Supplement of Earth Syst. Sci. Data, 12, 1003–1023, 2020
https://doi.org/10.5194/essd-12-1003-2020-supplement
© Author(s) 2020. This work is distributed under
the Creative Commons Attribution 4.0 License.

Supplement of
An integrated compilation of data sources for the development of a marine
protected area in the Weddell Sea
Katharina Teschke et al.
Correspondence to: Katharina Teschke (katharina.teschke@awi.de)

The copyright of individual parts of the supplement might differ from the CC BY 4.0 License.

Supplementary Material
S1 Data processing and analysis
The workflow of data preparation and cleaning always followed the same pattern. First we downloaded the data
from the respective repository or requested the data from contact persons (see details in the main text, Section
2.3.1 to 2.4.5 and Tab. 1, 2). The collected data, which were available in various file formats (e.g., *.csv, *.shp,
*.dat, *.hdf), were then checked for quality, i.e. for missing data/information, duplicates and correctness of
Lat/Long coordinates. Where data sets contained missing data, "empty" cells were marked with the abbreviation
NA (Not Available) and were not used for the subsequent calculations. Duplicates in the data set were deleted. If
Lat/Long coordinates were missing these were subsequently added from cruise reports or other sources if possible,
otherwise the data entry was also deleted. In addition, Lat/Long coordinates were checked for the correct position.
Obviously wrong Lat/Long coordinates (e.g. coordinates on land, in another geographical region, etc.) were
corrected along the cruise reports or checked against the principal investigators of the data sets. After the data
quality check a shape file was created for each data set, which was then projected onto South Pole Lambert
Azimuthal Equal Area (https://spatialreference.org/ref/esri/102020/). When working with raster data sets, the
default raster cell size was 6.25 km x 6.25 km (raster size of AMSR-E 89 GHz sea ice concentration maps). Finally,
the data layers were cut to the size of the study site (see main text, Section 2.1). Our data processing and statistical
analyses as well as the map compilation were mainly performed using the R software (Version 3.1.2, R Core Team,
2014), QGIS (Version 2.10 "Pisa", QGIS Development Team, 2015) and the ESRI`s ArcGIS desktop software
suite (Version 10.2, ESRI 2013).

S1.1 Environmental data (IBCSO data, AMSR-E sea ice maps, FESOM data)
For our pelagic regionalisation analysis (Fig. S2) we focused on the austral summer (December to March). For
each raster cell (i) the mean of depth (IBCSO data) and depth range (i.e. difference between maximum and
minimum depth), (ii) the relative number of days with ice cover ≤ 70 % (AMSR-E sea ice maps) and (iii) the mean
of temperature and salinity at the sea surface and the sea bottom (FESOM data) were calculated over the respective
time periods of the environmental data sets (detailed description of environmental data sources see main text,
Section 2.3, and Tab. 1). The mean of depth and depth range were ln-transformed. The parameters chosen for the
pelagic regionalisation analysis are major structuring components of the Weddell Sea ecosystem and are consistent
with the variables used by Raymond (2014) in a cluster approach for a circum-antarctic pelagic regionalisation.
For clustering, we used k-means clustering (Han et al., 2011), the most widely used numerical method for
partitioning abiotic and/or biotic data in a predefined number of groups (k) (ecological examples from marine
realm see e.g., Legendre et al., 2002, Hewitt et al., 2004, Zharikov et al., 2005, Verfaillie et al., 2009). To estimate
the optimal number of clusters we used the gap statistic of the R package cluster (Maechler et al., 2014). The first
local maximum in the gap statistic was used to define the optimal number of cluster. Due to the large amount of
data, the gap statistic could not be applied to the complete data matrix (119,862 samples x 7 variables). Therefore,
data subsets were extracted from the complete data matrix using a permutation approach and the gap statistic were
applied to each of the data subsets. Finally, the median of the data subsets with respect to the optimal number of
clusters was used for k-means clustering.

