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Université de Montpellier, Montpellier, 
France
5School of Biological Sciences, University of 
Auckland, Auckland, New Zealand
6Institute of Marine Science, University of 
Auckland, Auckland, New Zealand

Correspondence
Fabrice Stephenson, National Institute of 
Water and Atmospheric Research (NIWA), 
Hamilton, New Zealand.
Email: Fabrice.Stephenson@niwa.co.nz

Funding information
NIWA Coasts and Oceans Programme; New 
Zealand Ministry of Primary Industries, 
Grant/Award Number: PR2O1401

Editor: Juliano Sarmento Cabral

Abstract
Aim: Cetaceans are inherently difficult to study due to their elusive, pelagic and often 
highly migratory nature. New Zealand waters are home to 50% of the world's ceta-
cean species, but their spatial distributions are poorly known. Here, we model distri-
butions of 30 cetacean taxa using an extensive at-sea sightings dataset (n > 14,000) 
and high-resolution (1 km2) environmental data layers.
Location: New Zealand's Exclusive Economic Zone (EEZ).
Methods: Two models were used to predict probability of species occurrence 
based on available sightings records. For taxa with <50 sightings (n = 15), Relative 
Environmental Suitability (RES), and for taxa with ≥50 sightings (n  =  15), Boosted 
Regression Tree (BRT) models were used. Independently collected presence/absence 
data were used for further model evaluation for a subset of taxa.
Results: RES models for rarely sighted species showed reasonable fits to available 
sightings and stranding data based on literature and expert knowledge on the spe-
cies' autecology. BRT models showed high predictive power for commonly sighted 
species (AUC: 0.79–0.99). Important variables for predicting the occurrence of ce-
tacean taxa were temperature residuals, bathymetry, distance to the 500 m isobath, 
mixed layer depth and water turbidity. Cetacean distribution patterns varied from 
highly localised, nearshore (e.g., Hector's dolphin), to more ubiquitous (e.g., common 
dolphin) to primarily offshore species (e.g., blue whale). Cetacean richness based on 
stacked species occurrence layers illustrated patterns of fewer inshore taxa with lo-
calised richness hotspots, and higher offshore richness especially in locales of the 
Macquarie Ridge, Bounty Trough and Chatham Rise.
Main conclusions: Predicted spatial distributions fill a major knowledge gap towards 
informing future assessments and conservation planning for cetaceans in New 
Zealand's extensive EEZ. While sightings datasets were not spatially comprehensive 
for any taxa, these two best available approaches allow for predictive modelling of 
both more common, and of rarely sighted, cetacean species with limited available 
information.
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1  | INTRODUC TION

Cetaceans are distributed throughout the world's oceans, coasts and 
some river systems predominantly feeding on zooplankton, fishes 
and squids. Some species are inherently difficult to study due to 
their brief periods of time at the sea surface, offshore habitat use, 
and/or elusive behaviour. As a result, our understanding of ceta-
ceans is over-represented by more accessible (e.g., coastal), species 
such as bottlenose dolphins (Tursiops truncatuus) and humpback 
whales (Megaptera novaeangliae). The distribution, range and be-
haviour of most species is poorly known and ~40% are considered 
“data deficient” by the IUCN Red List (Davidson et al., 2012; IUCN, 
2019). The impacts of natural and anthropogenic stressors may be 
highest in areas which harbour large numbers of species. Pompa, 
Ehrlich, and Ceballos (2011) identified nine areas around the world 
that contained the highest richness of marine mammal species, all 
of which were associated with oceanographic upwelling where cold 
and warm water mixing favours high productivity. Likewise, a study 
by Kaschner, Tittensor, Ready, Gerrodette, and Worm (2011) pre-
dicted marine mammal richness to be highest in temperate waters 
of both hemispheres with distinct hotspots around New Zealand, 
Japan, Baja California, the Galapagos Islands, the Southeast Pacific, 
and the Southern Ocean.

Numerous studies have documented the impact of increased an-
thropogenic activities such as underwater noise, pollution, and over-
exploitation of prey species on cetacean species (e.g., Read, 2008; 
Tyack et al., 2011; Jepson et al., 2016; Porter and Lai, 2017; Pirotta 
et al., 2018). Using predictive spatially explicit models, Davidson 
et al. (2012) produced global risk maps to determine which marine 
mammal species are likely to be most vulnerable to increasing an-
thropogenic activities. While most at-risk marine mammals were 
in agreement with those listed by the IUCN, an additional 15 spe-
cies were identified in the Indo-Pacific, around South Africa, New 
Zealand, Argentina, and along western coasts of South America and 
Central Africa, suggesting that 37% of marine mammal species are at 
risk of extinction (Davidson et al., 2012).

New Zealand's Exclusive Economic Zone (EEZ) which extends 
over 4 million km2 is a recognised global cetacean diversity hotspot 
(Davidson et al., 2012; Kaschner et al., 2011; Pyenson, 2011). 
Mainland New Zealand has a long and narrow landmass extending 
across a wide latitudinal range (≈35–48°S), resulting in a diversity 
of environmental conditions in its surrounding waters (Bradford-
Grieve, Lewis, & Stanton, 1991; Leathwick, Elith, Francis, Hastie, 
& Taylor, 2006; Stevens, O'Callaghan, Chiswell, & Hadfield, 2019). 
The two main islands are surrounded by a vast continental shelf, 
populated by shallower shelf areas and deep ocean trenches. The 
dominant oceanographic feature is the Subtropical Front: a highly 
productive zone of mixing between higher salinity, nutrient poor, 

warm, northern waters, and lower salinity, nutrient rich, cold, south-
ern water, which creates ideal environments for preferred cetacean 
prey species (many plankton, cephalopod and fish species; Bradford-
Grieve et al., 2006; Leathwick et al., 2006).

There are 47 cetacean species, subspecies and/or ecotypes in-
cluding resident, migrant or vagrant taxa in New Zealand waters—
seven of these are listed as “Critically Endangered” (Māui dolphin, 
Cephalorhynchus hectori maui) or “Endangered” (Hector's dolphin 
(Cephalorhynchus hectori hectori), humpback whale (Megaptera no-
vaeangliae), fin whale (Balaenoptera physalus), sei whale (Balaenoptera 
borealis), pygmy blue whale (Balaenoptera musculus brevicauda), 
Antarctic blue whale (Balaenoptera musculus intermedia)), under the 
IUCN threat classification system (IUCN, 2001) and 28 are consid-
ered ‘Data Deficient’ and unable to be classified (IUCN, 2019). All 
cetaceans in New Zealand's territorial seas and EEZ are protected 
under national law by the New Zealand Marine Mammals Protection 
Act (1978), which mandates that all physical or habitat disturbances 
to the animals must be avoided or mitigated. However, little is known 
about the distribution and habitat use patterns of cetaceans in the 
seas surrounding New Zealand, especially for those species that in-
habit offshore waters. This general paucity of spatial information is a 
major limitation with respect to the management of potential threats 
to cetaceans, e.g., fishing, mineral extraction industries and other 
threats that are heterogenous in space (Baker et al., 2019).

Despite the fact that 50% of the world's cetacean species are 
known to occur in New Zealand waters, large-scale regular ship- 
or aerial-based cetacean distribution and abundance surveys of 
the EEZ are logistically and financially prohibitive. Prior studies 
have provided some distributional predictions based on limited 
available data, for example Thompson et al. (2013) relied solely 
on strandings data to predict beaked whales distributions, and 
historical whaling records were used to estimate southern right 
whale distributions (Jackson et al., 2016; Torres et al., 2013). 
Some regional-scale distributions have been developed for spe-
cies or locations with high abundance or of particular conserva-
tion interest, such as the Hauraki Gulf (Dwyer, Clement, Pawley, 
& Stockin, 2016), Kermadec Islands (Duffy, Baker, & Constantine, 
2015), West Coast of the South Island (Bräger & Schneider, 1998) 
and/or for Hector's and Māui dolphins (Hamner, Pichler, Heimeier, 
Constantine, & Baker, 2012). More recently, species sighting re-
cords have been combined with environmental predictor variables 
to provide estimates of species distributions using both complex 
modelling approaches, e.g., BRTs used to predict Māui dolphin 
distribution (Derville, Constantine, Baker, Oremus, & Torres, 
2016), and southern right whale distribution throughout New 
Zealand (Torres et al., 2013) and in the Auckland Islands (Rayment, 
Dawson, & Webster, 2015). Simpler approaches, for example, RES 
as described by Kaschner, Watson, Trites, and Pauly (2006), have 
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been used for the predictions of global home range estimates of 
the majority of cetacean species.

