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ABSTRACT: Marine protected areas (MPAs) are
important for the preservation of ecosystem function-
ing, ecosystem services, resilience and biodiversity
around the world. In South Africa, the role of MPAs
in the protection of cetaceans is poorly understood, a
knowledge gap that may affect management deci-
sions and future cetacean conservation. Here, we
used presence data of 9 odontocete species (namely
southern bottlenose whale Hyperoodon planifrons,
common dolphin Delphinus delphis, dusky dolphin
La genorhynchus obscurus, false killer whale Pseu -
dorca crassidens, Indo-Pacific humpback dolphin
Sousa chinensis, Heaviside’s dolphin Cephalo rhyn -
chus heavisidii, killer whale Orcinus orca, Risso’s
dolphin Grampus griseus and Indo-Pacific bottlenose
dolphin Tursiops aduncus) to predict their distribu-
tion in the South African exclusive economic zone
(EEZ) using ensemble models. The data were col-
lected from various opportunistic, historical and sci-
entific records spanning the period 1957−2014. Up to
9 predictor variables (sea surface temperature, chlo -
ro phyll a concentration, salinity, bathymetry, dis-
tance to shore, bottom slope, eastward and north-
ward sea water velocity and bioregion) were used in
the ensemble model to predict the distributions for
each odontocete species. Model results suggest that
some of the species’ preferred habitats are partially
(i.e. <5% of the distribution) protected by the estab-
lished MPAs, but the protection area does increase
with the recently approved MPAs. This study pro-
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vides a baseline for the distribution of the 9 odonto-
cete species in relation to the MPAs, which could
facilitate the protection and management of these
species in the region and help identify important
marine mammal areas.

KEY WORDS:  Habitat modelling · Species distri-
butions · Marine protected areas · Odontocetes ·
South Africa

South Africa’s new (orange) marine protected areas (MPA)
(previously established MPAs yellow) increase the protection
of the marine ecosystem, including nine odontocete species. 
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1.  INTRODUCTION

Countries with coastlines are introducing new leg-
islation to increase the numbers and sizes of marine
protected areas (MPAs) to reduce biodiversity loss
and conserve ecosystem functioning (Edgar et al.
2014, Roberts et al. 2018). The Convention on Biolog-
ical Diversity (CBD), through decision X/2 (reinsti-
tuted in 2010), set out 20 Aichi biodiversity targets to
reduce biodiversity loss in the marine and terrestrial
environments (CBD 2010, 2012, Pereira et al. 2013,
Edgar et al. 2014, Thomas et al. 2014, Roberts et al.
2018). Notably, Aichi target number 11 encourages
member states to increase representative MPAs to a
total of 10% of their Exclusive Economic Zone (EEZ)
by 2020 (Thomas et al. 2014).

‘Operation Phakisa’ is a South African government
initiative to fast-track the delivery of the 2030 Nat -
ional Development Plan by unlocking the oceans’
economy (van Wyk 2015, Findlay 2018). South Africa,
a member state of the CBD, until recently protected
less than 0.4% of its EEZ, encompassing only 60% of
habitat variability (Sink 2016). To meet the objectives
of ‘Operation Phakisa’ and the Aichi targets, a net-
work of new MPAs covering 46 of the 54 recognised
habitats was proposed in 2016 (Sink 2016), increas-
ing the total protection to 5% of South Africa’s EEZ
(Harris et al. 2011, RSA 2016, Sink 2016). Of these
MPAs, 2 have recently (RSA 2016) been dropped and
there are now 18 new MPAs, plus an expansion of 2
existing MPAs approved by cabinet (RSA 2019). This
new MPA network aims to maintain a sustainable
ocean economy (Harris et al. 2011, Sink 2016).

An ecosystem-based management approach — a
balance between social, ecological and governance
at the relevant temporal and spatial scales, using sci-
entific knowledge and effective monitoring to attain
resource sustainability (Long et al. 2015) — combined
with the MPA network is important for safeguarding
the oceans’ environmental integrity. Not all marine
faunal habitats were considered under the newly
approved MPAs (Sink 2016) and this is especially
true for cetaceans. Only 1 of the established MPAs,
the Walker Bay Whale Sanctuary, was promulgated
to protect cetaceans (RSA 2001). MPAs for cetaceans
are usually designed around habitats that are critical
to their survival, for example breeding, feeding and
migratory areas (Hoyt 2012). As these critical habi-
tats are typically large, protecting them as safe
havens for charismatic cetaceans would create an
umbrella effect, simultaneously protecting a multi-
tude of other species and habitat types (Hoyt 2012).
However, protecting large areas and multiple habitat

types is difficult and impractical. Therefore, in order
to conserve biodiversity, MPAs should be a starting
point in which careful design, connectivity and zona-
tion aid in an ecosystem-based management ap -
proach (Agardy et al. 2011, Hoyt 2012).

In South Africa, certain laws and policies support
the protection of cetaceans (e.g. RSA 1994, 1998). For
example, existing law dictates that before any activ-
ity is conducted that could result in environmental
degradation, an environmental impact assessment
(EIA) must be undertaken to develop an environ-
mental management plan (EMP; RSA 2014, 2015).
Ideally, these EIAs should rely on the best available
and most up-to-date science. Critical habitat identifi-
cation and distribution data are often limited, result-
ing in poorly developed EIAs (Nowacek et al. 2013).
This is most obvious when considering cetaceans, as
there is a paucity of current literature on the odonto-
cete distribution in the South African EEZ (Findlay
1989, Findlay et al. 1992, Best 2007).

Distribution modelling is one way in which the
identification of species distributions can aid in
developing an EMP (Forney et al. 2012, Hoyt 2012,
Stock & Micheli 2016). Distribution modelling of rare
species or data-deficient species, such as cetaceans,
remains problematic, as the combination of many
environmental variables and a low number of pres-
ence data requires many assumptions which can lead
to extrapolation bias due to model over-fitting
(Breiner et al. 2015). Current practice, especially in
such instances, is to use an ensemble of models to
overcome some of the uncertainty of a single-model
approach (Coetzee et al. 2009, Thuiller et al. 2009,
Zanardo et al. 2017).

Here we used 5 separate algorithms to predict the
distribution of 9 commonly encountered odontocete
species in the South African EEZ and identify the
environmental niche factors that best predict their
distribution. These species include: southern bottle-
nose whale Hyperoodon planifrons, common dolphin
Delphinus delphis, dusky dolphin Lagenorhynchus
obscurus, false killer whale Pseudorca crassidens,
Indo-Pacific humpback dolphin Sousa chinensis,
Heaviside’s dolphin Cephalorhynchus heavisidii,
killer whale Orcinus orca, Risso’s dolphin Grampus
griseus and Indo-Pacific bottlenose dolphin Tursiops
aduncus. We evaluated each algorithm and the en -
semble model using 2 methods: the area under the
re ceiver operating characteristic curve (AUC) and
the true skill statistic (TSS). Finally, we aimed to ap -
proximate the percentage of odontocete habitat that
is protected through the established and recently
approved MPAs within South Africa’s EEZ.
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2.  MATERIALS AND METHODS

2.1.  Study area

The study site (Fig. 1) encompasses the South
African EEZ in its entirety, including both the exist-
ing and the newly approved MPAs (RSA 2016).
These MPAs are under the jurisdiction of South
African law, meaning South Africa can regulate
anthropogenic activities.

