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Article I: Increasing climate driven taxonomic homogenisation 
but functional differentiation among river macroinvertebrate 
assemblages     
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Category Description Modality 

MORPHOLOGY 

Maximum potential size 

 

>5-10 mm 

>10-20 mm 

>20-40 mm 

>40 mm 

Body flexibility 

none (<10°) 

low (>10-45°) 

high (>45°) 

Body form 

streamlined 

flattened (dorso-ventral 

or lateral) 

cylindrical 

spherical 

Respiration of aquatic stages 
(not including eggs) 

tegument 

gills 

plastron 

aerial 

LIFE HISTORY 

Maximum number of 
descendants per 

reproductive cycle 

 

>100-1000 

>1000-3000 

>3000 

Maximum number of 
reproductive cycles per year 

semivoltine 

uninvolving 
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plurivoltine 

Number of reproductive 
cycles per individual 

1 

 

Life duration of adults 

 

>1-10 days 

>10-30 days 

>30-365days 

>365 days 

Reproductive technique 

single individual 

hermaphrodism 

male and female 

Oviposition Site 

water surface 

submerged 

terrestrial 

endophytic 

Egg/egg mass 

free 

cemented 

female bears eggs in/on 

body 

Aquatic stages 

Adult, larva 

Adult or larva 

Larva, Pupa 

MOBILITY 

Dissemination potential (all 
stages) 

low (<10 m) 

medium (10m - 1 km) 

high (>1km) 

Attachment to substrate of 
aquatic stages (excluding 

eggs) 

swimmers (water 

column) 

crawlers (epibenthic) 

burrowers (infauna) 
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attached 

RESOURCE 
ACQUISITION 

Feeding habits 

shredders 

scrapers 

deposit-feeders 

filter-feeders 

predator 

algal piercer 

Dietary preferences 

strong (specialist) 

moderate 

weak (generalist) 
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Spatial 

scale 
Abbreviation Description Min Max Mean 

Global 

Temp  6.14 16.73 11.93 

Temp SD 
of the mean) 

2.87 5.86 4.15 

Temp summer Mean annual summer air  10.63 20.25 16.35 

Temp SD summer 
deviation of the mean) 

1.34 3.95 2.46 

Temp winter  0.74 13.51 7.45 

Temp SD winter 
Annual winter 

deviation of the mean) 
1.33 3.92 2.26 

Temp spring  5.71 15.63 11.41 

Temp SD spring 
deviation of the mean) 

1.41 4.54 2.62 

Prec Mean daily precipitation (mm) 0.80 20.51 3.51 

Prec CV Annual precipitation coefficient of variation (mm) 149.60 440.38 249.23 

Prec summer Mean summer daily precipitation (mm) 0.39 25.82 3.11 

Prec CV summer Summer precipitation coefficient of variation (mm) 18.31 78.63 39.03 

Prec winter Mean winter daily precipitation (mm) 0.22 18.26 4.01 

Prec CV winter Winter precipitation coefficient of variation (mm) 17.59 86.12 47.9 

Prec spring Mean spring daily precipitation (mm) 0.50 23.21 3.49 

Prec CV spring Spring precipitation coefficient of variation (mm) 22.12 84.08 46.75 

Regional 

Altitude Altitude (m) 0.30 672.26 164.44 

USCalcium 
Catchment-average Calcium concentration of underlying 

rocks (1 [very low] 4[very high]) 
1.01 2.01 1.46 

USHardness 
Catchment average hardness (induration) of surface rocks (1 

[very low] 4[very high]) 
1.93 4.00 3.21 

USPhosporus 
Catchment-average Phosphorus concentration of underlying 

rocks (1 [very low] 4[very high]) 
1.03 4.00 2.38 

Catchment 

USAvgSlope 
Average slope in the upstream catchment (degrees), describes 

catchment-driven modification of flow variability 
3.48 30.5 19.0 

USCatchArea Area of the upstream catchment (m2) 1.37E+07 1.65E+10 2.48E+09 

usintensiveAg 
Proportion of catchment occupied by combination of high 

producing exotic grassland, short-rotation cropland, orchard, 
vineyard and other perennial crops (LCDB4.1 40,30,33) 

0 0.91 0.29 

usPastorallight 
Proportion of catchment occupied by low producing grassland 

(LCBD4.1 class 41) 
0 0.30 0.06 

usNativeForest Proportion of catchment in native forest (LCDB4.1 class 69) 0 0.94 0.28 

usUrban 
Proportion of catchment occupied by combination of built-up 

areas, urban parkland, surface mines, dumps, transport, 
infrastructure (LCDB4.1 class 1,2,6,5) 

0 0.06 0 

usScrub 
Proportion of catchment in scrub and shrub cover (LCDB4.1 

class, 50,51,52,54,55,56,58) 
0 0.38 0.11 

usExoticForest 
Proportion of catchment occupied by exotic forest (LCDB4.1 

class 71) 
0 0.60 0.06 

Reach 

WidthMALF Wetted river width at the 7-day mean annual low flow (m) 0.547 36.5 9.23 

SegSlope 
Segment slope (degrees), derived from GIS calculation using 

length and difference between upstream and downstream 
elevation for each segment 

0.00 1.72 0.260 

SegRipShade 

Riparian shading (proportion), the likely degree of riparian 
shading derived by using national, satellite image-based 

vegetation classification to identify riparian shading in each 
segment, with the degree of shading then estimated from river 

size and expected vegetation height 

0.00 0.49 0.07 

DO Dissolved oxygen concentration (mg.m-3) 3.35 12.80 10.53 

CLAR Black disk clarity (m) 0.04 13.60 2.22 

NH4-N Ammoniacal-Nitrogen concentration (mg.m-3) 0.00 85.42 11.46 

NO3-N Nitrate-Nitrogen concentration (mg.m-3) 0.00 2419.50 233.45 

DRP Dissolved Reactive Phosphorus concentration (mg.m-3) 0.00 87.4 8.63 
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Group Variable Principal component 
Axis 1 Axis 2 

Air temperature 

Temp annual -0.97 -0.01 

Temp spring -0.87 -0.05 

Temp summer -0.79 -0.45 

Temp winter -0.61 0.11 

Temp SD -0.04 -0.92 

Temp SD summer 0.25 -0.87 

Temp SD spring -0.03 -0.77 

Temp SD winter 0.33 -0.50 

Precipitation 

Prec 0.34 -0.88 

Prec spring -0.35 -0.53 

Prec summer 0.44 -0.23 

Prec winter 0.18 -0.77 

Prec CV 0.89 0.08 

Prec CV summer -0.71 -0.28 

Prec CV spring -0.69 -0.07 

Prec CV winter -0.20 -0.19 

Land-cover 

usintensiveAg 0.62 -0.63 

usPastorallight 0.62 0.60 

usNativeForest -0.87 0.16 

usUrban -0.10 -0.68 

usShrub -0.53 -0.10 

usExoticForest -0.12 -0.33 

Water-quality 

CLAR 0.64 0.06 

DO -0.31 0.82 

NH4-N -0.60 -0.48 

NO3-N -0.72 0.38 

DRP -0.52 -0.38 
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B

 

Spatial 

scale 

Intercept 

(Std. Error) 
Variable edf F p 

Cumulative 

R2 

Taxonomic 

Global 0.02927 (0.12115) 

Prec 1.436 2.714 0.152 0.08 

TMean 1.329 4.340 0.050 0.13 

Prec CV 2.698 4.294 0.019 0.25 

Regional -0.01433 (0.13394) 
USCalcium 2.283 1.608 0.164 0.01 

Altitude 1.000 3.064 0.085 0.06 

Catchment 
-0.00669 (0.09821) 

 

USCatchArea 1.000 1.089 0.302 0.01 

USAvgSlope 1.961 0.656 0.499 0.03 

Land-use (1) 1.806 0.762 0.343 0.06 

Land-use (2) 1.972 1.172 0.276 0.07 

Reach -3.798e-10 (8.983e-02) 
SegSlope 1.000 1.770 0.189 0.01 

WidthMALF 1.957 2.299 0.150 0.05 

Functional 

Global -0.11727 (0.03303) 

Prec 1.000 5.821 0.019 0.05 

TMean 2.911 2.827 0.056 0.15 

TSeas 3.333 2.158 0.197 0.23 

Regional 0.001801 (0.031290) USCalcium 1.000 1.559 0.217 0.01 

Catchment 0.002827 (0.027821) 

USAvgSlope 5.678 2.808 0.015 0.19 

Land-use (1) 1.000 2.076 0.156 0.20 

Land-use (2) 1.000 1.554 0.218 0.22 
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des communautés : changements de tailles 
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Article II: Climate and land-use driven reorganisation of 
structure and function in river macroinvertebrate communities.  
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Article III: Climate change reverses the latitudinal species and 
trait richness gradients of river invertebrates 

Théophile L. Mouton1,2, Aurélien Boyé3, Matthew McLean4, Jonathan D. Tonkin5,6,7, Sylvain Dolédec8, Núria 
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Supplementary materials  

Group Variable 
Principal 

component 
Axis 1 Axis 2 

Air temperature 

Temp annual 0.97 0.01 

Temp spring 0.87 0.05 

Temp summer 0.79 0.45 

Temp winter 0.61 -0.11 

Temp SD 0.04 0.92 

Temp SD summer -0.25 0.87 

Temp SD spring 0.03 0.77 

Temp SD winter -0.33 0.50 

Precipitation 

Prec 0.34 -0.88 

Prec spring -0.35 -0.53 

Prec summer 0.44 -0.23 

Prec winter 0.18 -0.77 

Prec CV 0.89 0.08 

Prec CV summer -0.71 -0.28 

Prec CV spring -0.69 -0.07 

Prec CV winter -0.20 -0.19 

Land cover 

NF 0.42 -0.87 

PF -0.99 -0.03 

SG 0.90 0.02 

HG 0.70 0.45 

Stock unit density 

Dairy  -0.67 0.62 

Beef  0.64 0.59 

Sheep  0.83 -0.38 

Deer  0.48 0.73 

Flow 

Flow mean annual -0.93 -0.07 

Flow CV annual 0.90 0.19 

Flow mean Summer -0.85 0.26 

Flow mean Spring -0.55 0.51 

Flow mean Winter -0.55 -0.69 

Flow CV Summer 0.77 -0.28 

Flow CV Spring 0.81 -0.21 

Flow CV Winter 0.34 0.83 

Water-quality 

CLAR 0.64 0.06 

DO -0.31 0.82 

NH4-N -0.60 -0.48 

NO3-N -0.72 0.38 

DRP -0.52 -0.38 
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Trait type Biological trait Ecological processes Functional processes 

Life history    Maximum potential size 

   Maximum number of 
descendants per reproductive 
cycle 

   Maximum number of 
reproductive cycles per year 

   Number of reproductive cycles 
per individual, 

   Life duration of adults 

   Oviposition site 

   Egg/egg mass 

   Aquatic stages 

   Resistance/Resilience to disturbances 
(Townsend & Hildrew, 1994) 

  

   Secondary production 
(Statzner & Bêche, 2010) 

Morphology    Body flexibility 

   Body form 

   Respiration of aquatic stages 
(not including eggs) 

   Resistance to disturbances (Townsend 
& Hildrew, 1994) 

   Resistance to oxygen depletion 
(Statzner & Bêche, 2010) 

     

  

Dispersal    Dissemination potential (all 
stages) 

   Attachment to substrate of 
aquatic stages (excluding eggs) 

   Resistance/Resilience to disturbances 
(Townsend & Hildrew, 1994) 

  

   Bioturbation 

   Nutrient cycling 

   Energy transfer 

Resource 
acquisition 

   Feeding habits 

   Dietary preferences 

   Trophic specialization 

   Complexity of trophic network 

   Resource utilisation, 

   Energy transfer 

   Nutrient cycling 

   Leaf litter decomposition 

   Primary production 
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   Biomass production 
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Fig. S1 Pearson correlation matrix of all predictor variables used for analyses, including latitude. All 

predictor variables are described in the methods section of the manuscript.  
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Changes in climate, land-use, flow, and water-quality 

At the studied sites and from 1991 to 2016, mean air temperature has increased on average by 0.26°C 

per decade (min = 0.13, max = 0.41; Fig. S2). Annual air temperature seasonality also increased on 

average across sites (mean = 0.002, min = -0.10, max = 0.09; Fig. S2). Mean daily precipitation has 

decreased on average by 33 mm per decade (max = 69.35, min = - 507.35; Fig. S2) and the annual 

precipitation coefficient of variation has increased on average across sites (mean = 5.31, min = -14.9, 

max = 29.2; Fig. S2).  

From the year 1990 to 2012 the percentage of upstream catchment covered by native forest has 

decreased over the studied sites (mean = -0.15, max = 0.1, min = -1.0; Fig. S3 A). Similarly, the 

percentage of shrub and grassland has declined on average and at most sites (mean = -1.15, max = 0.9, 

min = -13.0; Fig. S3 A)). As opposed, there was an increase in the percentage of plantation forest 

(mean = 1.38, max = 13.4, min = -3.30; Fig. S3 A) and a balanced change in the percentage of high-

producing grassland (mean = -0.16, max = 3.4, min = -4.8, Fig. S3 A). 

However, stock unit densities of dairy have increased on average and at most sites (mean = 0.59, max 

= 2.1, min = -1.5; Fig S3 B) while those of sheep have decreased at all sites (mean = -0.89, max = -0.1, 

min = -2.2; Fig. S3 B). Changes in stock unit densities of beef have decreased on average and those of 

deer were rather balanced across sites (beef: mean = -0.22, max = 0.4, min = -1.8; Deer: mean = 0.01, 

max = 0.2, min = -0.2; Fig. S3 B).   

Regarding changes at the scale of sites from 1991 to 2016, mean annual run-off per day has decreased 

on average and at 53.5 % of sites (Fig. S4). The opposite pattern was found for run-off coefficient of 

variation with an average increase over time and at 55% of sites. 

For water quality, water clarity has increased on average and at 80% sites. Water conductivity has also 

increased on average and at 75% of sites (23% no change, 2% decreased; Fig. S5). Dissolved oxygen 

concentrations have decreased on average and at 55% of sites (2% increased and 43% no change; Fig. 

S5). Concentrations of ammoniacal-nitrogen have decreased on average and at 85% of sites (12% 

increased and 3% no change; Fig. S5). Concentrations of nitrate-nitrogen have decreased on average 

and at 54% of sites (45% increased, 1% no change; Fig. S5) and concentrations of dissolved reactive 

phosphorus have decreased on average and at 48% of sites (38% increased and 14% no change; Fig. 

S5).   

 

  



Chapitre 3 : Réorganisation temporelle : populations et répartitions 

Fig. S2 Temporal changes (change per decade) in mean annual air temperature (Tmean), annual air 

temperature standard deviation (Tseas), cumulative annual precipitation (Prec) and annual 

precipitation coefficient of variation (Prec CV). Changes per decade were obtained from the slopes of 

linear regression models of each variable against year multiplied by 10.    

 

 

Fig S3 Changes in (A) the average percentage of land-cover and (B) in the average stock unit density 

(SUD) per hectare of Dairy, Beef, Sheep and Deer in the upstream catchment of each site and for the 

period 1990 to 2012. These data were extracted from Julian et al. (2017). NF = Non-plantation Forest; 

PF = Plantation Forest; SG = Scrub and Grassland; HG = High producing grassland.   



Chapitre 3 : Réorganisation temporelle : populations et répartitions 

  



Chapitre 3 : Réorganisation temporelle : populations et répartitions 

Fig. S4 Temporal changes (standardised slopes) in mean annual run-off (left panel) and mean annual 

run-off CV (right panel). Standardised slopes were obtained from linear regressions of log transformed 

run-off per second metrics (multiplied by 107) against year.  

 

Fig. S5 Temporal changes in median annual water quality variables. Temporal changes (slopes) were 

obtained from linear regressions of log10 transformed median annual water quality variables against 

year. CLAR: Water back disk clarity. Cond: Conductivity. DO: Dissolved oxygen concentration. NH4: 

Ammoniacal-nitrogen concentration. NO3: Nitrate-nitrogen concentration. DRP: Dissolved reactive 

phosphorus concentration.    
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Chapitre 4 : Diversité alpha et redondance fonctionnelle 
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Introduction

Current rates of biodiversity change correlate with recent 
human-induced climate change and land-use activities 
(IPCC 2014, Brondizio et al. 2019). These biodiversity 
changes are predicted to increase as human activities inten-
sify (Urban 2015, Johnson et al. 2017), reflecting local 
extirpations and/or colonisations of species and populations 
across landscapes (Tilman et al. 1994, Maclean and Wilson 
2011, Brondizio et al. 2019). Such demographic shifts could 
potentially lead to major alterations to the functioning of 
ecosystems. However, the responses of species likely vary in 
magnitude among regions of the world and across latitudes 
(Heino et al. 2009, Lenoir et al. 2019). Biodiversity trends 
are, however, overly complex, with observations of local bio-
diversity increases sometimes contradicting reports of a global 
climate-driven biodiversity crisis (Antão et al. 2020, Li et al. 
2020, Outhwaite et al. 2020). There is therefore an imperative 
need for biodiversity time-series studies over wide and under-
studied geographical regions to inform conservation planning 
and policy (Olden et al. 2018, Magurran et al. 2019).

Uncovering the drivers of biodiversity change requires 
tools that can deconstruct the mechanisms underpinning 
such change. Research on changes in the composition of spe-
cies communities (changing β diversity) has typically focused 
on temporal changes in spatial β diversity (Olden et al. 2018). 
However, ongoing temporal change in species composition is 
also a pressing (Kuczynski et al. 2018, Blowes et al. 2019, 
Antão et al. 2020), yet less investigated aspect of biodiversity 
change. Temporal β diversity can capture the biogeographi-
cal, ecological, functional and ecological processes involved 
in temporal changes in communities (Magurran et al. 2019), 
including local extirpations or colonisations (Legendre and 
Gauthier 2014, Shimadzu et al. 2015, Gotelli et al. 2017, 
Legendre 2019, Magurran et al. 2019).

The responses of species to environmental change, includ-
ing local losses and gains associated with temporal β diver-
sity, are underpinned by their ecological and life-history 
traits (Dawson et al. 2011, MacLean and Beissinger 2017, 
Pacifici et al. 2017, McLean et al. 2018a). For example, pop-
ulations of ecological specialists, with long generation times, 
and low reproductive output are predicted to be highly vul-
nerable to climate change (Vié et al. 2009, Chin et al. 2010, 
Conti et al. 2014). Similarly, the degree to which species 
reduce, expand and/or shift their ranges may depend on their 
ability to disperse and the geographic location of popula-
tions (Comte et al. 2014, Lenoir et al. 2019). Theoretically, 
the lowest latitudinal margins of continents or islands are 
more likely to experience loss of taxa under climate change, 
because colonisations from lower latitudes are not possible 
(Heino et al. 2009, MacLean and Beissinger 2017).

