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Abstract
Species distribution models (SDMs) are increasingly used in ecological and biogeographic studies by Antarctic biologists, 
including for conservation and management purposes. During the modelling process, model calibration is a critical step to 
ensure model reliability and robustness, especially in the case of SDMs, for which the number of selected environmental 
descriptors and their collinearity is a recurring issue. Boosted regression trees (BRT) was previously considered as one of 
the best modelling approach to correct for this type of bias. In the present study, we test the performance of BRT in model-
ling the distribution of Southern Ocean species using different numbers of environmental descriptors, either collinear or not. 
Models are generated for six sea star species with contrasting ecological niches and wide distribution ranges over the entire 
Southern Ocean. For the six studied species, overall modelling performance is not affected by the number of environmental 
descriptors used to generate models, BRT using the most informative descriptors and minimizing model overfitting. However, 
removing collinear descriptors also helps reduce model overfitting. Our results confirm that BRTs may perform well and 
are relevant to deal with complex and redundant environmental information for Antarctic biodiversity distribution studies. 
Selecting a limited number of non-collinear descriptors before modelling may generate simpler models and facilitate their 
interpretation. The modelled distributions do not differ noticeably between the different species despite contrasting species 
ecological niches. This unexpected result stresses important limitations in using SDMs for broad scale spatial studies, based 
on limited, spatially aggregated data, and low-resolution descriptors.

Keywords Species distribution models (SDMs) · Boosted regression trees (BRT) · Southern ocean · Collinearity · 
Asteroidea · Conservation · Environmental descriptors

Introduction

The Southern Ocean is one of the regions on Earth that is 
undergoing climate change at the fastest pace (Convey et al. 
2009; Turner et al. 2014; Henley et al. 2019). Predicting the 
response of Antarctic species and communities to environ-
mental changes is challenging but it has become a pressing 

need to address conservation issues and support guidance 
for the management of living resources in a dynamic context 
(Gutt et al. 2012; Ingels et al. 2012; Constable et al. 2014; 
De Broyer et al. 2014; Convey and Peck 2019). The Com-
mission for the Conservation of Antarctic Marine Living 
Resources (CCAMLR) actively works for the sustainable 
management of Antarctic marine ecosystems and marine 
life (see https ://www.ccaml r.org/en/organ isati on, Access 
August 2019). Recent proposals from CCAMLR and exist-
ing marine protected areas (MPAs), such as those newly des-
ignated around the South Orkney Islands or in the Ross Sea 
(CCAMLR 2009, 2016), partly rely on species distribution 
modelling (SDM) (Ballard et al. 2012; Anderson et al. 2016; 
Davis et al. 2017; Arthur et al. 2018).

SDM is a correlative approach that depicts the relation-
ship between the distribution of species occurrence records 
and a set of environmental descriptors, to interpolate and 
predict the potential distribution of species over their entire 
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distribution range (Elith et al. 2006; Peterson et al. 2011). 
Over the last decades, SDMs have been increasingly used 
to address conservation issues (Guisan et al. 2013; Ross and 
Howell 2013; Marshall et al. 2014; Reiss et al. 2014; Arthur 
et al. 2018), predict species suitable areas (Meier et al. 2011; 
Reiss et al. 2011; Nachtsheim et al. 2017; Phillips et al. 
2017), including potential distribution shifts (Ficetola et al. 
2007; Václavík and Meentemeyer 2009; Jiménez-Valverde 
et al. 2011; Tingley et al. 2014), and guide sustainable man-
agement plans for commercial purposes (Valavanis et al. 
2008; Maxwell et al. 2009). They have particularly proved 
useful to improve our understanding of species distribu-
tion in poorly sampled and seldom accessed areas (Elith 
et al. 2006; Peterson et al. 2011) and for the conservation of 
Southern Ocean marine life (De Broyer et al. 2014; Basher 
and Costello 2016; Hogg et al. 2018; Jansen et al. 2018; 
Jerosch et al. 2019).

Calibration is a critical step in SDM procedures, influenc-
ing their relevance, robustness and accuracy (Barbet-Massin 
et al. 2012; Guisan et al. 2013; Anderson et al. 2016). The 
selection of environmental descriptors is also important, as 
it shapes model accuracy and performance (Elith and Leath-
wick 2009; Austin and van Niel 2011; Dormann et al. 2012; 
Braunisch et al. 2013; Bucklin et al. 2015; Bradie and Leung 
2017; Petitpierre et al. 2017). The inappropriate selection of 
descriptors has been shown to cause overfitting in SDMs, 
especially when the number of descriptors is high compared 
to the number of occurrences available (Anderson and Gon-
zalez 2011; Synes and Osborne 2011; Braunisch et al. 2013; 
Kramer-Schadt et al. 2013; Petitpierre et al. 2017), leading to 
over-complex models, reduced transferability performances 
and underestimation of predicted suitable areas (Beaumont 
et al. 2005).