2.2.  Species presence data

We collated presence data of 9 odontocete species
from several opportunistic, historical and scientific re -
cords, spanning all seasons from 1957−2014 (see
Table S1 in Supplement 1 and Fig. S1 in Supplement 2
at www. int-res. com/ articles/ suppl/ m633 p001 _ supp/).
The ma jority (54%) of data are from citizen scientists
and were collected and collated by Nan Rice (CEO of
Dolphin Action and Protection Group, Fish Hoek),

3

Fig. 1. South African exclusive economic zone study area (surrounded by a white line). Orange blocks signify the recently 
approved marine protected areas (MPAs), and the green blocks signify the established MPAs
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who formed a citizen science network for data collec-
tion in South Africa. Historical data (37% of the data),
which are curated by the Mammal Research Institute
Whale Unit of the University of Pretoria, consist of
records from dedicated aerial and boat-based scien-
tific surveys, aerial historical whaling searches and
data collated by Best (2007).

We sourced the final 9% of the data as follows: 5%
from the Ocean Biogeographic Information System
Spatial Ecological Analysis of Megavertebrate Popu-
lations (OBIS-SEAMAP (Halpin et al. 2009) and 4%
from the Petroleum Agency of South Africa (PASA).
OBIS-SEAMAP (http://seamap.env.duke.edu) is an
online platform of archived data, supplied by a grow-
ing number of individuals and institutions for research
into the ecology and management of marine verte-
brates (Halpin et al. 2009). The data obtained from
PASA were collected by marine mammal observers
and passive acoustic monitors, who are required by
the EMP to ensure the mitigation of marine seismic
survey impacts on marine mammal fauna (RSA
2015). We checked all data for authenticity and accu-
racy by weighting records according to known spe-
cies ranges and observers’ descriptions of the spe-
cies. Permission to use the data was obtained from all
of the named sources (Table S1).

2.3.  Environmental data

We considered 9 environmental predictors for mod-
elling the distribution of cetaceans in the South African
EEZ (Fig. S2 in Supplement 2). These were selected
based on known or potential relationships with
cetaceans (Redfern et al. 2006, Torres et al. 2013).
These variables are de scribed in Table 1 and com-
prise 5 oceanographic predictors: sea surface tem-
perature (SST), salinity, chlorophyll a (chl a) concen-
tration, eastwards (uo) and northwards (vo) sea water
velocity (Fig. S2); and 3 topographical predictors:
bathymetry, distance to shore and slope (Fig. S2).
The final environmental predictor was the bioregions
of the South African EEZ (Fig. S3 in Supplement 2).

Previous studies have shown that topographic vari-
ables (Torres et al. 2013) and habitat types (Zanardo
et al. 2017), here bioregions, are reliable indicators
for predicting cetacean distributions. Bioregions
were defined by faunal, floral and physical character-
istics (Lombard et al. 2004, Griffiths et al. 2010). The
bioregions of the South African EEZ included At lantic
offshore bioregion, Namaqua bioregion, South-west-
ern Cape bioregion, Agulhas bioregion, Indo-Pacific
bio region, West Indian offshore bioregion, Natal bio -
region, Delagoa bioregion and the South-west Indian
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Environmental Spatial             Source                                                      Units            Date         Reference
variable resolution

Bathymetry 30 arc-sec (~1 km)   MARSPEC                                                  m                na           Sbrocco & Barber (2013)

Slope 30 arc-sec (~1 km)   MARSPEC                                            Degrees           na           Sbrocco & Barber (2013)

Distance to 30 arc-sec (~1 km)   MARSPEC                                                 km               na           Sbrocco & Barber (2013)
shore

Chlorophyll a 4 km               Copernicus-                                           mg m−3     2002−2016    Volpe et al. (2019)
(chl a)                   OCEANCOLOUR_GLO_CHL_L4

                  _REP_OBSERVATIONS_009_082

Sea surface 0.083° (~8 km)       Copernicus-                                               °C         1991−2016    Fernandez & Lellouche
temperature                   GLOBAL_REANALYSIS_PHY                                 (2018)
(SST)                   _001_030

Salinity 0.083° (~8 km)       Copernicus-                                              psu        1991−2016    Fernandez & Lellouche
                  GLOBAL_REANA                                                                      (2018)
                  LYSIS_PHY_001_030

Eastwards sea 0.083° (~8 km)       Copernicus-                                             m s−1       1991−2016    Fernandez & Lellouche
water velocity                   GLOBAL_REANA                                                                      (2018)
(vo)                   LYSIS_PHY_001_030

Northwards sea 0.083° (~8 km)       Copernicus-                                             m s−1       1991−2016    Fernandez & Lellouche
water velocity                   GLOBAL_REANA                                                                      (2018)
(uo)                   LYSIS_PHY_001_030

Bioregions Rasterised          SANBGIS                                                  km               na           SANBI (2004)
polygon 4 km

Table 1. Oceanographic and topographic environmental variables used in the ensemble modelling process. MARSPEC: Mar-
ine Spatial Ecology; SMI: Standard Mapped Image; MGET: Marine Geospatial Ecology Tools; AVHRR: Advanced Very High
Resolution Radiometer; SANBGIS: South African Biodiversity Geographic Information System; SANBI: South African National

Biodiversity Institute. Date refers to the date of calculated monthly averages. na: not applicable
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offshore bioregion (Lombard 2004, Griffiths et al.
2010). The bioregion polygons (WGS84, EPSG 4326)
were rasterised to a 0.083° (~8 km) geographic grid
using ArcMap (ESRI 2011) for the predictive model-
ling process.

We chose SST, salinity and chl a concentration, as
these are known indicators for phytoplankton bio-
mass (Sbrocco & Barber 2013, Pennino et al. 2017),
and northwards and eastwards sea water velocities,
as they can indicate the movement of plankton
(McQuaid 2010). These indicators were used as prox-
ies for cetacean food availability (Sbrocco & Barber
2013, Pennino et al. 2017). Data for SST, salinity, uo

and vo were available from December 1991 to De -
cember 2016, while chl a data were available from
January 2002 to December 2016. The majority of the
sightings of odontocetes were recorded from the
1970s and late 1990s, with some presence data re -
corded as early as 1957. Other studies have indicated
that averaging oceanographic data over several
years provides sufficient data to model predicted
species distribution (e.g. Torres et al. 2013). To con-
duct the distribution modelling, the monthly SST,
salinity, chl a, uo and vo data were first averaged (at
their native spatial resolution and projection) into
mean yearly values, then re-projected to a standard
WGS84, EPSG 4326 geographic projection in ArcMap.

To ensure that all variables had the same spatial
resolution and extent, we resampled them to a 0.083°
(~8 km) grid using nearest interpolation in the data
management tool of ArcMap. They were then
clipped to the study area extent (ymax = −26.8, ymin =
−38.2, xmin = 13.3, xmax = 36.6; Fig. 1) using the ‘raster’
package (Hijmans 2015) in R, version 3.6.1 (R Core
Team 2019). Finally, to determine if there was multi-

collinearity between the environmental predictors,
the variance inflation factor (VIF) was tested using
the ‘car’ package (Fox & Weisberg 2011) in R. High
VIF numbers, above 10, indicated that the variation
shown by one variable can be explained by the other
environmental factors. Therefore, if a value of 10 or
higher was obtained, that variable was removed from
the models and the VIF test was computed again to
ensure no correlation between the rest of the envi-
ronmental factors (O’Brien 2007).