S1.2 Ecological data
S1.2.1 Zooplankton
Antarctic krill (adults)
The habitat suitability model of the Antarctic krill (Fig. S3) was developed with R (R Core Team, 2014) using the
biodiversity modelling package biomod2 (Thuiller et al., 2009 and 2014). Biomod is freely available and is
probably the best known and most established software in the modelling world of ecologists, geographers and
conservationists, combining predictive results from different models (Hao et al., 2018 and references therein).
All models were run with presence-absence data on Antarctic krill (detailed description of data sources see main
text, Section 2.4.1, and Tab. 2). The predictor variables used in our final model were defined in a stepwise
procedure. First, we fed biomod2 with more than 20 environmental predictors and the model was run. The relative
importance of each variable was evaluated by the following permutation procedure: Once the model is calibrated,
a standard prediction is generated. Then, one of the predictor variables is randomised and a new prediction is made.
The Pearson’s correlation coefficient (r) between that new prediction and the standard prediction is used to measure
this variable’s relative importance in the model (= 1 - r; for more details on the permutation procedure see Thuiller
et al., 2012). Variables with low importance were then excluded from the subsequent permutation, and the relative
importance in the model of each remaining variable was measured again. Based on this permutation procedure (10
permutations in total) we reduced the number of variables to the most important predictors without negatively
influencing the model performance. Thus, for our final predictive model we used the following five environmental
variables (ranked by decreasing mean importance value calculated by biomod2): (i) dissolved oxygen (WOA13
data), (ii) ice coverage (AMSR-E sea ice maps), (iii) temperature (FESOM data), (iv) bathymetry (IBCSO data)
and (v) chlorophyll-a concentration (SeaWiFS data) (detailed description of environmental data sources see main
text, Section 2.3, and Tab. 1). All data used in the models came from near the sea surface in austral summer
(January to March).
In our modelling approach, we focused on nine commonly used modelling techniques, which include regression,
classification and machine learning methods, as described by Elith and Graham (2009): generalised linear model
(GLM), generalised boosting model, generalised additive model, classification tree analysis, artificial neural
network, surface range envelope, flexible discriminant analysis, multiple adaptive regression splines, random
forest). Three evaluation methods, i.e. relative operating characteristic (ROC), true skill statistic (TSS) and
accuracy, were used. Each modelling technique was calibrated with 70 % of the data (random sample from the
total data set) and the remaining 30 % of the data were used to evaluate their performances (Thuiller, 2003). In
total 270 calibrated models (9 different models x 10 replicates of pseudo-absences x 3 evaluation runs) were used
for the model synthesis where the different models were combined into a single ensemble model (EM). For the
development of our EM, all models were scaled applying a binomial GLM as implemented in biomod2 to ensure
comparable model results. Out of the 270 individual models we selected those models for our EM with a TSS
threshold higher than 0.65 (i.e., good prediction accuracy accord to Thuiller et al., 2010). Furthermore, we groundtruthed our EM against krill catch data from CCAMLR (see main text, Section 2.4.1, and Tab. 2) by calculating
the percentage of krill catches in the areas with different predicted habitat suitability (high to unsuitable).

Antarctic krill (larvae)
The map of the interpolated abundances of krill larvae in the WSMPA Planning Area (see Fig. S4) was done with
the ArcGIS spatial analyst in the ArcGIS desktop software suite (ESRI Inc., 2011) using the inverse-distance

weighting (IDW) method, one of the most commonly used deterministic models in spatial interpolation (e.g., Lu
and Wong, 2008). The interpolation was performed with log-transformed abundance data (detailed description of
data sources see main text, Section 2.4.1, Tab. 2). The output cell size (x, y) was set to 1000 m and the distance
coefficient power to 2. The interpolated abundances were finally expressed for a radius of 30 km around each data
record.

Ice krill
The map of the interpolated abundances of ice krill in the WSMPA Planning Area (Fig. S5) was developed in the
same way as the Antarctic krill map (see use of interpolation in previous paragraph). For a detailed description of
the data sources see Section 2.4.1 and Table 2 in the main text.
The potential ice krill habitat (Fig. S6) was approximated by water depth from 0 m to 550 m (IBCSO data) and
mean sea surface temperature ≤ 0°C (FESOM data) (detailed description of environmental data sources see main
text, Section 2.3, Tab. 1). The biological characteristics of ice krill were taken from the Biogeographic Atlas of
the Southern Ocean (Cuzin-Roudy et al., 2014).