Collinearity between descriptors is another major con-
cern when addressing the quality of SDMs (Dormann et al. 
2012). Collinearity occurs when at least two descriptors are 
linearly related in a statistical model (Dormann et al. 2012). 
In regression models, multicollinearity increases variance 
values between independent descriptors. It can cause incor-
rect estimations of beta regression coefficients and bias 
interpretation, making it difficult to disentangle the respec-
tive contributions of independent variables to explaining the 
dependent variable (Hair et al. 2014). Collinear descriptors 
are traditionally removed from datasets to calibrate SDMs 
(Dormann et al. 2012; Pierrat et al. 2012; Merow et al. 2013; 
Fabri-Ruiz et al. 2018; Guillaumot et al. 2018b), while a 
recent study showed that collinear descriptors could also 
improve the model’s fit (Freer et al. 2019).

Machine-learning algorithms can effectively model com-
plex relationships between environmental conditions and 
occurrence records (Olden et al. 2008; Elith and Leathwick 
2009). They can harness incomplete datasets and missing 
data, as well as contrasting and extreme values, and generate 

predictive models with high transferability performances 
and low sensitivity to species niche width (Elith et al. 2006, 
2008; Elith and Graham 2009; Reiss et al. 2011; Barbet-
Massin et al. 2012; Heikkinen et al. 2012; Qiao et al. 2015). 
In machine-learning algorithms, the Boosted Regression 
Trees approach (BRT) has been shown to be particularly 
efficient when dealing with non-informative environmental 
descriptors or conversely, with redundant information pro-
vided by correlated factors (Breiman et al. 1984; De’ath and 
Fabricius 2000; Elith et al. 2008).

In the present work, we test the robustness of SDMs 
generated with BRT for various numbers of environmen-
tal descriptors and different collinearity values. Models are 
generated for six common and abundant asteroid (sea star) 
species that have been extensively sampled and studied; here 
used as representative case studies for the Antarctic benthos: 
Acodontaster hodgsoni (Bell 1908), Bathybiaster loripes 
(Sladen 1889), Glabraster antarctica (Smith 1876), Labidi-
aster annulatus (Sladen 1889), Odontaster validus (Koehler 
1906) and Psilaster charcoti (Koehler 1906) (McClintock 
et al. 2008; Mah and Blake 2012; Lawrence 2013; Brandt 
et al. 2014; Danis et al. 2014; Moles et al. 2015; Moreau 
et al. 2018).

Because the Southern Ocean is scarcely accessed and 
sampled, spatial analyses of species distribution are usu-
ally based on aggregated and relatively small presence-only 
datasets, often compiled from historical records (De Broyer 
et al. 2014; Guillaumot et al. 2016, 2018a; Fabri-Ruiz et al. 
2017; Moreau et al. 2018), which strongly hampers SDM 
performances (Hortal et al. 2008; Loiselle et al. 2008; Phil-
lips et al. 2009; Costa et al. 2010; Newbold 2010; Guillera-
Arroita et al. 2015; Guillaumot et al. 2018a). The objectives 
of this study are to assess the limits and potential of BRT to 
generate robust models for Southern Ocean benthic species 
and to provide some recommendations on the selection of 
environmental descriptors.

Methods

Selection of environmental descriptors

A set of 58 environmental descriptors was compiled from 
different sources (Supplementary Material #1). This set can 
be downloaded from the blueant R package (https ://githu 
b.com/Austr alian Antar cticD ivisi on/bluea nt), following the 
procedure given in the “data_for_SDM_vignette” at https 
://austr alian antar cticd ivisi on.githu b.io/bluea nt/artic les/
SO_SDM_data.html.

Most descriptors are average abiotic conditions taken 
from the WOCE database (Supplementary Material #1) and 
describe the average abiotic conditions for the [2005–2012] 
time period (i.e. temperature, salinity, chlorophyll-a, 

https://github.com/AustralianAntarcticDivision/blueant
https://github.com/AustralianAntarcticDivision/blueant
https://australianantarcticdivision.github.io/blueant/articles/SO_SDM_data.html
https://australianantarcticdivision.github.io/blueant/articles/SO_SDM_data.html
https://australianantarcticdivision.github.io/blueant/articles/SO_SDM_data.html
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particulate organic carbon flux). Some descriptors are 
available for longer time periods only ([1957–2017] and 
[1955–2012] for sea ice cover and seafloor oxygen concen-
tration respectively). More recent or precise datasets are not 
available at the scale of the Southern Ocean. Raster lay-
ers were compiled with a 0.1 × 0.1° pixel resolution (11 km 
approximately), each 0.1 × 0.1° pixel being used as a single 
grid-cell pixel, and cropped to the extent of the Southern 
Ocean (herein defined as waters south of 45°S latitude) for 
a total of 1.26 million pixels. Missing values are not inter-
polated to avoid potential biases. Available descriptors are 
selected according to their ecological relevance to benthic 
studies and following previous recommendations provided 
for species distribution modelling (Franklin 2010; Ander-
son 2013) and Antarctic studies (Saucède et al. 2014). The 
selected descriptors best document the main characteristics 
of the species physical habitat (depth, sea water tempera-
ture, geomorphology, sediment nature, slope, roughness), 
geography (distance to the Antarctic continent, to canyons, 
to continental shelves, to the maximal sea ice extent in 
winter), seasonality (sea ice concentration and thickness), 
food resources (chlorophyll-a concentration and Particulate 
Organic Carbon [POC] exported on the sea bottom) and 
chemical environment (oxygen concentration and seafloor 
salinity). Minimal, maximal and range values (min–max dif-
ference) of some descriptors are computed to complement 
the dataset (Franklin 2010; Bradie and Leung 2017; Guillau-
mot et al. 2018a). Extreme weather conditions and climate 
events were shown to strongly impact natural environments, 
notably species survival and distribution (Easterling et al. 
2000; Wernberg et al. 2013). Here, supplementary descrip-
tors are specially developed for the intensity and frequency 
of monthly changes in seafloor temperature, salinity, oxygen 
and chlorophyll-a concentrations. For each pixel and 1 year, 
these layers document how many times monthly average 
values are respectively higher (‘maximal extreme event’) 
or lower (‘minimal extreme event’) than the yearly median 
value (Supplementary Material #2, codes available at https 
://githu b.com/charl enegu illau mot/THESI S).

