 psu and
>39.5 psu) and (3) spatial variability of the bathymetry
(every 10 m between <–100 m and 0 m). The class
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Fig. 1. (A) Spatial distribution of North Atlantic mean sea sur-
face temperatures (grey scales), which reflect the spatial ex-
tent of environmental data used in this study. The isobaths of
200 m are also indicated. (B) Spatial distributions of the
Continuous Plankton Recorder (CPR) samples for the period 

1958–2002 (191028 CPR samples, grey dots)
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intervals of each variable were selected on the basis of
the examination of the frequency histogram of each
environmental factor. This stage of the analysis was
performed to represent visually the ecological niche of
the species and then to apply the statistical procedures
described as follows.

If X(m,p) is the matrix of p environmental variables
with the m environmental categories, then each cell of
X represents the centre of the interval of an environ-
mental variable (Fig. 3). If C(p,1) is the vector that con-
tains the total number of category for each of the p
variables, then the number of rows m in X is given by:

(1)

The term Y(m,s) is the vector with m abundance or
presence/absence values corresponding to the m envi-
ronmental categories for the s species (Fig. 3). Missing
data are often present in the matrix and correspond to

an environmental category that was not
sampled. The amount of missing data in-
creases with the number of environmental
variables (and therefore m). Only rows of X
for which the species was detected (or
belong to a certain category of abundance)
are considered in the calculation. There-
fore, the number of rows n to be tested
often varies between species (and n ≤ m,
Fig. 3).

The analyses were used based on occur-
rence data (all environmental data for which
the abundance of species are >0, Case 1,
Fig. 3). For example, the data point for a tem-
perature class centred on 10°C, a salinity
class of 34.75 psu and a spatial bathymetry
variability class of –45, was considered as
abundance data for Calanus finmarchicus
superior to 0 in these environmental inter-
vals. This was not the situation for C. hel-
golandicus. The procedures were also used
for abundance data > first quartile (Case 2),
data > median (Case 3), data > third quartile
(Case 4). The first quartile, the median and
third quartile were assessed for each species
from matrix Y. Reshaping and building of
the matrices used in the analyses is illus-
trated in Fig. 3.

To assess and compare the ecological
niche of 2 or more species, we propose
a numerical analysis based on Multiple
Reponse Permutation Procedures (MRPP,
Mielke et al. 1981, Zimmerman et al. 1985).
These procedures have been often applied
with Split Moving Window Boundary ana-
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Fig. 2. Mapping of the index of spatial variability in the 
bathymetry (from Helaouët & Beaugrand 2007)
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lysis (Webster 1973) to detect discontinuities in time
series (Cornelius & Reynolds 1991). For example, this
method was applied to detect the substantial and rapid
changes called regime shift (Reid & Edwards 2001b)
that occurred in North Sea plankton ecosystems (Beau-
grand 2004b).

Assessment of the niche breadth. For each species
and case (Fig. 3), the breadth of the ecological niche
was assessed by calculating the Euclidean distance be-
tween all possible pairs of points. Each environmental
variable was normalized to 1 prior to the calculation of
Euclidean distances. The normalization is a special
kind of scaling (Legendre & Legendre 1998). Each ele-
ment of the vector is divided by its length, using the
Pythagorean formula. This transformation ensured
that each variable had the same weight in the analysis.

The Euclidean distance (d ) between the rows xj and
xk in the matrix X (i.e. n rows that represent the envi-
ronmental categories in which the species is either >0,
or >first quartile, or >median, or >third quartile accord-
ing to the different cases and p columns representing
the number of environmental variables) is calculated
as follows:

(2)

with p being the number of environmental variables.
The total number of Euclidean distances (g) to be cal-
culated for a species (and a case) is:

(3)

with n being the number of rows in matrix X. Calcula-
tions are illustrated with a simple example (Table 1,
Fig. 4). No normalization was done in this example as
it is fictive and we assume that the 2 variables have the
same units. This is generally not the case with actual
data and it is important to undertake a normalization
procedure so as not to bias the results. In this example
n = 3 for Species 1. Three Euclidean distances should
be calculated (g = 3, Table 1). Calculations give values
of d(x1,x2) = 2.236, d(x1,x3) = 2.000 and d(x2,x3) = 2.236.