S1.2.2 Zoobenthos
Sponges
The map of the occurrence of sponges in the WSMPA Planning Area (Fig. S7) was finally also generated using
the IDW method (see use of interpolation in Section S1.2.1 "Antarctic krill (larvae)"). The previous data processing
focused on the consolidation of two different data sets (one quantitative, one semi-quantitative; for detailed
description of data sources see main text, Section 2.4.2, and Tab. 2). We transformed the quantitative data into the
same four-category system as the semi-quantitative data (i.e. absent, rare, common, very common) by creating a
Monte Carlo sample using Sobol low-discrepancy sequences to develop a Weibull distribution (n = 10,000,000).
Within the Weibull distribution, the following classes were identified (i) class 0 (absent) = 0, (ii) class 1 (rare) = 0
to mean - standard deviation (SD), (iii) class 2 (common) = mean - SD to mean and (iv) class 3 (very common)
= mean to mean + SD. The quantitative data were classified according to these classes and merged with the semiquantitative data. The interpolated data were finally expressed for a 10 nm radius around each data record
according to CCAMLR Conservation Measure 22-09 (2012).

Echinoderms
The potential habitat for echinoderms in the WSMPA Planning Area (Fig. S8) was developed with JMP (S.A.S.
Institute Inc.) using Ward`s (1963) minimum variance method, which has been widely used for calculating
distances between clusters since its first description (examples from marine realm see e.g., Verfaillie et al., 2009,
Weise et al., 2010, Neukermans et al., 2016). A cluster analysis with a species x station matrix was performed for
Asterioidea, Ophiuroidea and Holothuroidea respectively (detailed description of data sources see main text,
Section 2.4.2, and Tab. 2). All species occurred only in two stations or less were excluded from the clustering. The
results of the cluster analyses were then linked to various environmental data sets. Water temperature best reflected
the occurrence of a particular echinoderm community, and therefore their habitat was approximated by bottom
water temperature ≤ -1° (FESOM data).

S1.2.3 Fish
Antarctic silverfish (larvae and adults)
The map of the interpolated abundances of Antarctic silverfish in the WSMPA Planning Area (Fig. S9) was
developed using the IDW method (see use of interpolation in Section S1.2.1 "Antarctic krill (larvae)"). For a
detailed description of the data sources see Section 2.4.1 and Table 2 in the main text. The interpolated data were
finally expressed for a 10 nm radius around each data record according to CCAMLR Conservation Measure 2209 (2012).

Demersal fish
The habitat suitability model of demersal fish (Fig. S10) was developed with R (R Core Team, 2014) using the
biodiversity modelling package biomod2 (Thuiller et al., 2009 and 2014).
All models were run with presence-absence data on demersal fish (detailed description of data sources see main
text, Section 2.4.3, and Tab. 2). The predictor variables that were used for our final predictive model were defined
in the same iterative process as described under "Antarctic krill (adults)". The environmental variables finally used
for our modelling approach were (with decreasing variable importance): (i) distance to coast, (ii) bathymetry, (iii)
calcium carbonate, (iv) broad benthic positioning index, (v) silica, (vi) dissolved oxygen, (vii) biogenic silica,
(viii) total organic carbon, (ix) nitrate, (x) salinity, (xi) temperature, (xii) current velocity, (xiii) slope and (xiv)
phosphate (detailed description of environmental data sources see Section 2.3 and Tab. 1 in main text). All data
used in the models came from the sea bottom in austral summer (January to March). Distance to coast, i.e. the
Euclidean distance to the nearest land from each raster cell centroid (cell size: 8.02 km x 8.02 km), was calculated
with the GRASS GIS package v.distance (Soimasuo et al., 1994) in QGIS 2.10 "Pisa". The coastline derived from
IBCSO Version 1.0 DBM (Arndt et al., 2013). Slope and broad scale benthic positioning index (BPI) was also
derived from IBCSO and were calculated with the Benthic Terrain Modeler Version 3.0 extension for the ArcGIS
desktop software suite (ESRI Inc., 2011). For the calculation of the broad scale BPI, the inner radius was set to 5
km and the outer radius to 125 km according to Jerosch et al. (2016).
In the modelling approach, we focused on the same modelling techniques as described under "Antarctic krill
(adults)". ROC and TSS were used as evaluation methods. Each modelling technique was calibrated with 70 % of
the data (random sample from the total data set) and the remaining 30 % of the data were used to evaluate their
performances (Thuiller, 2003). A total of 135 calibrated models (9 different models x 3 replicates of pseudoabsences x 5 evaluation runs) were used for the EM synthesis where all models were scaled applying a binomial
GLM as implemented in biomod2 to ensure comparable model results. Out of the 135 individual models we
selected those models for our EM with a TSS threshold higher than 0.9 (i.e., high or excellent prediction accuracy
accord to Thuiller et al., 2010).