Biological records

Antarctic sea stars play an important role in the structur-
ing of benthic communities (McClintock et al. 2008; Mah 
and Blake 2012; Lawrence 2013), they have contrasting 
ecological niches and life history traits (e.g. feeding diets, 
reproduction and development modes) that condition habi-
tat preferences and dispersal abilities (Moreau et al. 2017, 
Table 1). Here, SDMs are generated for six sea star species 
using presence-only records obtained from the “Antarctic 
and sub-Antarctic asteroid database” published by Moreau 
et al. (2018): Acodontaster hodgsoni (Bell 1908), Bathybi-
aster loripes (Sladen 1889), Glabraster antarctica (Smith 

1876), Labidiaster annulatus Sladen 1889, Odontaster vali-
dus Koehler 1906 and Psilaster charcoti (Koehler 1906). 
The studied species are abundant and have been regularly 
sampled during benthic expeditions to the Southern Ocean, 
making them some of the best-documented occurrence 
records on database available for Southern Ocean benthic 
species (Moreau et al. 2018). The working database (Moreau 
et al. 2018) includes presence-only records obtained by 
trawling and scuba diving during numerous expeditions to 
the Southern Ocean ranging from 1872 to 2016 (Supple-
mentary Material #3). Occurrence data collected during the 
last 50 years are the most abundant with an intense sampling 
effort carried out in the framework of the International Polar 
Year (IPY: 2007-2009) and the Census of Antarctic Marine 
Life (CAML: 2005-2010). All occurrence data are selected 
to ensure that a sufficient number of records are available to 
run the models (Stockwell and Peterson 2002; van Proosdij 
et al. 2016) and exhaustively cover the geographical space 
occupied by the considered species. Presence-only records 
are spatially aggregated near coastal areas and scientific sta-
tions (Supplementary Material #4 and see De Broyer et al. 
2014; Guillaumot et al. 2019). Presence record duplicates 
found in the same grid-cell pixel are removed to reduce spa-
tial replication as described by Segurado et al. (2006) and 
Boria et al. (2014). Because the considered species have dif-
ferent depth ranges (Moreau et al. 2018), model projection 
is performed for each species independently and bounded by 
maximal depth value defined by the species deepest record 
(see Table 1 for details).

Model calibration

Boosted regression tree (BRT) is chosen as a robust method 
to test the influence of descriptor selection on model perfor-
mance. This machine-learning algorithm has been shown 
to be well suited to accommodate presence-only data and 
incomplete datasets, to fit complex relationships between 
species records and environmental descriptors, to limit 
model overfitting and to have high transferability perfor-
mances (Elith et al. 2006, 2008; Hastie et al. 2009; Ward 
et al. 2009; Reiss et al. 2011; Heikkinen et al. 2012; Mainali 
et al. 2015; Guillaumot et al. 2019), transferability being 
defined as the ability of models to predict in new environ-
mental conditions (Friedman et al. 2001).

BRT models are calibrated following the procedure 
detailed in Guillaumot et al. (2019) and using the gbm R 
package (Elith et al. 2008; Ridgeway 2015). BRT parameters 
are set to minimize both the optimal number of trees used to 
build the model and the minimal predictive deviance (learn-
ing rate, bag fraction and tree complexity are provided for 
each species in Supplementary Material #5). A set of 1,000 
background records are randomly sampled in the environ-
mental space (maximal depth limit depending on the studied 

https://github.com/charleneguillaumot/THESIS
https://github.com/charleneguillaumot/THESIS
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species, Table 1). This number is tested sufficient enough to 
represent the whole spectrum of environmental conditions 
existing in the geographic area of interest (Guillaumot et al. 
2019: Supplementary Material) while being as close as pos-
sible to the number of records used to generate the model 
(Barbet-Massin et al. 2012). One hundred background data 
samples are generated as model replicates. Spatial aggrega-
tion of occurrence records is a recurrent bias in Antarctic 
benthic species databases (Fabri-Ruiz et al. 2018; Guillau-
mot et al. 2018b, 2019). To reduce the effect of spatial aggre-
gation on model outputs, background records are sampled 
following a target-group approach (Phillips et al. 2009). In 
this approach, background data are randomly sampled in the 
area of interest, following a weighting scheme defined by a 
Kernel Density Estimation (KDE) of sampling effort in the 
Southern Ocean (Guillaumot et al. 2018a, supplementary 
material in Guillaumot et al. 2019).