Knowledge gaps about the spatial and temporal distribution of 
many cetacean species in New Zealand waters can be filled using 
species distribution models to account for data uncertainties while 
still providing results to inform management decisions (Anderson 
et al., 2016). Species distribution models have become a reliable 
and recognised method of predicting species' probability of oc-
currence and are an integral part of resource management and 
conservation biology (Elith et al., 2006; Guisan & Thuiller, 2005). 
Spatial information, such as from opportunistically collected ceta-
cean sightings (Derville, Torres, Iovan, & Garrigue, 2018), can be 
used to model a species’ ecological niche based on the assump-
tion that the distribution of known encounters reflects the spe-
cies’ environmental preferences (Guisan & Zimmermann, 2000; 
Hirzel, Lay, Helfer, Randin, & Guisan, 2006). Our study combines 
functionally relevant, high-resolution environmental data (1  km2 
grid resolution) across New Zealand's EEZ and a large database 
of opportunistically collected at-sea cetacean sighting records 
(n = 14,513), to predict probability of occurrences for 30 cetacean 
taxa and for a subset of these taxa spatially explicit estimates of 
uncertainty; this information is crucial for conservation and ma-
rine spatial planning.

2  | METHODS

2.1 | Study area

The study area extends over 4.2  million km2 of the South Pacific 
Ocean within the New Zealand EEZ (≈25–57°S; 162°E–172°W; 
Figure 1a). Feature names used in the text are shown in Figure 1a.

2.2 | Biological data

At-sea cetacean sightings records of 30 cetacean species, subspe-
cies and species complexes, collected over the period 1970–2017 
were collated from multiple databases (Table A1 in Appendix S1 
and further information in Appendix S1). A database requested 
from the Department of Conservation (DOC) contained sightings 
originating from a variety of sources (the general public, seismic 
vessels, boat charters, scientific surveys, fishing vessels, aircraft, 
and New Zealand ferries) while the other databases were privately 
maintained. In New Zealand, most sightings are reported to DOC 
either using a sighting form available online (https​://www.doc.govt.
nz/marine-mammal-sight​ing-form) or a spreadsheet containing the 
same information. Recently, DOC has put controls in place to iden-
tify basic errors in sighting reports but they have not been applied 
to older data. Therefore, the combination of databases being main-
tained by other organizations or scientists and the lag time between 
DOC receiving sightings data and the incorporation into their offi-
cial database, it was important to compare databases to ensure that 

the most comprehensive sightings database possible was used in 
this analysis. We included data from privately maintained databases 
only if they were not already incorporated into the more compre-
hensive DOC database. The data were further quality controlled to 
remove any errors prior to analyses. This included removing ~6,000 
records that: lacked species identification or location, were located 
on land, were located outside the New Zealand EEZ and were du-
plicated within and between databases. Following quality control, 
a total of 14,513 cetacean sighting records across 30 cetacean taxa 
were retained for final analysis, however these were unequally dis-
tributed between cetacean taxa (Table 1) and across the study re-
gion (Figure 1a). Details on at-sea cetacean sightings can be found 
in Appendix S1.

Depending on the number of records available for each taxa, 
different analyses were undertaken to estimate distributions. 
For those taxa with fewer than 50 recorded sightings, Relative 
Environmental Suitability (RES) models (Kaschner et al., 2006) 
were used to predict probability of occurrence (white shading in 
Table 1). For taxa with more than 50 recorded sightings, Boosted 
Regression Tree (BRT) models (Elith et al., 2006) were fitted to 
predict probability of occurrence (grey shading in Table 1). To 
predict probability of occurrence, BRT models require locations 
of both presences (sightings records) and absences. Here, true 
absences (i.e., location records for where cetacean species were 
not sighted) were not available. Although BRTs can be fitted with 
“background data” (also referred to as pseudo absences), here 
we opted to fit individual species models with presences of the 
other cetacean species within the database that were not being 
modelled. That is, if only a single species was sighted at a partic-
ular location, other species were logically absent. Here we refer 
to this as “relative absence” although it has also been referred to 
as “target-group background data” (Phillips et al., 2009). Although 
not as robust as true absences, the use of relative absences have 
been shown to improve average performance for regression based 
models compared to using background data, especially when the 
relative absences are part of the same broad biological group and 
have been collected using similar methods with the same sampling 
biases (as was the case here; Anderson, 2003; Phillips et al., 2009). 
To further minimise the effect of spatial sample-selection bias 
in the presence-relative absence data, all cetacean records were 
weighted by (1/n) where n was the number of presence records 
(of the species being modelled) in each 1 km2 grid cell (Anderson 
et al., 2016).

We grouped sightings of the long-finned (Globicephala melas) and 
short-finned pilot whales (G. macrorhynchus) into the species com-
plex “pilot whales”, but recognise that most sightings where species 
identity was confirmed are of long-finned pilot whales (Oremus et 
al., 2009). Genetics and expert sightings data to date are dominated 
by pygmy blue whale records (Balaenoptera musculus brevicauda) 
but Antarctic blue whales (B. m. musculus) are also present in New 
Zealand waters (Barlow et al., 2018; Miller et al., 2014); we collec-
tively refer to them as blue whales. We have chosen to analyse the 
Hector's dolphin (Cephalorhynchus hectori hectori) and Māui dolphin 
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(C. h. maui) data separately as there is a reasonably clear distinction 
in geographic range between these endemic sub-species (Hamner 
et al., 2012).

2.3 | Environmental data

New Zealand's large EEZ encompasses a diverse range of envi-
ronmental conditions (Bradford-Grieve et al., 2006; Stevens et al., 
2019). To capture this variability, 14 high resolution gridded environ-
mental predictor variables (1 km2), were collated and imported into 
Esri ArcGIS (version 10.6; described in Table 2; figures are shown 
in the Appendix S2). Variables were selected based on prior infor-
mation with respect to their relationships with cetacean occurrence 
and distribution. While it is unlikely that the majority of these vari-
ables directly affect cetacean occurrence and distribution, physical 
processes and oceanographic features such as bathymetry, thermal 
layers, shelf breaks, and productivity are known to aggregate prey, 
in turn attracting cetaceans for foraging (Bluhm, Coyle, Konar, & 
Highsmith, 2007; Etnoyer et al., 2006; Tynan et al., 2005). In addi-
tion, certain environmental features may provide ideal habitat for 
cetaceans at different life history stages, e.g., cold, calm harbour 
waters at the Auckland Islands for southern right whale calving 
(Patenaude, Baker, & Gales, 1998). Although most of the chosen 
ocean climate variables were static (e.g., bathymetry), several vari-
ables were dynamic in time, representing mean monthly statistics 
(e.g., mixed layer depth, “temporal resolution” column in Table 2).

Although BRT modelling is reasonably robust to correlated vari-
ables (Elith & Leathwick, 2009; Guisan et al., 2013), the use of highly 
correlated variables generally provides only minimal improvement 
in predictive accuracy, and complicates interpretation of model 

outcomes (Leathwick et al., 2006). Variables used in the analysis 
(Table 2) had acceptable levels of correlation (Pearson's correlation 
coefficient ≤ 0.75, Fig A2-1 in Appendix S2 as per methodology in 
Dormann et al., 2013).

Prior to BRT model fitting, values for each environmental vari-
able were extracted for cetacean sighting location by overlaying 
these records onto each of the environmental variable layers using 
the “raster” package in R (Hijmans & van Etten, 2012). For mean 
monthly environmental variables, recorded dates of cetacean sight-
ings were used to extract respective values from the month the ob-
servation was made.

2.4 | Relative environmental suitability models

RES models were used to predict the geographical ranges of species 
<50 sightings records using basic descriptive data that are available 
for most species, including those for which few (or no) recorded lo-
cations are available (Kaschner et al., 2006). Here, cetacean sightings 
data were not used as inputs in the model but were used as a visual 
validation only.

Three environmental variables were selected to describe spe-
cies’ geographic ranges in RES models following methods described 
in Kaschner et al. (2006): sea surface temperature (SST), water depth 
(Bathy) and distance to shore (DistShore). The RES method does not 
require cetacean location records, but rather relies on the generic 
relationships between species and each of the environmental layers 
from the scientific literature and expert opinion. The relationships 
between species and the three environmental variables are de-
scribed using a trapezoidal response curve based on four parame-
ters: MinA, MinP, MaxP and MaxA. MinA and MaxA refer to absolute 

F I G U R E  1   Map of the study region (New Zealand Exclusive Economic Zone (EEZ), black dashed line), bathymetry and species’ sightings 
(black dots) and feature names used throughout the text (white) (a). Predicted environmental coverage depicting the confidence that can be 
placed in the predictions, ranging from low (i.e., no samples in the dataset with those environmental conditions) to high (i.e., many samples 
with those environmental conditions) within the New Zealand EEZ (b) and and subjectively defined areas of low environmental coverage 
(criss-cross black lines) (c)
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minimum and maximum variable ranges (i.e., beyond these values, 
the species are not expected to occur), while MinP and MaxP de-
scribe the “preferred” range, in terms of habitat usage of a given spe-
cies (Kaschner et al., 2006).

