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Nutria (Myocastor coypus) is a native aquatic rodent to South America, and was introduced to Europe,
Asia, Africa and North America for fur farming. The South American nutria or coypu is now considered a
pest in the area of introduction, because of its negative impact on biological diversity and ecological
relationships. Having information on the invasion range of exotic species is crucial for understanding the
ecology of invasive spread and for making good conservation and management planning to address this
problem. At the beginning of the 20th century, nutria was introduced into Asia. Nutria was recorded for
the ﬁrst time in Iran in 1995. In the present study we proposed a multiple spatial scale approach to
predict the invasion trends of the nutria in Iran, and to deﬁne up the ‘‘suitable scale’’ for predicting the
invasion trends of this species. Our results highlighted the importance of environmental variables
including vegetation density (for food and nesting) and water resource (streams, rivers, and lakes) in
distribution of the nutria. Potential areas for the presence of the nutria are located near the Caspian Sea,
west and central Iran which receive more precipitation than other parts of the country. Therefore, these
parts of Iran may face a much greater risk of invasion risk in the future. Moreover, these results can show
the possible risk of nutria invasion to the northern and western neighbors of Iran.
ß 2015 Elsevier B.V. All rights reserved.
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1. Introduction
Species distribution modeling (SDM) is one of the most
currently tools available as a mean to assess species-environment
relationship and deﬁning the potentially suitable areas for a
species (Elith and Leathwick, 2009). Researchers have in many
cases relied on models for predicting and assessing patterns of
species distribution from environmental data (Guisan and Thuiller,
2005; Yang et al., 2013). Although species distribution data are
often sparse, the species distribution models (SDMs) provide one of
the best ways to overcome this problem, and have been widely
applied to determine the relationships between species and their
environments (Guisan and Thuiller, 2005; Robertson et al., 2004).
The representation of ecological processes is usually affected by
scale and resolution. For instance, the choosing of wrong scale and/
or resolution in the modeling process may cause an incorrect
prediction of habitat pattern to reproduce ecological processes
(Tamis and Van’t Zelfde, 1998; Naugle et al., 1999; Meyer, 2007;
Storch et al., 2007; Convertino et al., 2009; McGill, 2010). It is
challenging to deal with biodiversity patterns at different scales
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and resolutions especially when it is combined with detecting any
critical bio-ecological scales (Levin, 1992; Rahbek, 2005; Storch
et al., 2007; McGill, 2010) or a set of commanding processes
(Graves and Rahbek, 2005). Guisan et al. (2007) found out that the
habitat range predicted by SDMs is unaffected by resolution, thus
they conﬁrmed that species distribution can be correctly predicted
at any resolution. However, other studies found that there is an
upper threshold of resolution which above it the performance of
SDM decreases with respect to the precision of prediction
(Hurlbert and Jetz, 2007; Seo et al., 2009; Yamakita and Nakaoka,
2009; Pineda and Lobo, 2012).
Nutria (Myocastor coypus Molina, 1782) is a native aquatic
rodent to South America, and was introduced to Europe, Asia,
Africa and North America for fur farming (Carter and Leonard,
2002; Bertolino and Genovesi, 2007). However, the rodents
repeatedly escaped or were released from the farms to the wild
and have since become established throughout the river banks and
in wetlands. The South American nutria, or coypu is now
considered a pest in the area of introduction, because of its
negative impact on biological diversity, ecological relationships,
crop and irrigation systems (Linscombe et al., 1981; Shaffer et al.,
1992; Llewellyn and Shaffer, 1993; Kaplan et al., 1998; Carter et al.,
1999; Cabral et al., 2004; Randall and Foote, 2005). Because of
these reasons, coypu is listed among the 100 World’s Worst
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Invasive Alien Species (Bertolino, 2009). The presence of invasive
species cause many ecological disruptions to natural ecosystems
and sometimes economic consequences, with establishment of
exotic food chains (Amori and Battisti, 2008). Having information on the invasion range of exotic species is crucial for
understanding the ecology of invasive spread and for making
good conservation and management planning to address this
problem. At the beginning of the 20th century, nutria was
introduced to Middle East (Carter and Leonard, 2002), and for the
ﬁrst time in Iran was recorded near the Iran-Azerbaijan border in
1995. The Iran Neighboring countries such as Russia, Armenia,
Azerbaijan and Turkmenistan are now the host of this species.
However, the situation of nutria remains unknown in many parts
of Asian, especially in Middle Eastern countries. This species
experienced a range expansion during the last 100 years, which
was mostly due to human introduction. It was assumed that the
nutria entered Iran by way of this border. Considering the central
location of Iran in Eurasia and western Asia, the nutria
population in Iran may be considered as kind of source
population to the other countries. This highlights the importance
of the study about distribution, invasion trend, habitat selection,
and effects of nutria in Iran. However, the current knowledge
about this species still remains extremely poor, although it has
been a long time since the nutria has recorded in Iran. Therefore
in the present study we proposed a multiple spatial scale
approach to predict the invasion trends of the nutria in Iran, and
to deﬁne up the ‘‘suitable scale’’ for predicting the invasion
trends of this species. The aims of our study were: (1) to
determine the relationship between landscape composition with
the species ecological requirements, (2) to develop a robust
statistical framework for prediction of nutria distribution in Iran,
and (3) to compare the model performances at different spatial
scales.