2.4.  Species distribution modelling

Distributions of 9 odontocete species in the South
African EEZ were modelled using an ensemble ap -
proach, where results from 5 individual algorithms
were combined. The 5 algorithms used are gener-
alised boosting model (GBM; Elith et al. 2008); classi-
fication tree analysis (CTA; De’ath & Fabricius 2000);
flexible discriminant analysis (FDA; Hastie et al.
1994); random forest (RF; Cutler et al. 2007); and sur-
face range envelope (SRE; Thuiller et al. 2005). The
ensemble model combined these algorithms using
the ‘BIOMOD2’ package (Thuiller et al. 2009) in R.
These 5 algorithms out of a possible 11 were chosen
because, after testing sample data, they were less
likely to overfit and more likely to converge when
presence points were low in numbers, and studies by
Coetzee et al. (2009) and Barbet-Massin et al. (2012)
indicate that these algorithms perform well.

In order to create an ensemble model, however,
both presence and absence data are required. Our
data consisted of a combination of presence-only data
(part of the data set from the Mammal Research Insti-
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Species AUC    TSS   No. of pseudo-   Environmental variables
                 absence points

Southern bottlenose 0.998   0.943        161 (=)         Bioregions, bathymetry, slope, distance to shore, vo, SST, chl a
whale

Common dolphin 0.995   0.925        883 (=)         Bioregions, bathymetry, slope, distance to shore, vo, uo, SST, salinity, chl a
Dusky dolphin 0.999   0.977        144 (=)         Bioregions, bathymetry, slope, vo, uo, SST, salinity, chl a
False killer whale 0.996   0.973       22 (×10)        Bioregions, bathymetry, slope, uo, salinity, chl a
Indo-Pacific humpback 0.999   0.993       25 (×10)        Bathymetry, slope, distance to shore, uo, SST, chl a
dolphin

Heaviside’s dolphin 1.000   0.989        628 (=)         Bioregions, bathymetry, slope, distance to shore, vo, uo, SST, salinity, chl a
Killer whale 0.993   0.922        140 (=)         Bioregions, bathymetry, slope, distance to shore, vo, SST, salinity, chl a
Risso’s dolphin 0.993   0.930        156 (=)         Bioregions, bathymetry, slope, distance to shore, uo, SST, salinity, chl a
Indo-Pacific bottlenose 0.999   0.992       58 (×10)        Bioregions, bathymetry, slope, distance to shore, vo, SST
dolphin

Table 2. Final ensemble model scores for both model evaluation methods and the parameters used to create them. The figure
within the brackets denotes if the numbers of pseudo-absence points chosen was equal to the presence points (=) or 10 times
the presence points (×10). Environmental variables are described in Table 1. AUC: area under the receiver operating charac-

teristic curve; TSS: true skill statistic 
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tute [MRI] Whale Unit incidental sightings and the
OBIS data set) (Table S1) and some presence− absence
data (part of the MRI data set and the Marine Mammal
Observer [MMO] and Passive Acoustic Monitor [PAM]
data set). Several studies have de scribed the limita-
tions of using presence-only data and suggested pos-
sible ways in which to overcome these limitations (e.g.
Phillips et al. 2009, Wisz & Guisan 2009, Barbet-
Massin et al. 2012, Senay, Worner & Ikeda 2013). Bar-
bet-Massin et al. (2012), for instance, found that dif-
ferent methods of pseudo-absence selection were
appropriate for different types of algorithms and the
number of presence points available. We adopted this
approach, and test-fitted randomly sampled pseudo-
absence points within an environmental envelope in
BIOMOD2. The number of pseudo-absence points
tested ranged from an equal number to the presence
points, 10 times the number of presence points (Table 2)
and 2% of the study area (1440 pseudo-absence
points) as suggested for these algorithms by Barbet-
Massin et al. (2012). The number of pseudo-absence
points that resulted in ensemble models with the
highest accuracy score and the most plausible predic-
tive distribution maps (according to the known litera-
ture, e.g. Findlay et al. 1992, Best 2007) were selected
(Kadmon et al. 2004, Barbet-Massin et al. 2012). 

Once we had chosen the final number of pseudo-
ab sences for each species, we sub-sampled the
pseudo-absence data 10 times and performed a 10-
fold cross-validation for each sub-sample, using an
80% split for testing and a 20% split for training.
Overall, there were 100 fits for each of the 9 odonto-
cete species, creating a robust predictive distribution
model. The most influential environmental variables
were characterised in BIOMOD2 using a random
independent technique, providing direct correlation
between the algorithms. This technique uses Pear-
son’s correlation between the current variable, which
has been randomly permutated, and the values fitted
(Thuiller et al. 2009). A variable with a score close to 1
indicates that it had the most influence on the model.

We evaluated the individual algorithms using 2
model evaluation methods available in BIOMOD2:
AUC and TSS. We chose these 2 over Cohen’s K
(kappa), as the kappa statistic has been criticised by
several studies (e.g. Allouche et al. 2006) for being
severely dependent on occurrence, resulting in biases
and statistical artefacts of accuracy estimation (Al -
louche et al. 2006). AUC and TSS were chosen as
they are independent of occurrence. Scores ranged
from 0 to 1, with scores below 0.5 indicating that the
model performed worse than random. We conducted
a 1-way ANOVA on data that were assumed to be

normally distributed for each species. This was done
to determine if there was a significant difference be -
tween the 2 model evaluation methods and to deter-
mine if there was a significant difference between
individual algorithms for each model evaluation
method. We hypothesised that there would be a sig-
nificant difference between model evaluation meth-
ods and also between the algorithms for each model
evaluation method. If there was a significant differ-
ence between the algorithms for each evaluation
method, Tukey’s post hoc test was done to determine
which algorithms performed best.

We selected the individual algorithms that produced
AUC and TSS scores of >0.7 to create the final ensem-
ble model. We then projected the ensemble models
onto maps to provide scenarios of the predicted
habitat for the 9 odontocete species based on the TSS
model evaluation method. Predicted preferred habitat
scores ranged from 0 to 1, with scores closer to 1 indi-
cating a higher probability of predicted occurrence.

2.5.  MPAs

From the established and newly approved MPAs,
we estimated, for each species, how much habitat is
protected based on the final ensemble model predic-
tion. To approximate the percentage of protected area
for each species, we re-projected and resampled the
predicted distribution maps from a WGS84 geo-
graphic projection to a custom 5 km Albers equal area
projection in ArcMap using ‘project raster’ in the data
management tool. The likelihood of predicted odonto-
cete occurrence at 0.90 or above (i.e. 90% or higher)
was then calculated for each species using a raster
mask with areas at a level of 0.9 (90%) predicted oc-
currence equal to 1 and the rest equal to 0 in QGIS
(QGIS Development Team 2018). Percentage area
was obtained using zonal statistics to calculate the
sum of all pixels in the approved and established
MPAs overlapping with the predicted distribution of
each odontocete species at a 90% level or higher. We
used block statistics, where the number of pixels was
multiplied by the area of each pixel (25 km2) to obtain
total area protected by the MPAs. The percentage
area was determined as the ratio between the total
area protected by the MPAs and the total area of each
odontocete species at a predicted level of 90% or
higher. We downloaded the established MPAs from
the South African National Biodiversity Institute web-
site (SANBI 2011) and then manually constructed the
recently approved MPA polygons from the relevant
Government Gazette notices (RSA 2019).
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3.  RESULTS

3.1.  Model performance output

The final ensemble model scores were all higher
than 0.93 for both AUC and TSS evaluation methods
(Table 2). Overall, the ensemble model scores were
higher or similar to the best performing algorithm,
with the AUC scores higher than the TSS scores

(Table 2). The final parameters used to produce the
ensemble model are shown in Table 2, which indi-
cates that not all environmental variables were re -
tained owing to high VIF values and because the
majority of pseudo-absence points chosen were equal
to the number of presence points. This varied slightly
as certain combinations gave better results, resulting
in the pseudo-absence selection increasing to 10
times the number of presence points (Table 2).