MinA, MinP, MaxP and MaxA were initially defined for each species 
using values from global marine mammal species distribution models 
presented in Kaschner et al. (2006) (and references therein) and up-
dated to a New Zealand context by a literature search and expert ad-
vice (six national and international experts on cetacean biology and 
ecology) for New Zealand specific species–habitat relationships (all 
the values used and a qualitative description of the ranges for each 
species are provided in Appendix S3). For each species, RES scores 

for the three environmental variables (SST, Bathy, DistShore) were 
produced by transforming the gridded data layers of the variables 
following the trapezoidal response curve. For each species, final RES 
scores were produced by multiplying the three suitability layers as-
signed to the individual attributes (e.g., SST, Bathy, DistShore) re-
sulting in spatial estimates of environmental suitability ranging from 
0 (not present) to 1 (highly representative of the species preferred or 
overall habitat range). It was not possible to quantitatively evaluate 
RES model performance because there were too few at-sea sightings 
for the cetacean taxa distributions modelled using this method. To 
visually evaluate mapped RES predictions a further dataset of ceta-
cean beach strandings (obtained from the New Zealand Department 

Species/subspecies/species 
complex names Species/subspecies

Number of 
sightings records

Blainville's beaked whale Mesoplodon densirostris 1

Dwarf minke whale Balaenoptera acutorostrata 1

Spectacled porpoise Phocoena dioptrica 1

Striped dolphin Stenella coeruleoalba 1

Andrew's beaked whale Mesoplodon bowdoini 2

Hourglass dolphin Lagenorhynchus cruciger 2

Pygmy sperm whale Kogia breviceps 2

Southern bottlenose whale Hyperoodon planifrons 4

Risso's dolphin Grampus griseus 5

Shepherd's beaked whale Tasmacetus shepherdi 5

Cuvier's beaked whale Ziphius cavirostris 7

Gray's beaked whale Mesoplodon grayi 9

Southern right whale dolphin Lissodelphis peronii 27

False killer whale Pseudorca crassidens 28

Arnoux's beaked whale Berardius arnuxii 31

Minke whale Balaenoptera acutorostrata 57

Fin whale Balaenoptera physalus 61

Sei whale Balaenoptera borealis 70

Blue whale (spp. and sub spp.) Balaenoptera musculus musculus
Balaenoptera m. brevicauda

354

Southern right whale Eubalaena australis 477

Sperm whale Physeter macrocephalus 497

Bottlenose dolphin Tursiops truncatus 498

Killer whale Orcinus orca 569

Bryde's whale Balaenoptera edeni brydei 593

Humpback whale Megaptera novaeangliae 629

Pilot whale (2 spp.) Globicephala melas
Globicephala macrorhynchus

679

Dusky dolphin Lagenorhynchus obscurus 823

Māui dolphin Cephalorhynchus hectori maui 1,051

Hector's dolphin Cephalorhynchus hectori hectori 3,688

Common dolphin Delphinus delphis 4,411

Note: White shading indicates taxa for which Relative Environmental Suitability models were run; 
Grey shading indicates taxa for which Boosted Regression Tree probability of occurrence models 
were fitted.

TA B L E  1   Number of cetacean sighting 
records per species, subspecies or species 
complexes included in the analyses
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TA B L E  2   Environmental variables used as predictors in Boosted Regression Tree analyses

Variable 
abbreviation Variable name

Temporal 
resolution Unit Description Source

Bathy Bathymetry Static m Depth at the seafloor was interpolated from contours 
generated from various sources, including multi-beam 
and single-beam echo sounders, satellite gravimetric 
inversion, and others (Mitchell et al., 2012).

Mitchell et al. 
(2012)

BedDist Benthic 
sediment 
disturbance

Static unitless Combination of seabed orbital velocities (estimates the 
average mixing at the seafloor as a consequence of 
orbital wave action, calculated from a wave climatology 
derived hindcast [1979–1998] of swell-wave conditions 
in the New Zealand [NZ] region[Gorman, Bryan, & 
Laing, 2003]) and friction velocity for seabed types 
(based on grain size). Benthic sediment disturbance 
from wave action was assumed to be zero where 
depth ≥ 200 m.

Leathwick et al. 
(2012)

ChlA Chlorophyll-a 
concentration

Monthly 
mean

mg m-3 A proxy for the amount of photosynthetic plankton, or 
phytoplankton, present in the ocean. Estimated using 
quasi-analytic inversion algorithm applied to MODIS-
Aqua data. Results were calculated based on long-
term (2002–2017) average values of phytoplankton 
absorption aph(555) at 500 m spatial resolution.

NIWA unpublished; 
Based on 
processing 
described in 
Pinkerton, Gall, 
Wood, and Zeldis 
(2018)

Dist.Iso500 Distance to 
500 m isobath

Static km The 500 m bathymetric contour was used to denote the 
shelf break. Distance from this isobath was calculated 
using the spatial analysis extension in ArcGIS.

NIWA, unpublished

Dist.Shore Distance to 
shore

Static km Using a NIWA sourced polygon of the New Zealand 
coastline, distance from shore was calculated using the 
spatial analysis extension in ArcGIS.

NIWA, unpublished

DOM Coloured 
dissolved 
organic matter 
(CDOM)

Static Indicative 
of CDOM 
absorption 
at 440 nm 
ag(440) 
(m−1)

Detrital absorption at 440 nm, including due to coloured 
dissolved organic matter (CDOM) and particulate 
detrital absorption. Estimated using quasi-analytic 
inversion algorithm applied to MODIS-Aqua data. 
Results were calculated based on long-term (2002–
2017) average values of detrital absorption coefficient 
ag(443) at 500 m spatial resolution

NIWA unpublished; 
Based on 
processing 
described in 
Pinkerton et al. 
(2018)

Kpar Diffuse 
downwelling 
attenuation

Monthly 
mean

m−1 Attenuation of broadband irradiance (Photosynthetically 
Available Radiation, PAR) with depth. Estimated using 
quasi-analytic inversion algorithm applied to MODIS-
Aqua data. Results were calculated based on long-term 
(2002–2017) average values at 500 m spatial resolution.

NIWA unpublished; 
Based on 
processing 
described in 
Pinkerton et al. 
(2018)

MLD Mixed layer 
depth

Monthly 
mean

m The depth that separates the homogenized mixed water 
above from the denser stratified water below.

Calculated from the 
CARS climatology, 
NIWA, 
unpublished

Slope Slope Static Degree Bathymetric slope was calculated from bathymetric 
depth and is the degree change from one depth value 
to the next.

NIWA, unpublished

SST Sea surface 
temperature

Monthly 
mean

°C MODIS-Aqua SST product, calculated as long-term 
(2002–2017) average values at 1,000 m resolution.

NIWA, 
unpublished; 
Based on 
processing 
described in 
Pinkerton et al. 
(2018)

TC Tidal Current 
speed

Static ms−1 Maximum depth-averaged (NZ bathymetry) flows from 
tidal currents calculated from a tidal model for New 
Zealand waters (Walters, Goring, & Bell, 2001)

Leathwick et al. 
(2012)

(Continues)
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of Conservation which included 3,410 “freshly dead” or “alive” 
stranding's records of 44 cetacean species, collected over the period 
1900–2018) were used along with the recorded at-sea sightings (<50 
for these taxa).

2.5 | Boosted Regression Tree model 
fitting and evaluation

For those species with sufficient number of records (>50 recorded 
sightings), relationships between cetacean presence/relative ab-
sence and environmental variables were investigated using BRT 
models. BRT modelling combines many individual regression trees 
(models that relate a response to their predictors by recursive bi-
nary splits) and boosting (an adaptive method for combining many 
simple models to give improved predictive performance) to form a 
single ensemble model (Elith, Leathwick, & Hastie, 2008). Detailed 
descriptions of the BRT method are available in Ridgeway (2007) 
and Elith et al. (2008). All statistical analyses were undertaken in R 
(R Core Team, 2013) using the “Dismo” package (Hijmans, Phillips, 
Leathwick, & Elith, 2017).

BRT models were fitted with a Bernoulli error distribution, a 
tree complexity of 5, a learning rate between 0.01–0.0001 (with the 
parameter selected so as to fit between 1,000 and 3,000 trees for 

each species' model), a bag fraction of 0.6 and random 10-fold cross 
evaluation following recommendations from Elith et al. (2008) and 
Leathwick et al. (2006).

