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Executive summary

Forecasting the future distribution of marine species usiabitat suitability modelgHSM3isa
fundamental component of climatemart marine spatial planning, allowing a range of scenarios to
be developed to meet specific objectives around futpreofing the sustainable management and
protection of biodiversity and resource use. HSMs also be used to predict the likely response of
species distributioato changing environmental conditions and can therefore help determine the
vulnerability of specigto climate change. However, forecasting future distribution using these tools
relies onseveralcritical assumptions, uncertainties and limitations that require careful consideration.
Tohelpaddress these issues, NIWRarth Sciences New Zealand after Jel[y2029 has developed
anexpertinformed framework for the development of HSMs to predict the future distribution of
marine taxa and has applied this framework to three case study taxonomic gispgsges, kelps
anddolphins Te Papa Atawhaithe Department of Conservation (DOC) also has a substantial
interest in utilising predicted future distribution of marine taxa for appraising vulnerability and to
inform climatesmart marine protected area desigmd climate change adaptation actioms this

study, DOC contracted NIWA to expand the application of the future forecasting framework to
additionalmarine taxa including biogenic habitafforming benthic invertebratedish species of high
recreationa) commercial antbr culturalimportance threatened and at risk macroalgagnd whales.
Specifically, this project aimed to pool outputs of HSMs for all species grnoeyp$iSMs from this
study, and prior HSNJsnd contained specific objectives to:

A Map thepresentday andfuture distribution of species in broad benthic invertebrate,
macroalgae, fish and marine mammal taxonomic groepssideringwo future time
periods(mid-century and enebf century)and under two future emissions scenarios
(i.e., shared socioeconomic pathways, SSPs).

A Quantify the predicted change in extent and overlap of core habitat between present
day and future scenarios to determine species vulneraliditslimate change impacts.

A Identify and map potential refugia, areas of range contraction and expansion for each
species.

A Using a selected set of species, develop and apply methoglsaiminethe overlap of
presentday and futuredistributions with areas of high intensitf non-climate related
stressors to guide decisiemakingwith respect toboth climate and norclimate
impacts.

Across all species groypsSMs were fifor 73 marine species and species complexes, with all
models performing well by standard model evaluation metriggatial crossalidation showed some
variability in model predictive performance amoggographiaegions. Expert evaluation of inputs
suggested that, generallgccurrence data was accurate with few spatial biases and environmental
variables used to predict distribution were ecologically relevant. Expert evaluation of model
predictive performanceuggeted that mostmodel predictiong85%)6 SNBE SA 0 KSNJ WKA IKf &
Wl O O dieerimSdal predictions1(4%) wereassessed a¥#d 2 YS ¢ K | Gor WIOIONASE i1 & Q
Ay I O O(dayéciéiSvahile changes in thermal conditionsntributed strongly to most models, a
range of other environmental variables were important drivers of future distribution including,
changes in salinity, oxygen concentration (especially for macroalgae), current velocity and mixed
layer depth.

6 Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial plannin



As expected, there were often large differesde the predicted distribution of species under the

four future climate scenarios, with the largest departures from presiayt distributiontypically

observed for thenost extreme scenario (end of century under S3B3. There were significant

differences in forecast changes in distributiosboth within and between species groups

invertebrate groups and kelgsadthe greatest predicted decreases in the extent of core habitat

(e.g.,HSI > 0.75)Biogenic hiitat-formingtaxawith the greatest predicted decreases included the

dog cockleTucetonaspp), horse musseltrinaspp) and bryozoanGelaporinaspp). Of the kelps,

two species oMarginariellaand CystophoraXiphophoragladiata, bull kelp Durvillaeaspp) and the

giant bladder kelpMlacrocystis pyriferahad the largest predicted range contractions. The

distributions of fish species showed a range of responses with several species exhibiting large

increases in the extent of core habitat (e.g., kingfish, snapper, pilchard). Several coastal and

deepwater fish were predicted to experience range contraction, with blue kbaduku, hoki and

southern blue whiting predicted to be the most vulnerable to changes in habitat suitability. Similarly,

the distribution patterns of marine mammal species showed diverse responses with coastal

020Gt Sy2asS R2fLIKAY YR 02YY2y R2fLKAY KIFI@Ay3a LINE
YR . NBERSQa ¢KI{tS KIFGAy3I &AIy A Ipkcds thete wass)ignalNI OG A 2 y
variability in location®f potential refugiahowever,areas in the south and east of the South Island

regularly featured as refugi@r many taxa

Threatened/at risk macroalgae had a high overtegtweenpotential refugiaandareasof high
stressorintensityfrom suspended particulate matter that compromises light conditions at the
seafloor. Areas of overlap betwe@on-climate related stressorand refugia for these taxa were
located mostly in the northern half of the North Island. Some biogenic hatuitating invertebrate

taxa includingCallyspongiaCrellaincrustansand Dactyliahad over 30% overlap between potential
refugia and areas with highawling intensity, with these overlapping areas typically occurring off the
east and north coasts of the South Island.