In running waters, temporal β diversity is increasingly 
being used as a tool to understand the dynamics of change 
in macroinvertebrate communities, including identifying sites 
that are pivotal for maintaining biodiversity at the landscape 
scale (Ruhí et al. 2017). Changing climate or flow regimes has 
been identified as a common driver of change in community 

structure. For instance, Cañedo-Argüelles et al. (2020) found 
a strong relationship between structural changes in macroin-
vertebrate communities and changes in precipitation regimes. 
Similarly, Crabot et al. (2020) found that the temporal vari-
ability of community structure was related to the frequency 
and duration of drying events. However, few studies have 
examined temporal β diversity of stream invertebrate commu-
nities over large spatial and temporal scales.

Here, we complement recent findings from Mouton et al. 
(2020), who reported decreasing spatial taxonomic β diversity 
(taxonomic homogenisation) but increasing spatial functional 
β diversity (functional differentiation) among river macroinver-
tebrate assemblages. We capitalise on the same high-resolution 
time-series datasets, comprising macroinvertebrate communi-
ties collected annually from 1991 to 2016, at 64 mainstem river 
sites across New Zealand’s two mainland islands. The two stud-
ies are complementary in the sense that Mouton et al. (2020) 
explored how climate change affects the spatial organization 
of assemblages while the present study aims at evaluating how 
both climate and land-use changes influence temporal differ-
ences in community composition within sites.

We measured taxonomic and functional temporal β diver-
sity over the period 1991–2016, which we decomposed into 
indices of colonisations and extirpations. We tested for the 
effects of climate and land-use change, nested within hierar-
chically organized environmental spatial scales, in mediating 
taxonomic and functional temporal β diversity of these com-
munities. Finally, we examined changes in species’ population 
and range size and latitudinal range shifts which we related to 
their taxonomic affiliation and a set of functional traits.

Given widespread evidence of freshwater macroinverte-
brates response to ongoing climate change (Pyne and Poff 
2017, Floury et al. 2018, Mouton et al. 2020), we first expected 
a latitudinal pattern in temporal β diversity (E1), owing to cli-
mate-driven species range shifts. Specifically, we expected (E1a) 
increasing species colonisations at the leading edges (southern 
margins of New Zealand) but (E1b) increasing extirpations at 
the rear edges (northern margin of New Zealand). Second, 
given globally observed species population declines and pole-
ward range shifts (Urban 2015, Olden et al. 2018, Lenoir et al. 
2019), we expected (E2) greater decreases in species’ popula-
tion and range sizes than increases, and poleward range shifts. 
Finally, given the relationship between the taxonomic identity 
of species, their functional traits and demographic responses 
to environmental change (MacLean and Beissinger 2017, 
Pacifici et al. 2017, Daskalova et al. 2020), we expected a rela-
tionship between trends in population sizes and species range 
shifts with the taxonomic identity of species and with their 
functional traits (E3a and E3b, respectively).

Methods

Data acquisition

Biodiversity data

Macroinvertebrate communities were sampled from main-
stem rivers, at 64 wadeable sites (mean Strahler stream 
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order = 6; min = 3, max = 8), located in 35 catchments of 
New Zealand, between latitudes 46 and 35°S (Supporting 
information). Surveys were conducted once a year, dur-
ing late austral summers (February–April) from 1991 to 
2016. These surveys were conducted for New Zealand’s 
National Rivers Water Quality Network (NRWQN, Smith 
and McBride 1990), which is operated and maintained by 
the National Institute of Water and Atmospheric Research 
(NIWA). Samples were collected following a standardized 
protocol (Smith and McBride 1990) and under baseflow 
conditions (Q < Qmedian). Seven Surber samples (0.1 m2 and 
250 μm mesh net) were collected on all sampling occasions 
during which macroinvertebrates were removed from a 0.1 
m2 area in the sampler down to a depth of ca 10 cm and 
from as many substrate types as possible. Individuals were 
later identified in the laboratory, to the lowest practicable 
taxonomic level (species = 26%; genus = 47%, family = 21%; 
Quinn and Hickey 1990). The same taxonomic resolution 
was maintained throughout the entire period to allow analy-
ses of long-term changes (Scarsbrook et al. 2000).

We described each macroinvertebrate taxon (n = 113) 
using sixteen functional traits related to morphology, life-
history, dispersal strategies and resource acquisition methods 
extracted from the New Zealand freshwater macroinverte-
brate trait database (NIWA, <https://niwa.co.nz/sites/niwa.
co.nz/files/nz_trait_database_v19_2_18.xlsx>). This trait 
database has been explicitly developed for New Zealand’s 
standardised freshwater macroinvertebrate sampling proto-
cols (Dolédec et al. 2006, Doledec et al. 2011). Functional 
traits were divided into 59 modalities and fuzzy-coded from 
0 to 3 (Chevenet et al. 1994).

Environmental predictors

We defined a set of environmental predictors at four different 
spatial scales, commonly identified as prominent scales oper-
ating in river networks (Poff 1997, Allan 2004): the global, 
regional, catchment and reach scales.

Global-scale predictors were defined as temporal changes 
in air temperature and precipitation (Brown et al. 2013). At 
each site, we extracted daily values for the period 1991–2016, 
from 5 km2 gridded layers of New Zealand, using NIWA’s 
Virtual Climate Station Network (VCSN; <https://data.
niwa.co.nz/>). We used the slopes of linear regressions 
between climate variables and years as estimates of rates 
of change (OLS; the lm function in R ver. 4.0.2; <www.r-
project.org>). The following variables were used: annual and 
seasonal (for the winter, spring and summer seasons) mean 
precipitation, precipitation seasonality (i.e. the coefficient of 
variation × 100; Fick and Hijmans 2017), mean air tempera-
ture and air temperature seasonality (i.e. the standard devia-
tion of the mean). We applied a principal component analysis 
(PCA; the dudi.pca function in the Ade4 package ver. 1.7-15 
Dray and Siberchicot 2020) individually to our sets of trends 
in air temperature and precipitation variables. Based on the 
correlations among each trend in climate variable and the axes 
of the PCAs, we created synthetic indices of climate change 
using the first two axes of each climate PCA. In the PCA of 

trends in air temperature variables, the first axis (35.9% of 
variation explained) described a gradient of increasing mean 
air temperature (TMean) and the second (33.0%) described 
changes in air temperature seasonality (TSeas). For precipi-
tation variables, the first axis (28.2%) described changes in 
precipitation seasonality (Prec CV) and the second (22.7%) 
described changes in mean precipitation (Prec).

Regional-scale predictors were 1) altitude (metres above 
sea level) of the sampling site, 2) phosphorus, 3) calcium 
concentrations and 4) mean hardness (induration) of surface 
rocks of the upstream catchment (respectively the variables 
USPhosphorus, USCalcium and USHardness extracted from 
Leathwick et al. 2010). The latter three variables are descrip-
tors of catchment geology, hence likely reflect regional bio-
geochemical characteristics.

For catchment-scale predictors, we used descriptors of 
changes in catchment land-use and catchment hydro-mor-
phology. For land-use, we used changes (1990–2012) in 4 
land-cover types (defined as the proportion of catchment 
occupied by combinations of 1) high producing grassland, 
2) shrub/grassland, 3) plantation forest and 4) non-plan-
tation forest (Landcare Research 2015, Julian et al. 2017). 
These data were available for the year 1990 and 2012, we 
used the difference in land-cover between these two dates as 
estimates of temporal change, following Julian et al. (2017). 
Similarly, we also used changes (1990–2012) in catchment 
stock unity density (SUD) of dairy, beef, sheep and deer (SU 
ha−1; Statistics NZ (territorial authority), Julian et al. 2017). 
Changes in land-cover and changes in stock unity density 
were synthesised using the first two axes of two PCAs, which 
we interpreted as synthetic predictors of changes in land-cover 
(LC PC1, 61.4% and LC PC2, 23.9%; Supporting informa-
tion) and changes in stock unity density (SUD PC1, 44.3% 
and SUD PC2, 35.2%; Supporting information), respec-
tively. Catchment hydro-morphology was given by the area 
of the upstream catchment (m2; USCatchArea) and the aver-
age slope of the upstream catchment (degrees; USAvgSlope) 
from each river segment (Leathwick et al. 2010).

For reach-scale descriptors, we used: 1) the slope (degrees) 
of the stream segment at each sampling site (SegSlope; 
Leathwick et al. 2010), 2) the predicted wetted river width 
(m) at the 7-day mean annual low flow (WidthMALF; 
Booker 2015), 3) the estimated proportion of riparian shad-
ing at each river segment (SegRipShade; measured from satel-
lite imagery by Leathwick et al. 2010), 4) temporal changes 
in water quality, 5) temporal changes in flow and 6) temporal 
changes in substrate size. Temporal changes in water-quality, 
flow and substrate size were all estimated as slopes of variables 
(described below) and years. For temporal changes in water-
quality, we compiled data from 1991 to 2016 of median 
annual values (mg m−3) of nitrate (NO3-N), ammoniacal-
nitrogen (NH4-N), dissolved reactive phosphorus (DRP) 
and dissolved oxygen (DO) concentrations and water clarity 
(metres; CLAR). These data originate from samples collected 
monthly, at the same sites as those sampled for macroinver-
tebrate communities (Davies-Colley et al. 2011). We log10-
transformed water-quality variables and calculated temporal 
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changes for each variable at each site. We ordinated temporal 
changes in water-quality using PCA and retained the first 
axis (33.3%) as a synthetic indicator of temporal changes in 
water quality (WQ). For changes in flow, we compiled mean 
daily flow data from hydrological gauges located at each site, 
which we divided by upstream catchment area to obtain a 
measure of run-off per day (Vaughan and Gotelli 2019). We 
then calculated mean annual and seasonal (for winter, spring 
and summer) flow and flow coefficient of variation, as was 
done for precipitation. We ordinated temporal changes using 
PCA and kept the first two axes (Flow PC1, 54.1% and Flow 
PC2, 20.6%; Supporting information) as indicators of tem-
poral changes in flow. Finally, for changes in substrate size 
we used temporal changes in the substrate size index (SSI; 
Jowett et al. 1991). Substrate composition was measured by 
randomly selecting 100 particles at 1-m intervals along a path 
of 45 degrees to the riverbank in a zig–zag manner. Particles 
were assigned to each of 8 size classes: bedrock, boulders (> 
300 mm), large cobles (300–128 mm), small cobles (128–64 
mm), large gravel (32–64 mm), small gravel (2–32 mm), 
sand (62.52 μm–2 mm) and silt (< 62.52 μm). We measured 
the substrate size index (SSI) for each sampling occasion fol-
lowing Jowett et al. (1991) (1 = silt only, 8 = bedrock only). 
Temporal changes in SSI were then measured for each site. 
Detailed description of the variables and statistical outputs 
in regards to the environmental descriptors used for analy-
ses are given in Mouton et al. (2020) and in the Supporting 
information.

Statistical analyses

Temporal β diversity indices

We used the temporal β diversity index from Legendre 
(2019) (TBI; the TBI function in the adespatial package ver. 
0.3-8) to measure temporal changes in the taxonomic and 
functional composition of each of the 64 communities. This 
index has been specifically developed 1) to calculate differ-
ences in assemblage composition (dissimilarity) between two 
time periods from pairwise distances, and 2) to decompose 
these temporal differences into indices of local colonisa-
tions and extirpations. Macroinvertebrate abundances were 
log(x + 1)-transformed and pairwise distances in community 
composition were calculated using the percentage difference 
index of dissimilarity (%diff; Odum 1950, also known as the 
Bray–Curtis index). To estimate temporal changes in func-
tional composition (i.e. the composition of species functional 
traits within each community), the species-by-site matrix was 
replaced by a trait-by-site matrix using the community-level 
abundance weighted means of functional trait values (CWM; 
Lavorel et al. 2008; using the dbFD function in the FD pack-
age ver. 1.0-12; Laliberté et al. 2014).

We used the first year of sampling (1991) as a baseline for 
each time-series, and then successively compared it to each of 
the following years (1992, onwards (Magurran and Henderson 
2010, Dornelas et al. 2014, Antão et al. 2020)). This compu-
tation therefore yielded a value of dissimilarity, colonisations 
and extirpations for each year (except the baseline year) and 

site. For each site, we regressed values of each index (taxo-
nomic and functional dissimilarity, extirpations and coloni-
sations, respectively) against years and interpreted the slopes 
from the regression models (multiplied by ten) as a measure 
of trends per decade. This method allows to examine whether 
changes in composition of each assemblage (relative to the 
baseline year) consistently increase (positive slope) or decrease 
(negative slope) over time (Antão et al. 2020).

To test our first expectations (E1a and E1b), we tested for 
relationships between trends in temporal β diversity, includ-
ing colonisations and extirpations with latitude using linear-
mixed effects models (the lme function in the nlme package 
ver. 3.1-152 (Pinheiro et al. 2017)) setting island (North 
Island versus South Island) as random effect.

Drivers of temporal β diversity

We performed hierarchical generalised additive mixed effects 
models (GAMMs; the gamm function in the mgcv pack-
age ver. 1.8-33 (Wood and Wood 2015)) to relate temporal 
changes in each of the six indices of trends in temporal β 
diversity to our set of environmental descriptors. Predictor 
variables were Box–Cox transformed prior to analyses (Box 
and Cox 1964; the BoxCoxTrans function in the caret pack-
age ver. 6.0-84 (Kuhn et al. 2020)), and standardised to zero 
mean, one unit variance (using the decostand function in the 
vegan package ver. 2.5-6 (Oksanen et al. 2014)).

GAMMs were fitted with catchments nested within 
islands as random effects to account for spatial structure 
in data (Dormann et al. 2007). We used regression splines 
to account for potential non-linear relationships, restricted 
maximum likelihood (REML) to optimize the parameter 
estimates and assumed Gaussian-type distribution errors.

Each response variable was first modelled against global-
scale descriptors. We kept only the global-scale descriptor(s) 
that maximised the coefficient of determination (adjusted-
R2) as the best model following Van Looy et al. (2017) and 
Floury et al. (2018). The same step was then repeated in a 
descending way, using successively regional, catchment and 
reach-scale descriptors as predictor variables and the residuals 
from the previous model as response variable. At each step, 
we quantified the percentage of relative importance of each 
variable in the model following methods described in Kuhn 
(2008) (the varImp function in caret). We tested for resid-
ual spatial autocorrelation in the residuals of the reach-scale 
model using Moran’s index of spatial autocorrelation (the 
Moran.I function in the ape package ver. 5.5 (Paradis et al. 
2019)). Residual spatial autocorrelation was not observed (p 
> 0.05 for every model).

Population trends and species range shifts

To test our second expectation (H2), we assessed tempo-
ral trends in the abundance, range size and the latitudinal 
distribution of 83 taxa that were recorded for at least 10 
years (not necessarily consecutive; following Dornelas et al. 
2019). For population trends (hereafter referred to as tem-
poral trends in the abundance of each taxa), we did not 
include the time when a taxon was absent in the time series, 
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because this would tend to flatten the slope towards zero. 
Macroinvertebrate abundances were log(x + 1) transformed 
and then standardised, so that each time-series had a mean 
of 0 and a standard deviation of 1. This transformation 
put all time-series into common units that are more appro-
priate for comparisons of taxa with disparate population 
sizes. We estimated population trends by fitting a linear 
regression model of abundances for each taxon individu-
ally, against years.

Second, we measured the range size of each taxon as the 
convex hull area encompassing the sites where the taxon was 
present each year. We regressed range sizes against years using 
ordinary least squares models. Finally, we assessed latitudinal 
distribution shifts of each taxon, by regressing the centroid of 
its range against years. We used the slope of each linear regres-
sion model as an estimate of changes in population and range 
size and of latitudinal range shifts, for each taxon.

Relationships with taxonomy and functional traits

To test our third expectations (H3a and H3b), we started by 
relating changes in community composition to the taxo-
nomic classification of our taxa (H3a). For this purpose, we 
compiled a taxonomic classification of the studied taxa (using 
phylum, subphylum, class, subclass, family, subfamily, order, 
genus and species names), from the National Center for 
Biotechnology Information (using the taxonomy function in 
the myTAI package Drost et al. 2018). From this classifica-
tion, we created a taxonomic tree by calculating taxonomic 
distances between taxa (using Gower’s distance and the taxa-
2dist function in vegan). We used hierarchal clustering (the 
hclust function in R) to produce a tree from the taxonomic 
dissimilarity matrix. We checked for potential relationships 
between taxonomic distance and Euclidean dissimilarity in 
population size and/or species range shifts using a Mantel 
test (Mantel 1967) with 9999 permutations (the mantel.rtest 
function in Ade4).

To relate changes in community composition to func-
tional traits of macroinvertebrates (H3b), we tested for rela-
tionships among population trends, changes in range size 
and latitudinal range shifts with the axes of a functional trait 
space (Loiseau et al. 2020). For this purpose, we built a func-
tional trait space of the macroinvertebrate taxa by ordinat-
ing the species-by-trait matrix in a multidimensional space, 
using fuzzy correspondence analysis (the dudi.fca function 
in Ade4). We ensured that equal weights were given to each 
of the trait categories (e.g. for the trait ‘maximum potential 
size’ which contained 5 categories, each category was given 
a weighting of 1/5). We retained the first three axes of the 
functional space as synthetic traits of macroinvertebrates 
(cumulative percentage of variation explained = 31.8%). 
We used non-parametric Spearman’s rank correlation tests 
to relate changes in population and/or range size and lat-
itudinal range shifts, respectively, to each axis of the trait 
space and mapped significant relationships on trait space to 
provide a better visual assessment of potential relationships. 
Statistical analyses were all performed under the R environ-
ment (<www.r-project.org>).

Results

Spatial patterns of changes in temporal β diversity

Trends in taxonomic and functional temporal β diversity 
increased on average across New Zealand over the 26-year 
time-series (taxonomic dissimilarity: mean rate = 0.03, mini-
mum = −0.08, maximum = 0.17; functional dissimilarity: 
mean = 0.02, min = −0.07, max = 0.14; Fig. 1). This increas-
ing trend was driven by increasing taxonomic and functional 
colonisations and functional extirpations (taxonomic colo-
nisations: mean = 0.04, min = −0.01, max = 0.2, functional 
colonisations: mean = 0.01, min = −0.03, max = 0.06, func-
tional extirpations mean = 0.01, min = −0.04, max = 0.08) 
but decreasing taxonomic extirpations (mean = −0.01, 
min = −0.15, max = 0.14, Fig. 1).

Trends in taxonomic temporal dissimilarity and coloni-
sation decreased with latitude, while those of extirpations 
increased (Table 1, Fig. 1). However, trends in functional 
temporal β diversity, colonisations and extirpations showed 
no or weak relationships with latitude (Table 1, Fig. 1).