Table 1
Habitat variables considered for the distribution models.
Environmental variables

Code

Topography variables
Altitude
Slope

T-A
T-S

Climatic variables
Annual mean temperature (8C)
Mean temperature of coldest quarter (8C)
Annual precipitation (mm)

C-AMT
C-MTCQ
C-AP

Land use/land cover variables
Distance of settlements in urban area
Distance of settlements in rural area
Human population density in urban area
Human population density in rural area
Distance of road
Distance of stream
Distance of river
Distance of lake
Distance of dry farm
Distance of irrigated farm
Distance of forest
Distance of woodland
Distance of scrubland
Distance of range
Distance of bare
Distance of rocky area
Distance of protected area
NDVI

L-DSU
L-DSR
L-HDU
L-HDR
L-DR
L-DS
L-DRI
L-DL
L-DDF
L-DIF
L-DF
L-DW
L-DSL
L-DRAN
L-DB
L-DRA
L-DPA
NDVI

(30/100/1000 m). The multicollinearity test was conducted by
using Pearson correlation coefﬁcient (r) to examine the crosscorrelation and the variables with cross-correlation coefﬁcient
value of >0.8 were excluded (see Table 1).
2.2. Species sampling

2. Method
We used Genetic Algorithm for Rule-set Production (GARP) and
Maximum Entropy (Maxent) to predict range expansion of
invasive nutrias in Iran and determine species ecological requirements at three extents (30, 100 and 1000 m).

Presence points in Iran were collected from regional inventories
covering the period 1995–2013. All the locations where the nutria
had been reported were examined in the ﬁeld by searching for the
animal or signs of its presence, trapping, and taking pictures using
camera traps.

2.1. Environmental parameters

2.3. Analytical/statistical procedure

Environmental parameters that we used included land cover/
land use characteristics, climatic variables, topography variables
(Table 1) which were extracted on three different spatial extents/
resolutions (30/100/1000 m). Land cover/land cover data were
obtained from the Iranian Forests, Range and Watershed Management Organization (IFRWO) and Iran Department of Environment.
The data was derived from 30 m Landsat Enhanced Thematic
Mapper Plus (ETM+) imagery for the conterminous Iran in the year
2010 (7% forest, 4.7% woodland, 6.3% Irrigated farm, 9.1% Dry farm,
42.3% Range, 5% Scrubland, 4.2% Rocky land, 18.9% Bare land, 2.5%
Lake) (Fig. 1s). Human densities were interpolate from the data
derived from the Statistical Center of Iran that this data was
collected in the year 2011. Topography variables were obtained
from a Digital Elevation Model (DEM) generated by the National
Cartographic Center of Iran (NCC) at 1:25,000 scale. Normalized
Difference Vegetation Index (NDVI) was extracted from 30 m
Landsat TM imagery for the conterminous Iran in the year
2011. Climatic variables were derived from the temperature and
precipitation datasets of the Iran Meteorological Organization
from 1970 to 2011. Here too, the highly correlated variables were
eliminated using a cluster analysis and the initial set of 19 climatic
variables was reduced to 3 (Fig. 2s). ArcGIS 9.3 spatial analyst tool
was used to resample the data layers to different spatial extents