When using spatially aggregated records, standard cross-
validation procedures used to evaluate modelling perfor-
mances can be strongly biased (Hijmans 2012; Roberts 
et al. 2017; Guillaumot et al. 2019). The random selection of 
training and test data leads to the violation of independence 
between training and test subsets, which can induce an over-
estimation of correctly predicted test data by the model (Hij-
mans 2012). Using cross-validation procedures that spatially 
segregate training and test data (defined based on presence 
and background subsets) is a good alternative to accurately 
evaluate the performance of SDMs based on aggregated 
datasets. In the present study, a “sixfold CLOCK” cross-
validation approach adapted from Guillaumot et al. (2019) 
was applied. This procedure randomly defines six sectors 
around Antarctica according to longitude, three for training 
data and three for test data.

Collinearity and the selected number 
of environmental descriptors

Collinearity between the 58 selected descriptors is ana-
lysed following a stepwise approach that eliminates layers 
with a Variance Inflation Factor (VIF) > 10, using the ‘vif.
step’ function of the usdm R package (Naimi et al. 2014). 
VIF > 10 is defined as the threshold above which the effect 
of multicollinearity on model predictions is considered sig-
nificant (Hair et al. 2014) and too strong to be automatically 
corrected by machine-learning algorithms (Dormann et al. 
2012). Multicollinearity is measured on projection areas, 
that is the portion of the environment for which SDMs do 
not extrapolate. Extrapolation areas are defined for each spe-
cies independently using the Multivariate Environmental 
Similarity Surface index (MESS, Elith et al. 2010). They 
correspond to all grid-cell pixels where descriptor values are 
not contained within the range of environmental conditions 
on which presence-only data are recorded. Models generated 

with the 58 environmental descriptors are compared to mod-
els for which collinear descriptors are removed.

A stepwise procedure is used to test the effect of the 
selected number of environmental descriptors on model 
performance. SDMs are first generated for the six species 
using the total set of 58 environmental descriptors. Then, the 
six descriptors that contribute the least to the average model 
are iteratively pruned at each step of a series of SDMs suc-
cessively generated with 58, 52, 46, 40, 34, 28, 22, 16, 10, 
and four environmental descriptors.

Model evaluation and comparisons

The percentage of presence data correctly predicted (i.e. 
correctly classified test data) is computed to assess the per-
formance of SDMs in terms of transferability. Model perfor-
mances are also assessed using the Area Under the Receiver 
Operating Curve (AUC, Fielding and Bell 1997), the Point 
Biserial Correlation between predicted and observed values 
(COR, Elith et al. 2006) and the True Skill Statistic (TSS, 
Allouche et al. 2006). Suitable areas are classified using the 
Maximum Sensitivity plus Specificity threshold (MaxSSS), 
which is the most adapted index for SDMs using presence-
only data (Liu et al. 2013). MaxSSS enables to split model 
projections into suitable (> MaxSSS value) and unsuitable 
areas (< MaxSSS value). The average number of regression 
trees produced by BRT to generate models (gbm R package, 
Elith et al. 2008) is calculated to evaluate model complexity. 
Scores of SDM series generated with a decreasing number 
of environmental descriptors are compared between each 
other using the Mann–Kendall non-parametric trend test to 
assess the presence of a monotonic trend (Hipel and McLeod 
1994). Differences between model performances (AUC, 
TSS, COR, percentage of correctly classified test data), 
model properties (number of trees) and outputs (percent-
age of predicted suitable area) are tested using a Wilcoxon-
Mann–Whitney pairwise test.

Final SDM outputs

Six final SDMs are proposed for the six considered spe-
cies for the [2005–2012] time period after selection of the 
optimal number of descriptors and after removing collinear 
descriptors. The contribution of descriptors and their mar-
ginal effects (partial dependence plots) are provided and 
compared between each other. Environmental conditions 
predicted as suitable for species distribution are plotted 
through a principal component analysis (PCA) to display 
the predicted species occupied environmental space. PCA 
is compared between species having the same projection 
depth threshold, either 1500 m or 4000 m depth (Table 1).
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Results

Contribution of environmental descriptors

All models generated for the six species and with the total 
set of 58 descriptors perform well with an average AUC 
score value of 0.853 (min. 0.827; max. 0.883) and an aver-
age of 67.2% of correctly predicted test data (59.5–75.1%). 
‘Extreme events’ descriptors specifically computed for 
this study (Supplementary Material #2) never contribute 
more than 1% to SDMs, some extreme chlorophyll-a layers 
excepted (Table 2). Overall, parameters that contribute the 

most to all SDMs are depth, currents, ice thickness and 
seafloor properties (Table 2, Fig. 1). Few contrasts are 
obtained in contributions between species models except 
for the contribution of seafloor current speed and POC 
concentrations that, respectively, vary from 1.95 to 10.84% 
and 0.49 to 7.05% between SDMs (Fig. 1).