7

Fig. 2. Comparison of area under the receiver operating characteristic curve (AUC; dark grey) and true skill statistic (TSS; light
grey) model evaluation scores between different algorithms used for 9 odontocete species (see Section 2.4 for full algorithm
names). AUC and TSS values above 0.5 indicate that the algorithms performed better than random. The horizontal line repre-
sents the median value, the shaded boxes represent 50% of the scores in the middle (inter-quartile range), and the whiskers
indicate the scores that are outside the 50% range. The dots represent outliers (more or less than 3/2 times the upper and 

lower quartile)

Species Model evaluation score Algorithms using TSS scores Algorithms using AUC scores
df F df F df F

Southern bottlenose whale 1, 1098 346 4, 545 135 4, 545 297
Common dolphin 1, 1098 972 4, 545 360 4, 545 1118
Dusky dolphin 1, 1098 88 4, 545 377 4, 545 442
False killer whale 1, 1096 133 4, 544 100 4, 544 110
Indo-Pacific humpback dolphin 1, 1096 37 4, 544 158 4, 544 158
Heaviside’s dolphin 1, 1098 608 4, 545 1453 4, 545 146
Killer whale 1, 1098 458 4, 545 146 4, 545 269
Risso’s dolphin 1, 1098 402 4, 545 155 4, 545 267
Indo-Pacific bottlenose dolphin 1, 1098 3 4, 545 244 4, 545 267

Table 3. ANOVA results when determining the significance between the model evaluation scores when all algorithms were
combined, the significance between algorithms for the true skill statistic (TSS) scores and the significance between algorithms
for the area under the receiver operating characteristic curve (AUC) scores. All p-values for algorithms using TSS and AUC
were significant (p < 0.0001) except for Indo-Pacific bottlenose dolphin where there was no significant difference (p = 0.119)
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Each algorithm had average AUC and TSS scores
that were higher than 0.5 for all 9 species of odonto-
cetes (Fig. 2). The AUC scores for 7 species (south-
ern bottlenose whale, common dolphin, dusky dol-
phin, false killer whale, Indo-Pacific humpback
dolphin, killer whale and Risso’s dolphin) were sig-
nificantly higher than the TSS scores (p < 0.0001;
see ANOVA results for each species in Table 3),
while for Heaviside’s dolphin, AUC scores were sig-
nificantly lower than the TSS scores (p = 1.74 × 10–9,
see ANOVA results for each species in Table 3). For
Indo-Pacific bottlenose dolphin there was no signifi-
cant difference between AUC and TSS scores (p =
0.119). These results confirm our hypothesis for the
1-way ANOVA, indicating that there was a signi -
ficant difference between the 2 methods of model
evaluation. On average, AUC and TSS followed
asimilar trend with regards to best and worst per-
forming algorithms for each modelled species
(Fig. 2). When looking at both the AUC and TSS
scores, the RF algorithms performed the best for all
species, except false killer whales, for which GBM
was the best performing algorithm (Fig. 2). One-
way ANOVA results for each species indicated that
our hypotheses were accepted, as there was a sig-
nificant difference between the algorithms in the 2
model evaluation methods (p < 0.0001; see ANOVA
results for each species in Table 3). Tukey’s post hoc
tests indicated which algorithms performed signifi-
cantly better (Figs. S4 & S5 in Supplement 2). There

were only slight differences between the predicted
distributions for the 2 methods of model evaluation,
so only the TSS-predicted distribution maps for
each species are displayed (Fig. 3).

The coefficient of variance for all species was pre-
dominantly below 0.25 (Fig. 4), indicating that the
models agree with the predictions (Navarro-Cerrillo
et al. 2017). There are a few patches where the coef-
ficient of variance for dusky dolphins, Risso’s dol-
phins, killer whales and Southern bottlenose whales
are higher than 0.25 but still lower than 0.50, again
indicating that the models performed well according
to predictions. For Indo-Pacific bottlenose dolphins
up along the west coast and small patches along the
east coast, the coefficient of variance is as high as
0.75. For Indo-Pacific humpback dolphins, there are
patches where the coefficient of variance is as high
as 0.50 (Fig. 4). These results suggest that for these 2
species, the models did not agree with the predictions.

Environmental variables predicting odontocete dis -
tributions varied according to species and algorithm
type (Table 4). Topographic variables for the best per -
forming algorithms, in particular distance to shore,
determined the distributions of killer whales and
Risso’s dolphins. Bathymetry primarily predicted the
distribution of Indo-Pacific bottlenose dolphins and
Indo-Pacific humpback dolphins (Table 4). The
oceanographic variable SST primarily described the
distributions of Southern bottlenose whales, dusky
dolphins and Heaviside’s dolphins. Salinity and chl a

8

Fig. 3. True skill statistic map projections of predicted distributions for 9 odontocete species. The colour scale represents prob-
ability of odontocete occurrence, where red (blue) indicates a high (low) probability of occurrence
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described the distributions of false killer whales and
common dolphins, respectively (Table 4).

With the exception of Indo-Pacific bottlenose dol-
phins and Indo-Pacific humpback dolphins, the es -
tablished MPA network at a level of 90% protects
less than 2% of predicted habitat occurrence (Figs. 5
& 6). The level of protection has now increased to
more than 5% with the addition of the recently
approved MPAs for common dolphins, false killer
whales and Heaviside’s dolphins (Fig. 5). A large
percentage of predicted habitat is protected for the
Indo-Pacific bottlenose dolphins and Indo-Pacific
humpback dolphins, as most of the established
MPAs in the South African EEZ are in coastal
waters off the south and east coasts, overlapping
with the narrow coastal distribution of these spe-
cies. In contrast, for Risso’s dolphins, killer whales,
dusky dolphins and especially southern bottlenose
whales, a very low percentage of habitat is pro-
tected in both the established and newly approved
MPAs (Figs. 5 & 6).

3.2.  Southern bottlenose whales

For all algorithms, SST explained predicted occur-
rence better than other variables (Table 4). SST, chl
a, bathymetry and distance to shore influenced 89%

of the predicted southern bottlenose whale distribu-
tion when looking at the best performing algorithm,
RF (Table 4). This species was predicted to occur in
waters where SST was warmer than 21°C, chl a con-
centration was low, distances to shore were less than
250 km, and water depths were less than 700 m (at
a 0.90 level; Fig. 7). This suggests a preference of
warmer, less productive offshore waters along South
Africa’s east and south coasts (Fig. 3). The only MPA
that provides a small degree of protection is the iSi-
mangaliso MPA (Figs. 5 & 6), although it only pro-
tects 0.3% of the southern bottlenose whale habitat
where it is predicted to occur at a level of 90%
(Fig. 6).