For all individual cetacean taxa with >50 recorded sightings, 
BRT models were initially fitted using all available environmental 
variables. The cross-validation process ensures that models are par-
simonious, however, over-fitting can also occur by including more 
predictor variables than necessary (Leathwick et al., 2006). To re-
duce the risk of overfitting, the global models (those with all pre-
dictor variables included) for each species in turn were subjected 
to a simplification process whereby environmental variables were 
removed from the models, one at a time, using the “simplify” func-
tion (Elith et al., 2006). This simplification process firstly assesses 
the relative contributions of each variable in terms of deviance ex-
plained, with the lowest contributing variables removed from the 
model, before the model is refitted with the remaining environmen-
tal variables. The change in deviance explained that resulted from 
removing the variable was then examined and the process repeated 
until all variables were sequentially removed. The final models were 
created by refitting the model with a reduced variable set that bal-
anced the deviance explained with a reasonable number of predictor 
variables (Table 5).

BRT models were assessed using cross-validated measures of 
model performance (Compton, Morrison, Leathwick, & Carbines, 

Variable 
abbreviation Variable name

Temporal 
resolution Unit Description Source

TempRes Temperature 
residuals

Static °C Residuals from a GLM relating bottom water 
temperature to depth using natural splines—this 
highlights areas where average temperature is higher 
or lower than would be expected for any given depth. 
Positive values indicate waters of subtropical origin 
and to the west and north of New Zealand. Negative 
values indicate cool waters of subantarctic origin and 
are widespread east of the southern South Island and 
on the southern flanks of the Chatham Rise (see Figure 
A 2-13).

Leathwick et al. 
(2006)

Turb Turbidity Monthly 
mean

NTU Optical backscatter as measured by turbidity sensor. 
Estimated using quasi-analytic inversion algorithm 
applied to MODIS-Aqua data. Result calculated based 
on long-term (2002–2017) average values of particulate 
backscatter bbp(555) at 500 m resolution, converted to 
normalised turbidity units (NTU) using in situ turbidity 
measurements in the New Zealand coastal zone.

NIWA unpublished; 
Based on 
processing 
described in 
Pinkerton et al. 
(2018)

VGPM Productivity 
Model

Monthly 
mean

mgCm−2d−1 Provides estimates of surface water primary productivity 
based on the Vertically generalized productivity model 
of Behrenfeld and Falkowski (1997). Net primary 
productivity by phytoplankton (mean daily rate of 
water column carbon fixation) is estimated as a function 
of merged remotely sensed chlorophyll concentration, 
irradiance, and photosynthetic efficiency estimated 
from remotely sensed Sea-Viewing Wide-Field-of-view 
Sensor (SeaWIFS) and MODIS-Aqua satellite imagery 
(M. Pinkerton, NIWA, personal communication)

NIWA unpublished; 
Oregon State 
University (www.
scien​ce.orego​
nstate.edu/ocean.
produ​ctivi​ty/)

Note: Variable abbreviations, full names, temporal resolution, units and description are provided. Figures of the environmental variables used are 
shown in the Appendix 2.

TA B L E  2   (Continued)

http://www.science.oregonstate.edu/ocean.productivity/
http://www.science.oregonstate.edu/ocean.productivity/
http://www.science.oregonstate.edu/ocean.productivity/
http://www.science.oregonstate.edu/ocean.productivity/
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2012; Elith et al., 2008). Model performance measures included 
the deviance explained and the area under the receiver operating 
characteristic curve (AUC). The explained deviance provides a mea-
sure of the goodness-of-fit between the predicted and raw values 
(total deviance; Compton et al., 2012). AUC measures the model's 
ability to discriminate between presence and absence points. AUC 
ranges from 0 to 1, where a value of 1 indicates that the presences 
and absences are perfectly discriminated, while a value of ≤0.5 in-
dicates that discrimination is no better than random chance (Elith 
et al., 2006). The relative influence of each environmental variable 
in the models was the number of times it was selected for splitting, 
weighted by the squared improvement to the model as a result of 
each split (using in-bag data; Friedman & Meulman, 2003). The as-
sociation between species occurrence and the four most influential 

environmental predictor variables was illustrated using partial de-
pendence plots (i.e., predicted response curve of species probability 
of occurrence across the gradient of the variable of interest when all 
other variables are held at their means).

BRT models were bootstrapped 100 times for each of the 15 ceta-
cean taxa with >50 sightings. A random ‘training’ sample of the pres-
ence-relative absence records was drawn with replacement. That is, 
75% of the presence data and twice as many relative absences were 
randomly selected from the database, and a model was constructed 
with the same settings as the original. Relative absences were not 
selected in locations of presences (the minimum distance between 
presence and relative absence was 1 km). The bootstrapping process 
was repeated 100 times, and at each iteration, predictions were made 
to the “evaluation” data, i.e., the remaining 25% of the presence data 
and twice as many randomly selected relative absences from the re-
maining absences, allowing model fits to be examined both on the 
training and evaluation data. Fin, minke and sei whale models did not 
always converge when bootstrapped due to the low number of sam-
ples. Models were therefore only run once for these taxa.

2.6 | Assessing model uncertainty

For each of the 15 cetacean taxa with >50 sightings, bootstrapped 
BRT models were predicted geographically using the mean of the 
monthly mean and static environmental predictor variables to a 
1  km2 grid. For each taxa, mean probability of occurrence and a 
spatially explicit measure of uncertainty (measured as the standard 

TA B L E  3   Number of positive occurrences within the NOMAD 
database aggregated to a 1 km2 for those species with ≥50 positive 
species records (presences)

Common name
Number of positive occurrences 
(aggregated to 1 km2)

Bottlenose dolphin 146

Killer whale 58

Dusky dolphin 320

Hector's dolphin 1,648

Common dolphin 1,776

Note: When aggregated to 1 km2, there were 15,900 cells where no 
species were recorded (absences) while observers were on-effort.

TA B L E  4   Cross-validated estimates of model performance for the bootstrapped BRT models fitted with presence/relative absence 
sightings per species

Taxa
Deviance explained 
(training data)

Deviance explained 
(evaluation data) AUC (training data)

AUC (evaluation 
data)

NOMAD 
evaluation (AUC)

Fin whale 0.20 0.19 0.90 0.81 NA

Minke whale 0.18 0.25 0.88 0.79 NA

Sei whale 0.24 0.24 0.88 0.81 NA

Killer whale 0.18 ± 0.02 0.16 ± 0.02 0.79 ± 0.01 0.79 ± 0.02 0.68

Bottlenose dolphin 0.20 ± 0.02 0.19 ± 0.02 0.81 ± 0.01 0.81 ± 0.02 0.71

Humpback whale 0.29 ± 0.02 0.28 ± 0.03 0.85 ± 0.01 0.85 ± 0.02 NA

Common dolphin 0.39 ± 0.00 0.39 ± 0.01 0.90 ± 0.01 0.90 ± 0.01 0.68

Pilot whale 0.43 ± 0.02 0.43 ± 0.03 0.91 ± 0.01 0.91 ± 0.01 NA

Sperm whale 0.46 ± 0.02 0.46 ± 0.04 0.92 ± 0.01 0.92 ± 0.01 NA

Bryde's whale 0.49 ± 0.02 0.50 ± 0.04 0.93 ± 0.01 0.93 ± 0.01 NA

Suthern right whale 0.53 ± 0.02 0.53 ± 0.04 0.94 ± 0.01 0.94 ± 0.01 NA

Dusky dolphin 0.55 ± 0.01 0.55 ± 0.03 0.95 ± 0.00 0.95 ± 0.01 0.91

Blue whale 0.58 ± 0.02 0.58 ± 0.05 0.95 ± 0.01 0.95 ± 0.01 NA

Māui dolphin 0.87 ± 0.01 0.88 ± 0.02 0.99 ± 0.00 0.99 ± 0.00 NA

Hector's dolphin 0.83 ± 0.01 0.83 ± 0.01 0.99 ± 0.00 0.99 ± 0.00 0.96

Note: Model performance was assessed using the proportion of the mean total deviance explained ± standard deviation (SD) and mean AUC (area 
under the receiver operating curve) (AUC) ± standard deviation for models fitted with the training data (75% of sightings records) and the evaluation 
data (25% sightings records). AUC values from independent evaluation using true presence/absence NOMAD records are provided for select species 
(NA: not available). Fin, minke and sei whales were not bootstrapped and therefore only the results from a single model are shown.
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deviation of the mean [SD]) were calculated for each grid cell using 
the 100 bootstrapped BRT layers.

As an added measure of model uncertainty ‘coverage of the 
environmental space by cetacean sightings records' was estimated 
(Smith, Duffy, Anthony, & Leathwick, 2013). The “environmental 
space” is the multidimensional space when each variable is treated 
as a dimension. Cetacean sightings records can be projected into this 
space, where some parts of this environmental space will contain 
many sighting records (and are therefore well covered by the sight-
ings data) and other parts of this environmental space will contain 
few sighting records (and therefore the relationship between the en-
vironment and the sightings records are poorly understood resulting 
in potentially less certain predictions). For the latter where predic-
tions are considered less reliable, these should be treated with more 
scepticism than areas that are well covered by sightings records 
(Smith et al., 2013). Here we followed methods described in Smith et 
al. (2013) to model the coverage of the environmental space.