Number of environmental descriptors

Overall, models generated with different numbers of envi-
ronmental descriptors do not show significant changes in 
model performance (Mann–Kendall trend tests, Table 3). 
Models generated with four environmental descriptors only 

Table 2  Average contribution of each environmental descriptor (based on 100 model replicates) generated for the six studied species using the 
total set of 58 descriptors

In dark blue, descriptors always contribute more than 1% to all models. In light blue, descriptors contributing more than 1% to some species 
models only (A: Acodontaster hodgsoni, B: Bathybiaster loripes, G: Glabraster antarctica, L: Labidiaster annulatus, O: Odontaster validus, 
P: Psilaster charcoti). In red, descriptors never contributing more than 1% to all species models. The description of the different environmental 
descriptors is provided in Supplementary Material #1
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show a significant decrease in AUC, COR, and TSS values, 
and in the percentage of correctly classified test data for all 
species but G. antarctica (Fig. 2, Supplementary Material 

#6). Significant differences in model performance are model-
specific, whatever the number of descriptors used (Fig. 2, 
Supplementary Material #6). Differences in the number of 

Fig. 1  Contribution of environmental descriptors to SDMs projected 
until a 1500 m and b 4000 m depth for the six species. Environmen-
tal descriptors contributing less than 1% to all models are not shown. 

Error bars correspond to standard deviation values of the contribution 
percentages (100 replicates of background sampling and spatial cross-
validation splitting)
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trees used to generate models and in the size of suitable 
areas are never tested significant (Table 3).

Collinearity

Most SDMs generated with and without collinear descriptors 
show similar performance statistics (AUC, TSS, COR, and 
percentage of correctly classified test data) and a comparable 
number of trees is used to build models (Table 4). However, 
for A. hodgsoni and G. antarctica, lower AUC, TSS and 
COR values are obtained for models generated without col-
linear descriptors. The percentage of correctly classified test 
data remains unchanged except in models generated without 
collinear descriptors for A. hodgsoni (− 9.9%) and O. validus 
(− 19.5%) in which it significantly decreases. For all species 
but G. antarctica, the proportion of predicted suitable area 
increases in models generated without collinear descriptors 
(Table 4).

Comparison between final SDMs

Distance layers (i.e. distance to Antarctic coasts, to 
shelves, to the nearest canyons, to the maximum ice edge 
in winter, see Supplementary Material #1) are used as 
descriptors in a first phase of the analysis to test the effect 
of collinearity and the number of descriptors on model 
performance because they are commonly used in SDMs 
performed for Southern Ocean species (Mormède et al. 
2014). However, although relevant when interpolating spe-
cies distribution patterns (Table 2), interpreting the con-
tribution of such descriptors is not straightforward when 
it comes to describe species ecological niche. Therefore, 
these descriptors are excluded from analyses in the final 
set of SDMs. In addition, descriptors that never contrib-
ute more than 1% to SDMs (Table 2) as well as collinear 
descriptors (depending on species) are removed from the 
initial set of descriptors. Depending on the species under 
study, a set of 14 to 16 descriptors is used to calibrate final 

models: 13 of these descriptors are common to the six 
studied species and for three species, additional descrip-
tors on extreme events on chlorophyll-a concentration 
are used (Supplementary Material #7). The performance 
of final models is good for all species, with AUC val-
ues ranging from 0.810 ± 0.09 to 0.872 ± 0.07 (mean and 
standard deviation values), TSS values from 0.461 ± 0.121 
to 0.546 ± 0.08, COR values from 0.503 ± 0.136 to 
0.656 ± 0.121 and correctly classified test data from 
51.6 ± 23.7 to 80.7 ± 10.1% (Supplementary Material #8).

The PCA (Fig. 3) shows an important contribution of 
both the physical environment (slope, roughness) and food 
resources (chlorophyll-a concentrations) to SDMs pro-
jected down to 1500 m depth (strong correlation with PC1) 
and a weaker and independent contribution of mean sea ice 
cover and seafloor current speed (strong correlation with 
PC2, Fig. 3d). In contrast, food resources (chlorophyll-
a and POC concentrations), sea ice cover and depth are 
the main contributors to SDMs projected down to 4000 m 
depth (high correlation with PC1) with weaker contribu-
tions of the physical environment (slope and roughness) 
(correlation with PC2, Fig.  3h). Major differences are 
obtained between "shallow" and "deep" models (Figs. 1, 
3) whatever the other species ecological traits (Table 1).