GARP (Desktop GARP v1.1.6) is a non-parametric, machinelearning modeling method, which develops rule sets and predicts
species potential distribution based on a genetic algorithm
(Stockwell and Noble, 1991; Stockwell and Peters, 1999). GARP
models are built by an iterative process of rule selection,
evaluation, testing, and incorporation or rejection of the rules
produced (Peterson and Cohoon, 1999). In the ﬁrst phase, GARP
selects a random population, based on a combination of initial
prediction rules, which might represent suitable solutions for the
problem. The ﬁtness to the characteristics of the population is then
evaluated for each pixel in the search space. If the performance of
the rule is adequate as determined by the rule’s signiﬁcance
measure, the rule is retained for further runs of the algorithm, until
an end condition, consisting of a convergence limit and maximum
number iterations, is satisﬁed (Stockwell and Peters, 1999).
Maxent (Maxent v3.3.3e) is a general-purpose machine-learning
method based on maximum entropy theory for species distribution modeling. Maxent estimates niches by ﬁnding the distribution
of probabilities closest to uniform (maximum entropy), constrained to the fact that feature values match their empirical
average (Phillips et al., 2006). Maxent can evaluate the importance
of environmental variables by using Jackknife tests (Elith et al.,
2011). In order to assess the average behavior of the models,
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10 random partitions were used in the three models (Phillips et al.,
2006; Tittensor et al., 2009). Each partition was generated by
randomly choosing 75% species occurrence (logged from the dive
videos) as calibration data, and the remaining 25% species
occurrence as evaluation data. Model evaluation was based on
different criteria: (1) the true skill statistic (TSS) which corresponds to the sum of sensitivity and speciﬁcity minus 1, and is
independent to prevalence (Lobo et al., 2008), (2) the sensitivity
(‘true positives’) and (3) speciﬁcity (‘true negatives’) (Thuiller et al.,
2009; Barbet-Massin et al., 2012). Finally, all two modeling
techniques were combined in an ensemble-forecasting framework
as recommended by Araújo and New (2007). The ensemble was
built out of all modeling techniques, giving higher importance to
models with a better performance according to the TSS criterion
(Thuiller et al., 2009).
3. Results
3.1. Model evaluation
After doing correlation analyses, we recognized twenty-three
environmental parameters as independent variables which were
chosen for modeling (see Table 1). In this study, all the invasion
predictions of nutria by GARP and Maxent performed signiﬁcantly
better than the random performance (Table 2). The modeling
evaluation results based on the TSS, sensitivity and speciﬁcity
values showed that the combination of models at three extents
performed averagely better than each individual model (Table 2).
Moreover, the modeling evaluation indicated that Maxent
performed better than GARP at three extents, and 100 m extent
work better than other extents in all of the examined models.
3.2. Importance of environmental variables
The relative importance of different environmental variables
was examined based on the results of jackknife tests in Maxent
(Fig. 1). These results showed that the importance of environmental variables changed in different extents. The relative importance
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Table 2
Habitat predictions’ evaluation for nutria in Iran.
Extent

Model

TSS

Sensitivity (%)

Speciﬁcity (%)

30 m

GARP
Maxent
Combine

0.60
0.76
0.78

64.1
77.3
79.6

61.8
78.0
78.9

100 m

GARP
Maxent
Combine

0.62
0.79
0.87

64.3
78.7
82.4

61.9
79.0
82.3

1000 m

GARP
Maxent
Combine

0.63
0.78
0.79

62.4
79.5
80.1

61.6
77.0
79.3

The highest values of TSS, sensitivity and speciﬁcity were highlighted in bold.

of distance of river in extent 30 and 1000 m and the relative
importance of distance of lake in extent 100 m were the most
important predictors of nutria distribution in Iran. However, in
general, NDVI and distance of stream, river, and lake have the ﬁrst,
and mean temperature of coldest quarter, annual precipitation,
human population density in urban area, distance of road, distance
of settlements and urban area, bare and rocky area have the second
relative importance for nutria distribution.
3.3. Prediction of the potential invasion range of nutria
A large part of Iran was predicted as suitable habitat for nutria
using all models at three extents. In other words, all three models
predicted almost same area as suitable habitat for nutria.
According to our obtained results, the combination of models
generally performed better in predicting the potential distribution
of the invasion and indicated higher levels of predictive power and
accuracy in all three extents based on the modeling evaluation
results (Table 2). The results showed that north, north-west, and
west Iran had a higher probability of invasion range at all extents.
The 80% of predicted area of occupancy of nutria within three
different scales and three different models had overlap (Fig. 2). The
only difference in selection of suitable habitats at multiple scales

Fig. 1. Importance of environmental variables for Maxent models ((a) extent 30 m, (b) extent 100 m, (c) extent 1000 m) (models with each variable omitted: black bars,
models containing each variable in isolation: gray bars, models with all variables: red bars). (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)
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Fig. 2. Estimated probability of occupancy of nutria in Iran. (a) GARP (extent 30 m), (b) GARP (extent 100 m), (c) GARP (extent 1000 m), (d) Maxent (extent 30 m), (e) Maxent
(extent 100 m), (f) Maxent (extent 1000 m), (g) combine model (extent 30 m), (h) combine model (extent 100 m), (i) combine model (extent 1000 m).