Antarctic toothfish (adults)
The probability model of Antarctic toothfish occurrence in the WSMPA Planning Area (Fig. S11) was developed
as a function of depth as recommended by the CCAMLR Working Group on Ecosystem Monitoring and
Management (WG-EMM). Following analytical steps were performed:
(i)

We calculated the standard descriptive parameters of catch per unit effort (CPUE) data on the Antarctic
toothfish (CCAMLR fisheries data) per depth interval i (𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 ) with a depth interval width of 100 m

(depth interval mean depth: 0 m ≤ Di ≤ 2600 m, Di+1 - Di = 50 m). Depth intervals with less than five

CPUE data points were not considered.
(ii)

A Monte Carlo sample was built for each depth interval i (n = 10,000) by randomly drawn samples from
a log-normal distribution with the same mean and standard deviation as the CPUE data in each depth
interval.

(iii)

Outliers were defined as data points below Q1 – 3.0 x IQR or above Q3 + 3.0 x IQR per depth interval i
where Q1 and Q3 are the 25% and 75% quartiles, respectively, and IQR is the interquartile range, i.e. the
difference between Q1 and Q3. Thus, only extreme data points, that are "far out" (Tukey 1977), were
excluded from the subsequent model fit.

(iv)

We fitted a 4 parameter Weibull model to the simulated median 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 per depth interval i,

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 = 𝑖𝑖𝑖𝑖(𝐷𝐷𝑖𝑖 ≤ 𝑥𝑥0 − 𝑏𝑏 × ((c − 1)/c)^(1/c), 0, a ∗ ((c − 1)/c)^((1 − c)/c) ∗ (abs((𝐷𝐷𝑖𝑖 − x0)/

b + ((c − 1)/c)^(1/c) )^(c − 1) ) ∗ exp(−abs((𝐷𝐷𝑖𝑖 − x0)/b + ((c − 1)/c)^(1/c))^c + (c − 1)/c))

The model selection based on R (R Core Team 2014) using the package fitdistrplus (Delignette-Muller et
al. 2014).

(v)

The median water depth (IBCSO data) was calculated for each raster cell (cell size: 6.25 km x 6.25 km),
was assigned to the respective depth interval and the corresponding 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 value - calculated by the

Weibull model for this depth interval - was mapped (detailed description of IBCSO data see main text,

Section 2.3, and Tab. 1). Finally, the potential habitat of the Antarctic toothfish was bounded from 550 to
2 000 m according to CCAMLR Conservations Measures and fishing practice as recommended by WGEMM (WG-EMM-16 report, para. 3.6).

S1.2.4 Flying and non-flying seabirds
Breeding and non-breeding Adélie penguins
The probability of occurrence of breeding and non-breeding Adélie penguins during foraging (Fig. S13, S14) was
developed with R (R Core Team, 2014) using the R package crawl (Johnson, 2015). The continuous-time
correlated random walk model developed by Johnson et al. (2008) has become established in Antarctic science in
recent years in order to estimate more accurately the locations of tracked seabirds and pinnipeds along their
trajectory (see e.g., Warwick-Evans et al., 2018 and 2019; Baylis et al., 2019).
Here, we used the random walk model to generate predictions of the location of each tracked Adélie individual on
an hourly time scale (detailed description of penguin tracking data see main text, Section 2.4.4, and Tab. 2). Raw
ARGOS data were first processed by assigning error values to the different ARGOS location quality codes, i.e.
location code 3 (= highest accuracy of ARGOS position estimate) was set off against the lowest error value, the
highest error was assigned to location code B (= lowest accuracy of ARGOS position estimate). Subsequently,
simulated track-lines between the temporally sequenced ARGOS positions or each tracked individual, were
generated by the continuous-time correlated random walk model, binned onto a 6.25 km x 6.25 km spatial grid
and pooled per raster cell so that the final data layers (one for breeding, one for non-breeding Adélies) identifies
the areas that were used most often by tracked Adélies. Buffer areas (i.e. a 50 km buffer and a 50-100 km ring
buffer) around each colony - shown on the final map of breeding Adélie penguins - were adopted in accordance
with the recommendations of the 2nd international workshop on the identification of CCAMLR MPAs in Planning
Domain 1 (WG-EMM-15/42 and references therein).