3.3.  Common dolphins

Chl a and bathymetry explained 54 and 20% of
predicted occurrence of common dolphins for the
best performing algorithm, RF (Table 4). The rela-
tive likelihood of occurrence was in areas where the
chl a concentration was less than 9 mg m−3 and
bathymetry was less than 850 m deep at a level of
0.90 (Fig. 7). This result indicates that this species
is quite cosmopolitan and prevalent around most of
South Africa’s coastline (Fig. 3). Only 9% of the com-
mon dolphin habitat is protected at a 90% level of

9

Fig. 4. Coefficient of variance for 9 odontocete species, indicating the extent of data variability in relation to the mean. The 
variation in relation to the mean is high (low) when the map is red (blue)
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predicted occurrence (Fig. 5). Out of all modelled
species, common dolphins have the largest area of
predicted distribution at a 90% level (Fig. 6). Be -
cause of their large predicted distribution, even
though there are a number of MPAs that protect this

species, the percentage level of protection remains
low (Fig. 6). The largest area where this species is
offered protection is from one of the recently ap -
proved MPAs, the uThukela MPA, situated along
the east coast of South Africa.

10

Species Model Bathymetry Bioregion Chl a Distance to shore SST Slope Salinity uo vo

Southern CTA 11 4 17 14 51 0 – – 3
bottlenose FDA 10 5 8 24 46 0 – – 7
whale GBM 5 1 22 8 62 0 – – 2

RF 13 6 25 22 29 0 – – 5
SRE 15 6 20 17 21 4 – – 18

Common CTA 12 0 81 1 2 0 0 1 4
dolphin FDA 9 0 82 2 3 0 0 1 3

GBM 22 0 73 1 1 0 1 0 3
RF 20 0 54 4 6 3 1 5 7

SRE 20 2 21 17 5 2 17 9 7

Dusky CTA 0 0 5 – 87 0 5 1 1
dolphin FDA 0 0 10 – 78 0 10 0 2

GBM 1 0 22 – 10 0 67 0 0
RF 3 0 20 – 49 2 19 2 5

SRE 14 6 17 – 18 7 14 10 14

False killer CTA 2 6 22 – – 1 68 1 –
whale FDA 1 4 24 – – 3 67 2 –

GBM 8 7 17 – – 1 63 5 –
RF 9 2 15 – – 3 50 21 –

SRE 17 9 21 – – 9 35 8 –

Indo-Pacific CTA 60 – 0 40 0 0 – 0 –
humpback FDA 95 – 0 5 0 0 – 0 –
dolphin GBM 90 – 7 1 2 0 – 0 –

RF 62 – 2 33 2 1 – 1 –
SRE 29 – 22 28 3 9 – 9 –

Heaviside’s CTA 0 0 0 0 92 0 8 0 0
dolphin FDA 0 0 0 3 83 0 14 0 0

GBM 0 0 0 0 0 0 99 0 0
RF 0 0 1 1 71 0 27 0 1

SRE 13 5 15 13 16 4 16 8 10

Killer whale CTA 24 2 4 56 2 5 5 – 2
FDA 26 5 6 45 3 8 5 – 3
GBM 16 5 3 45 15 2 10 – 3

RF 16 6 8 53 4 6 4 – 3
SRE 21 3 11 25 6 10 16 – 8

Risso’s CTA 5 2 15 46 3 1 28 1 –
dolphin FDA 8 4 14 37 1 1 35 1 –

GBM 7 3 3 45 12 0 24 4 –
RF 10 5 12 43 3 3 21 3 –

SRE 20 3 11 22 6 7 23 7 –

Indo-Pacific CTA 84 0 – 16 0 0 – – 0
bottlenose FDA 88 0 – 9 2 0 – – 0
dolphin GBM 95 0 – 3 1 0 – – 0

RF 62 1 – 32 4 0 – – 1
SRE 34 2 – 33 7 11 – – 12

Table 4. Percentage of variable importance for 9 odontocete species and algorithms used to create the final ensemble model.
Bold indicates the environmental predictor for the best performing algorithm using the true skill statistic (TSS) and area under
the receiver operating characteristic curve (AUC) score. Variables are described in Table 1. CTA: classification tree analysis;
FDA: flexible discriminant analysis; GBM: generalised boosting model; RF: random forest; SRE: surface range envelope. –: 

environmental variable was removed due to a high variance inflation factor value
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3.4.  Dusky dolphins

For dusky dolphins, SST had the largest influence
on predicted occurrence for all algorithms except

GBM (Table 4). According to the best performing
algorithm (RF), SST, chl a and salinity accounted for
49, 20 and 19% of predicted occurrence, respectively
(Table 4). Dusky dolphins are more likely to occur in

11

Fig. 5. Percentage of predicted habitat at a 90% predicted occurrence level protected within South Africa’s established, newly 
approved and total marine protected areas (MPAs) for 9 odontocete species

Fig. 6. Species distributions of 9 odontocete species at a 90% predicted occurrence level in relation to the established and 
newly approved marine protected areas (MPAs)



Mar Ecol Prog Ser 633: 1–21, 2020

areas where the SST is between 14
and 17°C, chl a concentrations are
>1 mg m−3, and salinity concentrations
are below 35 psu at a 0.90 level (Fig. 7).
Dusky dolphins were predicted to
occur primarily along the west coast of
South Africa, where water tempera-
tures are cooler than along the east
coast (Fig. 3). The percentage protec-
tion for dusky dolphins increased from
0.6 to 3% with the recently approved
MPAs (Fig. 5). Up until recently, sev-
eral small coastal MPAs were the only
protection dusky dolphins had, but
with the addition of the more offshore
MPAs, their protection has since in -
creased, mainly from the Namaqua
Fossil Forest MPA and the Robben
Island MPA (Fig. 6).

3.5.  False killer whales

Salinity was the most influential
variable for the likely occurrence of
false killer whales for all algorithms
used (Table 4). The best performing
algorithm, GBM, indicated that salinity
contributed to 63% of the predicted
occurrence, with this species prefer-
ring salinity concentrations of >2 psu
at a 90% level (Fig. 8). Chl a described
a further 17% of occurrence, with false
killer whales preferring chl a concen-

12

Fig. 7. Most influential oceanographic and
topographic values according to the best
performing algorithms for southern bottle-
nose whales, common dolphins and dusky
dolphins. The y-axis indicates the likelihood
of occurrence (with 1 being more likely and
0 unlikely) and the x-axis indicates the
range of the oceanographic or topographical
variable. Rug plots indicate the distribution
of data for that variable. Bathymetry: depth
(m); Bioregions: 0 = Delgoa, 1 = West Indian
offshore, 2 = Natal, 3 & 9 = South-West In-
dian offshore, 4 = Namaqua, 5 = Atlantic off-
shore, 6 = Indo-Pacific offshore, 7 = Agulhas,
8 = South-western Cape; Chl a: chlorophyll
a concentration (mg m−3); Dist. to shore: dis-
tance to shore (km); SST: sea surface tem-
perature (°C); Slope: angle of slope (de-
grees), Salinity: salinity (psu), uo: eastwards
sea water velocity (m s−1); vo: northwards sea

water velocity (m s−1)
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trations of >1.5 mg m−3 at a 0.90 level
(Fig. 8). Predicted distribution, accord-
ing to Fig. 3, is along the entire South
African coastline, with higher levels of
prediction on both the west and east
coasts, and lower predicted occurrence
around the Agulhas Bank (Fig. 3). At a
90% level of predicted occurrence,
false killer whale presence is very low
(Fig. 5), with 2 main pockets: one
along the west coast and a small one
along the east coast of South Africa
(Fig. 6). Their level of protection in -
creased from 2 to 7% with the recently
approved MPAs. Most of their habitat
is protected by the offshore newly ap -
proved Cape Canyon, Namaqua Nat -
ional Park and Robben Island MPAs
and one already established MPA, the
Table Mountain National Park MPA
(Fig. 6).