For each case and species, the mean Euclidean dis-
tance, ε, is then calculated to assess the breadth of the
ecological niche as follows:

(4)

with g being the total number of Euclidean distances
calculated from X. In the example (Table 1, Fig. 4),
ε = (2.236 + 2.000 + 2.236)/3 = 2.157 for Species 1, ε =
2.452 for Species 2 and ε = 4.392 for Species 3. There-
fore, the breadth of the ecological niche (only based on
2 factors in this example) is greater for Species 3 than
for Species 2 and Species 1 (Fig. 4).

Test of niche separation. The following non-para-
metrical MRPP technique can then be applied to test
whether the species have different ecological niches.
The test statistic δ between Species 1 and 2 (2 species)
and a given case is calculated as being the weighted
mean of the values for ε:

(5)

where g1 and g2 are the total number of Euclidean
distances calculated for Species 1 (matrix X1) and
Species 2 (matrix X2), respectively (see Fig. 2). The
terms ε1 and ε2 are the mean Euclidean distances
for Species 1 and 2, respectively.

The probability values of the MRPP statistics are
determined by permutations (Zimmerman et al. 1985).
For comparison of the ecological niche of 2 species
(e.g. Species 1 and 2), the number of possible permuta-
tions, PE1,2, is:

(6)

In the example, PE1,2 = 35 permutations, PE1,3 = 35
permutations and PE2,3 = 70 permutations. The proba-
bility p1,2 (e.g. Species 1 and 2) is calculated from the
following formula:
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Table 1. Fictive example showing the occurrence of 3 species
according to 2 environmental variables. Data are untransformed

Species 1 Species 2 Species 3
Factor 1 Factor 2 Factor 1 Factor 2 Factor 1 Factor 2

1 1 4 4 1 2
2 3 5 2 3 3
3 1 5 5 6 5
– – 7 4 7 1

Fig. 4. Hypothetical ecological niche (sensu Hutchinson 1957)
of 3 species in the space of 2 factors. All possible Euclidean
distances (d ) are indicated for Species 1 and 2. Data are pre-

sented in Table 1
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(7)

where Kδs
1,2<δ1,2

is the number of recalculated or simu-
lated δ1,2 (e.g. Species 1 and 2), called δs

1,2, found to be
inferior to the observed δ1,2 after permutation.

In the fictive example (Table 1, Fig. 4), the calculated
values are δ1,2 = 2.3260 and p1,2 = 0.0286. Therefore,
the ecological niche of Species 1 and 2 are significantly
different. For Species 1 and 3, δ1,3 = 3.4342 and p1,3 =
0.2857, and for Species 2 and 3, δ2,3 = 3.4221 and p2,3 =
0.6286, so that the niches do not significantly differ
either between Species 1 and 3 or between Species 2
and 3. The number of possible permutations is impor-
tant to provide an idea of the robustness of the proba-
bility. In the example, it is relatively low. When the
number of occurrence points begins to become moder-
ately high, the test becomes rapidly robust. For ex-
ample, for 2 species, one of which has 10 occurrences
and the other 15, then 2.85 million permutations are
possible. When the number of possible permutations is
too high, it is not possible to do all calculations and
Berry & Mielke (1983) proposed using the Pearson
Type III distribution instead. However in that case,
only the Euclidean distance can be applied. We pro-
pose to use a finite number of permutations. A mini-
mum number of 10 000 permutations is generally rec-
ommended to stabilise the probability for tests based
on random permutations such as Mantel’s test (Jack-
son & Somers 1989). This way of assessing the proba-
bility enables the use of any distance or similarity mea-
sures. This assumption works as long as there is no
substantial difference in the number of occurrences (or
abundance values > first quartile, median or third
quartiles), ns, for each species.

RESULTS

The ecological niche for Calanus finmarchicus seems
larger than that for C. helgolandicus (Fig. 5). As expec-
ted, C. finmarchicus has a temperature optimum lower
than C. helgolandicus, but the former species is more
eurythermal than the latter. Calanus helgolandicus is
found at higher levels of salinity than is C. finmarchi-
cus and in regions where spatial variability in the ba-
thymetry is greater. Again, C. finmarchicus can toler-
ate higher variation in salinity than its congeneric
species and is found in regions encompassing a greater
diversity of bathymetry profiles (Fig. 5). The abun-
dance patterns shown in Fig. 5 also suggest that the
niches of both species are separated.