Breeding Emperor penguins
The probability model of Emperor penguins occurrence during foraging in breeding season (Fig. S15) was
developed as a function of distance from colony and colony size (Fretwell et al., 2012 and 2014) as well as sea ice
concentration (AMSR-E sea ice maps; detailed description of data source see main text, Section 2.3, and Tab. 1).
Analysis 1: Probability model of penguin occurrence as a function of distance from colony and of colony size
To calculate the distances from colony for foraging, we used a raster grid with a spatial resolution of 6.25 km x
6.25 km (as for sea ice concentration). We calculated the Euclidian distance for each raster pixel centroid j to each
emperor penguin breeding colony i. Thus, the probability of occurrence P1i, j of one penguin from colony i in
centroid j was calculated by the following approximation:
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where dmax is the maximum foraging distance to breeding colony (here dmax = 190 km; derived from Zimmer et al.
(2008) and reference therein by mean maximum foraging distance to the colony of male penguins in winter of
106 km (standard deviation (SD) = 28 km) plus three SD, i.e. 106 km + 3*28km = 190 km), and di,j is the
Euclidean distance (in km) between colony i and centroid j, which was calculated by:
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where d.ice_edgei is the distance of colony to the shelf ice edge. Distances 𝑑𝑑𝑖𝑖,𝑗𝑗 ≤ 0 were set to 1. Subsequently,

different boundaries of ice shelf edge were adjusted by a 10 km puffer, which was subtracted from the distances
di,j, too, and a reclassification was performed again (𝑑𝑑𝑖𝑖,𝑗𝑗 ≤ 0 were set to 1).
Then, the probability of penguin occurrence P1i, j from colony i in centroid j was normalised between 0 and 1 (i.e.
0 ≤ P1i, j ≤ 1). Finally, all P1i, j were added for each centroid j and normalised again to a range between 0 and 1:

𝑃𝑃1𝑗𝑗 =
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𝑖𝑖=1 𝑃𝑃1𝑖𝑖,𝑗𝑗

max(∑𝑛𝑛
𝑖𝑖=1 𝑃𝑃1𝑖𝑖,𝑗𝑗 )

(3)

where n is the number of emperor penguin breeding colonies.

To account for breeding colony size (number of animals), each probability of penguin occurrence P1i,j was
weighted with the best population estimate (BE) for this emperor penguin colony according to Fretwell et al.
(2012).
𝑃𝑃1′𝑖𝑖,𝑗𝑗 = 𝑃𝑃1𝑖𝑖,𝑗𝑗 ∗ 𝐵𝐵𝐵𝐵𝑖𝑖

(4)

Subsequently, all 𝑃𝑃1′𝑖𝑖,𝑗𝑗 were added for each centroid j and normalised to a range between 0 and 1 (i.e. 0 ≤
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where n is the number of emperor penguin breeding colonies.

Analysis 2: Probability model of penguin occurrence as a function of sea ice concentration
The probability model of penguin occurrence as a function of sea ice concentration was calculated in the following
steps: (1) A sigmoid transfer function was applied (eq. 6) to achieve an even distribution of the mean sea ice
concentration data; (2) the ice index data (ICj) were normalised to a range between 0 and 1 (eq. 7); and (3) the
probability of penguin occurrence was calculated using the transformed data and a hyperbolic tanh-function (eq.
8). The mean sea ice concentration was calculated for the breeding period of emperor penguins (June to January)
from 2002 to 2011.