was related to the areas along the Persian Gulf which were selected
at 30 and 100 m, but not at 1000 m. Furthermore, the prediction
map showed that 36.8%, 35.7% and 31.9% of Iran can be considered
as a suitable habitat for the nutria at 1000 m, 100 m, and 30 m
extent, respectively (Fig. 2).
4. Discussion
The effects of scale on species distribution modeling got more
attention in the recent years (Pineda and Lobo, 2012). Ferrier and

Watson (1997) found that the model performance ﬁtted on
presence-only data was not signiﬁcantly affected by coarsening the
resolution from 0.2 km to 5 km grid cells. However, Seo et al.
(2009) found that the accuracy of model and spatial output
agreement declined with increasing the grid size. They also
showed that the correct selection of extent size would improve the
accuracy of the prediction. In the other study, by Song et al. (2013),
the accuracy of the prediction model improved by selection of
proper extent size. There are no general rules about the
appropriate scale for the species distribution modeling, because
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it depends on both the ecology of the species under study and the
objectives of the study (Boyce et al., 2003). Due to the management
goals that we followed, and the lack of knowledge about the
ecology of nutria in Iran, we decided to carry out our study in three
extents. Based on Johnson (1980), four different order selections
exist: ﬁrst-order selection that includes the overall geographic
range of species, second-order selection that only consider speciﬁc
areas within a study sight, third order-selection that uses different
areas within the individual’s home range, and fourth-order
selection that uses vegetative or terrain characteristics within
the areas of use. However, the focus of vast majority of animal
habitat selection studies is on second, third and fourth-order
selection (e.g., Moore et al., 2002; Gosselink et al., 2003; Lyons
et al., 2003; McCorquodale, 2003; Franco et al., 2004; Nikula et al.,
2004; Nolfo-Clements, 2012). In a case that an animal has a
temporally variable home range or habitat use is dependent on
small-scale phenomena such as nesting or feeding sites, habitat
selection has a higher accuracy (Nolfo-Clements, 2012) ﬁrst-order
selection, and in the present study, we used our results indicated
that the models created at 100 m scale had higher accuracy when
compared with models created at 30 and 1000 m scales. Since ﬁrstorder selection was used in the present study, therefore we cannot
conclude that lower scale has a higher accuracy. One reason to
choose 100 m as the most accurate scale for the habitat selection of
nutria in this study, may be related to appropriate distribution of
vital environmental variables for this species (e.g. river, lake and
vegetation along them) in this scale.
Our results highlighted the importance of environmental
variables including vegetation density (for food and nesting)
and water resource (streams, rivers, and lakes) in distribution of
nutria which is consistent with the results of previous studies
(Laurie, 1946; Baroch and Hafner, 2002; Hong et al., 2014).
Although it was shown that nutria locally distributed to urban
areas (Meyer et al., 2005), the results of our study as well as the
ﬁndings of other researchers indicated that human disturbance is
one of the main factors affecting the nutria distribution within its
natural range (Guichón and Cassini, 2005; Bertolino and Ingegno,
2009).
Potential areas for the presence of nutria are located near the
Caspian Sea, west and central Iran which receives more precipitation than other parts of the country. Therefore, these parts of Iran
may face a much greater risk of invasion risk in the future.
Moreover, these results can show the possible risk of nutria
invasion to the western neighbors of Iran (Fig. 2). Our results
showed a continuous distribution of nutria in the north Iran that
might be due to the density of rivers and streams with suitable
vegetation. This might be because of nutria feeding which is mostly
on crops along rivers, weaken river banks, and dikes. However, the
vegetation cover nearby rivers in south Iran are so weak because of
the hot and dry climate of this region. It also was found by other
researchers that climatic factors may limit the nutria dispersal
(Wilson et al., 1966; Aliev, 1973; Gosling et al., 1980; Doncaster
and Micol, 1990; Reggiani et al., 1995; Carter and Leonard, 2002;
Hong et al., 2014).
The keeping of nutria as pets by local people in north Iran can
cause concerns with regard to dispersion speed of this species.
Therefore, some control methods may be required to prevent the
dissemination of this species. Based on current knowledge, the best
methods of control can be supporting farmers and NGOs for legal
hunting of nutria, doing more research about population control
method, increasing the knowledge of local communities about
invasion risk and monitoring the population trends of nutria in
Iran.
This study is a ﬁrst step toward a higher understanding of the
interactions between nutria and environmental variables in Iran.
The results of our study provide the opportunity to develop
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ecological management tools for biodiversity conservation and
ﬁght against introduced species. Such tries need to include
managers, conservationists, and local communities on a large
spatial scale to properly respond the widespread invasion process.

Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.ecocom.2015.02.
003.
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