Drivers of observed changes

Hierarchical GAMMs had good (R2 = 0.34–0.44) and fair 
(R2 = 0.19–0.24) fits for trends in taxonomic and functional 
indices, respectively (Table 2). Changes in taxonomic dis-
similarity were mostly influenced by reach and catchment-
scale descriptors (Table 2). However, trends in the five other 
indices were mostly influenced by global scale predictors 
(Table 2), followed by reach-scale predictors for taxonomic 
colonisations and catchment-scale predictors for all other 
indices (Table 2; Supporting information).

Changes in taxonomic dissimilarity were mostly influ-
enced by changes in flow regimes (PC1: % of relative influ-
ence = 24.10), changes in stock unit density (PC2; 16.4%), 
upstream catchment area (9.2%) and changes in flow PC2 
(10.8%; Fig. 2 TDis). Changes in taxonomic colonisations 
were mostly influenced by changes in flow (PC2; 22.2%), 
changes in water quality (15.1%), upstream catchment 
hardness (13.7%) and changes in precipitation seasonality 
(12.8%; Fig. 2 TCol). Changes in taxonomic extirpations were 
mostly influenced by changes in land-cover (PC2; 18.5%), 
changes in stock unit density (PC2; 16.1%), segment slope 
(12.8%) and changes in precipitation seasonality (10.7%; 
Fig. 2 TExt).

By contrast, changes in functional dissimilarity (Fig. 2 FDis) 
were mostly influenced by changes in precipitation (22.4, 27.9 
and 21.5%, respectively), followed by changes in flow (PC1; 
19.6%), changes in land-cover (PC1; 17.4%) and changes in 
stock unit density (15.8%). Changes in functional colonisa-
tions (Fig. 2 FCol) were mostly influenced by changes in changes 
in land-cover (PC1 and PC2; 17.7% and 12.9%) and changes 
in flow (PC1; 12.3%). Changes in functional extirpations 
(Fig. 2 FExt; Supporting information) were mostly influenced 
by changes in land-cover (PC1; 20.5%), changes in stock unit 
density (PC1; 15.9%) and changes in flow (PC1; 13.3%).
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Population trends and species range shifts

Population sizes increased on average over the time series 
(mean slope = 0.002 ± 0.009), and this trend was driven 
by 16% of the taxa which exhibited significant population 
trends. Significantly increasing populations (12%; mean 
slope = 0.011, maximum = 0.022, minimum = 0.003) 

exceeded significantly decreasing populations (4%, mean 
slope = −0.015, min = −0.012, max = −0.018). Range sizes 
also increased on average over the 25-year time series (mean 
slope = 7536 ± 32 952 km2 decade−1), but only 14% of taxa 
exhibited significant trends. Range expansions (11%; mean 
slope = 27 270, min = 10 380, max = 63 330 km2 decade−1) 
exceeded range contractions (3%; mean slope = 14 640, 

Figure 1. Maps of New Zealand illustrating rates of changes per decade (Trend decade−1) in taxonomic and functional temporal β diversity 
indices of macroinvertebrate assemblages: dissimilarity (TDis and FDis respectively), colonisations (Tcol and Fcol) and extirpations (TExt and 
FExt). Temporal β diversity was measured by comparing the first year of sampling (1991) to each of the following years (1992–2016). Trends 
per decade are the slopes of linear regression models used to regress each temporal β diversity index against year. Point sizes are proportional 
to the absolute rate of change per decade. Red dots indicate decreasing trends, whereas blue dots indicate increasing trends. Density curves 
at the bottom right corner of each map illustrate the density distribution of each index. The x axis of each density curve corresponds to the 
limits of the legend.
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min = 11 570, max = 17 700). Species shifted south on 
average by 56 km per decade (mean = 56.31, min = 1.05, 
max = 242.98 km decade−1), with 22% of taxa having 
significant poleward range shifts (mean slope = 108.14, 
min = 27.37, max = 242.98 km decade−1).

Relationship with taxonomy and functional traits

Dissimilarity in population trends was significantly, albeit 
weakly, related to taxonomic distance (Mantel test: r = 0.17; 
p = 0.03, Supporting information; Fig. 3d). However, there 
was no relationship between taxonomic distance and dissimi-
larity in changes in range size, nor with dissimilarity in lati-
tudinal range shifts (Mantel’s r = 0.06; p = 0.27 and Mantel’s 
r = 0.01; p = 0.40, respectively; Fig. 3e–f ).

Population trends were positively correlated with the 
first axis of the functional trait space (r = 0.28, p < 0.01; 
Supporting information). This axis was positively correlated 
with species with several reproductive cycles per year (two or 
more) and long-life duration of adults (> 30 days; Supporting 
information). Changes in range size were not significantly 
related to functional trait space axes (p > 0.05). However, 
latitudinal range shifts were negatively correlated (r = 0.30, 
p < 0.01) with the third axis of the functional space, albeit 
with a large amount of scatter (Supporting information; this 
included large size taxa (maximum potential size > 40 mm), 
with a high number of descendants per reproductive cycle 
(> 1000), terrestrial oviposition sites and aerial respiration of 
aquatic stages; Supporting information).

Changes in functional composition were evident on the 
ordinations (Fig. 4a and b): for changes in population size 
(Fig. 4a), most winners and losers occupied exclusive areas of 

trait space, signifying a temporal turnover of species popula-
tions and their traits over the 26-year time-series. However, 
taxa with the greatest latitudinal range shifts were mostly 
positioned in the centre of the functional space (Fig. 4b) indi-
cating that these were rather generalists than specialist taxa 
(Mouillot et al. 2013).

Discussion

We observed climate and land-use driven changes in tem-
poral β diversity of taxa and functional traits across New 
Zealand rivers over a 25-year period relative to the first year 
of sampling. Trends in taxonomic colonisations increased 
with latitude while those of extirpations showed opposite 
patterns. Functional colonisations and extirpations showed 
weak or non-existent relationships with latitude (accepting 
our expectation E1a but rejecting E1b). Discrepancies among 
spatial patterns of taxonomic and functional diversity in river 
macroinvertebrate communities have also been reported else-
where (Crabot et al. 2020, Sarremejane et al. 2020). This 
may suggest that communities are characterized by different 
degrees of functional redundancy across the landscape, allow-
ing maintenance of functional diversity despite species losses, 
which may have important implications for ecosystem func-
tions and services (McLean et al. 2019, Crabot et al. 2020).

Hierarchical models indicated a role of climate and land-
use change in driving taxonomic and functional temporal 
β diversity. Increasing mean temperature, temperature vari-
ability and precipitation seasonality, tended to increase tem-
poral turnover (sensu Anderson et al. 2011) in taxonomic 
composition. Many of the species that exhibited negative 

Table 1. Coefficients of determination (R2), intercept (standard error), F-value (F) and p-value (p) of latitude in each generalised linear mixed 
effect model relating temporal β diversity indices to latitude with island as random effect. Values are the estimated mean values of the ran-
dom intercept and slope.

Temporal β diversity index R2 Intercept (SE) Slope (SE) F p

Taxonomic
 Dissimilarity 0.06 0.112 (0.044) 0.111 (0.044) 3.72 0.06
 Colonisations 0.41 −0.238 (0.064) −0.238 (0.064) 13.8 < 0.001
 Extirpations 0.47 0.249 (0.034) 0.249 (0.034) 54.14 < 0.001
Functional
 Dissimilarity 0.02 0.058 (0.046) 0.058 (0.046) 1.59 0.21
 Colonisations 0.06 0.088 (0.045) 0.088 (0.045) 3.7 0.06
 Extirpations < 0.01 0.028 (0.047) 0.028 (0.047) 0.36 0.55

Table 2. Coefficients of determination of each generalised additive mixed effect model for trends in each taxonomic and functional temporal 
β diversity index, spatial scale and the total of the four spatial scales.

Temporal β diversity index Global Regional Catchment Reach Total 

Taxonomic
 Dissimilarity 0.02 0.00 0.18 0.31 0.44
 Colonisations 0.22 0.05 0.00 0.12 0.34
 Extirpations 0.21 0.00 0.21 0.08 0.42
Functional
 Dissimilarity 0.10 0.00 0.09 0.04 0.21
 Colonisations 0.14 0.00 0.10 0.02 0.24
 Extirpations 0.09 0.00 0.09 0.02 0.19
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trends were those that specialise in cold-water pristine con-
ditions, including the stonefly Stenoperla prasina and the 
mayfly Amelotopsis perscitus. One of the key mechanisms of 
climate change-related temporal turnover in stream com-
munities globally has been a replacement of cold-dwellers 
with warm-dwellers, including in streams of northwestern 
Europe (Haase et al. 2019) and New South Wales, Australia 
(Chessman 2009, Haase et al. 2019). By contrast, trends 
in functional temporal β diversity responded to changes in 
mean precipitation only (Supporting information). Changes 
in patterns of precipitation has been shown as a key structur-
ing mechanism for freshwater temporal β diversity in many 
locations (Tonkin et al. 2017, Cañedo-Argüelles et al. 2020).

Moreover, land-use change (increasing intensively man-
aged land and/or stock unit density of dairy and beef ) was 
a predominant driver of temporal β diversity in our analyses. 
Increasing human land-use tended to increase taxa colonisa-
tions in these river systems (Supporting information). Human 
land-use intensification has been found to hasten biodiversity 
change in streams worldwide (Allan et al. 1997, Petsch et al. 
2021), and more particularly in New Zealand, which has 
experienced one of the highest rates of agricultural land inten-
sification over recent decades (OECD/FAO 2015). Several 
studies have demonstrated that land use changes have pro-
foundly impacted New Zealand’s stream communities for sev-
eral taxonomic groups (Clapcott et al. 2012, Foote et al. 2015, 

Figure 2. Relative influence of the environmental variables selected in each generalised additive mixed-effects model to explain rates of changes 
in taxonomic and functional temporal β diversity of macroinvertebrate assemblages. Bars are coloured by their respective spatial scale (as is 
indicated by the legend). TDis: taxonomic temporal β diversity; FDis functional temporal β diversity; TCol: taxonomic colonisations; FCol: func-
tional colonisations; TExt: taxonomic extirpations; FExt: functional extirpations. Acronyms: Prec: changes in precipitation; Prec CV: changes in 
precipitation coefficient of variation; TMean: changes in mean air temperature; TSeas: changes in temperature seasonality; USPhosphorus: 
phosphorus concentration of upstream surface rocks; USCalcium: calcium concentration of upstream surface rocks; USHardness: mean hard-
ness of upstream surface rocks; Altitude: altitude of the sampled site; USAvgSlope: upstream average slope; USCatchArea: upstream catchment 
area; LC PC1: changes in land-cover (PC 1); LC PC2: changes in land-cover (PC2); SUD 1: changes in stock unit densities of sheep, dear, dairy 
and beef (PC1); SUD 2: changes in stock unit densities of sheep, dear, dairy and beef (PC2); Flow PC1: changes in flow regimes (PC1); Flow 
PC2: changes in flow regimes (PC2); SegSlope: average river segment slope; SegRipShade: estimated river segment riparian shading; WQ: 
changes in water-quality; WidthMALF: river width at mean annual low flow; SSI: changes in substrate size.
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Joy et al. 2019). Such effects of human land-use could ren-
der freshwater ecosystems more susceptible to climate change 
(Verberk et al. 2016, Tickner et al. 2020), and our results indi-
cate that their effects are currently operating in unison.

At the reach scale, changes in flow regimes were found to 
be the most important drivers of changes in taxonomic and 
functional β diversity. Riverine ecosystems are governed by 
patterns of temporal variation in flow regimes (Tonkin et al. 
2018a). As climate and land-use change modifies the natu-
ral flow regime in many river systems, components of flow 
regimes are expected to shift, even under the most conserva-
tive climate change scenarios (Rood et al. 2008, Ficklin et al. 
2018). The results of our hierarchal models indicate how 
influential flow driven habitat changes are to the organization 
of river macroinvertebrate communities. Nevertheless, while 
flow change was important for almost all facets of beta diver-
sity, it had only a small role as a driver of taxonomic extinc-
tions, where land-use change was the predominant driver. 
This may reflect the relative flexibility of most New Zealand 
invertebrates to unpredictable flow regimes, given its oceanic 
climate (Winterbourn et al. 1981, Tonkin et al. 2018a).

Contrary to our second expectation (E2) our results identi-
fied greater amounts of increases in population and range size 
(i.e. winners) than decreases (i.e. losers) across the entire spe-
cies pool. This suggests that the overall taxonomic homogeni-
sation of these river macroinvertebrate communities recently 
observed (Mouton et al. 2020) is characterised by a greater 
amount of increase in population size and range size of win-
ners than widespread declines of losers. Nonetheless, we 
found increasing rates of taxonomic extirpations at sites 
located at the north-eastern boundary of the North Island 
of New Zealand. Conversely, the greatest rates of taxonomic 
colonisations were located at the southern boundaries of each 
island. More importantly, almost a quarter of the taxa exam-
ined here also tracked the shifting isotherms by shifting their 
ranges towards the south pole. Given the geographic isola-
tion of New Zealand and the observed latitudinal patterns 
of species distribution shifts here, the biodiversity of New 
Zealand’s rivers could experience a ‘cul-de-sac’ effect, if it is 
to be exposed to more intense climate change (Sauer et al. 
2011, Albouy et al. 2012). This trend may further be exacer-
bated for species dispersing exclusively along river networks 

Figure 3. Population trends, species range shifts and relationships with taxonomy. Changes in population size (a), range size (b) and latitudinal 
range shifts (c) for each taxon. The name of the five most and/or least changing taxa are given on each plot. Relationships between taxonomy 
and changes in population size (d), range size (e) and latitudinal range shifts (f ). The numbers around the taxonomic trees delineate major 
taxonomic orders: 1: Other, 2: Diptera, 3: Plecoptera, 4: Coleoptera, 5: Hemiptera, 6: Trichoptera, 7: Megaloptera, 8: Ephemeroptera.
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(Hylander and Ehrlén 2013, Bush and Hoskins 2017, 
Tonkin et al. 2018b).

We found that population trends were taxonomically 
structured, however no relationship was found with species 
range shifts (thus, partly accepting E3a). We also found that 
changes in population size and latitudinal range shifts of 
taxa were associated with distinct functional traits, confirm-
ing our expectation of a relationship between the functional 
characteristics of species and their vulnerability to climate 
and land-use change (E3b). Several mayflies (Ephemeroptera) 
and caddisflies (Trichoptera) exhibited decreasing abun-
dances over the 26-year period, many species from these 
orders are widely considered as pollution-sensitive (Stark 
1985, Usseglio-Polatera and Bournaud 1989). By con-
trast, we observed a rise in crustaceans (Crustacea), snails 
(Gastropoda) and scavenger beetles (Coleoptera), these 
groups being mainly composed of eurythermal taxa, typi-
cal from slow-flowing waters, and tolerant to a wide range 
of water quality conditions, including low oxygen but high 
nutrient concentrations (Stark 1995). Increasing popula-
tion sizes and latitudinal range shifts were strongly related 
to high numbers of reproductive cycles per year (two or 
more) and descendants per reproductive cycle, respectively. 
Such r-selected strategies have been found to correlate with 
other increasing population sizes and/or species range shifts 
in freshwater and marine organisms’ facing climate change. 
For example, McLean et al. (2018b) found that rapid warm-
ing drove marine pelagic fishes with r-selected life history 
traits to shift abruptly poleward. Similarly, Comte et al. 
(2014) found that species with high propagule pressure 
(i.e. r-strategists) and greater mobility, displayed the great-
est range shifts in stream fishes facing climate change. Here, 
increasing population sizes and latitudinal range shifts were 

also related to traits like long-life duration of adults and large 
body sizes, which are more typical of K-strategists’ species. 
This result is in agreement with previous studies highlighting 
that such strategies can be promoted under climate change 
(del Cacho et al. 2012), especially in running waters experi-
encing climate-driven flow reduction (Floury et al. 2017).

Conclusion

We found that rates of changes in macroinvertebrate taxo-
nomic composition in New Zealand’s River systems over a 
25-year period are latitudinally structured but not changes in 
their trait composition. We observed increasing rates of taxo-
nomic extirpations at the rear edge of mainland New Zealand 
but increasing taxonomic colonisations at the leading edges. 
Further, we found that most taxa tended to increase in 
population and range size rather than decrease. Changes in 
community composition correlated with recent climate and 
land-use change. Macroinvertebrate functional traits related 
to life-history and morphology explained changes in popu-
lation size and species latitudinal range shifts. Our findings 
highlight the critical need to move beyond observation of 
emergent state-level variables to understanding the mecha-
nisms underpinning taxonomic and functional reorganisa-
tion of biodiversity under ongoing environmental changes 
(Tonkin et al. 2019).
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Figure 4. Differences in functional space occupancy between the species that experienced (a) population trends, and (b) latitudinal range 
shifts. Points size is proportional to the degree of change presented on each plot. Colour gradients also represent the degree of change pre-
sented on each plot. The black line delimits the convex hull (light grey polygon) occupied by the species pool within each bi-dimensional 
trait space.
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Abstract. Many cetacean species are at risk from anthropogenic disturbances including climate change, pol-

lution, and habitat degradation. Identifying cetacean hotspots for conservation management is therefore

required. Aotearoa–New Zealand waters are used by 53% of the world’s cetacean species and are a global

cetacean diversity hotspot. Using geographic predictions of cetacean taxa, we aimed to identify important

areas within New Zealand waters using two methods: estimates of cetacean richness and a spatial prioritiza-

tion analysis. For both methods, we investigated how varying levels of uncertainty in predictions of the taxa’

occurrence layers would affect our interpretation of cetacean hotspots. Despite some marked spatial differ-

ences in distribution of important areas for cetacean diversity, both methods, across all uncertainty scenarios,

highlighted six distinct deep offshore regions as important habitat. Generally, inshore areas had lower richness
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INTRODUCTION

Marine mammals play key roles in the world’s
ecosystems and are important to people through
economic and social benefits from related tour-
ism, culture, and recreation (Schipper et al. 2008,
Hammerschlag et al. 2019). Despite their impor-
tance, there remains a paucity of information for
a number of marine mammal taxa due to their
elusive behavior and offshore habitat use. How-
ever, it is well established that many populations
are at risk from anthropogenic disturbances
through habitat degradation, including climate
change, pollution, underwater noise, and fish-
eries competition, and direct hunting (Schipper
et al. 2008, Albouy et al. 2017, Ramı́rez et al.
2017, Clapham and Baker 2018, Reeves 2018,
Hammerschlag et al. 2019, Albouy et al. 2020).
Broad global-scale estimates of cetacean distribu-
tion and richness have been developed (Kasch-
ner et al. 2006, 2011) providing crucial
information for assessing potential large-scale
effects of anthropogenic impacts on different
populations and taxa (e.g., Pershing and Sta-
mieszkin 2020). For example, Albouy et al. (2017)
identified global multifaceted biodiversity hot-
spots (based on functional diversity, phyloge-
netic diversity, and species richness) for marine
mammals and their potential spatial overlap
with human threats. More recently, Albouy et al.
(2020) used a trait-based approach to assess the
vulnerability of all marine mammals to global
warming. The latter work demonstrated that
potential extinctions of marine mammals that
were most at risk from global warming could
induce a disproportionate loss of functional
diversity in marine ecosystems. There are well-
documented shifts in the spatiotemporal distri-
bution of cetaceans (e.g., Friday et al. 2013, Ramp
et al. 2015, Meyer-Gutbrod and Greene 2018),
pinnipeds (Szpak et al. 2018, e.g., Hückstädt
et al. 2020), and polar bears (Ursus maritimus;
e.g., Laidre et al. 2020) due to climate change-
induced ecosystem shifts. In addition, several
other studies have documented the impact of
localized anthropogenic activities on marine
mammals, such as underwater noise, pollution,
ship strikes, and over-harvesting of prey species
(Davidson et al. 2012, Jepson et al. 2016, Azzel-
lino et al. 2017, Scales et al. 2017, Abrahms et al.
2019).