3.6.  Indo-Pacific humpback dolphins

For the best performing algorithm,
RF (Table 4), bathymetry and distance
to shore described 62 and 33%, re -
spectively, of the predicted occurrence
of Indo-Pacific humpback dolphins.
These dolphins are more likely to
occur in waters less than 60 m deep
and at distances less than 15 km from
shore (Fig. 8), and they are likely to
occur very close to shore around the
South African coastline (Fig. 3). A
large percentage (42%) of the Indo-
Pacific humpback dolphin habitat is
protected by the established and ap -
proved MPAs (Fig. 5). This could be
related to the very low predicted oc -
currence of this species at a 90% level
and the fact that it is very coastal, and
therefore, protected by the numerous
coastal MPAs (Fig. 6).
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Fig. 8. Most influential oceanographic and
topographic values according to the best
performing algorithms for false killer
whales, Indo-Pacific humpback dolphins
and Heaviside’s dolphins. Other details as

in Fig. 7
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3.7.  Heaviside’s dolphins

SST described 71% and salinity de -
scribed 27% of predicted occurrence of
Heaviside’s dolphins when looking at
the RF algorithm (Table 4). These dol-
phins prefer cooler temperatures rang-
ing between 13 and 17°C and salinity
concentrations between 33 and 35 psu
at a 0.99 level and higher (Fig. 8). This
indicates, as do the predicted distribu-
tion maps, that they prefer areas close
to shore along the west coast of South
Africa (Fig. 3). Their level of protection
has recently in creased from 1 to 7% as
a few of the newly approved MPAs are
located offshore along the west coast
(Figs. 5 & 6). The MPAs that protect the
largest proportion of Heaviside’s dol-
phins are the Namaqua Fossil Forest
and Robben Island MPAs.

3.8.  Killer whales

For killer whales, RF was the best
performing algorithm, with distance to
shore and bathymetry explaining 53
and 16% of occurrence, respectively
(Table 4). Killer whales preferred areas
that were less than 180 km from shore
and between depths of 300 and 3000 m
(at a 0.90 level; Fig. 9). The predicted
distribution map indicates that they
should be prevalent within the half of
the South African EEZ that is closer to
shore (Fig. 3). The level of protection at
a 90% predicted occurrence increases
from less than 1% to just over 1% with
the addition of the newly approved
MPAs (Fig. 5). Most of the killer whale
distribution is offshore along the east
coast and closer to shore along the west
and south coasts, with a rather patchy
presence throughout the South African
EEZ (Fig. 6). This distribution at a 90%
level has resulted in the low percentage
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Fig. 9. Most influential oceanographic and
topographic values according to the best
performing algorithms for killer whales,
Risso’s dolphins and Indo-Pacific bottlenose

dolphins. Other details as in Fig. 7
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protection from MPAs. The MPA that protects the
largest percentage of killer whale habitat is the Agul-
has Bank Complex, a newly approved MPA (Fig. 6).

3.9.  Risso’s dolphins

Distance to shore was the most in fluential variable
for Risso’s dolphins for 4 out of 5 algorithms (Table 4).
The best performing algorithm (RF) indicated that
distance to shore and salinity contributed to 43 and
21% of likely occurrence, respectively (Table 4). At a
0.90 level, Risso’s dolphins were predicted to prefer
waters that were less than 150 km to shore and at
salinity con centrations between 33 and 35 psu
(Fig. 9). This reflects the predicted distribution map
showing that Risso’s dolphins are likely to occur
throughout 50% of the South African EEZ closest to
shore (Fig. 3). With the addition of the recently ap -
proved MPAs, the  protection of Risso’s dolphins in -
creases from less than 1% to just over 3% (Fig. 5).
Risso’s dolphins, which have a similar distribution to
that of killer whales, are predicted to occur slightly
offshore, along the entire coast of South Africa. The
MPAs that offer the most protection to the Risso’s dol-
phins have only been recently approved and include
the Southwest Indian Seamount South, Amatole off-
shore Kei and the Agulhas Bank Complex (Fig. 6).

3.10.  Indo-Pacific bottlenose dolphins

For Indo-Pacific bottlenose dolphins, bathymetry
and distance to shore were the most influential vari-
ables for all algorithms (Table 4), accounting for 62
and 32%, respectively, of the predicted occurrence
for the RF algorithm (Fig. 9). Indo-Pacific bottlenose
dolphins were predicted to prefer depths of around
60 m and distances less than 10 km from shore. These
factors, describing their predicted occurrence, re -
sulted in their preferred habitat being located close
to shore within the entire South African EEZ (Fig. 3).
Due to the very low numbers of occurrence, at a 90%
predicted level, 39% of their habitat is protected
(Fig. 5). They are also predicted to occur coastally
where all of the established MPAs, and many of the
newly approved MPAs, are located (Fig. 6).

4.  DISCUSSION

Our data allowed us to simulate areas with high
occurrence of odontocetes and the environmental

drivers behind these predicted distributions. The
odontocete species showed varying responses to
environmental predictors, with some like dusky and
Heaviside’s dolphins conforming to what is known in
the literature (Findlay et al. 1992, Best 2007). Their
occurrence is most likely along the west coast of
South Africa and is primarily associated with cooler
temperatures (Fig. 3). Our results predict that Indo-
Pacific bottlenose dolphins and Indo-Pacific hump-
back dolphins occur along the entire South African
coastline, but with a higher probability along the east
and south coats. This is contrary to the literature,
which states that they should only occur in warmer
waters, predominantly along the east and south
coasts (Findlay et al. 1992, Best 2007). Our data show
that common dolphins, false killer whales, killer
whales and Risso’s dolphins are widely distributed
within the first half of the South African EEZ. Their
distribution, which is driven by a variety of environ-
mental predictors within the EEZ, is similar to what is
stated in the literature (e.g. Findlay et al. 1992, Best
2007). The literature suggests that these species have
a wide distribution throughout the South African
EEZ, with the southern bottlenose whale occurring in
deeper offshore waters.

4.1.  Model performance

The high AUC and TSS scores indicated that the
ensemble modelling forecast method accurately
defined the predicted likelihood of occurrence for the
9 odontocete species. By using an ensemble model-
ling method, errors and discrepancies associated
with a single model can be limited by using more
than one set of initial conditions, classes and param-
eters to build the model (Thuiller et al. 2009, Breiner
et al. 2015, Shabani et al. 2016, Zanardo et al. 2017).
Several studies (e.g. Thuiller et al. 2009, Breiner et al.
2015, Shabani et al. 2016, Zanardo et al. 2017) have
addressed these issues by comparing single-model
results with ensemble model results, and suggested,
as did our results, that ensemble models produce
more accurate and robust results for species distribu-
tion modelling.

All 9 odontocete species had TSS and AUC scores
>0.90, indicating an excellent discriminatory ability
(Pennino et al. 2017, Pereira et al. 2018). TSS scores,
although lower in our results, have better model
accuracy evaluation for species where there are no
true absences (Allouche et al. 2006, Ruete & Leynaud
2015, Shabani et al. 2016). This is because the TSS
method of evaluation is insensitive and independent
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of prevalence, meaning it is able to calculate the per-
centage of accurately predicted presences and ab -
sences (Allouche et al. 2006, Ruete & Leynaud 2015,
Shabani et al. 2016). On the other hand, the AUC
method only evaluates sensitivity (predicted pres-
ences) and not the specificity (predicted absences) of
the model (Allouche et al. 2006, Ruete & Leynaud
2015, Shabani et al. 2016).