These findings are confirmed by the statistical proce-
dures (Table 2). The procedure quantifies the breadth
of the ecological niche of both Calanus species for sev-

eral levels of abundance. For all degrees of abundance,
the breadth of the ecological niche of the subarctic spe-
cies C. finmarchicus (e.g. value of 6.69 based on all pre-
sence data) is higher than the breadth of the niche of its
congeneric temperate pseudo-oceanic species (e.g.
value of 6.11 based on all presence data). When only
high abundance data are considered (i.e. data > third
quartile), the separation between both species is maxi-
mum. The procedure also demonstrates that both
niches are significantly separated from each other
(Table 2).

DISCUSSION

These results were expected as Calanus finmarchi-
cus characterizes subarctic water while its congeneric
species, C. helgolandicus, is more indicative of temper-
ate waters (Beaugrand et al. 2002b, Beaugrand 2003,
Bonnet et al. 2005, Helaouët & Beaugrand 2007). Rapo-
port’s rule suggests the existence of a latitudinal gra-
dient in geographical range size and, therefore, an
increased tolerance of high latitude species to environ-
mental fluctuations (Stevens 1989). Our results con-
form to this ecogeographical pattern. The greater
breadth of the niche of C. finmarchicus explains why
the spatial distribution for this species is larger than for
C. helgolandicus (Planque 1996, Beaugrand 2004a).
Using the proposed procedures, quantification of the
niche for species ranging from the equator to the pole
could provide additional information on the validity of
this long-debated pattern in ecology (Rohde et al.
1993, Colwell & Hurtt 1994, Lyons & Willig 1997,
Sanders 2002).

Many methods have already been proposed to assess
the ecological niche of species (for a review, see e.g.
Guisan & Zimmermann 2000, see also Hölzel 2003,
Elith et al. 2006). Regression techniques are often
applied to characterize the relationships between a
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Table 2. Calanus finmarchicus and C. helgolandicus. Results
of the tests based on annual estimations of the abundance of
both species in each category of temperature, salinity and
variability of bathymetry. Case 1: all presence data, Case 2:
abundance data > 1st quartile, Case 3: abundance data > me-
dian, Case 4: abundance data > 3rd quartile. Niche breadth:
breadth of the ecological niche of each species. p: probability 

that the niches of both species are different

Niche breadth p 
C. finmarchicus C. helgolandicus

Case 1 6.6887 6.1066 <0.0001
Case 2 6.4695 5.7971 <0.0001
Case 3 6.2840 5.6667 <0.0001
Case 4 6.1522 5.3492 <0.0001
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species and its environment (ter Braak & Looman
1987). Regression techniques are selected according to
the characteristics of the data (i.e. quantitative or cate-
gorical) and the number of explanatory variables to be

included in the model. Generalised linear models
(GLM, McCullagh & Nelder 1983) and generalised
additive models (GAM, Hastie & Tibshirani 1990) have
been most often used (Leathwick & Austin 2001, Hee-

34

Fig. 5. Ecological niches of (A) Calanus finmarchicus and (B) C. helgolandicus based on temperature (°C), salinity (psu) and vari-
ability in the bathymetry (m). Black dots are measurements of the abundance of the species for a given environmental category and
the shaded grey envelope indicates the ecological niche of the species, which was calculated by cubic polynomial interpolation
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gaard 2002). When more than 1 species is examined,
canonical ordination techniques such as redundancy
analysis (RDA) have been applied if the response of
species to a change in the environment is assumed to
be linear. When the response is expected to be uni-
modal, canonical correspondence analysis (CCA) can
be computed (ter Braak 1987). Other methods such as
artificial neural networks (ANN, Manel et al. 1999),
regression trees and classification trees exist. Multi-
variate adaptive regression splines (MARS) combine
regression trees with spline fitting and represent an
interesting technique for modeling species distribu-
tions (Leathwick et al. 2006). Those methods, however,
do not allow assessment and direct quantification of
the breadth of the niche, or testing and comparison of
the breadths of the ecological niches of 2 species. The
outlying mean index method (OMI analysis, Dolédec et
al. 2000) allows a comparison of the relative position
and the breadth of the species niche. This method is
especially useful when a high number of species is
compared. This technique assesses the relative posi-
tion of the species by calculating a marginality index,
which is represented by the distance between the
mean habitat conditions of a species (sensu Hutchin-
son 1957) and the average habitat conditions of the
sampled region. A tolerance index that evaluates the
niche breadth and a residual tolerance index that
informs on the variance of the species niche not consid-
ered in the marginality axis are also computed. The
niche breadth index is a measure of intra-group vari-
ance weighted by the relative abundance of the spe-
cies. Our breadth niche index is simply the mean
Euclidean distance based on all abiotic variables, and
the procedures that allow comparisons to be tested are
distribution-free. As variables are most often measured
in different units, the Euclidean distance has to be cal-
culated on transformed data. We normalized the data
so that each variable has a length of 1. The Euclidean
distance can be replaced by any type of distance as
long as the conditions of application of the index are
met (Legendre & Legendre 1998). This represents a
great advantage in addition to the simplicity of the
technique.