Global-scale conservation practices are widely
acknowledged as having positive effects on bio-
diversity (Hoffmann et al. 2010, Costello 2019,
Purvis et al. 2019); however, regional (national)
conservation efforts may be equally important,
given current challenges for transboundary con-
servation efforts (Mason et al. 2020) and for
highly mobile species (Woinarski et al. 1992).
Conservation efforts in New Zealand may be
particularly important because it is recognized as
a globally important cetacean diversity hotspot
(Myers et al. 2000, Davidson et al. 2012, Albouy
et al. 2017). In total, 53% (n = 47) of the world’s
known cetacean species, subspecies, and/or eco-
types including resident, migrant, or vagrant
taxa have been identified in the New Zealand
Exclusive Economic Zone (EEZ; Baker et al.
2019). Seven of these, including the endemic Hec-
tor’s (Cephalorhynchus hectori hectori) and Māui
dolphins (C. h. maui), are listed as Endangered or
Critically Endangered under the IUCN threat
classification system (IUCN 2001), and 28 are
considered Data Deficient, hence are unable to be
classified (IUCN 2015). All cetacean species in
New Zealand’s marine environment are pro-
tected under national law by the New Zealand
Marine Mammals Protection Act (1978). Recent
species distribution models (SDMs) developed
by Stephenson et al. (2020b) produced a compre-
hensive understanding of cetacean distribution
in New Zealand for 30 species, subspecies, and
species complexes. Such work can inform the
management of potential threats to cetaceans
such as fishing, shipping, mineral extraction, and
other threats that are heterogenous in space
(Baker et al. 2019). However, questions remain as
how to best use this information for management
given differing levels of uncertainty and the
implications of ignoring species that are either
rare or for which little information exists. To
date, we are not aware of any studies that have
attempted to identify hotspots of cetacean diver-
sity within the New Zealand EEZ. This lack of
information is a major limitation with respect to
the effective conservation of New Zealand’s bio-
diversity, including highly migratory species
crossing jurisdictional waters, facing intensifying
anthropogenic threats.
The most commonly used approach to identify

areas of conservation priority is the biodiversity
hotspot approach. This approach was originally
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used by Myers (1988) to identify areas facing
exceptional degrees of threat and supporting
exceptional concentrations of species with high
levels of endemism (Myers et al. 2000). A com-
monly used approach to identify biodiversity
hotspots is to estimate species richness. How-
ever, distribution of species richness may be
biased toward areas where species with large
overlapping ranges occur; that is, those species
with restricted non-overlapping ranges will not
contribute greatly toward the summed species
richness (Veach et al. 2017). Furthermore, areas
with high richness may represent marginal habi-
tats for several species but may not represent
ideal habitats (i.e., those habitats likely to sup-
port healthy populations) for any of these taxa.

Spatial prioritization analyses that account for
range size bias can also be used for identifying
biodiversity hotspots (e.g., Hillman et al. 2020).
Both richness estimates and spatial prioritization
analyses require knowledge of the geographical
distributions of target species. SDMs offer a rec-
ognized correlative method of predicting species’
probability of occurrence (Guisan and Thuiller
2005, Elith et al. 2006). Information on the pres-
ence of species, such as from incidental sightings,
is used as an input response variable to model a
species’ ecological niche based on the assumption
that the distribution of known encounters reflects
the species’ environmental preferences. The per-
formance of SDMs is, however, highly dependent
on sample size and sampling extent (Stockwell
and Peterson 2002, Wisz et al. 2008, Bean et al.
2012). Hence, rare species may be highly chal-
lenging to incorporate into SDM analyses (Gran-
ger et al. 2015, Ferrer-Sánchez and Rodrı́guez-
Estrella 2016), possibly introducing bias in the
designation of areas of high importance for the
conservation of biodiversity and ecosystem func-
tions (Mouillot et al. 2013, Ferrer-Sánchez and
Rodrı́guez-Estrella 2016). In addition to a lack of
distributional data for rare taxa, the uncertainty
in distribution data and/or accounting for data
availability is rarely considered for conservation
planning (Moilanen et al. 2006b, Rowden et al.
2019). Given that many of the cetacean species
occurring in New Zealand are data deficient or
inhabit poorly surveyed offshore waters with
very few observation records, it is important to
not only consider these species but also consider
the uncertainty surrounding their distributions.

Furthermore, understanding the effects of using
several, differing, measures of uncertainty for
spatial management is crucial for impact assess-
ment of marine activities and conservation
efforts (Beale and Lennon 2012), as well as for
highlighting potential data gaps.
Here, we seek to identify cetacean diversity

hotspots in a globally important location for ceta-
ceans, the New Zealand EEZ. Despite some criti-
cisms (Marchese 2015, Veach et al. 2017), models
of species richness and the concept of diversity
hotspots are widely used to develop cost-
effective strategies for biodiversity conservation
(Myers et al. 2000, Norman 2003, Orme et al.
2005). Using mean long-term geographic predic-
tions of species’ occurrences (at a 1-km grid reso-
lution, annual scale) from Stephenson et al.
(2020a), we aim to identify important areas
within the New Zealand EEZ for cetacean taxa
using two methods: estimates of cetacean rich-
ness and a spatial prioritization analysis. For
both methods, we investigate how varying levels
of uncertainty in spatial predictions of occur-
rence influence the interpretation of cetacean hot-
spots and their efficacy for informing national
and global conservation efforts.

METHODS

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 to 172° W; Fig. 1). New
Zealand’s two long and narrow main islands
span a wide latitudinal range, resulting in a
diverse array of environmental conditions within
the waters of the EEZ (Bradford-Grieve et al.
2006, Stephenson et al. 2018).

Distribution models of cetacean taxa
At-sea cetacean sighting records of 30 cetacean

species, subspecies, and species complexes
(herein referred to as cetacean taxa), collected
over the period 1980–2017, were collated from
multiple databases (Stephenson et al. 2020a).
Depending on the number of records available
for each taxa, different analyses were undertaken
to estimate distributions (Table 1). For those taxa
with fewer than 50 recorded sightings, relative
environmental suitability (RES) models (Kasch-
ner et al. 2006) were used to predict probability
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Fig. 1. Map of the study region (New Zealand Exclusive Economic Zone [EEZ], black dashed line), bathyme-

try, and feature names used throughout the text; figure modified from Stephenson et al. (2020a).
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of occurrence (Table 1). Briefly, RES models pre-
dict the geographical ranges of taxa using basic
descriptive, widely available data (i.e., the rela-
tionships between taxa and three environmental
variables: sea surface temperature, water depth,
and distance to shore) that are available for most
taxa, including those for which few (or no)
recorded locations are available (Kaschner et al.
2006). Although RES is a conceptually simple
modeling approach, it is a well-established
method that has been successfully applied to pre-
dict global distributions of cetaceans and other
marine taxa (Kesner-Reyes et al. 2016). Stephen-
son et al. (2020a) concluded that estimated proba-
bility distributions using RES were consistent

with the limited sighting records available for 15
rarely sighted taxa, providing some evidence
that the environmental niche of an individual
taxa was at least encompassed within the RES
prediction. RES predictions are currently the best
available information for rare taxa; however,
given the low levels of information, these predic-
tions should be used cautiously (Stephenson
et al. 2020a).
For taxa with more than 50 recorded sightings

(bold typeface in Table 1), boosted regression
tree (BRT) models (Elith et al. 2006) were fitted
using 14 gridded environmental variables (1-km
grid resolution, annual scale), bootstrapped 100
times, to predict probability of occurrence and a

Table 1. Number of cetacean sighting records per species, subspecies, or species complexes included in Stephen-

son et al. (2020a).

Taxa common names Species/subspecies No. of sighting records
AUC calculated from

evaluation data

Common dolphin Delphinus delphis 4411 0.90 � 0.01

Māui dolphin Cephalorhynchus hectori maui 1051 0.99 � 0.00

Hector’s dolphin C. h. hectori 3688 0.99 � 0.00

Dusky dolphin Lagenorhynchus obscurus 823 0.95 � 0.01

Pilot whale (2 spp.) Globicephala melas 680 0.91 � 0.02

G. macrorhynchus

Humpback whale Megaptera novaeangliae 629 0.85 � 0.02

Bryde’s whale Balaenoptera edeni brydei 593 0.93 � 0.01

Killer whale Orcinus orca 569 0.79 � 0.02

Bottlenose dolphin Tursiops truncatus 498 0.81 � 0.02

Sperm whale Physeter macrocephalus 497 0.92 � 0.01

Southern right whale Eubalaena australis 477 0.94 � 0.01

Blue whale (2 recognized sub spp.) Balaenoptera musculus musculus 355 0.95 � 0.02

B. m. brevicauda

Sei whale Balaenoptera borealis 70 0.81

Fin whale Balaenoptera physalus 61 0.79

Minke whale Balaenoptera acutorostrata 57 0.81

Arnoux’s beaked whale Berardius arnuxii 31 na

False killer whale Pseudorca crassidens 28 na

Southern right whale dolphin Lissodelphis peronii 27 na

Gray’s beaked whale Mesoplodon grayi 9 na

Cuvier’s beaked whale Ziphius cavirostris 7 na

Risso’s dolphin Grampus griseus 5 na

Shepherd’s beaked whale Tasmacetus shepherdi 5 na

Southern bottlenose whale Hyperoodon planifrons 4 na

Andrew’s beaked whale Mesoplodon bowdoini 2 na

Hourglass dolphin Lagenorhynchus cruciger 2 na

Pygmy sperm whale Kogia breviceps 2 na

Blainville’s beaked whale Mesoplodon densirostris 1 na

Dwarf minke whale Balaenoptera acutorostrata 1 na

Notes: Taxon names in boldface indicate taxa for which boosted regression tree probability of occurrence models was fitted;
roman text indicates taxa for which relative environmental suitability models were run. AUC values were calculated using eval-
uation data and for those models that were bootstrapped are shown as the mean � SD.
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spatially explicit measure of uncertainty (mea-
sured as the standard deviation of the mean
[SD]; Stephenson et al. 2020b). BRT models used
to predict cetacean taxon occurrence performed
well (model goodness of fit: AUC > 0.75;
Table 1). Distributions of individual taxon occur-
rence aligned with information on known distri-
butions of some taxa and were visually
congruent with recorded sighting data (used to
train the models) and evaluation data. A separate
independent statistical validation of models for a
subset of taxa (bottlenose [Tursiops truncates],
common [Delphinus delphis], Hector’s and dusky
dolphins [Lagenorhynchus obscurus], and Bryde’s
[Balaenoptera edeni brydei] and killer whales [Orci-
nus orca]) provided further evidence that these
model predictions were robust. See Stephenson
et al. (2020a) for further details on methodology,
description of environmental predictors, model
parametrization, and results.

Spatially explicit measures of uncertainty
Two measures of spatially explicit uncer-

tainty were produced by Stephenson et al.
(2020a): an estimate of the coverage of the envi-
ronmental space by all cetacean sighting
records (herein referred to as environmental
coverage; Appendix S1: Fig. S1A), and esti-
mates of the uncertainty of the distributions for
those taxa with sufficient data (herein referred
to as taxa uncertainty, example shown in
Appendix S1: Fig. S1B). All maps of taxa distri-
butions and associated estimates of spatially
explicit uncertainty are available in Stephenson
et al. (2020a).

When model predictions are projected into
areas for which no occurrence data exist, it is
important to understand the similarity between
the new environments and those used in training
the model (Elith et al. 2010). The environmental
coverage (Smith et al. 2013, Stephenson et al.
2020a) provides an indication of which parts of
this environmental space contain many sighting
records (across all taxa) and are presumed to
have more certain predictions of taxa distribu-
tions. Similarly, parts of the environmental space
containing few sighting records are identified
with the assumption that the relationship
between the environment and the sighting
records is poorly understood and predictions are
less certain (Smith et al. 2013). Methods and the

mapped coverage of the environmental space are
provided in Appendix S1.
Associated uncertainty estimates of taxon dis-

tributions were provided as standard deviation
(SD) of the mean predicted probability of occur-
rence (estimated through bootstrapping of the
BRTmodels, described in section Cetacean system-
atic conservation planning). An important consid-
eration for these uncertainty layers is that the
BRT model predictions are not well extrapolated
into unsampled environmental space (i.e., the
predicted values shown will simply be those of
the closest environmental space). In addition, the
confidence estimates may remain low in poorly
sampled areas because the bootstrapping
requires variability between samples to produce
estimates of error.

Cetacean richness hotspots
Two methods were used to identify important

areas for multiple cetacean taxa: (1) distribution
of cetacean richness; and (2) spatial prioritization
analyses. For both methods, we investigated
how varying levels of uncertainty in the spatial
layers affect interpretation of cetacean hotspots
(Fig. 2). Here, we present results of three uncer-
tainty scenarios for both the cetacean richness
and spatial prioritization analyses: (1) no inclu-
sion of uncertainty estimates (herein referred to
as the “baseline” scenario); inclusion of moder-
ately weighted uncertainty estimates (herein
referred to as “moderate-uncertainty” scenarios);
and the inclusion of highly weighted uncertainty
estimates (herein referred to as “high-uncertainty”
scenarios; Fig. 2).

Cetacean richness
Cetacean richness for the baseline scenario

(without inclusion of uncertainty) was estimated
by summing the occurrence probability predic-
tions from individual modeled taxon distribu-
tions (Fig. 2; Ferrier and Guisan 2006, Calabrese
et al. 2014, Stephenson et al. 2020b).
Cetacean richness for moderate- and high-

uncertainty scenarios was produced by down-
weighting the individual taxon occurrence layers
prior to summing (Fig. 2). Down-weighting for
taxon occurrence layers predicted using BRTs
was done by multiplying individual taxon distri-
bution layers by their associated cross-validation
AUC scores (Table 1). Uncertainty discounting
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was then applied to these layers using methods
described in Moilanen et al. (2006a), where info-
gap theory is applied to achieve conservation tar-
gets given the most adverse choice of probabili-
ties (in other words, when all probabilities are at
their lower bounds). For all taxon layers, this was
implemented following Eq. 1 (described in
Moilanen et al. 2006a):

Pij ¼P∗ij�αWij (1)

where α is the degree of uncertainty, and Wij is
any error measure (here, the SD of each cell from
the spatially explicit uncertainty maps) related to
the accuracy of P*ij (the mean probability of
occurrence for cetacean taxa j in cell I; Moilanen
and Wintle 2006). A range of α values were
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Fig. 2. Infographic depicting key steps in the preparation of spatial data layers and their use for estimating

cetacean richness and spatial prioritization analyses with varying levels of incorporation of uncertainty (baseline,

moderate-uncertainty, and high-uncertainty scenarios).
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trialed: 0.1, 0.2, 0.3, 0.4, and 0.5. Results using a
moderate (α = 0.2)- and a high-uncertainty
weighting (α = 0.5) were subsequently used in
the moderate-uncertainty and high-uncertainty
scenarios, respectively.

Since model evaluation metrics and spatially
explicit estimates of uncertainty are not available
when using RES models, RES layers were subjec-
tively down-weighted using a 0.25 multiplier.
This value was arbitrary but reflects expert eval-
uation of the relative value of RES values com-
pared with BRT models.

Finally, the environmental coverage was used
to down-weight both RES- and BRT-derived
taxon distribution layers. The environmental
coverage layer was rescaled so that values ran-
ged from 0.5 to 1 and 0.25 to 1 for the moderate-
uncertainty and high-uncertainty, scenarios,
respectively. The rescaled environmental cover-
age layer was multiplied with the taxon distribu-
tion layers, resulting in areas with high
environmental coverage retaining their predicted
occurrence values, whereas less certain areas
with lower environmental coverage were down-
weighted. The rescaling of environmental cover-
age ensured that many offshore areas were
retained yet reflect that these areas are poorly
understood (but still provide some useful infor-
mation). The adjusted RES- and BRT-derived
taxon distribution layers were summed to pro-
duce a single conservative estimate of richness
for the study area (Fig. 2).

Spatial diversity prioritization
A spatial diversity prioritization analysis,

using the software Zonation (Moilanen et al.
2009), was undertaken to identify a representa-
tive set of areas with the highest conservation
value for cetacean taxa in New Zealand (incorpo-
rating the importance of range-restricted species
that do not contribute greatly to summed esti-
mates of richness). Zonation initially assumes
that the entire area of interest (study area) is pro-
tected, sequentially removing in a stepwise fash-
ion those cells making the lowest contribution to
the representation of a full range of biodiversity
features, in this case, cetacean distribution layers
(Moilanen et al. 2014). For all analyses presented
here, the additive benefit function (ABF) algo-
rithm was used for prioritization (Moilanen
2007). This method generally gives greater value

to areas with overlapping distributions of species
(Moilanen 2007, Virtanen et al. 2018).
Spatial prioritization analysis for the baseline

scenario (without inclusion of uncertainty) was
undertaken with all layers equally weighted and
no estimates of uncertainty (Fig. 2). Default set-
tings were used for other parametrization
options (e.g., edge removal, no aggregation algo-
rithm, no cost layers, and no administrative unit
analysis).
Spatial prioritization analysis for moderate-

and high-uncertainty scenarios was produced by
down-weighting the individual taxon occurrence
layers based on confidence in model predictions,
the individual taxon uncertainty layer (if avail-
able), and the environmental coverage prior to
analysis (Fig. 2). As for richness estimates for
moderate- and high-uncertainty scenarios, BRT
taxon distribution layers were down-weighted
according to their cross-validation AUC scores
and their respective spatially explicit uncertainty
layer with a weighting of α = 0.2 and α = 0.5.
RES taxon occurrence layers were down-
weighted (layer weighting: 0.25). Finally, the
rescaled environmental coverage (ranging from
0.5 to 1.0 and 0.25 to 1.0 for the moderate-
uncertainty and high-uncertainty scenarios,
respectively) was again used to down-weight all
taxon distribution layers using the condition
function in Zonation (which implements the
same down-weighting as that described for the
richness estimates). Default settings were used
for other parametrization options.
Zonation outputs included a single map of bio-

diversity prioritization, with areas identified
from the highest to lowest priority in terms of
conservation value (Moilanen et al. 2011). In this
study, outputs were presented as maps that iden-
tified the top 5%, 10%, 20%, and 30% priority
areas for cetacean diversity. Other Zonation out-
puts included the proportion of each taxon’s (as-
sumed) range protected across the range of
prioritization (i.e., 0–100% of total area selected
collated into tables). At each priority conserva-
tion level (top 5%, 10%, etc.), the ranges of indi-
vidual taxa contained within these areas can be
examined providing information on whether
taxa are adequately represented. Prioritizations
can then be judged according to whether a
greater proportion of the taxon’s range is pro-
tected than the proportion of the priority area
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(e.g., if taxon X has ≥5% of its range protected
within the top 5% priority areas, this would be
considered an adequate solution for taxon X). It
should be noted that the proportion of each tax-
on’s range will tend to decrease (reduced in spa-
tial extent) with increasing uncertainty because
the taxon’s occurrence values have been down-
weighted to the point of removal for some cells
resulting in a smaller total (assumed) range.
Comparison between uncertainty scenarios was
nevertheless considered because erroneous areas
(most likely those areas with higher uncertainty)
would not be included.