4.2.  Predicted odontocete distributions

In South Africa, the warm waters of the Agulhas
Current and the cold waters of the Benguela Current
create a gradient of temperatures providing suitable
habitats to cold- and warm-water species (Findlay
et al. 1992, Best 2007). The literature indicates that
dusky and Heaviside’s dolphins occur in cooler west
coast waters, no farther east than False Bay and Cape
Point, respectively. However, our results indicate that
these 2 dolphins can occur farther east, which could
be due to the incorporation of records of vagrants into
the models. Despite the authenticity of these records,
they can still play a large role in shaping predicted
distributions, especially if the number of records is
low (Guisan et al. 2017). Li & Wang (2013) indicated
that GBM models are more robust when dealing with
outliers, such as sightings of vagrants, than other
models. The coefficient of variance for dusky dol-
phins is as high as 0.50 farther offshore and to the
east of Cape Point. This suggests that the models for
this species did not agree as much with the predic-
tions in these areas compared to the distribution
along the west coast close to shore. This, combined
with the inclusion of vagrant records, could explain
why the model-predicted range limit is farther east
than the literature suggests (Findlay et al. 1992, Best
2007).

Results from the predicted distribution of Indo-
Pacific humpback dolphins and Indo-Pacific bottle-
nose dolphins at a 90% level of occurrence show that
they are likely to occur predominantly along the east
and south coast of South Africa. Their predicted dis-
tribution is very patchy and could be related to the
limited presence data available for both species,
resulting in the poor predictive ability of the ensem-
ble models. The literature suggests that both of these
species occur in warmer waters, inshore of the Agul-
has Current, with their most westerly distribution
limits being west of Cape Agulhas (Best 2007, Ver-
meulen et al. 2018). Our results do indicate this, but
because bathymetry was the variable that primarily
described their distribution, there are a few small

pockets of predicted distribution for both species far-
ther up the west coast, past False Bay. Also, the coef-
ficient of variance for these species along the west
coast is high, suggesting that the models in this area
did not agree with the predictions. For this error to be
eliminated, more presence points for each species
would provide the model with more information to
better predict their habitat. For Indo-Pacific hump-
back dolphins there were 25 presence points and for
Indo-Pacific bottlenose dolphins there were 58 pres-
ence points. A study by Virgili et al. (2018) recom-
mend a minimum of 50 points as a conservative
 figure. Our results suggest that for Indo-Pacific bot-
tlenose dolphins, 58 presence points was still not
adequate to suitably predict their distribution.

Dusky, Heaviside’s, Indo-Pacific bottlenose and
common dolphins are predicted to occur coastally,
with dusky dolphins occurring quite far offshore on
the shelf edge. Our results support the literature
(Best 2007) confirming that all 4 species are coastally
distributed, with the occasional dusky dolphin sight-
ing in waters more than 2000 m deep on the shelf and
shelf edge (Best 2007).

According to the literature, the other 5 species are
pelagic in nature, with only killer whales having a
more cosmopolitan distribution and coming closer to
shore (Findlay et al. 1992). Our data show that killer
whales occur throughout the EEZ, but mostly along
the continental shelf and slope, which is also true for
Risso’s dolphins. Generally, false killer whales prefer
waters of between 300 and 3000 m, with occasional
incursions into shallower waters (Findlay et al. 1992,
Best 2007). Our results indicate that there is a 90%
likelihood of false killer whales occurring along the
east coast on the shelf edge, around the western
Cape and just offshore off the west coast. The results
for these 3 species show that they occur much closer
to shore, with very little prediction towards the outer
edge of the EEZ. These predicted occurrences could
be because of observation bias, induced by very few
sightings towards the outer edge of the EEZ. South-
ern bottlenose whales (Findlay et al. 1992, Best 2007)
and common dolphins are also thought to occur
throughout the EEZ in deeper waters and more
pelagic areas (Best 2007). Our results indicate that
southern bottlenose whales prefer warmer offshore
waters of the east coast, just off the shelf edge,
whereas common dolphins are concentrated around
the Agulhas Bank, preferring waters less than 850 m
deep. Again, observation bias could have played a
role in restricting the predicted distribution of these
cetaceans. The coefficient of variance for killer
whales and Risso’s dolphins is higher than 0.25
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towards the outer more offshore area of the EEZ,
suggesting that the predictions in this area compared
to the area closer to shore did not comply with the
models.

4.3.  MPAs and management implications

According to our model, less than 5% of the pre-
ferred habitats of the 9 odontocete species are pro-
tected by the established MPAs, with the exception
of the Indo-Pacific bottlenose dolphin (14%) and
Indo-Pacific Humpback dolphin (13%). However, the
additional approved MPAs increased the level of pro-
tection of all species (Fig. 5). Results from this study
indicate that there are certain areas and MPAs in
South Africa’s EEZ with a high prediction of likely
occurrence for a number of species.

The east coast continental slope within the Natal
bioregion is one such area and has a high predicted
occurrence (90%) of southern bottlenose whales,
killer whales, false killer whales and Risso’s dolphins.
In this region, the shelf is narrow, the slope is steep,
and the Agulhas Current is warm and fast moving
(Griffiths et al. 2010). Even though the Agulhas Cur-
rent is thought to be nutrient poor (Griffiths et al.
2010), slopes have been found to interact with up-
and downwelling, influencing cetacean prey avail-
ability (Breen et al. 2016). This habitat type provides
the ideal environment for cephalopods (Breen et al.
2016), the remains of which have been found in the
stomach contents of all 4 species (Best 2007). Until
recently there were no MPAs in this offshore region.
With the approval of the new MPAs, there are now 3
MPAs protecting parts of this continental shelf edge
and consequently a part of the preferred habitat for
these 4 species.

Another area of high diversity is the Agulhas Bank
and South-western Cape bioregion, where common
dolphins, killer whales, false killer whales, Risso’s
dolphins, Indo-Pacific humpback dolphins and Indo-
Pacific bottlenose dolphins are all likely to occur.
Indo-Pacific bottlenose dolphins and Indo-Pacific
humpback dolphins are likely to occur more coastally,
whereas the other 4 species occur coastally as well as
along the shelf. In this region, there is an overlap
between the warm Agulhas Current and the cold
Benguela Current, creating eddies and nutrient rich
areas of high upwelling along the shelf (Griffiths et
al. 2010). There are 11 coastal MPAs in these 2 biore-
gions, which are only able to protect the coastally
predicted habitat of these species (Fig. 1). Since the
addition of the approved MPAs, offshore protection

has increased, protecting wider habitat variability
and species (Fig. 1).

The nutrient-rich west coast of South Africa is
driven by 2 elements: firstly, local weather patterns,
which drive the inshore upwelling of the cold Ben -
guela Current, and secondly, the offshore Benguela
Current, which is more sluggish than the Agulhas
Current but creates upwelling and forms part of the
South Atlantic Subtropical Gyre (Griffiths et al.
2010). Our results predict that this area is the likely
habitat of dusky, Heaviside’s and common dolphins
and false killer whales occurring inshore and killer
whales and Risso’s dolphins occurring offshore. Until
the new MPAs came into effect, there was very little
protection along the west coast (Fig. 1). With the
addition of the new MPAs, a greater area of habitat is
now protected, especially for the more offshore spe-
cies (Fig. 1).