The definition of the ecological niche used in this
study is that of Hutchinson (1957). This also represents
what is sometimes called the environmental niche as
opposed to the trophic niche (see the discussion in
Guisan & Wilfried 2005). Hutchinson (1957) made the
distinction between fundamental and realized niches,
stating that the latter was smaller than the fundamen-
tal niche. Recently, however, Pulliam (2000) clearly
demonstrated that when dispersal was high, the real-
ized niche could be larger than the fundamental niche.
Pulliam (2000) distinguished source habitats, where
local reproduction is higher than local mortality, from

sink habitats, where local mortality is superior to local
reproduction. Dispersal in the marine pelagic domain
of the North Atlantic Ocean is high as there is no phys-
ical barrier. This is probably why marine biogeograph-
ical regions are less well identified than in the terres-
trial realm (Rapoport 1994). High dispersal in the
marine pelagic environment is likely to increase the
breadth of the niches for Calanus spp. This makes the
realized niches of both Calanus spp. probably larger
than their fundamental niches (Pulliam 2000). There-
fore, their ecological niches can be overestimated. Fur-
thermore, estimation of niche breadth of both species
can possibly be biased by a difference in the dispersal
rate between the 2 Calanus spp. Dispersal is expected
to be higher for C. finmarchicus because this oceanic
species is less limited by the bathymetric factor than its
congeneric species (Beaugrand et al. 2002a). One way
of overcoming this problem is to assess the ecological
niche using a combination of physiological and envi-
ronmental variables (Pulliam 2000). The present pro-
cedures could be restarted on the outputs of such a
physiological model and the results compared. The dif-
ference between the niche assessed by this method
and that based on in situ measurements would enable
an assessment of the dispersal rate of both species and
could lead to an estimation of the fundamental niches
of both C. finmarchicus and C. helgolandicus.

The test can be sensitive if the number of occurrence
points is too different between species. In such a case,
a procedure of random selection of the occurrence
points can help to prevent the bias related to the esti-
mation of the probability. Other limitations are more
dependent on the theory behind the concept of ecolog-
ical niche, sampling strategy and coverage (Legendre
& Legendre 1998), spatial scale selection (Beaugrand &
Ibañez 2002) and other potential caveats discussed
recently by Guisan & Wilfried (2005). Spatial autocor-
relation is an important issue in ecological niche mod-
elling (Dormann et al. 2007). Spatial dependence or
autocorrelation, related to biological or physical data,
might increase the Type I error rate and lead to the
incorrect rejection of the null hypothesis of no effect. In
our study, data used in the test are derived from a
mean abundance calculated for a given class interval
using 3 variables (temperature, salinity and spatial
variability in the bathymetry). Information on space is
lost and the calculation of the average mixed observa-
tions located in very different places. This reduces the
effect of spatial autocorrelation. We believe that the
very low probabilities (p < 0.0001) found in this study
make our conclusions robust. A special procedure of
randomization could be implemented in the test to try
to overcome this potential problem.

The procedures presented in this paper represent a
simple and rapid way to quantify and compare the
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breadth of the ecological niche of 2 species and to test
whether species niches are significantly different. We
used a Euclidian distance in the present paper, but vir-
tually any measure of distance can be used (e.g. Chord
distance). Such a method could be extended to com-
pare the ecological niches of more than 2 species by
correcting the probabilities of each species pair for
multiple test comparisons (Sokal & Rohlf 1995). The
procedure can also be reduced to the univariate case
(i.e. a single environmental variable) to quantify the
degree of tolerance of a species to a change in an envi-
ronmental factor. The quantification of the degree of
tolerance is often important in ecophysiological and
global change related issues.
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