The degree to which the environmental conditions of each 
predictive site was covered by the sightings records was quanti-
fied by randomly sampling 50,000 values from the environmental 
space (where no cetacean sightings were recorded) and assigning 
a “records” value of 0 to these, indicating that these were “absent” 
sample sites. These were combined with the true sightings records 
(n = 14,513), to which a “records” value of 1 was assigned (“present”). 
A BRT was then used to model the relationship between “absent” 
(random) records and “present” (true) records for the 14 environ-
mental predictor variables, using a Bernoulli error distribution. 
Predictions using this model yielded estimates of the probability of 
a site occurring in each part of the environmental space. A learning 
rate that yielded 2,000 trees with an interaction depth of 2 was used 
(so that only pair-wise combinations of the environmental variables 
were considered). Predictions were then made spatially, generating 
values between 0 and 1 (where 0 indicated little understanding of 
the environmental space and 1 a perfect understanding), according 
to how well each cell was represented by the sighting records.

To further investigate the robustness of RES models, RES model 
predictions using sea surface temperature (SST), water depth (Bathy) 
and distance to shore (Dist.Shore) as variables were created for those 
species with sufficient number of records (>50 recorded sightings) 
and were visually compared with their respective BRT predictions. 
For those species for which sea surface temperature (SST), water 
depth (Bathy) and distance to shore (Dist.Shore) were important en-
vironmental variables (or covaried with other important variables, 
e.g., turbidity) RES predictions were deemed robust. For those spe-
cies for which sea surface temperature (SST), water depth (Bathy) 
and distance to shore (Dist.Shore) were not important variables in 
the BRT models, the RES predictions were less representative. As 
with other correlative modelling, RES predictions for individual 
species will be reliant on the selection of relevant environmental 
variables. However, given the lack of information for rarely sighted 
cetacean species (<50 recorded sighting), sea surface temperature 
(SST), water depth (Bathy) and distance to shore (Dist.Shore) were 
thought to most likely capture their ecological niches.

2.7 | Independent evaluation of Boosted Regression 
Tree models

Independently collected presence and absence data were collected 
by the New Zealand Ministry for Primary Industries (MPI) inshore 
fisheries observers using “Trimble Nomad” GPS-based data loggers 
since 2009. Trained fishery observers were required to conduct an 
inspection of the waters surrounding vessel approximately every 
20  min. These data were collated by DOC into a single database 
(NOMAD, unpublished database, held by MPI/DOC), recording all 
on-effort periods and positive sightings of all cetacean species ob-
served (i.e., on-effort events with no sightings can be considered 
true zeros for all species not observed). In this study, NOMAD re-
cords were used to validate the predicted probability of occurrence 
for models for which there were ≥50 positive species records (ag-
gregated to 1  km2) in the NOMAD database (Table 3; bottlenose 
dolphin, dusky dolphin, Hector's dolphin, common dolphin and killer 
whale). NOMAD presence/absence data were used to calculate the 
area under the receiver operating characteristic curve (AUC) by 
comparing the predicted values from the probability of occurrence 
models at locations of observed presence/absence.

2.8 | Estimating cetacean richness

As an example of the possible uses of the layers produced here, 
cetacean richness was estimated by stacking species distribution 
model predictions (S-SDM). That is, cetacean richness was estimated 
as the sum of the occurrence probability predictions (ranging from 
0 to 1) from individual models (15 BRT models and 15 RES mod-
els; Calabrese, Certain, Kraan, & Dormann, 2014; Ferrier & Guisan, 
2006). To reflect the lower prediction certainty associated with the 
coarser RES predictions, these were subjectively down-weighted by 
multiplying RES probability of occurrences by 0.25. For future ap-
plications the subjective weighting of RES layers could be further 
explored. The estimated distribution of cetacean richness therefore 
ranged from 0 to a theoretical maximum of 19 which was clipped to 
areas with adequate environmental coverage.

3  | RESULTS

3.1 | Boosted Regression Tree model performances

Based on model fit measures using cross-validated data (evaluation 
data), all cetacean occurrence models were considered useful (i.e., 
AUC > 0.75; Table 4). AUC scores (measuring the ability to discrimi-
nate between presence and relative absence points) ranged from 0.79 
(killer whale) to 0.99 (Hector's and Māui dolphins) with a mean of 0.90 
(Table 4). Models were able to explain between 16% (killer whale) and 
88% (Māui dolphin) deviance in species presence/relative absence 
(Table 4). The model fit metrics between species’ training data and 
evaluation data were in most cases very similar (Table 4) suggesting 
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that models were not overly fitted to the training data. Standard de-
viations for each model fitting metric were low, providing evidence 
that models were consistently performing across bootstrap samples 
(Table 4). Model validation for a select number of species with in-
dependently collected presence/true absence data showed that all 
models had some predictive power (NOMAD evaluation AUC > 0.68), 
although in some cases this was substantially lower than for evalua-
tion with non-independent data (e.g., common dolphin, AUC was 0.9 
compared to 0.68 when using the NOMAD data; Table 4).

3.2 | Variable selection and contribution

The number of environmental predictor variables retained for spe-
cies' models ranged from 6 to 13, with a median of 8 across all species 
(Table 5). The relative importance of each environmental variable (in 
terms of % contribution) varied across species (Table 5). The most 
consistently important variable for predicting the presence/rela-
tive absence of cetacean taxa was temperature residuals (TempRes) 
which was selected in 14 out of 15 models with an average contribu-
tion of 23.8% (Table 5). The next most important variables across 
all species' models, respectively, were bathymetry (Bathy), distance 
to the 500  m isobath (Dist.Iso500), mixed layer depth (MLD) and 
water turbidity (Turb)—each of which was selected in 13 of the 15 
species' models (Table 5). Benthic sediment disturbance (BedDist) 
was seldom included in the models due to its poor predictive power 
relative to other environmental variables (Table 5). The locations of 
at-sea sightings for each species, the association between species 
occurrence and the four most influential environmental predictor 
variables is shown in partial dependence plots for each species in 
the Appendix S4. An example of interpretation of these plots for the 
common dolphin is also provided in the Appendix S4.

3.3 | Geographic predictions

Geographic predictions of the coverage of the environmental space 
by sightings records and a subset of predicted distribution of species' 
occurrences are presented here. Species' predicted occurrences were 
split into four categories with an example provided for each: species 
with restricted ranges predicted to occur in inshore waters (i.e., pre-
dominately < 25 km from the coastline), species predicted to occur in 
both inshore and offshore areas, species predicted to occur predomi-
nately in offshore waters for which more than 50 sightings records 
were available (BRT models), and species predicted to occur predomi-
nately in offshore waters for which few sightings records were avail-
able (RES models). We have presented a representative species for 
each of the geographic regions to show how the model functioned. 
Predicted distribution of species occurrence and associated spatially 
explicit uncertainty estimates for all other species are provided in 
Appendix S4. In addition, example R code for BRT, RES and “cover-
age of the environmental space” models are available in Appendix S5.

3.3.1 | Coverage of the environmental space

Geographic prediction of the coverage of the environmental 
space by the sighting records provided a spatially explicit indica-
tion of areas where, for all species' models, predictions were ex-
trapolated beyond the environmental characteristics of the input 
data (Figure 1b). Areas where the environmental space was well 
covered by sighting records were predominately located within 
200 km from shore around the North Island, South Island and the 
Chatham Islands, as well as smaller areas surrounding the Auckland, 
Campbell and Antipodes Islands and Kermadec Ridge (red areas in 
Figure 1b). Poorly covered areas included much of the study area 
further from shore (blue areas in Figure 1b). Here, we have recom-
mended a subjectively defined threshold of 0.075 (i.e., in areas with 
lower values we have limited understanding of the environmental 
space and therefore predictions of species’ distributions are less 
certain). Areas with values lower than this cut-off are shown in the 
criss-crossed grey areas in Figure 1c. In these poorly covered areas 
of the environmental space, geographic predictions from species' 
occurrence models should be treated with greater scepticism and 
caution (Elith & Leathwick, 2009).

3.3.2 | Inshore taxa

Species with restricted ranges predicted to occur primarily in in-
shore waters (≈25  km offshore) included: Hector's dolphin (pre-
sented below) and Māui dolphin (predicted species' distribution and 
associated uncertainty are available in Appendix S4).