RESULTS

Cetacean richness
Cetacean richness estimates for the baseline

scenario ranged from 1 to 8 inshore (<50 km
from the coast) and 9 to 18 for offshore areas
(Fig. 3A). Unsurprisingly, the highest richness
estimates were lower (maximum: 18, Fig. 3A)
than the 30 taxa modeled since not all taxon dis-
tributions overlapped. The highest estimates
were observed in deep offshore waters (>50 km
from the coast) along the southern part of the
Lau-Colville and Kermadec Ridges (see Fig. 1 for
place names, Fig. 3A, iii), Macquarie Ridge and
along the western edge of the Campbell Plateau
(Fig. 3, ii), and the northern and western edges
of the Bounty Trough and the north and south of
the Chatham Rise (Fig. 3A, iv). Much of the high
richness offshore areas had lower confidence (as
measured by the coverage of the environmental
space—crisscross black lines in Fig. 3A). Closer
to shore (<50 km), cetacean richness was gener-
ally predicted to be lower (predominately
between 3 and 4), although the Fiordland coast,
North Cape, South Taranaki Bight, Kaik�oura
Coast, Cook Strait, and eastern Bay of Plenty all
had regions of moderate cetacean richness (rich-
ness 5–8; Fig. 3A).

There were clear differences in predicted ceta-
cean richness with the inclusion of uncertainty
compared with the baseline scenario, although
broad patterns in richness hotpots were similar
(moderate- and high-uncertainty scenarios; Fig. 3
B, C, respectively). Maximum predicted richness
was 9 in the high-uncertainty scenario (Fig. 3C)
compared with 11 in the moderate-uncertainty
scenario (Fig. 3B) and 18 in the baseline scenario

(Fig. 3A). With increasing weighting of uncer-
tainty, vast areas offshore displayed lower rich-
ness (Fig. 3B, C). However, there was greater
contrast between areas with low and high esti-
mated richness in these maps that incorporated
uncertainty; that is, many hotspots of cetacean
richness remained the same but were more easily
observed (e.g., compare Fig. 3A, B, C, iii, ii, iv).
The higher weighting of uncertainty further
highlighted areas closer to shore as important
regions, which had only moderate-richness val-
ues in the baseline scenario, including North
Cape (Fig. 3B, C, i), Kermadec Islands (Fig. 3B,
C, ii), East Cape, South Taranaki Bight (Fig. 3B,
C), and the west coasts of South Island and
North Island (Fig. 3B, C, i). Some offshore areas
with low environmental coverage (crisscross
black lines in Fig. 3) still displayed relatively
high richness estimates for both moderate- and
high-uncertainty scenarios (~8–10 and 6–8,
respectively), including the Aotea Basin, along
the Norfolk Ridge, Challenger Plateau, and
Campbell Plateau (Fig. 3B, C).

Cetacean systematic conservation planning
Spatial prioritization.—The top 30% of priority

areas for cetacean diversity for the baseline sce-
nario were broadly distributed across the study
area (Fig. 4A). The highest priority areas identi-
fied for cetacean diversity (i.e., top 5% of areas,
dark red; and top 10%, light red in Fig. 4A)
were located in both inshore and offshore
areas. Inshore areas included most parts of the
South Island (see Fig. 1 for place names, Fig. 4
A, iv) and the North Island (North Taranaki
Bight and Hauraki Gulf; Fig. 4A, i). Similar to
richness hotspots identified in the baseline sce-
nario, offshore priority areas included the Lau-
Colville and Kermadec Ridges (Fig. 4A, iii), the
areas on the Puysegur Trench (Fig. 4A, ii), and
Bounty Trough extending onto the Campbell
Plateau and the south Chatham Rise (Fig. 4A,
iv). Areas with the next highest priority (top
20% of areas—orange in Fig. 4A) were predom-
inately located along the Aotea Basin (Fig. 4A,
i), along the western edge of the Campbell Pla-
teau in the waters west of North East Island
(Fig. 4A, ii), and the northern parts of the Lau-
Colville Ridge, Kermadec Ridge, and Kermadec
Trench (Fig. 4A, iii), and the Bounty Trough
(Fig. 4A, iv).
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Fig. 3. Cetacean richness estimates in New Zealand derived from the addition of probability occurrences of
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There were clear differences in the location of
high-priority areas with the inclusion of uncer-
tainty (Fig. 4B, C) compared with the baseline
scenario (Fig. 4A). The high-priority areas very
close to shore (<10 km) in most parts of the
North and South Islands (i.e., top 5% of areas,
dark red in Fig. 4) were present across all sce-
narios. With increasing weighting of uncertainty,
these areas extended further from shore (Fig. 4B,
C). Some high-priority sites further offshore
(>50 km) were identified in all scenarios, for
example, parts of the Kermadec Ridge (Fig. 4A,
B, C, iii), parts of the Puysegur Trench (Fig. 4A,
B, C, ii), and the Bounty Trough and south Cha-
tham Rise (Fig. 4A, B, C, iv). However, there
was a large shift from high priority further off-
shore in areas with low environmental coverage
in the baseline scenario (Fig. 4) to high-priority
offshore sites. These shifts were within areas
classified as having adequate environmental
coverage (Fig. 4B), and these shifts increased for
the high-uncertainty scenario (Fig. 4C). Areas
identified as high-priority areas in the moderate-
and high-uncertainty scenarios included large
parts of the North Cape (Fig. 4B, C, i), East
Cape, South Taranaki Bight, Cook Strait (Fig. 4B,
C), Kaik�oura coast, and the western and eastern
slopes of the Chatham Rise (Fig. 4B, C, iv). In
both moderate- and high-uncertainty scenarios,
some top priority areas were still selected in
areas with low environmental coverage despite
the increasing incorporation of uncertainty (e.g.,
parts of the Three Kings Ridge, Fig. 4B, C, i;
Lau-Colville Ridge, Fig. 4B, C, iii) although
these had reduced priority values compared to
other areas with greater certainty in model pre-
dictions.

Taxon range.—For each priority level of the
baseline scenario, at least some of each taxon dis-
tribution was represented; that is, the taxa with
the lowest percentage distribution included in

the top 5% of the baseline prioritization were
Blainville’s beaked whale and pygmy sperm
whale with 3.6% of their distribution included in
these areas (Table 2). Seventeen cetacean taxa
were adequately represented in the top 5% of the
area in the baseline scenario, that is, those taxa
with >5% of their distribution included in the
top 5% of prioritized area (boldface italic num-
bers in Table 2). However, 13 of these taxa were
those with low number of observations modeled
using RES (considered less robust than the BRT
models used for taxa with >50 sightings at sea).
The number of adequately represented taxa
increased with decreasing priority; that is, in the
top 20% of baseline priority areas for cetacean
diversity, 22 taxa out of 30 included in the analy-
sis were adequately represented (boldface italic
numbers in Table 2). However, 7 of the 15 taxa
modeled with BRTs were not adequately repre-
sented at any priority level within the top 30% of
areas selected in the baseline scenario prioritiza-
tion analysis (bottlenose dolphin, Bryde’s whale,
common dolphin, dusky dolphin, humpback
whale, killer whale, and southern right whale;
Table 2).
For each priority level of the moderate- and

high-uncertainty scenarios, at least some of each
taxon distribution was represented; for example,
the taxon with the lowest percentage distribution
included in the top 5% of the prioritization in
both scenarios was the southern bottlenose
whale with 2.7% of its distribution included in
the top 5% of priority areas (Table 2). With
increasing weighting of uncertainty, there was a
shift from taxa with efficient solutions being pre-
dicted using RES models (i.e., offshore taxa, with
fewer recorded sightings) to those taxa whose
distributions were predicted using BRT models
(Table 2). For example, in the high-uncertainty
scenario, in the top 5% of priority areas, out of
the 16 taxa that were adequately represented, 15

individual taxon distributions for (A) baseline scenario (modified from Stephenson et al. 2020a); (B) moderate-

uncertainty scenario; and (C) high-uncertainty scenario. Crisscross black lines indicate areas of low predicted

environmental coverage depicting the lower confidence that can be placed in the predicted probability occur-

rence. Inset maps: (i) northern North Island including the North Cape and Hauraki Gulf; (ii) south of the South

Island including Snares Island, Stewart Island, and parts of 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

and north of the South Island including the western Chatham Rise. Note the different scales for each inset map.

(Fig. 3. Continued)
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Fig. 4. Spatial diversity prioritization in New Zealand’s EEZ (using the additive benefit function in Zonation
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of these were taxa modeled using the more
robust BRT models (taxa with >50 sightings at
sea). The number of taxa whose proportion (%)
exceeded the prioritization percentage increased

markedly with decreasing priority and with
increasing weighting of uncertainty. For the
high-uncertainty scenario, the top 30% of priority
areas were deemed an efficient solution for all

Table 2. Proportion (%) of cetacean taxon distribution within priority areas (top 5%, 10%, 20%, and 30% priority

areas) for each scenario: baseline (B); moderate uncertainty (MU); and high uncertainty (HU).

Taxa

Top 5% of area Top 10% of area Top 20% of area Top 30% of area

B MU HU B MU HU B MU HU B MU HU

Mean across all taxa 8.8 8.7 11.2 14.6 14.3 18.1 26.0 25.2 29.3 37.0 35.9 39.8

Bottlenose dolphin 4.1 5.7 10.7 8.4 10.7 17.1 17.5 21.1 26.6 27.3 31.3 35.9

Blue whale 4.1 3.7 7.9 10.0 10.0 14.5 22.6 23.0 25.5 33.2 35.7 37.4

Bryde’s whale 4.8 12.0 20.5 9.3 17.4 28.1 18.5 27.5 37.9 27.9 36.8 46.4

Common dolphin 4.8 14.6 27.4 9.4 21.5 39.0 18.3 32.1 49.7 26.9 41.9 57.7

Dusky dolphin 4.5 8.3 13.7 8.8 14.0 24.0 16.7 21.8 37.8 25.5 29.2 46.1

Humpback whale 5.0 6.3 11.5 9.5 11.5 18.7 19.0 21.9 29.1 28.9 31.8 38.2

Hector’s dolphin 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Killer whale 4.6 6.3 11.3 8.9 11.2 18.4 17.8 20.5 29.2 27.3 29.9 38.4

Māui dolphin 14.8 20.7 31.1 18.8 24.9 35.4 26.8 33.5 41.9 35.4 41.7 48.9

Pilot whales 4.5 4.6 7.4 10.0 9.6 14.5 20.2 19.2 26.4 30.5 29.0 36.6

Southern right whale 5.9 7.3 11.9 9.9 11.8 19.9 18.1 19.2 31.2 27.5 26.5 40.0

Sperm whale 4.9 4.4 6.9 10.6 9.9 13.3 21.8 20.8 24.5 32.9 31.6 35.2

Sei whale 4.5 3.4 8.6 10.1 8.2 15.1 20.2 18.9 25.3 30.4 29.7 35.3

Fin whale 4.5 4.9 10.5 10.2 10.3 18.0 20.4 21.1 28.7 30.7 31.9 38.9

Minke whale 4.7 5.1 10.5 10.0 10.3 18.0 20.1 20.7 29.4 30.2 31.0 39.4

Andrew’s beaked whale 6.2 4.1 4.8 13.6 10.6 11.3 28.1 23.5 24.9 41.0 36.4 37.8

Arnoux’s beaked whale 5.7 3.8 4.5 12.5 9.7 10.5 26.2 21.6 23.2 39.1 33.5 35.3

Blainville’s beaked whale 3.6 3.3 4.4 10.3 11.0 10.2 27.6 27.2 24.7 40.4 43.0 40.1

Cuvier’s beaked whale 6.0 4.0 4.7 13.2 10.6 11.1 27.4 24.1 24.3 40.3 37.2 37.0

Dwarf minke whale 5.5 3.8 4.7 12.2 9.8 10.9 25.4 22.1 23.3 38.2 34.2 35.2

False killer whale 6.6 3.2 3.3 14.4 9.8 8.5 29.9 24.0 20.0 43.1 38.0 33.2

Gray’s beaked whale 5.7 3.8 4.5 12.5 9.7 10.5 26.2 21.6 23.2 39.1 33.5 35.3

Hourglass dolphin 8.0 3.3 3.0 14.8 6.8 7.8 23.1 14.1 15.7 35.8 21.5 23.0

Pygmy sperm whale 3.6 3.3 4.4 10.3 11.0 10.2 27.6 27.2 24.7 40.4 43.0 40.1

Risso’s dolphin 6.7 4.8 5.7 14.8 12.4 13.2 30.4 26.8 28.2 44.5 40.5 41.9

Southern bottlenose whale 5.4 2.7 2.7 12.0 7.9 7.1 25.1 19.2 17.3 37.2 30.9 30.0

Shepherd’s beaked whale 6.2 3.0 3.1 13.8 9.0 8.1 28.7 21.6 20.1 42.1 34.3 31.8

Striped dolphin 6.0 4.0 4.7 13.2 10.6 11.1 27.4 24.1 24.3 40.3 37.2 37.0

Spectacled porpoise 7.9 4.2 4.4 14.7 8.2 10.6 22.9 15.5 20.2 35.8 22.8 27.7

Southern right whale dolphin 5.7 3.8 4.5 12.5 9.7 10.5 26.2 21.6 23.2 39.1 33.5 35.3

Notes: Adequate solutions for cetacean species are shown by boldface italic numbers (e.g., if more than 5% of a cetacean
taxa’s range is included in the top 5% of prioritized area, this would be considered an adequate solution). Cetacean taxon names
are boldface for those cetacean taxa whose distributions were predicted using BRTs.

software) for the (A) baseline scenario; (B) moderate-uncertainty scenario; and (C) high-uncertainty scenario.

Areas were identified from the highest to lowest priority in terms of conservation prioritization (top 5%, 10%

20%, and 30% priority areas). Crisscross black lines indicate areas of low predicted environmental coverage

depicting the lower confidence that can be placed in the predicted probability occurrence. Inset maps: (i) north-

ern North Island including the Aotea Basin, North Cape, and Hauraki Gulf; (ii) south of the South Island includ-

ing Snares Island, Stewart Island, and parts of Fiordland Coast; (iii) Kermadec Islands, Lau-Colville Ridge, and

Kermadec Ridge; and (iv) east of the South Island including the Cook Strait, the western Chatham Rise, the

Bounty Trough, and Bounty Plateau. Note the different scales for each inset map.

(Fig. 4. Continued)
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but two taxa (hourglass dolphin, 23.0%; specta-
cled porpoise, 27.7%; Table 2).

DISCUSSION

Uncertainty is part of any decision-making
process, and therefore, a transparent and robust
method for dealing with gaps in information and
data is required (Stelzenmüller et al. 2020).
Knowledge gaps of marine species distributional
data are common, yet spatial conservation man-
agement efforts must proceed while accounting
for inherent uncertainty (Ansong et al. 2017).
Here, we present an approach to estimate ceta-
cean richness and spatial prioritization that
explicitly accounts for varying levels of spatial
uncertainty to provide a comprehensive over-
view of cetacean distribution in New Zealand
waters. The use of uncertainty estimates allows
the integration of distributional information from
differing sources (different modeling methods
with varying number of cetacean records) to be
integrated in a robust and conservative way. This
method is particularly important because it
allows the integration of the limited spatial infor-
mation available for rare taxa (RES models),
which are seldom considered in a quantitative
way for conservation planning.

Cetacean hotspots
Richness estimates and spatial prioritization

methods provided complementary measures to
identify diversity hotspots. Richness estimates
highlight areas with high overlap of taxa distri-
butions, whereas spatial prioritizations account
for representativeness of cetacean taxa, thus
highlighting the most efficient spatial arrange-
ment to include the maximum ranges of all taxa.
Despite some differences, both methods, across
all uncertainty scenarios, highlighted several
deep offshore waters as important for cetaceans.
The congruence between methods and uncer-
tainty scenarios provides evidence that these off-
shore areas are important for cetaceans. The
complex topography in the New Zealand’s EEZ
spans subtropical to subantarctic waters and
enables migratory or wide-ranging species to
move across ocean basins (e.g., Thompson et al.
2016, Riekkola et al. 2018). Some species take
advantage of prey (Torres et al. 2013) or may use
ridges and seamounts or other cues to navigate

(Bouchet et al. 2015). This enables wider genetic
connectivity of species seen in New Zealand
waters, for example, Gray’s beaked whales
(Thompson et al. 2016), sperm whales (Alexan-
der et al. 2016), and humpback whales (Riekkola
et al. 2018) beyond the EEZ, highlighting the
importance of global management approaches to
such wide-ranging animals with few boundaries
to dispersal. There is limited ability to corrobo-
rate the offshore hotspots identified in this study
with independent data sets or anecdotal informa-
tion although historical whaling data could be
used (e.g., as in Torres et al. 2013, Carroll et al.
2014). However, the offshore locations identified
here provide strong guidance for areas of impor-
tance requiring protection from anthropogenic
impacts, or priority areas to undertake dedicated
surveys to confirm species richness and ecosys-
tem interactions.
Inshore areas generally had lower richness

estimates; however, these areas were highlighted
as important in all three uncertainty scenarios
using the spatial prioritization method, and
remain important for conservation for species
with limited ranges, for example, Māui and Hec-
tor’s dolphins and coastal bottlenose dolphins.
With increased weighting of uncertainty, areas of
moderate and high richness inshore (5–9) became
more apparent because these areas were more
certain and therefore retained their richness val-
ues. These areas included the following: Cook
Strait, North Cape, Kermadec Islands, East Cape,
South Taranaki Bight, and the west coast of
South Island and northern parts of the North
Island (Fig. 1). These inshore areas were also
highlighted as important in the spatial prioritiza-
tion analysis for scenarios with moderate- and
high-uncertainty discounting. The high produc-
tivity and cetacean diversity within the waters of
the South Taranaki Bight region (~70–300 m) are
assumed to be due to localized wind-driven
upwelling system that leads to an abundance of
krill (Bradford-Grieve et al. 1993). High densities
of this prey resource make the region an impor-
tant foraging ground for pygmy blue whales
(Torres 2013, Barlow et al. 2020) and possibly
other species of baleen whale such as sei whales
and Bryde’s whales observed in this broader
region. There is some evidence that corroborates
the other inshore locations highlighted as impor-
tant in this study for several species
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(Childerhouse et al. 1995, Lusseau and Slooten
2002, Benoit-Bird et al. 2004, Barlow et al. 2018),
but in most cases, there are no published sum-
maries of species richness. This lack of informa-
tion reflects the species-specific, localized studies
that dominate cetacean research in New Zealand,
which is largely focused on immediate conserva-
tion issues (Baker et al. 2019). Given the lack of
information on cetacean hotspots in New Zeal-
and, understanding the implications of incorpo-
rating uncertainty is particularly relevant.