Spatial projections of SDMs also show important con-
trasts in distribution patterns between “shallow” (1500 m) 
and “deep” (4000 m) models (Fig. 4). Shallow models 
present low probability values along the Antarctic coasts 
and higher probabilities in the sub-Antarctic Islands, in 
the Kerguelen or South Georgia archipelagos, except for 
O.validus. The three SDMs projected down to 4000 m 
depth show common patterns, with high probabilities 
predicted close to the Antarctic coasts where most occur-
rences are recorded (Supplementary Material #4). High 
probabilities are also predicted on the Kerguelen Plateau 
for B. loripes and G. antarctica, while low probabilities 

Table 3  Mann–Kendall statistic scores (τ)

Models are built with 58, 52, 46, 40, 34, 28, 22, 16, 10 and 4 environmental descriptors respectively. 100 replicates are generated in each case. 
The Mann–Kendall trend test is realized on the median value of the 100 replicates. All tests are not significant. The direction of the monotonic 
trend is given by the sign of the τ values. AUC  area under the curve, COR biserial Pearson correlation, TSS true skill statistic. The percentage of 
correctly classified test data is defined by the proportion of presence test data correctly predicted by the model

Acodontaster 
hodgsoni

Bathybiaster 
loripes

Glabraster 
antarctica

Labidiaster 
annulatus

Odontaster validus Psilaster charcoti

AUC  − 0.111 0.022  − 0.644  − 0.067  − 0.378  − 0.289
COR  − 0.111 0.156  − 0.556  − 0.244  − 0.289  − 0.289
TSS  − 0.244  − 0.067  − 0.600  − 0.067  − 0.289  − 0.422
Number of trees 0.205 0.675 0.303  − 0.322 0.023  − 0.210
% Correctly classified test data  − 0.067 0.511 0.156 0.511  − 0.156 0.511
Average number of suitable pixels 0.167 0.111 0.200 0.333 0.333 0.289
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Fig. 2  Influence of the number of environmental descriptors on SDM 
performance. Boxplot of 100 model replicate scores. Changes in bise-
rial correlation (COR) values for a Acodontaster hodgsoni, b Bathy-
biaster loripes, c Labidiaster annulatus, d Glabraster antarctica, e 
Odontaster validus and f Psilaster charcoti. Average values are indi-

cated in blue. Red asterisks indicate significant changes in median 
values between the series and preceeding value (Wilcoxon rank 
paired test, p-value < 0.05). The left-side and right-side columns cor-
respond to species for which models are respectively projected until 
1500 m and 4000 m depth
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are predicted for P. charcoti in the sub-Antarctic Islands 
(Fig. 4).

Discussion

Influence of the number of descriptors on modelling 
performance

SDMs performed at the scale of the Southern Ocean are 
usually based on a limited mass of occurrence data, patchy 
datasets and using low-resolution environmental descriptors. 
Recent studies have questioned the relevance of using such 
SDMs considering the spatial and temporal heterogeneities 
of datasets and the importance of sampling biases (Fabri-
Ruiz et al. 2018; Guillaumot et al. 2018a). In the present 
work, we focus on the selection of environmental descriptors 
as a critical step for model calibration (Bucklin et al. 2015; 
Petitpierre et al. 2017). Machine-learning algorithms such 
as BRT were proved efficient to deal with non-informative 
descriptors (De’ath and Fabricius 2000; Elith et al. 2008) 
and to correct for the influence of collinearity between 
descriptors (Dormann et al. 2012). The performance of 
BRT to model the distribution of Antarctic benthic species 
at large spatial scale is herein evaluated.

Successive models were generated from four to 58 envi-
ronmental descriptors. All models have similar accuracy 
(AUC, TSS, COR) and transferability (percentage of cor-
rectly classified test data) performances. Models generated 
with four environmental descriptors only (depending on each 
species) show significant differences in performance values 
and low capacities to describe and predict species distribu-
tion. SDMs generated for the species G. antarctica depart 
from this general result with no significant differences in 
modelling performances between models generated with 
four to 58 descriptors. This may be due to the large number 

of occurrence data available to describe the species distri-
bution and conversely, the limited number of environmen-
tal descriptors contributing to the models (Supplementary 
Material #4, Fig. S4d, Table 1).

Many studies have stressed the risk of model overfitting 
when using too many descriptors (Anderson and Gonza-
lez 2011; Synes and Osborne 2011; Braunisch et al. 2013; 
Kramer-Schadt et al. 2013; Petitpierre et al. 2017) or the 
risk of underestimating the extent of suitable areas due 
to reduced transferability performances (Beaumont et al. 
2005). In contrast, our results show that models generated 
with a different number of predictors are characterized by 
similar performance levels. This is congruent with results 
obtained by Bucklin et al. (2015) who highlighted that the 
random addition of descriptors has a minor influence on 
modelling performances when using machine-learning algo-
rithms. The absence of significant changes in the number of 
trees used to build BRT models, using a different number 
of environmental descriptors show that BRT is not sensitive 
to model overfitting, and only selects the relevant informa-
tion needed for model calibration, a property formulated as 
the stagewise selection by Elith et al. (2008). Non-inform-
ative environmental data that might complexify SDMs are 
automatically pruned when generating BRT trees, and the 
most relevant descriptors only are retained to model spe-
cies distribution (De’ath and Fabricius 2000; Whittingham 
et al. 2006; Elith et al. 2008). However, selecting a reduced 
number of environmental descriptors allows the production 
of simpler models for which descriptor contributions can be 
easily interpreted (Bucklin et al. 2015).