𝐼𝐼𝐼𝐼𝑗𝑗 =

1

(6)

−5 )∗𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔)

1+𝑒𝑒 (− 𝑙𝑙𝑙𝑙(𝑥𝑥+10

with x = mean sea ice concentration/100 and gain set to 6.23.

Subsequently, the ice index data (ICj) were normalised to a range between 0 and 1:
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For the probability model of penguin occurrence we have assumed that the penguin preference does not relate

linearly to sea ice conditions, but with a sigmoid pattern, i.e. areas with medium sea ice concentration are already
suitable foraging grounds. This sigmoid pattern was modelled by the following tanh-function:

𝑃𝑃2𝑗𝑗 =

tanh�𝜋𝜋∗�𝐼𝐼𝐼𝐼𝑗𝑗 ∗2−1��+1
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Analysis 3: Combining the distance/colony size model with the sea ice concentration model
An overall probability of penguin occurrence Pj, i.e. a combination of the distance/colony size model and the sea
ice concentration model, was calculated by the following equation:
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Antarctic petrel

(9)

The potential foraging habitats of the Antarctic petrel (Fig. S16) was developed as a function of (i) sea ice
concentration (AMSR-E sea ice maps), (ii) bathymetry (IBCSO data) and (iii) sea water temperature (FESOM
data; detailed description of data sources see main text, Section 2.3, and Tab. 1).
As preferred ice regime of the Antarctic petrel we focused on the marginal ice zone, i.e. 15 % - 80 % ice coverage,
according to van Franeker (1996) and Ainley et al. (1984, 1994). Data on sea ice concentration were reclassified
as first step, i.e. a value of 1 was assigned to each cell with ice cover 15 % - 80 %, whereas cells with ice cover
less than 15 % and more than 80 % were set to 0. Then, for each grid cell, the relative number of days (in %) for
which a given grid cell had an ice cover between 15 % and 80 % was calculated for the breeding period (January
to March) from 2002 to 2011. Subsequently, eight classes regarding the frequency of occurrence of the marginal
ice zone were defined and scaled between 0 and 1.
We used abundance data from Ainley and Jacobs (1981) and calculated mean Antarctic petrel densities for three
depth classes, i.e. (1) deep ocean: > 2600 m, (2) continental slope and shelf break: 2600 to < 600 m and (3)
continental shelf: the remainder of the continental shelf. Then, the mean densities were scaled between 0 and 1.
Finally, bathymetric data (IBCSO) were used to identify the three different depth zones in the Weddell Sea
Planning Area.
According to Ainley et al. (1984) Antarctic petrels seem to prefer water temperatures colder than 0.5°C. Thus, sea
surface temperature (SST) data (FESOM) were reclassified for each raster cell, i.e. value 3 = SST ≤ 0.5°C in all
three months (January to March), 2 = SST ≤ 0.5°C in only two months, 1 = SST ≤ 0.5°C in only one month and 0
= SST > 0.5°C in all three months. Subsequently, the values were scaled between 0 and 1.
Finally, we approximated the potential foraging habitat of Antarctic petrel by stacking the three environmental
proxies and corresponding data layers, respectively, and assigning different weighting factors to the proxies. The
highest weighting factor was assigned to sea ice concentration (weighting factor: 1) as we assume sea ice as the
major structuring component of the Antarctic petrel foraging habitat. Bathymetry and sea water temperature, in
contrast, got lower weighting factors of 0.75 and 0.25, respectively.
Subsequently, we combined our model approach with the model results from Descamps et al. (2016) as
recommended by the CCAMLR Scientific Committee (SC-CAMLR-XXXV report, paras. 5.14 - 5.28). Descamps
et al. (2016) kindly provided us with the shape files showing the modelled kernel utilization summer and winter
distribution of Antarctic petrel breeding at Svarthamaren.
We combined the kernel utilization distribution (hereafter kernel UD) model from Descamps et al. (2016) with our
model by the following procedure:
(i)

We calculated a weighting factor wfi for each level of kernel UD (i.e. for 30, 60 and 95 % kernel UDs)

by the following equation:
wfi =

max(kUD )
kUDi

(1)

where max(k UD ) is 30 derived from the 30 % kernel UD, i.e. core area - high intensity of use, and k UDi is the
respective kernel UD.