Incorporating uncertainty
Environmental and ecosystem models provide

a way for conservation practitioners to make
management decisions for threatened species
under significant uncertainty. While frameworks
for formal decision-making have been applied in
conservation contexts (Possingham 1997), uncer-
tainty is rarely considered (Regan et al. 2002).
Failure to acknowledge sources of uncertainty
can lead to poor management decisions (Regan
et al. 2005, Link et al. 2012). While uncertainty
can readily be incorporated into single-species or
single-sector models, for example, by quantifying
the error around estimates, incorporation of
uncertainty into multi-taxa models or for
ecosystem-based management is more difficult.
Here, we develop a methodological approach
that explicitly incorporates two sources of uncer-
tainty for 30 cetacean taxa. The two spatially
explicit measures of uncertainty estimated here
should not be considered in isolation and pro-
vide two complementary measures to be consid-
ered by managers. The environmental coverage
provides an indication of which areas of the tax-
on’s probability of occurrence are likely to have
been extrapolated into unsampled space, that is,
where there is limited information to validate the
predicted relationships (Stephenson et al. 2020b).
Associated uncertainty estimates of species’ dis-
tribution provide an important indication of the
variability in the modeling estimates (Leathwick
et al. 2006). The cetacean distributions and the
associated spatial uncertainty used here were
estimated using occurrence records collected
over the period of 40 yr (Stephenson et al.
2020b). This broad temporal window means that
the spatial predictions presented here should be
interpreted as a temporally smoothed represen-
tation of cetacean hotspots. The uncertainty

associated with any potential temporal changes
in taxon distributions is not quantified here but
may be important to consider in a management
context (Azzellino et al. 2012, 2017).
The goal of uncertainty analysis in the context

of conservation planning is to implement and
evaluate trade-offs between biological quality
and the certainty of that information (Moilanen
et al. 2014). If uncertainty information is avail-
able, there are four broad considerations and out-
comes for conservation (Moilanen and Wintle
2006, Moilanen et al. 2006b, Fig. 5). Areas with
high biological value (e.g., high richness or core
habitat of endangered species) with low uncer-
tainty should be highlighted as most important
(Fig. 5). Conversely, areas with low biological
value and with low uncertainty should be high-
lighted as least important (Fig. 5). Areas with
high biological value and with high uncertainty
should be avoided for conservation—these are
areas that may result in much lower conservation
benefits than expected (Fig. 5). Finally, areas with
low biological value and with high uncertainty
have the potential for being higher value than
initially estimated, although this potential benefit
requires careful consideration (Fig. 5).
The adequate weighting of uncertainty

remains a subjective decision. Here, we provide
two examples to highlight differences and consis-
tencies. For conservation planning, several analy-
sis decisions would need to be made, including

Biological value
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ty

Potential for 

positive surprises

Potential for 

negative 

surprises

Least important Most important

Fig. 5. Four broad outcomes for conservation based

on biological quality and the certainty of that informa-

tion (figure adapted from Moilanen et al. 2006a).
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the appropriate levels of uncertainty to incorpo-
rate, whether all taxa are equally important in
the analysis, and whether levels of uncertainty
for all taxa are equal. Ideally, these somewhat
subjective decisions would be made through a
participatory process to ensure buy-in and accep-
tance of any subsequent policy decisions (Love
2017).

The aim of our moderate- and high-uncertainty
scenarios was to highlight areas with high bio-
logical value and low uncertainty. Despite only
having two uncertainty scenarios, we can draw
conclusions on the importance of our areas for
cetacean diversity. If an area is always high-
lighted as important irrespective of the weight-
ing value of uncertainty, then we can be
confident that the area is important for conser-
vation (Moilanen et al. 2006b). For example, the
offshore areas of the Lau-Colville and Ker-
madec Ridges, Macquarie Ridge, and along the
western edge of the Campbell Plateau, the
northern and western edges of the Bounty
Trough, and the north and south of the Cha-
tham Rise, and the areas surrounding the Cha-
tham Islands were consistently highlighted in
all our scenarios of richness and spatial prioriti-
zation analyses. If an area is highlighted as
important with low weighting of uncertainty
but not with high weighting of uncertainty,
then we can conclude that the area contains
high biological values, but these are uncertain,
for example, many of the offshore areas within
the environmental coverage. These areas can
still be considered as important, but further
investigation is required into the specific levels
of uncertainty, the taxa driving these differ-
ences, and whether these taxa are considered
more important than those in other areas. If the
area is not highlighted as important with low
weighting of uncertainty but is with high
weighting of uncertainty, then we can conclude
that the area may have moderate levels of
importance with high certainty. For example,
inshore areas in the Cook Strait, North Cape,
Kermadec Islands, East Cape, South Taranaki
Bight, and the west coast of South Island and
northern parts of the North Island had moder-
ate levels of richness (5–8) but low uncertainty.
These areas became more clearly highlighted as
important with increasing weighting of uncer-
tainty.

Spatial management of cetaceans
New information on spatial hotspots in cetacean

diversity can provide environmental managers
with opportunities to mitigate a range of threats to
these taxa. While new information on the distribu-
tion of cetacean diversity across the whole EEZ
may be considered the best available information,
it is still important to acknowledge that much of
this habitat, both inshore and offshore, remains
unsampled. Thus, decision-makers should care-
fully consider this uncertainty when considering
management actions, such as the approach pre-
sented here. Helpfully, the uncertainty measures
generated in this study, particularly coverage of
the environmental space, allow for stakeholder-
friendly representation of this uncertainty as part
of a participatory decision-making process (Stel-
zenmüller et al. 2020).
Spatial models that depict probability of spe-

cies presence are useful to establish important
locations for cetacean diversity (Kaschner et al.
2011, Tobeña et al. 2016). However, the species
often have marked variation in abundance as a
function of variable residency patterns, migra-
tory patterns, and local/regional endemism.
Modeling the relative abundance or density of
species would allow the incorporation of such
effects into spatial prioritization—and would
likely improve the effectiveness of any spatial
management (Williams et al. 2014, Johnston
2015). Williams et al. (2014) found high-density
areas of most species was inversely related to
richness—thus, spatial management based on
richness alone would not select areas important
for certain species (Albouy et al. 2017). The deci-
sion whether to favor diversity or density for
individual taxa is a consideration best deliber-
ated during stakeholder participatory processes
in conservation planning. However, data to cal-
culate abundance/density are not currently avail-
able for many cetacean species, including in New
Zealand due to a lack of targeted surveys (but
see some taxa modeled in Stephenson et al.
2020a). Targeted surveys that fill data gaps
should be prioritized with future research.
The hotspots in cetacean diversity identified in

this study can enable spatially explicit manage-
ment of threats to these taxa, some of which
would otherwise be afforded no management
efforts due to knowledge gaps. Rather than dis-
counting taxa with few data points from our effort
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to describe cetacean diversity, we incorporated all
relevant data and accounted for the associated
uncertainty. Hence, our results allow managers to
scale management decisions along spectrums of
diversity and uncertainty simultaneously based on
species’ importance and/or levels of acceptable risk
(e.g., as discussed in Incorporating uncertainty).
Such spatially explicit results can be considered
alongside threats such as fishing effort and ship-
ping traffic to quantify risk, direct research and
monitoring efforts, and ultimately apply effective
management schemes. Cetaceans may be
impacted by different anthropogenic drivers; for
example, climate change is likely to impact many
of New Zealand’s cetacean species (Learmonth
et al. 2006, Simmonds and Isaac 2007). The large
EEZ may provide space for the deep-water ceta-
ceans that make up a substantial part of New Zeal-
and’s cetacean taxa to adapt to changing ocean
conditions (e.g., through foraging plasticity as
observed in the Gulf of St. Lawrence, Canada, by
Ramp et al. 2015). Greater knowledge on hotspots
for deep-diving species may allow the identifica-
tion of climate change refugia so that management
can reduce potential threats in these areas. Shifts
in prey availability associated with oceanographic
phenomena (Scales et al. 2017) or fishing pressures
(Bearzi et al. 2006) may drive variation in distribu-
tion and habitat use over different spatial and tem-
poral scales. In addition, pressure from tourism,
recreational vessels, shipping, and industrial
development can drive cetaceans away from criti-
cal habitat (Allen and Read 2000, Azzellino et al.
2017, Derville et al. 2019). Thus, understanding the
functional relationships between oceanography,
prey, and cetacean behavior that drive predator
distribution patterns (e.g., Guerra et al. 2017, Izadi
et al. 2018, Barlow et al. 2020) will likely improve
the potential for management policies to effec-
tively adapt under a changing climate. For the
non-migratory, nearshore species, understanding
behavioral plasticity and prey preferences is
important when considering the effects of cli-
mate change in addition to other anthropogenic
threats.
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To support ongoing marine spatial planning in New Zealand, a numerical environmental

classification using Gradient Forest models was developed using a broad suite of

biotic and high-resolution environmental predictor variables. Gradient Forest modeling

uses species distribution data to control the selection, weighting and transformation

of environmental predictors to maximise their correlation with species compositional

turnover. A total of 630,997 records (39,766 unique locations) of 1,716 taxa living

on or near the seafloor were used to inform the transformation of 20 gridded

environmental variables to represent spatial patterns of compositional turnover in

four biotic groups and the overall seafloor community. Compositional turnover of the

overall community was classified using a hierarchical procedure to define groups at

different levels of classification detail. The 75-group level classification was assessed

as representing the highest number of groups that captured the majority of the

variation across the New Zealand marine environment. We refer to this classification

as the New Zealand “Seafloor Community Classification” (SCC). Associated uncertainty

estimates of compositional turnover for each of the biotic groups and overall community

were also produced, and an added measure of uncertainty – coverage of the

environmental space – was developed to further highlight geographic areas where

predictions may be less certain owing to low sampling effort. Environmental differences

among the deep-water New Zealand SCC groups were relatively muted, but greater

environmental differences were evident among groups at intermediate depths in line with

Frontiers in Marine Science | www.frontiersin.org 1 January 2022 | Volume 8 | Article 792712



Stephenson et al. New Zealand Seafloor Community Classification

well-defined oceanographic patterns observed in New Zealand’s oceans. Environmental

differences became even more pronounced at shallow depths, where variation in more

localised environmental conditions such as productivity, seafloor topography, seabed

disturbance and tidal currents were important differentiating factors. Environmental

similarities in New Zealand SCC groups were mirrored by their biological compositions.

The New Zealand SCC is a significant advance on previous numerical classifications and

includes a substantially wider range of biological and environmental data than has been

attempted previously. The classification is critically appraised and considerations for use

in spatial management are discussed.

Keywords: species distributions, spatial management, biodiversity, coastal, deep-sea, macroalgae, demersal

fish, benthic invertebrates

INTRODUCTION

Robust identification of priority areas for marine spatial planning
is often hampered by a lack of comprehensive knowledge of
biodiversity patterns (Ferrier et al., 2007; Arponen et al., 2008;
Hortal et al., 2015). Species distribution models (SDMs) are
correlative models that predict the occurrence of species in
relation to environmental variables and can provide estimates of
biodiversity patterns across broad spatial scales where data are
often sparse. SDMs have become an important tool for resource
management and conservation biology (Moilanen et al., 2011).
However, species’ distribution estimates using SDMs are often
only available for more common species, i.e., there are often large
numbers of species that are either poorly described or for which
there are not enough records to generate robust distribution
estimates (Ellingsen et al., 2007; Anderson et al., 2016). As a
consequence, the full complement of biodiversity is typically not
represented in marine spatial planning, despite the important
roles that biodiversity and rare species can play in the stability
and functioning of marine ecosystems (Ellingsen et al., 2007).

In marine spatial planning, there is interest in understanding
how communities as a whole respond to environmental
gradients, and in identifying the environmental variables that best
predict patterns of biodiversity (rather than individual species’
distributions). Multivariate or community-based modelling
methods, which account for multiple species, can be used to
summarize biodiversity patterns by classifying readily available
environmental data into groups that are likely to have similar
biological characteristics (e.g., Gregr and Bodtker, 2007; Dunstan
et al., 2012; Leathwick et al., 2012). One such method, Gradient
Forests (GF; Ellis et al., 2012; Pitcher et al., 2012), uses
species distribution data to control the selection, weighting
and transformation of environmental predictors to maximise
their correlation with species compositional turnover and
establish where along the range of environmental gradients
important compositional changes occur (Ellis et al., 2012).
These transformed environmental layers (representing species
compositional turnover) can then be classified to define spatial
groups that capture variation in species composition and
turnover. A GF-based classification was recently used to describe
spatial patterns of demersal fish species turnover in New Zealand
using an extensive demersal fish dataset (>27,000 research

trawls) and high-resolution environmental data layers (1 km2

grid resolution) (Stephenson et al., 2018b, 2020a). Using a
large set of independent data for evaluation, this 30-group
classification was found to be highly effective at summarising
spatial variation in both the composition of demersal fish
assemblages and species turnover (Stephenson et al., 2018b).

Such classifications have several key features that make them
particularly useful for resource management and marine spatial
planning. Firstly, they can be created at various hierarchical levels
of group-detail [e.g., 30 groups as presented in Stephenson et al.
(2018b), to 500+], a feature that makes them particularly useful
when they need to be applied at differing spatial scales (national
to regional to local scales) (Stephenson et al., 2020a). Secondly,
because the classification is based on GF (tree-based) models of
species turnover across environmental gradients, it can readily
describe non-linear changes in species composition in relation
to the environment, such as decreases in species turnover at
depths >1,500 m (Stephenson et al., 2018b). Together, these two
attributes mean that a single classification can reflect dynamic
inshore environments with a greater number of groups compared
to fewer groups in the relatively less dynamic environments in
deeper offshore areas. Thirdly, because classifications contain
spatial information on inter-group similarities (i.e., estimate
of species compositional turnover), it is possible to locate
and therefore implement appropriate management of areas
that contain relatively unusual environments that are likely to
support unique species assemblages (i.e., groups with low inter-
group similarity). Finally, a GF-based classification condenses
large numbers of individual species distribution layers down
to a relatively small number of groups (e.g., <100 groups
compared to several hundreds of species), which is generally
more comprehensible and useful for managers, stakeholders and
the general public.

One challenge with these classifications is the communication
of a statistically complex product in a way that facilitates their
use by management agencies and others involved in marine
planning (Rowden et al., 2018; Stephenson et al., 2020a). This
challenge can be overcome, at least in part, through the provision
of maps and descriptions of the habitats and biotic assemblages
associated with each classification group. A detailed description
for a 30-group demersal fish classification was produced by
Stephenson et al. (2020a), which aimed to bridge the gap
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between the typical output from numerical classifications and the
readily understandable habitat and fish assemblage descriptions
that result from thematic (non-numerical) classifications. The
descriptions of Stephenson et al. (2020a) included geographic
locations, environmental characteristics, and demersal fish
assemblages in a hierarchy based on the dominant environmental
variables identified in the analysis (e.g., depth, tidal current,
and productivity).

Here, a numerical environmental classification and associated
spatially explicit estimates of uncertainty was developed for
the New Zealand marine environment with the future goal of
supporting ongoing marine spatial planning at regional and
national scales. This classification used a broad suite of biotic
groups [benthic invertebrates, macroalgae, reef fish, as well as
demersal fish data as used in Stephenson et al. (2020a)] and high-
resolution environmental predictor variables. The classification –
termed the New Zealand Seafloor Community Classification
(New Zealand SCC) – extends from the coastal marine area to
the full extent of New Zealand’s Exclusive Economic Zone (EEZ).
Here we describe the development of the New Zealand SCC, and
present key results including classification group descriptions.

MATERIALS AND METHODS

Study Area and Environmental Data
The study area extended over 4.2 million km2 of the South Pacific
Ocean within the New Zealand Territorial Sea (TS) and Exclusive
Economic Zone (EEZ), herein referred to as the New Zealand
marine environment (≈25–57◦S; 162◦E–172◦W; Figure 1).

New Zealand’s marine environment was described using
36 gridded environmental variables (Supplementary Table 1),
collated at two resolutions: a 250 m resolution grid from the
coastline to the edge of the TS (12 NM from shore), and a
1 km resolution grid from the edge of the TS to the edge of the
EEZ (Figure 1). Spatial layers were projected using an Albers
Equal Area projection centred at 175◦E and 40◦S (EPSG:9191).
The 36 environmental variables were thought to influence
the distribution of benthic and demersal taxa, and therefore
distribution of species composition, richness, and turnover (e.g.,
see Leathwick et al., 2006; Compton et al., 2013; Smith et al., 2013;
Anderson et al., 2016; Rowden et al., 2017; Stephenson et al.,
2018b; Georgian et al., 2019). Several environmental variables
showed some co-linearity within records for biotic groups but
all levels of co-linearity were considered acceptable (Pearson
correlation < 0.9) for tree-based machine learning methods
(Elith et al., 2010; Dormann et al., 2013) and more specifically
GF modelling (Ellis et al., 2012).

A subset of twenty environmental variables were selected for
GF modelling for all biotic groups (grey rows, Supplementary

Table 1) through a model-tuning process which aimed to
maximise model fit (see section “Estimating Compositional
Turnover”). These were: bathymetry, benthic sediment
disturbance, bottom nitrate, dissolved oxygen at depth,
bottom phosphate, salinity at depth, bottom silicate, temperature
at depth, broadscale Bathymetric Position Index, fine-scale
Bathymetric Position Index, chlorophyll-a concentration

spatial gradient, detrital absorption, seabed incident irradiance,
downward vertical flux of particulate organic matter at the
seabed, turbidity, annual amplitude of sea floor temperature,
sediment classification, slope, sea surface temperature gradient,
and tidal current speed.