The Indo-Pacific humpback dolphin is the only
endangered odontocete species in South Africa (Ver-
meulen et al. 2018). The results from our study indi-
cate that the coastal east and south coast MPAs
(Fig. 1) are likely to protect this species, and there-
fore emphasis should be placed on managing these
areas. As Indo-Pacific humpback dolphins are coastal,
like Indo-Pacific bottlenose dolphins, they are more
susceptible to anthropogenic activities, such as envi-
ronmental and noise pollution, fisheries and bather
protection nets (Vermeulen et al. 2018). For this rea-
son, no-take MPAs will provide the most protection
to this species, where anthropogenic activities are
monitored and limited.

This study shows that MPAs can only protect a
small percentage of odontocete habitat. Even though
a large percentage of Indo-Pacific humpback dolphin
and Indo-Pacific bottlenose dolphin habitat is pro-
tected by MPAs in South Africa, these dolphins and
all other investigated species are still susceptible to
anthropogenic activities around the MPAs. As these
MPAs were not initially designed to protect odonto-
cete species, much of their critical habitats may be
located outside of these MPAs. This is where impor-
tant marine mammal areas (IMMAs) can play a role.

IMMAs are based on the ‘important bird areas’
concept, where all marine mammals on the Interna-
tional Union for the Conservation of Nature (IUCN)
Red List of Threatened Species must be considered,
and areas that are important for their conservation
must be identified (Corrigan et al. 2014). This study
can help in that process by identifying areas where
there is a high likelihood of predicted occurrence for
these 9 species. Recently South African delegates
identified 3 IMMAs for the West Indian Ocean coast
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(IUCN Marine Mammal Protected Areas Task Force
2019). One of the IMMAs, specifically related to
odontocete species, included the entire coastline of
South Africa in the Indian Ocean to protect Indo-
Pacific humpback dolphins (IUCN Marine Mammal
Protected Areas Task Force 2019). These IMMAs,
although not subject to the same governance of
MPAs, can aid in ecosystem-based management of
the oceans, providing protection to cetaceans.

4.4.  Limitations and recommendations

As with all models, there are documented limita-
tions that need to be taken into consideration when
interpreting the results. In this study, we used oppor-
tunistic, scientific and historical data, all of which
have known spatial and temporal discrepancies
(Redfern et al. 2006, Torres et al. 2013, Breen et al.
2016). For example, collecting scientific data either
by aircraft or by boat is expensive and usually con-
ducted over small areas close to shore. Historical
whaling data and opportunistic data may be sub-
jected to misidentification, location bias and a gen-
eral lack of absence data (Redfern et al. 2006). To
account for some of these limitations, we combined
datasets (Table 1), increasing the amount of data to
ensure a better model outcome (e.g. Torres et al.
2013, Breen et al. 2016). To address observation bias
and a lack of absences specifically, previous studies
randomly selected pseudo-absence points within an
environmental envelope (Phillips et al. 2009, Barbet-
Massin et al. 2012). Here, we employed the same
strategy to address model limitations, but remain
aware of the assumptions introduced into the models.

Our results show that using these methods to sup-
plement data deficiency and thus reduce model pre-
diction error does not always work. Indo-Pacific bot-
tlenose dolphins, Indo-Pacific humpback dolphins
and false killer whales exhibited poor predicted oc -
currence (even though the ensemble model evalua-
tion TSS scores were high, i.e. 0.90 for all 3 species)
when compared with their occurrence recorded in
the literature (e.g. Best 2007). To improve the ensem-
ble model’s predictive ability, more data are required
to provide better correlations between presence data
and predictor variables (Redfern et al. 2006). Previ-
ous studies have also shown that cetaceans with
clearly defined environmental limitations, such as
dusky and Heaviside’s dolphins, provide more accu-
rate predicted distributions when compared to more
pelagic species, like southern bottlenose whales,
Risso’s dolphins and false killer whales (Virgili et al.

2018). Our data indicate that the predicted distribu-
tion of these pelagic species is not as widespread
throughout South Africa’s EEZ as literature has indi-
cated it should be (Findlay et al. 1992, Best 2007).

In our results, the percentage of MPA protection for
Indo-Pacific bottlenose dolphins and Indo-Pacific
humpback dolphins is under-estimated, as their oc -
currence along the south and east coasts is very
patchy. For the more pelagic species (killer whales,
false killer whales, Southern bottlenose whales,
Risso’s dolphins and common dolphins), protection
from the proposed MPAs also appears to be underes-
timated. Therefore, careful interpretation of pre-
dicted distribution, along with a deep understanding
of cetacean habitat requirements from current and
past literature should be taken into account before
any management decisions are formulated.

When looking at the 90% predicted occurrence
(Fig. 6) of species like Risso’s dolphins, killer whales
and false killer whales, there are high densities of pre-
dicted occurrence close to Cape Town and Durban. In
these cases, observation bias may have played a role,
as densities are high closer to these cities and not
many are located offshore. According to Best (2007),
these species should have a cosmopolitan range, oc-
curring throughout South Africa’s EEZ. The larger
populations of these cities equate to more sightings,
which may have influenced the models. Fithian et al.
(2015) conducted a study to try and correct for obser-
vation bias by pooling presence-only and presence−
absence data over many species to estimate bias and
improve extrapolation of presence-only data.

To improve these models, we suggest 3 inter -
ventions. Firstly, more data need to be collected
through platforms of opportunity (i.e. seismic surveys
and fishing vessels), scientific surveys and/or collab-
orations to ensure better correlation between predic-
tor variables and species. Secondly, another model-
ling approach, such as the ensemble model technique
employed by Breiner et al. (2015) using only a few
predictor variables at a time, should be tested on
these data. A modelling approach like that of Fithian
et al. (2015) could also be adopted to remove obser-
vation bias. Finally, the scale at which the data are
modelled should be carefully selected, depending
upon the management requirements in question.
Mannocci et al. (2017) described in detail scale selec-
tion based on 3 categories of temporal resolution.
These include instantaneous (in close proximity to
the animal at that specific time), contemporaneous
(the environment state within a specific time win-
dow, a period of up to months) and climatological
(long-term temporal resolution, a period of years).
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4.5.  Conclusions

This study shows that using an ensemble model as
a method to predict the likelihood of occurrence for
rare and data-deficient species provides useful base-
line knowledge on odontocete species within South
Africa’s MPAs and EEZ. Species occurrence data
from citizen science, opportunistic platforms and his-
torical records enabled us to model the distribution of
9 odontocete species, indicating that this kind of data
can be used to improve the scientific knowledge
about data-deficient species. Results from this study
provide baseline data on preferred habitat types for 9
odontocete species and the environmental factors
that drive their distribution. Such baseline data will
aid in marine spatial planning and the management
of these species. The data will provide the necessary
information to aid in the EMP process, as well as to
identify areas rich in biodiversity. The preservation
of biodiversity in South Africa is mandated by the
CBD, of which South Africa is a member state. Our
results highlight the lack of habitat protection for
these cetaceans by the current largely inshore
MPAs. This study emphasises the value of a more
representative MPA network encompassing not only
coastal, but also offshore habitats. With rising anthro-
pogenic activity resulting from ocean economy
expansion, it is imperative that informed decision-
making processes are used to ensure sustainable and
equitable ecosystems-based solutions to manage-
ment challenges.
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