Hector's dolphin
Hector's dolphins were predicted to be present very close to 
shore (no further than 50 km) along the coast of the South Island 
(Figure 2). The highest probability of occurrence was located off 
the east coast of South Island (Figure 2iv). Spatially explicit esti-
mates of uncertainty (SD) were low across the study area (Figure 
A4-80 in Appendix S4). However, these uncertainty estimates 
increased slightly for those areas immediately outside Hector's 
dolphin core distribution (slightly further from the coast; Figure 
A4-80 in Appendix S4). Hector's dolphin records and model out-
puts fall within areas of the environmental space that are consid-
ered well sampled (Figure 2) and as such uncertainty layers are 
likely to provide an accurate representation of spatial uncertainty.

3.3.3 | Inshore–offshore taxa

Species predicted to occur in both inshore and offshore areas in-
cluded: common dolphin (presented below) as well as Bryde's whale, 
fin whale, bottlenose dolphin, killer whale, humpback whale and 
dusky dolphin (predicted species’ distribution and associated uncer-
tainty are available in Appendix S4).
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F I G U R E  2   The predicted probability occurrence of Hector's dolphin (Cephalorhynchus hectori hectori) in the New Zealand EEZ modelled 
using bootstrapped BRTs and areas of low predicted environmental coverage depicting the lower confidence that can be placed in the 
predicted probability occurrence (criss-cross black line). Inset maps: (i) west coast of South Island including the Fiordland Coast; (ii) south of 
the South Island including Stewart Island/ Rakiura; (iii) south of the North Island and north of the South Island including Tasman and Golden 
Bays and Cook Strait; (iv) East of the South Island including Canterbury Bight. See Figure 1a, for place names

F I G U R E  3   The predicted probability of common dolphin (Delphinus delphis) occurrence in the New Zealand EEZ modelled using 
bootstrapped BRTs and areas of low predicted environmental coverage depicting the lower confidence that can be placed in the predicted 
probability occurrence (criss-cross black line). Inset maps: (i) north of North Island including the North Cape and Hauraki Gulf; (ii) west coast 
of South Island including the Fiordland Coast; (iii) Kermadec islands, Lau-Colville Ridge and Kermadec Ridge; (iv) south of the North Island 
including the South Taranaki Bight and Cook Strait. See Figure 1a, for place names
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Common dolphin
Common dolphins were largely predicted to occur within 50–100 km 
from shore (although not within the first 5 km) predominately in wa-
ters surrounding the North Island and the north and west coasts of 
the South Island (red areas in Figure 3). The highest probability of 
occurrence was predicted for areas between the North Cape and 
the Hauraki Gulf (Figure 3i) and from the Bay of Plenty to East Cape 
(Figure 3iv). Moderate predicted values of common dolphin occur-
rence (0.5–0.7) were observed in some areas further from shore (e.g., 
along the Kermadec Ridge, Figure 3iii). Spatially explicit estimates of 
uncertainty (measured here as SD) were low across the study area 
(Fig A4-84 in the Appendix S4). However, the interpretation of this 
uncertainty layer should be treated with some caution in areas with 
low environmental coverage values (further from shore) and where 
few occurrences were recorded (Figures 1 and 2).

3.3.4 | Offshore taxa—Boosted Regression 
Tree models

Species predicted to occur predominately in offshore waters for 
which there were sufficient records to fit BRT models included: 
blue whales (presented below) as well as minke whale, sei whale, 
southern right whale, sperm whale and pilot whales (predicted 
species distributions and associated uncertainty are available in 
Appendix S4).

Blue whales
Blue whales were predicted to occur across large offshore areas in 
the north of the study area (Figure 4). However, the highest prob-
ability of occurrence was predicted for areas in the South Taranaki 
Bight (Figure 4iv) in line with limited information of their distribution 
from prior studies. Spatially explicit estimates of uncertainty (meas-
ured here as SD) were low (SD: 0.0–0.1) in the southern part of the 
study area, but were moderate across the study area (SD: 0.1–0.2; 
Fig A4-42 in the Appendix S4). Moderate SD values (0.15–0.2) in 
the north of the study region coincided with areas with moderate—
high probability of occurrence (Figure 4iii). In addition, as with most 
offshore species, aside for areas in the South Taranaki Bight, other 
areas with moderate—high probability of occurrence (North Cape 
and West Norfolk Ridge, northern section of the Challenger Plateau, 
Kermadec Islands, Lau-Colville Ridge and Kermadec Ridge, Figure 4) 
were in areas with low environmental coverage values for which 
predicted occurrences must be used with greater caution (Figure 2).

3.3.5 | Offshore taxa—Relative Environmental 
Suitability models

Species predicted to occur predominately in offshore waters for which 
little data were available (RES models) included: southern right whale 
dolphin (presented here) as well as Andrew's beaked whale, Arnoux's 
beaked whale, Blainville's beaked whale, Cuvier's beaked whale, dwarf 

minke whale, false killer whale, Gray's beaked whale, hourglass dol-
phin, pygmy sperm whale, Risso's dolphin, Shepherd's beaked whale, 
southern bottlenose whale, spectacled porpoise and striped dolphin 
(predicted species' distribution are available in Appendix S4).

RES models were used for rarely sighted species, the ma-
jority of which were predicted to have highest RES scores off-
shore. It was not possible to quantitatively evaluate RES model 
performance and therefore these predictions are considered to 
have lower certainty than for those species modelled using BRTs. 
However, visual comparison of recorded sightings and beach 
strandings data with the predicted RES scores suggests that for 
the majority of these rarely observed species, these distributions 
appeared reasonable (see RES predictions in Appendix S4). For 
example, predicted RES scores for southern right whale dolphin 
show that the highest RES scores (score of 0.9–1) covered exten-
sive parts of the study area (Figure 5). Sightings records for south-
ern right whale dolphin (n = 27) were located in a cluster offshore 
of the south-east coast of the South Island in areas with high RES 
values providing some evidence that this species has a preference 
for deeper, offshore waters (Figure 5). Further, the stranding re-
cords were located on both the North Island and South Island (as 
far north as the Bay of Islands), providing some evidence that this 
species may also use the offshore areas in the North Island de-
spite no sightings recorded further north than the Taranaki Bight 
(Figure 5).

3.4 | Cetacean richness

Estimated cetacean richness in New Zealand ranged from 1 to 
10 species km-2 (Figure 6). Broadly, offshore areas (>25 km from 
the coastline) had the highest predicted species richness, specifi-
cally, along the Macquarie Ridge (Figure 6ii), the western edge of 
the Bounty Trough and along the southern and northern edges of 
the Chatham Rise (Figure 6iv). Inshore (<25 km from the coastline) 
species richness was generally predicted to be lower (estimated 
cetacean richness between 1–4), although Fiordland coast, North 
Cape, South Taranaki Bight, Kaikoura Coast, Cook Strait, East Bay 
of Plenty and the Kermadec Islands all had regions of with mod-
erate—high species richness (estimated cetacean richness: 5–8, 
Figure 6).

4  | DISCUSSION

Despite the high number of cetacean species observed, informa-
tion on cetacean distributions in New Zealand waters is limited 
(Baker et al., 2019). Here, a comprehensive set of spatial informa-
tion for 30 cetacean species, subspecies, and species complexes 
occurring in New Zealand waters was combined with high reso-
lution environmental predictors to estimate species' occurrence 
across the New Zealand EEZ using two modelling methods. These 
predicted spatial distributions provide a step towards delivering 
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evidence required for spatial risk assessments and conservation 
planning. The model outputs are useful as direct inputs (e.g., 
spatially explicit risk assessments) or to highlight areas requiring 
further investigation (e.g., spatial estimates of areas and or taxa 
requiring further sampling). However, information gaps remain for 
most species, i.e., particularly for rarely sighted offshore taxa, and 
those with low sample size. Spatial bias in sampling effort requires 
careful consideration for use in robust decision making. Further, 
both RES and BRT models produce estimates of suitable habitat, 
which may be more extensive than the actual occupied habitat, 
particularly for those species whose ranges have been reduced 
through whaling or habitat degradation.

4.1 | Critical appraisal of model outputs

BRT models used to predict cetacean species' occurrence gen-
erally performed well and all models were considered useful 
(AUC > 0.75). Distributions of individual species' occurrence were 
in line with information on known distributions of some spe-
cies, e.g., Māui dolphins (Derville et al., 2016), Hector's dolphins 
(MacKenzie & Clement, 2014), dusky dolphins (Würsig, Lynn, 
Jefferson, & Mullin, 1998) and for specific regional areas, e.g., the 
Hauraki Gulf (Dwyer et al., 2016). In addition, cetacean distribu-
tions were visually congruent with recorded sightings data (used to 

train the models) and NOMAD (true) presence/absence data. The 
independent statistical validation of models for bottlenose, com-
mon, Hector's and dusky dolphins and Bryde's and killer whales 
with independent true presence/absence NOMAD sightings re-
cords also showcase that these presence/relative absence models 
had predictive power (AUC ranging from 0.68 to 0.96), although 
the NOMAD data are limited to areas of interest for fisheries and 
therefore also suffer from spatial bias.