In most cases, conventional modelling approaches seek to fit
themost parsimoniousmodel and the inclusion ofmany variables
generally only provide minimal improvement in predictive
accuracy and complicate interpretation of model outcomes
(Leathwick et al., 2006). However, here, the interpretation
of model outcomes (i.e., the drivers of distribution) was of
secondary interest, the primary focus being on maximising the
predictive accuracy of the model.

Biological Data
Occurrence records of four biotic groups (demersal fish, benthic
invertebrates, macroalgae, and reef fish) were collated from
various sources (Supplementary Table 2). All records were
groomed: records located on land, outside the New Zealand
marine environment and/or duplicated within and between
databases were removed. Taxonomy was standardised across
datasets and years to the most recent nomenclature. Demersal
fish, reef fish and macroalgae were identified to species level,
whereas benthic invertebrates were identified to genera. Further
information on the data treatment and assumptions and
distributions of taxa records are provided for each biotic group
in Supplementary Materials 1.

Records for each of the biotic groups were separately
aggregated to unique locations of different spatial resolutions:
demersal fish and benthic invertebrates were aggregated to
1 km grid resolution, whereas macroalgae and reef fish taxa
(coastal taxa) were aggregated to a 250 m grid resolution.
Taxa with ≥10 unique sample locations were retained for
the analysis (e.g., Stephenson et al., 2018b) because this
ensured that there were sufficient samples to run GF models.
Following quality control and spatial aggregation, a total
of 630,997 records across the four biotic groups occurring
at 39,766 unique locations were retained for final analysis.
Values for environmental variables were derived for each taxa
record location by overlaying them onto the environmental
predictor layers using the “raster” package in R (Hijmans and
van Etten, 2012). For demersal fish and benthic invertebrate
records this procedure was undertaken using 1 km grid
resolution environmental variables (including in areas where
information was available at a 250 m grid resolution in order
to match the spatial scale at which these were sampled),
whereas environmental values for reef fish and macroalgae
records were extracted from the 250 m grid resolution
environmental variables.

Demersal fish, macroalgae, and reef fish were collected using
consistent methods for each of the biotic groups (e.g., demersal
fish were collected by research trawls). In contrast, benthic
invertebrate records were collected using a variety of sampling
methods (208 different gear types). Many of the gear types
used were name variants of commonly used sampling gear
types, but for most records, the specific sampling parameters
(e.g., mesh size, tow length, etc.) were not recorded. In
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FIGURE 1 | Map of the study region. New Zealand Exclusive Economic Zone (EEZ, black dashed line), Territorial Sea (TS, solid black line), water depth and feature

names used throughout the text are displayed.

order to account for both the large number of gear types
recorded and the differences in sampling parameters, gear
types were grouped into “catchability categories.” Catchability
was assumed to be influenced by gear size, deployment area
and selectivity (Supplementary Table 3; Stephenson et al.,
2018a). Sampling gear types were assigned codes for each of
the catchability categories (Supplementary Table 4). Out of
18 possible catchability categories, the available invertebrate
samples occurred in six categories: LLG – Large gear types,
deployed over large areas, which were not selective (e.g., otter
trawls); LMG – Large gear types, deployed over medium-
sized areas, which were not selective (e.g., beam trawls);

MMG – Medium sized gear types, sampling medium sized
areas, which were not selective (e.g., benthic sled); SMG –
Small gear types, sampling medium sized areas, which were
not selective (e.g., Devonport dredge); SMHS – Small gear
types, sampling medium sized areas, which were highly selective
(e.g., collected by hand, bottom longline); SSG – Small gear
types, sampling small areas, which were not selective (e.g., box
corer). Records of LLG and LMG were combined as these
catchability categories represent commercial fishing practices
with similar catches of invertebrates likely to be more demersal
in nature (i.e., some squid species). All records collected from
highly selective gear catchability category (e.g., SMHS) were
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excluded from the analysis, because methods classified within
this category were considered too variable to provide reliable
records of absence (20,010 records were excluded across 412
genera and 2,097 unique locations, including 190 genera unique
to selective methods).

Estimating Compositional Turnover
For the demersal fish, macroalgae, and reef fish biotic
groups, and for the four benthic invertebrate catchability
categories (LLG.LMG, MMG, SMG, and SSG), GF models
were fitted using the “extendedForest” (Liaw and Wiener,
2002) and “gradientForest” (Ellis et al., 2012) R packages.
GF model aggregates results from a collection of Random
Forest (RF) models (Breiman, 2001), each of which describes
the environmental relationships of an individual species.
Information from the individual Random Forest models about
the relative importance of each environmental predictor, and
information on where changes in the presence (or abundance)
of the modelled species occur along their environmental ranges
is aggregated to generate a transformed set of environmental
predictors that represent species turnover (Pitcher et al., 2012).

GF models were fitted with 500 trees and default settings
for the correlation threshold used in the conditional importance
calculation of environmental variables. For each of the 7 GF
models, we extracted information on the predictive power of
the individual RF models (R2f for each taxon measured as
the proportion of out-of-bag variance explained) (Ellis et al.,
2012) and the importance of each environmental variable (R2

assessed by quantifying the degradation in performance when
each environmental variable was randomly permuted1 (Pitcher
et al., 2012). The environmental variables used in each GF
model were selected to maximise the number of taxa effectively
modelled (i.e., taxa with R2f > 0) and increase model fits for the

most poorly modelled taxa (i.e., taxa with low R2f).
Gradient forest aggregates the values of the tree-splits from

the RF models for all taxon models with positive fits (R2f > 0) to
develop empirical distributions that represent taxa compositional
turnover along each environmental gradient (Ellis et al., 2012;
Pitcher et al., 2012). The turnover function is measured in
dimensionless R2 units, where taxa with highly predictive
random forest models (high R2f values) have greater influence
on the turnover functions than those with low predictive
power (lower R2f). The shapes of these monotonic turnover

1Note that R2 described by Ellis et al. (2012) and Pitcher et al. (2012) refers to a
unitless measure of cumulative importance and should not be confused with the
more commonly used R-squared (R2) denoting coefficient of determination.

curves describe the rate of compositional change along each
environmental predictor; steep parts of the curve indicate fast
assemblage turnover, and flatter parts of the curve indicate more
homogenous regions (Ellis et al., 2012; Pitcher et al., 2012;
Compton et al., 2013).

The use of the dimensionless R2 to quantify compositional
turnover enables information frommultiple taxa to be combined,
even if that information comes from different sampling devices,
surveys or regions (Ellis et al., 2012). In the first instance,
the compositional turnover functions from each of the benthic
invertebrate catchability category GF models were combined
using the “combinedGradientForest()” function to provide a
combined benthic invertebrate GF model (hereafter referred
to simply as “benthic invertebrate” GF model). In the second
instance, a final combined GF model was created using the
“combinedGradientForest()” function across all biotic groups
(demersal fish, reef fish, benthic invertebrates, and macroalgae),
which we hereafter refer to as the “community” model. Broadly,
this method of combining GFmodels accounts for the number of
taxa, the number of samples, and the taxa R2f along the gradient
of each environmental variable from individual GF models to
provide a cumulative estimate of compositional turnover [for
further details see, Ellis et al. (2012) and Pitcher et al. (2012)].

The compositional turnover functions from each biotic
group and the community GF models (shapes of the turnover
curves) were used to transform the gridded environmental
layers (both 250 m and 1 km grid resolutions), creating a
“transformed environmental space” representing compositional
turnover. Variation within this transformed environmental space
was summarised using principal components analysis (PCA)
(Pitcher et al., 2011). The colours used in the PCA of each biotic
group/community model were based on the first three axes of
their respective PCA analysis so that similarities/differences in
colour corresponded broadly to pairwise similarities/differences
in the transformed environmental space and thus, by inference,
describe differences in taxa composition (Stephenson et al.,
2018b). Predicted taxa compositional turnover for each biotic
group and community model was plotted geographically using
the colour scheme derived from their respective PCA analyses.

GF models for each biotic group, as well as the community
GF model, were bootstrapped 100 times. That is, 100 community
GF models were fitted (as for the main model described above)
to separate randomly selected subsets of the full input dataset.
For biotic groups with≥5,000 samples (Supplementary Table 2),
a random selection of 5,000 samples was selected from the
full dataset. This number of samples was selected both to
ensure reasonable computational time for the analysis, and

TABLE 1 | Mean (±SD) model fit metrics of individual taxa (R2
f) from bootstrapped gradient forest (GF) models.

Model fit metric Demersal fish (317 taxa) Benthic invertebrates (958 taxa) Macroalgae (349 taxa) Reef fish (92 taxa)

Mean taxa effectively modelled (±SD) 313.76 (±1.57) 955.20 (±3.36) 335.99 (±0.11) 91.99 (±0.11)

Min Taxa R2
f (±SD) 0.36 (±0.04) 0.26 (±0.05) 0.19 (±0.08) 0.25 (±0.04)

Mean Taxa R2
f (±SD) 0.52 (<0.01) 0.48 (<0.01) 0.47 (<0.01) 0.53 (±0.01)

Max Taxa R2
f (±SD) 0.91 (±0.01) 0.84 (±0.05) 0.61 (±0.04) 0.94 (±0.04)

The number of taxa retained in biotic group datasets is provided in brackets in the group headings.
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because previous analysis using demersal fish data indicated
that this number of samples provided stable (consistent)
model outputs (Stephenson et al., 2018b). For biotic groups
with <5,000 samples (Supplementary Table 2), 75% of the
dataset was randomly selected for each bootstrap iteration. The
bootstrapping process was repeated 100 times, and at each
iteration, species compositional turnover functions were used
to transform the gridded environmental layers (both 250 m
and 1 km grid resolutions). Mean (±1 standard deviation of
the mean) estimates of taxa R2f and environmental variable
importance (R2) were calculated for each GF model from the 100
bootstrapped iterations.

Spatial Predictions and Uncertainty
Spatial estimates of compositional turnover from each GF model
(i.e., for each biotic group and community model), were averaged
(mean). A spatially explicit measure of uncertainty [measured as
the standard deviation of the mean (SD) compositional turnover

averaged across each environmental variable] was calculated
for each grid cell using the 100 bootstrapped transformed
environmental layers.

As an added measure of model uncertainty, for each GF
model, we estimated “coverage of the environmental space”
(Smith et al., 2013; Stephenson et al., 2020c). The “environmental
space” is the multidimensional space produced by considering
each of the environmental variables as a dimension. Some parts
of this environmental space will containmany samples –meaning
we can be more confident of the relationships and the predictions
(Smith et al., 2013) – while other parts will contain few samples.
Predictions for the less sampled parts of the environmental
space are considered less reliable, and should be interpreted with
greater caution (Smith et al., 2013). We modelled variation in
sampling density within the environmental space by combining
our samples (assigned as “present”) with an equal number of
randomly sampled values from the environmental space (i.e.,
where we did not have any taxonomic samples – assigned as

FIGURE 2 | Mean predicted community compositional turnover in geographic and principal components analysis (PCA) space derived from combined bootstrapped

Gradient Forest models fitted using samples from all biotic groups. Colours are based on the first three axes of a PCA analysis so that similarities/differences in colour

correspond broadly to similarities/differences in predicted compositional turnover. Compositional turnover in PCA space, with vectors indicating correlations with the

six most important environmental predictors (A); Geographic distributions of community compositional turnover across the New Zealand marine environment

(dashed line) (B); Geographic distribution of community compositional turnover at finer scales, centred on Cook Strait (C). See Figure 1 for feature names.
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“absences”). A Boosted Regression Tree (BRT; Elith et al., 2006)
model was then used to model the relationship between these
“present” (true) samples and “absent” (random) samples for the
20 environmental variables used in the GF analyses. The “Dismo”
package (Hijmans et al., 2017) was used with BRT models fitted
using a Bernoulli error distribution, a learning rate that yielded
2,000 trees and an interaction depth of 2 (so that only pair-wise
combinations of the environmental variables were considered).
Predictions using this model yielded estimates of the probability
of a sample occurring in each part of the environmental space,
these estimates ranging between 0 and 1, where 0 indicated very
low sampling of the environmental space and 1 a very high level
of sampling (Stephenson et al., 2020c).

Defining the Classification
The mean spatial estimate of compositional turnover from the
community GF model (i.e., the bootstrapped GF model which
included samples from all biotic groups) was classified using a
two-stage approach (Leathwick et al., 2011; Stephenson et al.,
2018b) using the R package “cluster” (Maechler et al., 2017).
For the first stage, mean spatial estimates of compositional
turnover were clustered to form 500 initial groups using

non-hierarchical, k-medoids clustering. Average values for the
transformed environmental predictors were then computed for
each of these initial groups. For the second stage, a hierarchical
clustering approach – flexible unweighted pair group method
with arithmetic mean (UPGMA) – using the Manhattan metric,
and a value for beta of -0.1 (Belbin et al., 1992) was used to define
each group from the initial 500. This second classification step
was undertaken at various levels of classification detail ranging
from 5 to 150-group levels in increments of 5 representing
seafloor communities at various spatial scales.

Given the hierarchical nature of the GF-based classification,
the most appropriate level of classification detail for planning
purposes will vary depending on the spatial scale of the
application and the level of information required for
management. Using the biological data included in the GF
models, the discrimination across classification levels was
assessed [5–150 groups in increments of 5, e.g., as in Snelder
et al. (2007)] using an analysis of similarities test (ANOSIM)
analysis (Clarke and Warwick, 2001). The global R statistic
was calculated as the difference in ranked biological similarities
arising from all pairs of replicate sites between different groups,
and the average of all rank similarities within groups, adjusted by

FIGURE 3 | Spatially explicit estimate of uncertainty and environmental coverage from the combined bootstrapped Gradient Forest model fitted using samples from

all biotic groups. Uncertainty estimate (SD) of compositional turnover modelled using bootstrapped Gradient Forest model fitted with demersal fish, benthic

invertebrate, macroalgae and reef fish samples (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

marine environment (B). See Figure 1 for feature names.
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the total number of sites. Global R is equal to 1 if all replicates
within groups are more like each other than any replicates
from different groups and is approximately 0 if there is no
group structure. Significance levels of the ANOSIM statistics
were tested with a randomisation procedure based on the
null hypothesis of no group structure. All ANOSIM analyses
were undertaken in R using the “Vegan” package (Oksanen
et al., 2013). We only analysed groups with adequate biological
data (≥5 unique occurrences). Group means for each of the
transformed environmental variables were calculated and plotted
in a PCA and geographical distributions were plotted for each
classification from 5 to 150 groups (SupplementaryMaterials 2).

Finally, we describe the 75-group level classification in greater
detail. We refer to this classification as the New Zealand “Seafloor
Community Classification” (NZ SCC). This classification level
represented the highest number of groups that captured the
majority of the variation across the New Zealand marine
environment, based on examining the ANOSIM global R statistic
for each classification group, and which contained an adequate
number of biological records (see “Results” below). Following
methods developed by Stephenson et al. (2020a), individual
classification group descriptions for the New Zealand SCC (75-
group classification) are provided in Supplementary Materials

3. This included: (1) The location of the New Zealand SCC group

within the New Zealand marine environment. (2) Descriptions
of a subset of each groups’ environmental characteristics, termed
“characterising environmental conditions.” (3) Descriptions
of each groups’ biological characteristics, calculated as mean
frequency occurrence of each taxon within classification
groups and investigating the contribution of individual taxa
to intra-group similarity (SIMPER analysis using Bray-Curtis
similarity, in PRIMER v7.0.13) (Stephenson et al., 2020a).
Characterising species were defined as those species contributing
more than 4% to the SIMPER intra-group similarity. (4)
A measure of model confidence, for each classification
group, represented by the mean, 25 and 75% quantile for
the uncertainty estimate of compositional turnover (SD of
the combined bootstrapped GF) and the overall predicted
environmental coverage.

RESULTS

Compositional Turnover and Uncertainty
Models were able to be fitted for most taxa across all biotic groups
(i.e., R2f > 0, Table 1). However, individual taxon R2f values
varied widely, ranging from 0.19 (macroalgae, Table 1) to 0.94
(reef fish, Table 1). On average, the GF models explained 47–53%

TABLE 2 | Results of the pair-wise analysis of similarities test (ANOSIM) analysis for the biotic groups at varying levels of classification detail.

Classification detail (number

of groups)

Proportion of groups ≥ 5

unique occurrences

Proportion of significant

inter-class differences

Mean significant ANOSIM

R-statistic

Demersal fish 5 1.00 1.00 0.57

25 0.84 1.00 0.65

50 0.82 1.00 0.70

75 0.76 0.99 0.72

100 0.73 1.00 0.73

125 0.74 0.99 0.73

150 0.73 0.99 0.74

Benthic invertebrates 5 1.00 1.00 0.22

25 0.92 0.94 0.21

50 0.96 0.93 0.23

75 0.91 0.93 0.25

100 0.91 0.93 0.27

125 0.90 0.92 0.26

150 0.87 0.92 0.26

Reef fish 5 0.60 1.00 0.20

25 0.40 0.98 0.32

50 0.32 0.92 0.41

75 0.24 0.92 0.41

100 0.23 0.91 0.49

125 0.18 0.94 0.49

150 0.15 0.92 0.49

Macroalgae 5 0.80 1.00 0.01

25 0.72 0.91 0.03

50 0.66 0.81 0.04

75 0.55 0.84 0.05

100 0.50 0.84 0.04

125 0.44 0.80 0.04

150 0.45 0.71 0.04

Frontiers in Marine Science | www.frontiersin.org 8 January 2022 | Volume 8 | Article 792712



Stephenson et al. New Zealand Seafloor Community Classification

of variation in occurrence across biotic groups (mean taxa R2f:
0.47–0.53, Table 1).

Although all environmental variables contributed to
predicting compositional turnover for all models (positive
R2, Supplementary Table 5), their relative importance (in terms
of mean cumulative importance) varied across biotic groups.
The most consistently important variables in the biotic group
GF models were dissolved oxygen at depth and bottom salinity
(Supplementary Table 5). Tidal current speed was important
in GF models of demersal fish, benthic invertebrates and the
community GF model. Many of the environmental variables had
moderate cumulative importance across all biotic groups and
in the community GF model, e.g., dissolved oxygen at depth,
seabed incident irradiance, downward vertical flux of POC at
the seabed (R2: 0.0015–0.004, Supplementary Table 5). The
predicted cumulative changes in compositional turnover along
each environmental variable for each biotic group and the overall
community are presented in Supplementary Materials 1.