(ii)

We computed the probability of Antarctic petrel occurrence Pi for each grid cell (i) by:

𝑃𝑃𝑖𝑖 =

(

xi 𝐴𝐴𝐴𝐴𝐴𝐴_𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 + (100 ∗ wfi 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎._𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ) + (100 ∗ wfi 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎._𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 )

100 ∗ max( xi 𝐴𝐴𝐴𝐴𝐼𝐼

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

3

)

, 100 ∗ wfi 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎._𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , 100 ∗ wfi 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎._𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 )

(2)

where xi 𝐴𝐴𝐴𝐴𝐴𝐴_𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is our model value (i.e. 5, 20, 35, 50 or 100).
S1.2.5 Pinnipeds
The probability of pinniped occurrence based on tracking data (Fig. S17) was developed with R (R Core Team,
2014) using the R package crawl (Johnson, 2015; see examples of Antarctic studies using crawl in Section S1.2.4
"Breeding and non-breeding Adélie penguins").
Here, we used the random walk model from Johnson et al. (2008) to generate 100 simulated track-lines between
the temporally successive ARGOS positions for each tracking data set on pinnipeds (detailed description of
pinniped tracking data see main text, Section 2.4.5, and Tab. 2). Only random track-lines were generated where
the maximum speed of a pinniped between successive positions was ≤ 2.5 m s-1. The simulated track-lines were
binned onto our standard spatial grid (cell size: 6.25 km x 6.25 km) and pooled per raster cell so that the final data
layer identifies the areas that were used most often by tracked pinnipeds.

The map on seal densities in the WSMPA Planning Area (Fig. S18) was developed combining modelled and
interpolated densities of seals. Predictive density values on crabeater seals were derived from Flores et al. (2008)
and Forcada et al. (2012) and were pooled in case of areas where both studies presented model results.
Interpolated densities of seals were derived from APIS point data (unspecified taxa) and observed crabeater seal
densities (see Bester et al., 1995, 2002; see detailed data description data in main text, Section 2.4.5, and Tab. 2).
From APIS point data, seal densities (i.e. individuals/km²) were calculated using the count method for line transect
data (e.g., Bester and Odendaal, 2000, Hedley and Buckland, 2004). We used non-standardised data for the density
calculations as the APIS data set is based on video material, and thus at least observer related factors potentially
influencing the probability of animal detection are not relevant to consider. The seal densities from Bester et al.
(1995) were averaged over the different sampling dates for each transect, and the densities per sampling zones
(inner, middle, outer zone; see Bester et al., 2002) were converted from square nautical mile to square kilometer.
Finally, all transects were subdivided in sections of circa 5.5 km according to Bester et al. (2002) using QGIS 2.0
"Dufour" with the QChainage plugin and the density values of the respective transect was assigned to each section
for the interpolation approach. We applied the IDW method (see also Section S1.2.1 "Antarctic krill (larvae)")
with the output cell size (x, y) of 2000 m and the distance coefficient power of 2. The search radius setting, i.e. the
number of points, was set to 10.

S2 Figures

Figure S1. Distribution of data recordings per higher taxonomic group, i.e. zooplankton (a), zoobenthos (b), fishes
(c), birds (d) and pinnipeds (e), across the wider Weddell Sea region, which were compiled in the context of the
WSMPA planning initiative.

Figure S2. Pelagic regionalisation of the WSMPA Planning Area.

Figure S3. Habitat suitability predictions of adult Antarctic krill (Euphausia superba) in the WSMPA Planning Area.

Figure S4. Interpolated abundances of Antarctic krill larvae (Euphausia superba) in the WSMPA Planning Area.

Figure S5. Interpolated abundances of ice krill (Euphausia crystallorophias) in the WSMPA Planning Area.

.
Figure S6. Potential habitat of ice krill (Euphausia crystallorophias) in the WSMPA Planning Area.

Figure S7. Interpolated occurrences of sponges in the WSMPA Planning Area.

Figure S8. Potential habitat of a special echinoderm assemblage in the WSMPA Planning Area.