RES estimates for rarely sighted cetacean species were pro-
duced using a combination of expert opinion and information avail-
able from the literature (see Kaschner et al., 2006 and references 
therein). The RES approach is a conceptually simple modelling ap-
proach, and has been used widely (Kaschner et al., 2011; Kesner-
Reyes et al., 2016), with comparable results to other presence-only 
models such as GARP—Genetic Algorithm for Rule Set Production, 
MaxEnt—Maximum Entropy Modeling, GLMs—generalised linear 
models and GAMs—generalised additive models (Kesner-Reyes et 
al., 2016). However, RES estimates rely on basic information of spe-
cies' environmental preference; information which is still less certain 
for some of the rarest species. For the majority of species examined 
here, estimated probability distributions using RES were consistent 
with the limited sighting and coastal stranding records available for 
these rarely sighted species, providing evidence that the broad-scale 
environmental niches of individual species were effectively captured. 
Future iterations of RES models may benefit from the selection of a 

F I G U R E  4   The predicted probability occurrence of blue whales (Balaenoptera musculus musculus and B. m. brevicauda) in the New Zealand 
EEZ modelled using bootstrapped BRTs and areas of low predicted environmental coverage depicting the lower confidence that can be 
placed in the predicted probability occurrence (criss-cross black line). Inset maps: (i) north of North Island including the North Cape and 
West Norfolk Ridge; (ii) offshore waters of west coast of North Island including a northern section of the Challenger Plateau; (iii) Kermadec 
islands, Lau-Colville Ridge and Kermadec Ridge; (iv) south of the North Island and north of the South Island including Tasman and Golden 
Bays, South Taranaki Bight and the Cook Strait. See Figure 1a, for place names
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greater number of environmental predictor variables, and/or, on an in-
dividual species level, the selection of additional, and potentially more 
ecologically meaningful, variables. Given the low levels of informa-
tion available for the species occurrences predicted using RES, these 
predictions remain the best available information but should be used 
cautiously.

4.2 | Drivers of cetacean distribution

At large spatial scales, the environmental preferences of cetaceans 
were primarily associated with broad-scale oceanographic condi-
tions such as temperature and depth that typically vary on scales of 
hundreds of kms. For example, water temperature related predictors 
(SST and TempRes) were important predictors across most species. 
Although it is unclear whether this is an indication of the thermal 
tolerance/preference of these species, the preference/tolerance of 
their prey, or a combination of the two. Several species (e.g., com-
mon dolphin, Māui dolphin, blue whale, fin whale, bottlenose dol-
phin and Bryde's whales) clearly displayed preferences for northern 
high salinity, nutrient poor subtropical waters located to the west 
and north of New Zealand. For the large baleen whales these nu-
trient poor waters are often influenced by seasonal upwellings that 
stimulate patches of productivity. In particular, blue whales are as-
sociated with these upwellings near Australia and Chile (Buchan & 

Quiñones, 2016; Gill et al., 2011), similar to the high probability of 
occurrence predicted in the South Taranaki Bight here. The environ-
mental variables that affect pelagic dolphin distribution are complex 
with different drivers depending on location. Small schooling fishes 
are the primary prey of pelagic dolphins, therefore understanding 
predictors of schooling fish distribution can be useful when de-
termining the distribution of species such as dusky dolphins (e.g., 
Meynier et al., 2008; Selzer & Payne, 1988).

At finer spatial scales, cetacean environmental preferences were 
primarily associated with localised environmental conditions such as 
mixed layer depth, water turbidity and tidal currents that typically 
vary on scales or 1–10  s of km. This was particularly the case for 
species which frequently inhabit inshore areas where environmen-
tal gradients were steepest. For the more coastal species such as 
Māui and bottlenose dolphins and Bryde's whales, sufficient near-
shore prey is available for year-round populations to persist (Carroll 
et al., 2019; Constantine, Iwata, Nieukirk, & Penry, 2018; Hartel, 
Constantine, & Torres, 2014; Miller, Lalas, Dawson, Ratz, & Slooten, 
2013). Blue whales frequently aggregate in areas of nearshore up-
welling that drive zooplankton productivity during the austral sum-
mer months from approximately January to April (Barlow et al., 
2018; Torres, 2013).

Southern right whale, dusky dolphin and Hector's dolphin dis-
played clear large-scale preferences for cooler, low salinity, nutrient 
rich waters of subantarctic origin located to the south and east of the 

F I G U R E  5   Predicted RES scores for 
southern right whale dolphin (Lissodelphis 
peronii), ranging from less suitable (blue) 
to very suitable (red). Predicted RES 
scores are shown with sightings at sea 
and location of recorded strandings (from 
the DOC marine mammal strandings 
database). Sightings at sea and location 
of recorded strandings were not used as 
inputs in the model but were used as a 
visual validation only
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study area (e.g., primarily south of Chatham Rise). Hector's dolphin 
inhabit nearshore turbid waters, dispersing slightly more offshore in 
winter compared to summer (MacKenzie & Clement, 2014; Roberts, 
Webber, Roe, Edwards, & Doonan, 2019). These movements are as-
sociated with their preferred prey of red cod (Pseudophycis bachus), 
ahuru (Auchenocerros punctatus), sprat (Sprattus sp.) and javelinfish 
(Lepidorhynchus denticulatus; Miller et al., 2013). Southern right 
whales currently use the subantarctic Auckland Islands as a primary 
winter breeding ground, moving further south to feed (Childerhouse, 
Double, & Gales, 2010; Patenaude et al., 1998). Historically, they 
were more widely distributed pre-whaling (Jackson et al., 2016; 
Torres et al., 2013), but as the population increases, southern right 
whales are more frequently observed around mainland New Zealand 
(Carroll et al., 2014). Social factors most likely influence the whales' 
primary winter aggregation in Port Ross, Auckland Islands where in-
creasing numbers of whales come into this harbour despite the avail-
ability of similar habitat on the island (Rayment et al., 2015). With 
predicted changes in prey availability (Torres et al., 2013) and in-
creasing population size (Carroll et al., 2013) we suggest that south-
ern right whales will continue to re-establish former habitat around 
New Zealand and the Kermadec—Louisville region to the northeast.

Offshore species and migratory species, e.g., minke, sei, sperm, 
killer, humpback and pilot whales, were more generalist and tended 
to show preference for depth related environmental variables over 
temperature related variables. Sperm and pilot whale preferences for 
deeper offshore waters around New Zealand are indicative of the 

location of their preferred prey, deep-water squids and mesopelagic 
fishes often associated with canyons and trenches (Beatson, O'Shea, 
& Ogle, 2007; Gaskin & Cawthorn, 1967; Giorli & Goetz, 2019; Guerra 
et al., 2017). Minke and sei whales' habitat use patterns are poorly 
known in New Zealand (Baker et al., 2019), but it is likely they are 
migrating through New Zealand waters between southern feeding 
grounds and warmer water breeding grounds. Sei whales are sighted 
in north-eastern New Zealand waters, with one individual frequently 
sighted in the Hauraki Gulf (R. Constantine, unpublished data). 
Humpback whales typically migrate through New Zealand waters as 
they move between Antarctic feeding grounds and Oceania breeding 
grounds (Constantine, Russell, Gibbs, Childerhouse, & Baker, 2007; 
Dawbin, 1960), stopping briefly at the northern Kermadec Islands in 
social aggregations (Riekkola et al., 2018) and near Fiordland where 
some foraging occurs before they complete their southern migration 
to Antarctic waters (Gales et al., 2009). Killer whales range widely 
throughout all New Zealand offshore and nearshore waters feeding 
on a variety of benthic and demersal prey (Visser, 2000), typical of 
the species’ global distribution and habitat use patterns (Ford, 2018).

Some species with widely distributed recorded locations had 
poorer model fits than species with restricted ranges, perhaps re-
flecting the cosmopolitan distribution of the former (e.g., moderate 
explained deviance and AUC scores for killer whale and bottlenose 
dolphin) and the more aggregated nature of others for the latter (e.g., 
high explained deviance and AUC scores for Māui dolphin, Hector's 
dolphin). Evidence from previous studies have indicated that species 

F I G U R E  6   Cetacean richness estimates (using predicted occurrence derived from 15 BRT models and 15 RES models) for areas of 
adequate environmental coverage. Crisscrossing black lines represent areas with low environmental coverage. Inset maps: (i) north of North 
Island including the North Cape and Hauraki Gulf; (ii) south of the South Island including North East Island, Stewart Island and parts of 
Fiordland Coast; (iii) Kermadec islands and Kermadec Ridge; (iv) North East of the South Island including the western parts of the Chatham 
Rise



     |  511STEPHENSON et al.

with limited geographic ranges and/or environmental tolerances are 
generally better modelled than those with greater ranges (Morán-
Ordóñez, Lahoz-Monfort, Elith, & Wintle, 2017; Stephenson et al., 
2018; Thomson et al., 2014) because widespread species are less 
likely to have sharp easily identifiable environmental thresholds that 
clearly delineate their environmental niche (Morán-Ordóñez et al., 
2017). For species with limited ranges, the best model fits were com-
monly located closer to shore where sampling effort was highest.