Influence of collinearity on modelling performance

Removing collinear descriptors from datasets has remained 
an usual approach in species distribution modelling (Dor-
mann et al. 2012; Merow et al. 2013; Fabri-Ruiz et al. 2018; 

Table 4  Mann–Whitney Wilcoxon pairwise test (W) comparing sta-
tistics of models generated without collinear descriptors and models 
run with the total set of 58 environmental descriptors, Associated 

p-values are summarized by asterisks (no star p > 0.05, *p < 0.05, 
**p < 0.01 and ***p < 0.001)

AUC  area under the curve, COR biserial Pearson correlation, TSS true skill statistic. The percentage of correctly classified test data is defined by 
the proportion of presence test data correctly predicted by the model

1500 m 4000 m

Acodontaster 
hodgsoni

Labidiaster 
annulatus

Odontaster validus Bathybiaster loripes Glabraster 
antarctica

Psilaster charcoti

AUC 6041* 4754 5738 5578 5931* 5280
COR 5842* 4783 5867* 5596 5964* 5247
TSS 6138** 4792 5748 5596 5840* 5425
% Correctly classi-

fied test data
6234** 5546 6247.5** 5590 5145 4512.5

Number of trees 5359 4352 4811 5031.5 4641.5 4312
% suitable area 3526*** 6272** 8695*** 9759*** 4796 8571***
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Guillaumot et al. 2018b). However, this strategy has recently 
been questioned when SDMs are not used for extrapolation 
(Braunisch et al. 2013; Bucklin et al. 2015; Li et al. 2016; 
Petitpierre et al. 2017). In the present study, results show that 
modelling performances (AUC, TSS, COR and percentage 
of correctly classified test data) of some SDMs significantly 
decrease when collinear descriptors are removed (i.e. A. 
hodgsoni, O. validus and G. antarctica). Removing collinear 
variables that significantly contribute to SDMs may induce 
model instability and reduce modelling performance. The 
observed decrease in AUC scores may be due to the reduc-
tion of model overfitting when removing collinear descrip-
tors (Dhingra et al. 2016).

Machine-learning algorithms are efficient modelling 
tools that take into account the multiple interactions among 
descriptors (Segurado and Araújo 2004; Araújo and Guisan 
2006; Dormann et al. 2008; Elith et al. 2008; Braunisch et al. 
2013) and can correct for collinearity between environmen-
tal descriptors if not too strong (Dormann et al. 2012). In the 
present work, this is shown by the fact that performance of 
SDMs produced for the species B. loripes, L. annulatus and 
P. charcoti remains unaffected when collinear descriptors 
are removed from the analysis.

However, using collinear descriptors in SDMs can 
make model outputs difficult to interpret when temporal 
and spatial relationships between descriptors are unknown 
(Dormann et al. 2012), because collinearity induces com-
plex relationships between environmental drivers and the 
underlying processes (Guisan and Thuiller 2005; Elith and 
Leathwick 2009; Merow et al. 2013). Several methods have 
been documented to correct for strong collinear effects. The 
sequential regression approach is one of them and aims 
at replacing correlated variables by a linear or non-linear 
model (Leathwick et al. 2006; Dormann et al. 2008). A 
second method consists in using descriptor score values on 
PCA principal components rather than descriptor raw values 
themselves (Kühn 2007; Dormann et al. 2008). However, in 
this latter approach, SDMs and species ecological prefer-
ences are difficult to interpret.

Selection of environmental descriptors

‘Distance layers’ (Supplementary Material #1) have been 
commonly used as descriptors in previous SDMs performed 
for Southern Ocean studies (Cheung et al. 2008; Murase 
et al. 2013; Mormède et al. 2014; Nachtsheim et al. 2017). In 
the present work, ‘distance layers’ were used in the first set 
of SDMs and they all showed strong contributions to model 
outputs. ’Distance layers’ may be strongly correlated to envi-
ronmental gradients, and especially to latitudinal gradients, 
or may integrate the multiple effects of diverse environmen-
tal variations (Bradie and Leung 2017; Ferrari et al. 2018). 
Interpreting the contribution of such descriptors to SDMs 

can remain problematic and depends on research objectives, 
especially depending on whether ecological significance 
or statistical contributions only are sought. The statistical 
contribution of a descriptor to the model is the independ-
ent contribution of the descriptor deduced from what other 
descriptors already bring (Dormann et al. 2012), it may not 
necessarily imply a direct ecological significance. Conse-
quently, ‘distance layers’ were removed from the initial set 
of environmental descriptors along with collinear descrip-
tors and descriptors that contributed the least to models (28 
descriptors out of the 58 available, Table 2). This reduces 
the set to 14 or 16 descriptors only depending on the species 
under study (Supplementary Material #7).