Figure S9. Interpolated abundances of Antarctic silverfish (Pleuragramma antarctica) in the WSMPA Planning Area.

Figure S10. Habitat suitability predictions of demersal fishes in the WSMPA Planning Area.

Figure S11. Probability model for the potential habitat of Antarctic toothfish (Dissostichus mawsoni) in the WSMPA Planning Area.

Figure S12. Nesting sites of demersal fish observed in the WSMPA Planning Area.

Figure S13. Modelled probability of the occurrence of breeding Adélie penguins (Pygoscelis adeliae) during foraging in the WSMPA Planning Area.

Figure S14. Modelled probability of the occurrence of non-breeding Adélie penguins (Pygoscelis adeliae) during foraging in the WSMPA Planning Area.

Figure S15. Modelled probability of the occurrence of Emperor penguins (Aptenodytes forsteri) during foraging in breeding season.

Figure S16. Probability model for the potential habitat of Antarctic petrel (Thalassoica antarctica) in the WSMPA Planning Area.

Figure S17. Modelled probability of seal occurrence in the WSMPA Planning Area.

Figure S18. Modelled and interpolated seal abundances in the WSMPA Planning Area.

S3 Tables
Table S2. Detailed list of adult Antarctic krill (Euphausia superba) data with survey name, station number per
survey and respective source of data, which were used from the database KRILLBASE within the WSMPA
planning initiative.
Survey name

Station

Data source

bas1985sib
epa1993saf

4a and 5
211-216

UK data (SIBEX cruise)
South African data

epa1995saf

1-14

South African data

epa1998saf

27

South African data

epa1995bon

189

South African data

epa1996xxx

5 and 6

South African data

epa1989ikt

7, 8, 10, 11

Soviet data

epa1990mkx

149-173

Soviet data

epa1989smt

5, 6, 13, 14

Soviet data

epa1989ikt

7, 8, 10, 11

Soviet data

his1928dis-top

46

UK historical data

his1931wsc-top

548-552

UK historical data

his1932dis-str

813a, 815a, 816a, 822a

UK historical data

his1932dis-top

814, 818-820

UK historical data

his1933dis-str

1148a, 1150a, 1151a, 1153a

UK historical data

his1933dis-top

1149, 1152

UK historical data

his1935dis-str

1519a

UK historical data

his1935dis-top

1513-1528

UK historical data

his1935wsc-top

892 and 893

UK historical data

his1937dis-str

2004a

UK historical data

his1937dis-top

1998-2000, 2002, 2003, 2006-2012

UK historical data

his1937dis-ver

2010a, 2012a

UK historical data

his1939dis-str

2596a, 2598a, 2600a, 2606a-2608a, 2010a

UK historical data

his1939dis-top

2543-2563, 2595, 2599, 2601, 2603, 2604, 2609

UK historical data

his1939dis-ver

2543a, 2545a, 2547a

UK historical data

pol1984wit

165 and 168

Polish data; Witek et al. (1985)

vsi2004lak

1021, 1023-1025, 1028-1031, 1033-1037, 100-1042, 1044-1046, 10481050, 1053-1056, 1059-1060, 1062, 1065, 1066, 1068-1071, 1075-1078,
1080, 1084, 1086, 1087, 1090-1092, 1095-1097, 1100-1102, 1116-1117
20, 21, 23, 24, 27-29, 31, 33-35, 51, 52, 54-79, 82-85, 87-101, 105-111

German data (LAKRIS cruise 2004)

vsi1980pol

vsi1976xxx

89, 91, 94, 97-99, 101, 106, 108, 110, 111, 126-128, 130, 132, 134, 136,
138, 143, 178, 179, 185, 186, 191, 193, 195, 197, 203, 205, 208-211,
213-215, 217, 219, 224, 226-235, 237, 282
161, 162, 176, 183, 185, 186, 189, 190

vsi1978xxx

330-337, 339, 340a, 341b, 342c, 343d, 344e, 345

vsi1981pol

German data (MV Polarsirkel cruise
1979/80)
German data (MV Polarsirkel cruise
1980/81)
German data (RV Walther Herwig
cruise 1975/76)
German data (RV Walther Herwig
cruise 1977/78)
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