Additionally, reduced model fit could be influenced by histori-
cal events, human activities, population and species dynamics (e.g., 
migration, competition, predation, and for many cetacean species, 
social interactions; Elith & Leathwick, 2009) and temporal environ-
mental patterns (e.g., diurnal, tidal, seasonal and annual patterns; 
fluctuating weather patterns; and prey distributions) which were not 
accounted for here. Despite these factors not being considered in a 
quantitative manner, model outputs are still valid for management 
purposes, but it should be noted that the representation of species' 
probability of occurrence are a smoothed representation of the raw 
data (spatially and temporally; Stephenson et al., 2018). Both RES 
and BRT analyses are correlative models and, in many cases, rely on 
biotic processes such as predation to be represented by environ-
mental variables as proxies. Prey distribution is likely to be of partic-
ular importance for the accurate prediction of cetacean distributions 
(Bluhm et al., 2007; Etnoyer et al., 2006; Tynan et al., 2005). Further 
work on integrating predictors not accounted for here, for example 
by including prey species in a joint species distribution model (hier-
archical probit regressions with latent factors as in Ovaskainen et 
al., 2017) or population dynamics and social interactions in mech-
anistically focussed models such as process-based range modeling 
(Dormann et al., 2012; Evans, Merow, Record, McMahon, & Enquist, 
2016) may provide further insight into important drivers of cetacean 
distributions not accounted for here. As a first step, defining prey 
target species and producing prey distributions for each cetacean 
taxa would be of interest for future distribution modelling, but we 
note that this is particularly challenging as it requires an understand-
ing of predator-prey relationships in time and space over the vast 
New Zealand EEZ.

A relatively simple representation of cetacean richness was pro-
vided. This showcased the high cetacean richness across extensive 
areas within New Zealand, particularly offshore. Hotspots of ceta-
cean richness in offshore areas (Macquarie Ridge, the western edge 
of the Bounty Trough and along the southern and northern edges 
of the Chatham Rise) are known to have high biological productivity 
and are likely to be important foraging areas for several cetacean 
species. Although inshore areas generally had lower richness esti-
mates, these remain important from a conservation point of view 
for many of the species with limited ranges (e.g., Maui and Hector's 
dolphin). Indeed, the distribution of species richness may be bi-
ased towards areas where species with large overlapping ranges 
occur, i.e., those species with restricted non-overlapping ranges 
will not contribute greatly towards the summed species richness 
(Veach, Minin, Pouzols, & Moilanen, 2017). In order to account for 
range size bias, systematic conservation planning software (e.g., 

Moilanen, Kujala, & Possingham, 2009) could be used to identify 
important conservations areas (i.e., balance out selection of areas 
with high richness whilst maintaining adequate species represen-
tativeness). Further, richness estimates from stacked species distri-
bution models could be improved by incorporating estimates from 
a macroecological model (as described in Calabrese et al., 2014) as 
well as including estimates of model uncertainty (Moilanen et al., 
2006). Further work is currently underway to investigate these im-
portant issues.

4.3 | Use of at-sea cetacean sightings records for 
species distribution modelling

Dedicated cetacean census surveys do not exist in New Zealand due 
to logistic and financial constraints. The majority of data available 
are for nearshore cetaceans, causing large biases in the availability 
of data to parameterise species distribution models, with typically 
fewer data records outside highly populated areas or areas of in-
tensive tourism, resulting in limitations of model predictions out-
side areas where sightings data occurred (Derville et al., 2018). For 
example, Bryde's whale predicted occurrence was predominately 
constrained to the Hauraki Gulf due to the high number of sightings 
in this area (year-round population of Bryde's whales that are the 
focus of a whale watch industry and research programmes), despite 
knowledge that these are also an offshore species in New Zealand 
and elsewhere (Constantine et al., 2018). Recent surveys (data not 
included in our models) highlight that the Kaikoura coast along the 
north east of the South Island also have high occurrences of blue 
whales (Barlow et al., 2018) although this is not apparent from the 
models presented here due to the low number of sightings available 
for this location in our study. With the inclusion of newly acquired 
data, or the inclusion of mechanistic relationships in the distribution 
models, prediction accuracy and usefulness is likely to improve.

In this study, the final dataset contained over 14,000 cetacean 
sightings records from multiple sources, which were unequally dis-
tributed across both the study area and among species. Ideally, true 
presence/absence with known effort (such as in NOMAD database and 
Marine Mammal Observer data from seismic surveys) would be used 
for all future models; however, these data also suffer from spatial bias 
and are currently only available for a limited number of species (e.g., 
see Roberts et al., 2019). Some species are vulnerable to fisheries in-
teractions and therefore may be subject to targeted fishery observer 
campaigns to determine overlap of species with fishing activity (e.g., 
NOMAD data). Hector's and Māui dolphins, both coastal species, are 
the only species that are the subject of large-scale aerial surveys (e.g., 
MacKenzie & Clement, 2014). With large whale species recovering from 
commercial whaling, public sightings records have increased for some 
whales when in nearshore waters; this has been valuable to under-
standing their shifts in distribution e.g., southern right whales (Carroll 
et al., 2014). Future data from dedicated research and public sightings 
will be valuable in understanding any shifts in species' range due to cli-
mate change effects on environmental variables that drive distribution, 
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as seen elsewhere (e.g., Gulf of St Lawrence, Ramp, Delarue, Palsbøll, 
Sears, & Hammond, 2015).

The spatial sample bias in this study was somewhat addressed by 
the weighting of records and subsampling of non-random absence/
background data (e.g., relative absences) and through bootstrapping 
of the BRT models. Future model iterations could explore the effects 
of spatial autocorrelation (i.e., the tendency for clustering of records 
spatially) through inclusion of a spatial autocorrelation term in the 
model (e.g., calculation of a residual autocovariate [RAC] variable for 
each species as in Crase, Liedloff, & Wintle, 2012), or weighting of 
species presence based on environmental coverage (e.g., as in Smith 
et al., 2013; Valavi, Elith, Lahoz-Monfort, & Guillera-Arroita, 2018).

The use of relative absences (i.e., the presence of another spe-
cies for which the model is not being predicted was used as evidence 
that the species of interest was absent) has been shown to improve 
model accuracy when compared to the use of random background 
points (pseudo absences; Phillips et al., 2009). However, differences 
in detectability varies substantially between species, especially for 
offshore species, deep diving species and migratory species that are 
less available to be sighted (Barlow, Gerodette, & Forcada, 2001; 
Würsig et al., 1998). The influence that these differences in detect-
ability (also sometimes called “probability of sampling” or “catch 
rate” for other marine taxa) is a parameter that is difficult to esti-
mate and the influence that this has on model prediction is unknown 
(Anderson et al., 2016). However, simulation and virtual ecologist 
approaches may provide possible avenues for further understanding 
the effect that species detectability may have on model prediction 
(Meynard, Leroy, & Kaplan, 2019).

5  | CONCLUSION

BRT models used to predict cetacean species' occurrence generally 
performed well with the distributions of individual species in line 
with the limited information on their known distributions. For a small 
subset of species, the usefulness of the BRT models was further 
validated using an independent set of true presence/absence data. 
The simpler RES model estimates for rarely sighted cetacean spe-
cies rely on basic information of species' environmental preference. 
Given the low levels of information available for these species, RES 
remains the best available information. However, information gaps 
remain for many species (i.e., particularly for the less frequently ob-
served offshore taxa with fewer than 50 recorded sightings). Further 
information on important drivers of cetacean distribution and how 
these differ between species indicates several offshore areas which 
are known to have high biological productivity as potentially impor-
tant foraging areas for several cetacean species. Although inshore 
areas generally had lower richness estimates these remain impor-
tant from a conservation point of view for many of the species with 
limited ranges (e.g., Maui and Hector's dolphin). Issues relating to 
sample size and spatial sampling bias require careful consideration 
for use in robust decision making. Here we have addressed some of 
these potential pitfalls for decision making by providing two spatially 

explicit estimates of model uncertainty: estimates of individual spe-
cies’ uncertainty of the distributions (through bootstrapping of the 
BRT models) and estimates of the coverage of the environmental 
space from all species recorded sightings. Predicted spatial distri-
butions, their associated uncertainty layers and summaries of these 
layers highlighting important areas (i.e., cetacean richness estimates) 
are a significant step towards providing the evidence necessary as 
a baseline for spatial risk assessments and conservation planning.
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