Spatial patterns in overall community compositional turnover
reflected broadscale patterns in environmental variables linked to
well-defined oceanographic patterns observed in New Zealand’s
waters. Briefly, compositional turnover was minimal in the
deepest water (>2,000 m), although with progression into
shallower waters (1,000–2,000m) there appeared to be differences
in taxa occurring in the northwest of the study area compared

FIGURE 4 | Principal component analysis of the seafloor community

classification groups (75 groups) for the New Zealand marine environment.

Vectors indicate correlations with the nine most important environmental

predictors and symbol size indicates the relative spatial area represented by

the group. Colours are based on the first three axes of the PCA analysis

applied to the group means for each of the transformed predictor variables, so

that similarities/differences in colour correspond broadly to

similarities/differences in predicted compositional turnover. Environmental

predictors include: bathymetry (Bathy), benthic sediment disturbance

(BedDist), bottom nitrate (BotNi), dissolved oxygen at depth (BotOxy), salinity

at depth (BotSal), temperature at depth (BotTemp), broadscale Bathymetric

Position Index (BPI), downward vertical flux of particulate organic matter at the

seabed (POCFlux) and tidal current speed (TC).

to all other deep-water areas (Figure 2). With progression into
intermediate depths (70–1,000 m), there was a clear latitudinal
separation in taxa composition along the boundaries of the
Subtropical Front (STF), a highly productive zone of mixing
between high salinity, nutrient poor, warm, northern waters, and
low salinity, nutrient rich, cold, and southern waters (Bradford-
Grieve et al., 2006; Leathwick et al., 2006, 2012; Stephenson
et al., 2018b; Figure 2). In shallow water (0–70 m), patterns in
community compositional turnover were more closely associated
both with latitude and with more localised environmental
conditions. Namely, turbidity, tidal currents, and broadscale and

fine-scale Bathymetric Position Index (Figure 2).
The SD for all GF models was low compared to the mean

compositional turnover, i.e., the uncertainty in the compositional

turnover was low even for the most variable areas. The SD of
mean compositional turnover for the community GF model was

highest close to shore in areas of high compositional turnover,
for example, in Cook Strait and the Marlborough Sounds

(Figure 3A). Much of the continental shelf (areas shallower
than 200 m) and the Chatham Rise displayed moderate to
high variability in mean compositional turnover (Figure 3A).
Deep water areas (>2,000 m) displayed the lowest variability
in mean compositional turnover, in part reflecting the relative
environmental homogeneity associated with these abyssal waters,
but also likely reflecting, at least in part, the relative lack of
sampling in these areas as environmental coverage was low for
most areas deeper than 2,000 m (Figures 3A,B). Environmental
coverage was high in areas close to shore and along the Chatham
Rise (Figure 3B) and moderate for parts of the Challenger and
Campbell plateaus (Figure 3B).

Seafloor Community Classification
Assessment of Classification Strength

There was adequate unique occurrences of benthic invertebrate
and demersal fish (i.e., ≥5 unique occurrences in a given
group) for more than 70% of all groups (up to 150 groups,
Table 2), however, for the more coastally restricted taxa from the
macroalgae and reef fish biotic groups, there were fewer groups
with adequate occurrences (Table 2). All the global ANOSIM
R values were significant at the 1% level. The global R values
generally increased for all data sets as the classification detail
was increased, indicating that finer levels of classification detail
defined more biologically distinctive environments (Table 2).
The ANOSIM R values were higher for demersal and reef fish
classifications than those for the benthic invertebrates and the
macroalgae. However, the classification strength became more
gradual for all biotic groups, once the number of classification
groups exceeded 55–75 groups (Table 2). Furthermore, pairwise
differences between groups (with adequate sample number)
declined with increasing classification detail (Table 2).

The New Zealand Seafloor Community Classification

The 75-group classification – termed the New Zealand SCC –
was used because it was the highest number of groups that
captured the majority of the variation across the New Zealand
marine environment (as assessed by global ANOSIM R values)
and contained an adequate number of biological records.
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The New Zealand SCC exhibited clear differences in terms
of environmental conditions (summarised in Figure 4) and
geographic distributions (Figures 5, 6). Not surprisingly,
geographic and environmental patterns of the New Zealand
SCC closely reflect the patterns of the community compositional
turnover on which the New Zealand SCC was based. At broad
scales, New Zealand SCC groups were differentiated primarily
according to oceanographic conditions such as depth (along
PC1 in Figure 4) and bottom temperature (co-linear with
bottom salinity and bottom oxygen, along PC2 in Figure 4).
Environmental differences among New Zealand SCC groups in
deep water (groups 1–19, mean depths between 4,156 and 537 m)
were relativelymuted, but greater environmental differences were
evident among New Zealand SCC groups at intermediate depths
(group 20–48, primarily mean depths between 537 and 52 m),
particularly with respect to bottom temperature, bottom oxygen
concentration and bottom salinity. These more pronounced
environmental differences among groups at intermediate depths
were aligned with well-defined oceanographic patterns observed
in New Zealand’s oceans, with a clear latitudinal separation along

the boundaries of the Subtropical Front (STF). Intermediate
depth groups to the north of the STF included groups 27–35; 41–
43 and south of the STF included 20–23; 36–40; 46–48 (Figure 5).
Environmental differences became even more pronounced at
shallow depths (groups 49–75, primarily mean depths between
54 and 1 m), where variation in more localised environmental
conditions such as productivity (downward vertical flux of
particulate organic matter at the seabed), seafloor topography
(broadscale Bathymetric Position Index and slope), seabed
disturbance (benthic sediment disturbance) and tidal currents
(Figure 4) were important differentiating factors (Figure 5).

Environmental differences between New Zealand SCC groups
were mirrored by differences in biological composition. For
example, the New Zealand SCC groups varied in their
characterising taxa with many taxa occurring in several groups
sharing similar environmental characteristics [e.g., orange
roughy (Hoplostethus atlanticus), and smooth oreo (Pseudocyttus
maculatus) were most frequently observed in deep cold-water
groups], whereas a large number of species occurred infrequently
or in a small number of groups. A detailed description

FIGURE 5 | Geographic distribution of the Seafloor Community Classification (75 groups) derived from combined bootstrapped Gradient Forest model. Colours are

based on the first three axes of the PCA analysis applied to the group means for each of the transformed predictor variables, so that similarities/differences in colour

correspond broadly to similarities/differences in predicted compositional turnover.
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FIGURE 6 | Closeup views of parts of the geographic distribution of the Seafloor Community Classification (75 groups, panels A–E) derived from combined

bootstrapped Gradient Forest model. Colours are based on the first three axes of the PCA analysis applied to the group means for each of the transformed predictor

variables, so that similarities/differences in colour correspond broadly to similarities/differences in predicted compositional turnover.

of the characterising demersal fish, benthic invertebrate,
macroalgae, and reef fish characterising taxa is provided in
Supplementary Materials 3.

In addition, mean values for the two spatially explicit
estimates of uncertainty differed between New Zealand SCC
groups (summarised in Supplementary Materials 3). Broadly,

with decreasing depth, the mean environmental coverage
increased, although some small localised New Zealand SCC
groups with few biological samples had low environmental
coverage (e.g., group 26). Several New Zealand SCC groups
had low or variable number of samples across biotic groups,
but moderate to high combined environmental coverage (e.g.,
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shallow coastal groups 58–60, 66, 72), suggesting sampling in
similar environmental conditions had occurred for these taxa in
other New Zealand SCC groups.

DISCUSSION

The New Zealand SCC developed here is a significant advance
on previous numerical classifications, in New Zealand and
globally. Firstly, it combined a larger number of taxonomic
records (630,997 records of 1,716 taxa occurring at 39,766
unique locations) from multiple biotic groups, across a large
area (>4.2 million km2), with a comprehensive and high-
resolution set of environmental predictor variables compared
to previous studies (e.g., Snelder et al., 2007; Stephenson et al.,
2020a). Secondly, because flexible machine learning modelling
methods were used, non-linear relationships between taxa and
environment were incorporated (Pitcher et al., 2012). For the
first time globally, spatial estimates of confidence were provided
for the predicted compositional turnover through the use of
bootstrapping techniques, which can in turn be used to partially
assess the confidence that can be placed in the individual
New Zealand SCC groups.

Critical Appraisal of the New Zealand

Seafloor Community Classification
The methods and data used to develop the New Zealand
SCC build on those used in previous classifications of
New Zealand’s marine environment: the New Zealand Marine
Environment Classification (MEC, Snelder et al., 2007) and
the Benthic Optimised Marine Environment Classification
(BOMEC, Leathwick et al., 2012). Although the classification
is environment-based, in broad terms the classification can
be understood as a spatial summary of variation in seafloor
community composition and turnover in the New Zealand
marine environment (Stephenson et al., 2020a). Overall, the
spatial distribution of the New Zealand SCC is consistent with the
MEC and BOMEC which identified depth, and to a lesser extent,
water temperature and water mass, and major oceanographic
features as important drivers of taxa composition. However,
the New Zealand SCC also identified finer-scale environmental
differences for community groups at shallow depths, where
variation in more localised environmental conditions such as
productivity, seafloor topography, seabed disturbance, and tidal
currents were important differentiating factors.

The New Zealand SCC groups represent taxa that share the
same suite of environmental preferences, and therefore inhabit
the same locations. These groups can be considered communities
as they describe groups of spatially and temporally co-occurring
taxa, whichmay interact to some extent with one another (Morin,
2009). Some species in a community will interact either directly
(e.g., through predator-prey interactions) or indirectly (e.g., by
feeding on the same organisms), while other taxa may not
necessarily interact with each other and may only be “associated”
because they inhabit the same physical space (Francis et al., 2002).
There is still a paucity of information with regards to species
interactions at the spatial scales of the communities identified by

the New Zealand SCC. Nevertheless, the inferred communities
from the New Zealand SCC provide useful descriptions of habitat
and biotic assemblages for spatial resource management and
conservation planning, particularly when considered alongside
the estimates of confidence for each of the groups.

Management Application
Describing spatial variation in species compositional turnover
and richness is central both to our understanding of the scaling of
diversity, and for identification of priority sites for marine spatial
planning and conservation (McKnight et al., 2007). New Zealand
SCC groups are based on estimated taxa compositional turnover,
which allows spatially explicit measures of within-group and
between-group similarity in taxonomic composition to be
produced (Stephenson et al., 2021a). In turn, these similarity
metrics can allow identification of environments that are likely
to host rare or unusual communities as well as identifying
geographic areas (which may consist of multiple New Zealand
SCC groups) that are most representative of New Zealand
seafloor communities as a whole, for example, in a spatial
conservation prioritisation analysis (Leathwick et al., 2011).

Given the hierarchical nature of the New Zealand SCC
classification, consideration will be required as to what
constitutes the most appropriate level of classification detail
for planning purposes. At the scale of the New Zealand
marine environment, the 75-group New Zealand SCC may be
appropriate. Using a higher number of classification groups
(100–200 groups) is likely to be more appropriate for regional
scale management planning, particularly for inshore areas where
there is greater heterogeneity in environmental conditions and
biological communities (Stephenson et al., 2018b). As part of
any spatial planning process, information from the New Zealand
SCC could be supplemented with the inclusion of other spatial
layers to facilitate selection of areas of particular importance
[e.g., see Stephenson et al., 2018a; Lundquist et al., 2020) for
a comprehensive list and description of spatial layers available
in New Zealand to inform the identification of Key Ecological
Areas]. The New Zealand SCC aims to represent seafloor
communities; however, to achieve comprehensive representation
for marine spatial planning, information on other species,
including pelagic species, will likely need to be included. By itself,
the New Zealand SCC is unlikely to be an appropriate proxy for
pelagic species distributions (Hewitt et al., 2015). Spatial layers
relating to other values and uses, such as social, cultural and
economic value, would also need to be factored in as part of a
marine planning process.

A spatial planning analysis using the 75-group New Zealand
SCC would need to include the classification uncertainty
measures developed here because failure to acknowledge
sources of uncertainty can lead to poor management decisions
(Regan et al., 2005; Link et al., 2012). Here we provide two
spatially explicit measures of uncertainty: model variability and
environmental coverage, which provide two complementary
measures to be considered by managers (Stephenson et al.,
2021b). The environmental coverage provides an indication of
the parts of the environmental space that, for example, contain
many samples – meaning we can be more confident of the
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relationships and the predictions for compositional turnover and
SSC groupings in such areas (Smith et al., 2013). The uncertainty
estimates of community compositional turnover (i.e., standard
deviation of the mean (SD) compositional turnover averaged
across each environmental variable) provide an important
indication of the variability in themodelling estimates. Given that
uncertainty estimates of compositional turnover will only vary in
areas where samples are present, we suggest that the uncertainty
associated with individual SCC groups first be assessed by
examining the number of samples and environmental coverage
values. Where these values are adequate [e.g., environmental
coverage> 0.05 as in Stephenson et al. (2020c) or another suitable
cut-off], the uncertainty estimates of compositional turnover will
provide further insight into the variability (and therefore the
confidence) of the underlying models used for the classification.
However, it should be noted that both of these uncertainty
estimates are not propagated through the model to include any
uncertainty in the classification. That is, we only quantify parts of
the model uncertainty (albeit arguably the most important parts)
and there are no estimates of classification uncertainty per se
(Hill et al., 2020). This means that for parts of the environmental
space our estimate ofmodel uncertainty will be an under-estimate
(i.e., particularly for those parts of the environmental space that
could be classified as either in one group or another similar
group). However, spatial predictions of inter- and intra-group
(biological) similarity can be generated from the classification
and be used to highlight those areas in the classification groups
that may be classified in one group or another and therefore may
represent less certain classifications [e.g., see methods and use of
these layers in Stephenson et al. (2021a)].

One challenge with numerical classifications, such as the
New Zealand SCC, is the communication of results from a
statistically complex product in a way that facilitates their use
by management agencies and others involved in spatial planning
processes (Rowden et al., 2018). Individual group descriptions
for the New Zealand SCC are provided in Supplementary

Materials 3. These descriptions are provided to facilitate use
of the classification by both managers and stakeholders and, at
least in part, help bridge the gap between the typical output
from numerical classifications and the readily understandable
habitat and assemblage descriptions that result from thematic
classifications. As new data become available, the underlying
numerical methodology underpinning the classification can be
updated allowing the New Zealand SCC to be continually
improved over time.

Improving the Classification
Despite the large datasets collated for the development of the
New Zealand SCC, there remain limitations associated with the
classification, which at least in part, can be attributed to the
available biological and environmental data. The long temporal
span over which taxa samples were collected means that there is
a mismatch between the temporal window of biological data and
that of the environmental variables which were mostly compiled
from data collected in the last few decades. This mismatch
means that the compositional turnover presented here should be
interpreted as a spatially and temporally smoothed representation

(Stephenson et al., 2018b). Furthermore, it is worth noting
that data were collected over a time span that includes the
establishment of widespread commercial fishing in the region
(Baird and Wood, 2018), and the impact of this disturbance
on seafloor communities has not been incorporated into the
modelling methodology.

Although the species occurrence data we usedmostly provided
adequate spatial coverage of our study area close to shore
and further offshore on the Chatham Rise and the Challenger
and Campbell Plateaus (as assessed by the coverage of the
environmental space), several large, outlying sections had few
or no biological samples, notably the vast majority of waters
deeper than 2,500 m. For deeper waters where few samples are
available, lower confidence can be placed in the predictions of
compositional turnover that underpin the New Zealand SCC.

The “quality” of the available biological data varied by biotic
group based on differences in sampling gear and method.
Records for demersal fish and reef fish were collected using
(relatively) consistent sampling gears and methods (Smith
et al., 2013; NIWA, 2014, 2018). Abundance estimates were
available for both these biotic groups, and few assumptions
were required to use these data as presence/absence in GF
models to make them consistent with benthic invertebrate
and macroalgae group data. In contrast, multiple sampling
gears and methods were used to sample benthic invertebrates,
which required division of these data into gear catchability
categories. However, it should be noted, that there was a
high proportion of unique taxa associated with each gear type
and therefore it was deemed important to include each of
these because they sampled different parts of the community.
Information on sampling methods for macroalgae was not
easily available but given their localised nature (collected on
or close to shore), this was not deemed to be critical. Neither
the benthic invertebrate nor the macroalgal data here can be
considered true presence/absence (because of variations in the
survey designs used to collect these data), and therefore the
classification results from these biotic groups should be used
with greater caution [although care was taken to account for
differences in the biases associated with sampling method as
per Phillips et al. (2009)]. Future iterations of the New Zealand
SCC may benefit from being tuned using abundance estimates
and, for benthic invertebrates, records at the species level [e.g.,
using data from comprehensive surveys as in Bowden et al.
(2019)]. Despite these limitations, the taxa data used here form
a valuable dataset that will have uses outside the development
of the New Zealand SCC (e.g., see Lundquist et al., 2020) and
represents the best available compiled biotic information at
present for the New Zealand marine environment. The ability
of the classification to represent variation in taxa composition at
different scales using independent or newly collected data [e.g., as
in Bowden et al. (2011) or as in Stephenson et al. (2018b)] would
be of interest in order to independently validate the accuracy of
the New Zealand SCC.

The lack of consistent spatially explicit abundance
information, means that despite the comprehensive SCC group
descriptions of the environmental and biotic characteristics, SCC
groups may still lack some of the key features that stakeholders
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may more readily associate with, or understand as habitats and
communities. For example, the lack of abundance information
means there is no spatial information about the locations of
biogenic habitats, despite biogenic habitat forming taxa being
present (and identified as characterising taxa) in several groups
(e.g., bivalves, stony corals – see Supplementary Materials 3).

CONCLUSION

The New Zealand SCC and associated spatially explicit
uncertainty layers are particularly well suited as inputs for
marine spatial planning, andmore specifically, marine protection
planning and reporting at regional and national scales. Firstly,
spatially explicit estimates of within and between group
similarity of the New Zealand SCC make it particularly well
suited to support developing an effective network of marine
protected areas and other tools [goal 10.6.3 of Te Mana o
te Taiao – The Aotearoa New Zealand Biodiversity strategy,
Department of Conservation (2020)] and complement work
currently underway to map Key Ecological Areas within
New Zealand’s marine environment. Secondly, the development
of two spatially explicit measures of uncertainty allow for
the nuanced use of the New Zealand SCC in a marine
spatial planning context. Thirdly, the New Zealand SCC
summarises a large and complex dataset spanning four sea-
floor biotic groups in a single community classification layer
that could greatly facilitate communication of complex spatial
biodiversity patterns during participatory stakeholder processes.
Despite the advances and utility of the New Zealand SCC
for conservation planning, there remain several limitations,
including a lack of abundance data, and the identification
of the key features that some stakeholders may more readily
associate with, or understand as, habitats and communities.
These limitations can, at least in part, be overcome through
the use of other spatial layers to complement the New Zealand
SCC (e.g., as collated for the identification of Key Ecological
Areas, Stephenson et al., 2018a; Lundquist et al., 2020)
such as spatial estimates of fish spawning grounds and
biogenic habitats.
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