Final model outputs

In the present study, SDMs performed for A. hodgsoni, L. 
annulatus and O. validus showed lower performances (lower 
AUC, TSS, COR and correctly classified test data) com-
pared to SDMs performed for B. loripes, G. antarctica and 
P. charcoti. For these last three species, a higher number of 
records were available and contributed to the high model 
performances as species niches were better described dur-
ing model calibration (Qiao et al. 2015; van Proosdij et al. 
2016; Guillaumot et al. 2018a). Despite these differences 
in model performance, descriptor contributions and species 
predicted distributions are mostly similar between models 
(Figs. 1, 3, 4). This is an unexpected result as the six studied 
species were initially selected for their contrasting ecological 
niches and life traits, which should have determined distinct 
occupied environments and biogeographic patterns. This 
unexpected result stresses the limits of SDMs performed at 
broad spatial scale. The low resolution (in space and time) of 
environmental descriptors, the heterogeneous sampling and 
the relative low number of occurrence records available are 
cumulative limitations to model accuracy and species eco-
logical requirements were not precisely captured by models. 
In contrast, models are all structured by large-scale and com-
mon environmental drivers relating to broad-scale latitudinal 
gradients that prevail between Antarctic and sub-Antarctic 
regions (Clarke and Johnston 2003; Linse et al. 2006; De 
Broyer et al. 2014; Moreau et al. 2017).

Conclusions and recommendations

This work aimed at testing the influence of the number of 
selected environmental descriptors and their collinearity on 
model performance. Models were generated at the scale of 
the entire Southern Ocean using BRT. The BRT algorithm 
is a machine-learning approach that automatically selects 
descriptors that best characterize species niches (Elith et al. 
2008). This matches our results that highlight that all models 
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generated with different number of environmental descrip-
tors showed similar performances. In contrast, in most SDMs 
generated without collinear descriptors, model overfitting 
tends to be minimized in comparison with models generated 
with the whole set of 58 descriptors. In three species only, 
no difference in model performance was observed between 
models using either collinear or non-collinear descriptors.

Final models were generated using a subset of 14 to 16 
environmental descriptors that best explain species distri-
butions. The selected descriptors are not collinear to limit 
interpretation errors, reduce model complexity, and favour 
the ecological relevance of models (Austin and van Niel 
2011; Braunisch et al. 2013; Bucklin et al. 2015; Petitpierre 
et al. 2017). However, final SDMs are not very contrasted 
between species despite significant differences in species 
ecological niches (McClintock et al. 2008; Mah and Blake 
2012; Lawrence 2013; Brandt et al. 2014; Danis et al. 2014; 
Moles et al. 2015). The performed SDMs are more sensitive 

to the number of occurrence records available and to the 
extent of the projection area. This final result questions the 
ecological relevance of using modelling approaches at broad 
spatial scale when based a limited number of occurrence 
data, spatially aggregated and using descriptors with coarse 
spatial and temporal resolutions.

These results match those obtained in previous studies 
and suggest that the validation of model predictions should 
use independent data, appropriate statistics and expert-based 
interpretations (Guisan et al. 2013; Fois et al. 2018; Four-
cade et al. 2018; Leroy et al. 2018). Combining model out-
puts performed at narrow spatial scale and complementary 
data on biotic interactions (Van der Putten et al. 2010; Wisz 
et al. 2013; Leach et al. 2016), habitat features (Ferrari et al. 
2018) and physiological traits (Kearney and Porter 2009; 
Fordham et al. 2013; Wittmann et al. 2016; Feng and Papeş 
2017; Mathewson et al. 2017; Pertierra et al. 2017) consti-
tutes a good alternative. This can enhance the relevance of 
explanatory models and their use for ecological studies and 
conservation purposes. Downscaling SDM studies also has 
the advantage of improving model accuracy relating to par-
ticular, local to regional phenotypic or physiological traits of 
populations, which may differ at broader scale (Thatje 2012). 
Waiting for more data and ensuring the taxonomic quality of 
datasets, we recommend the use of SDMs for narrow scale 
studies using scrutinized and comprehensive occurrence 
datasets, as much as possible, while selecting non-collinear 
and ecologically relevant descriptors to minimize model 
overfitting (El Gabbas and Dormann 2018; Fois et al. 2018).

Fig. 3  PCA of environmental values (grey dots) from descrip-
tors used in final species distribution models, and that are common 
between the six species (Supplementary Material #7: depth, geomor-
phology, sediments, slope, roughness, mixed layer depth, seasurface 
and seafloor current speed, ice cover mean, chlorophyll-a min, max 
and mean concentrations for 2005–2012, POC minimum concentra-
tions for 2005–2012), limited to 1500  m (a–c) and 4,000  m depth 
(e–g) respectively. Colour dots: species suitable area (probabili-
ties > average maxSSS scores) for a Acodontaster hodgsoni, b Bathy-
biaster loripes, c Labidiaster annulatus, e Glabraster antarctica, f 
Odontaster validus, g Psilaster charcoti. PCA plot of environmental 
descriptors (d, h) and appended tables with the associated correla-
tions to PC1 and PC2. All correlation values are significant (p < 0.05)

◂
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