A range of decision points, considerations and solutions to address the uncertainty inherent in
forecasting future distributiorusing HSMare identified and discussed along with recommendations
for future workto improve the outputs generated by this studyutputs fromthe project include
gpatial layers representing preseday and future distributionfor 73 taxa, statistical and expert
evaluation scoreand further information that may be useful in appraising the utility of these
predictions.Spatiallayers of predicted habitat suitability index are publicly available via the DOC
marine data portal along with the aforementioned metadata. Together, the outputs generated by
this study provide an important repository of information to guide climsteart marine spatial
planning for New Zealand.

Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial planngn 7
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Understanding the future distributisof marine species is essential for making informed decisions
on the management of climate and nafimate related stressort® biodiversity.Spatiallyexplicit

layers on the distributiof biodiversityundervarious climate change scenaria the key
components to climatesmart marine spatial planning/SP)Queirés et al. 2021; Frazdo Santos et al.
2024) Combined with information on the distributisiof resource ussand otheranthropogenic
stressors, uncertainty, and environmental conditipsisch information allows for the development

of spatial planning scenarios that can guide the establishment of neseddpatialmanagement
zones thatenhanceclimate resilience and adaptation marine socieecological system@-razao
Santos et al. 2020; Queiros et al. 2021; Queirds et al. 2025)

Whileabroad range of methodexistsfor mapping the distribution of marine species, forecasting
distributionsinto the future is typically undertaken using spatial models that characterise species
relationships with environmental conditions and forecast changémbitat suitability {nferring

potential distributions) based on predicted changes in those conditi(iekth & Leathwick 2009; Elith

et al. 2010; Porfirio et al. 2014 arlymodels were driven largely by thermal conditigioward et

al. 2014; Peters et al. 2022owever recent studies show the importance of considering a wide
range ofbiophysical variables that may changederfuture climate change scenarigglith et al.

2010; Robinson et al. 2011; Porfirio et al. 20BYch correlative modelsften termed habitat
suitabilitymodels,HIVIs) have been developedcross the full range of marine species phylogeny
(Jensen et al. 2017; Simdtutbrown et al. 2020; Peters et al. 2022a; Musimwa et al. 2Q2%)

across globahationalandregionalscaleqKleisner et al. 2017; Martinez et al. 2018; Fragkopoulou et
al. 2021; Anderson et al. 2022lost often,future-focussedH3Vis are generated usingresence

only (also called presendmckground) or preseneabsence datg§Robinson et al. 201,/)vhere

presence represents thepatiotemporaloccurrence of the species of interest and
background/absence dataused to characterise locations where the species does not occur or to
provide a meaningful sample of the environmental space (in the case of background data). However,
modelsare also commonly developed using data that approximatethe relative abundance

and or density of species, which can provide rich and more nuanced predictions based on density
dependent factorgChang et al. 2021; Rullens et al. 2021; Cruz et al. 2024; Stephenson et al. 2024;
Bennion et al. 2025; Hadiyanto et al. 2025)

In addition to mapping changesliabitat suitabilityand potential refugiaAnderson et al. 2022
Kavouset al.2018 Carroll et al2015), future forecastindd9Ms can also be used to quantify
vulnerability of species to climate change impacts based on metrics that reflect change in area
occupied, or aerial overlap of highly suitable habi@sephenson et al. 2023d¥redictions from

H9Ms are also used to appraise the exposure of species todtiomate related stressors whichay
further threatenspecies viability and adaptability aisdthusanother important component of
climatesmart MSRRamirez et al. 2018; Fragkopoulou et al. 2021; Stephenson et al. 2023b; Zelli et
al. 2025a)

While HSMsare powerful tools for climatesmart MSPthe process oforecasting distributions into
poorly sampleduture environmental spacés associated witimportant assumptions, uncertainties
and limitations(Elith et al. 2010; Bridges et al. 2023)

8 Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial plannin



Foremost among thesare assumptions around the accuratbaractersation of a specieresent

day niche, which may be heavily influenced by factors inclusfiagjalbiases in occurrence data,
inaccurate data on environmental conditions, mismatches in scale and spatiotemporal resolution and
model mispecification(Wiens et al. 2009; Elith et al. 2010; Porfirio et al. 20Adiditionally,

significant variation in future predictiorgan be attributedo the use ofdifferent modelling

frameworks variation in conditions betweealimate change scenarios (i.e., shasetioeconomic
pathways, SSPs), the source of datacorrent and future environmental variablés.g.,Earth
SystemModeld GeneralGrculationModelg, and approaches used (when necessary) to classify
continuous predictions of habitat suitability into areas most likely to be occupied (i.e., thresholding),
among othe factors(Wiens et al. 2009; Beale & Lennon 2012; Porfirio et al. 2014; Goberville et al.
2015; Hellegers et al. 20254) is crucial for the potential impact of such assumptions and
uncertainties on model predictions to be well documented and incorporated into decision making.

In Aotearoa New ZealandNZ) a range of studies have recenllgenundertaken to map the present
day distribution of a broad range of marine species and habitats at the national(Staf#henson et
al. 2022b; Stephenson et al. 2023a; Stephenson et al. 2023b; Brough et al./2@2®)paratively
limited number of studies have predicted the future distribution of species. Currently, there are
robust predictions of future distributiogfor vulnerable marine ecosystem tazach agleep sea
corak (Anderson et al. 2022, Zelli et al. 202%)d two species ofetaceanPeters et al. 2022)
Additionally, recent work contracted by thgepartment ofConservation(DOCkexpandedhe
approachto predict present day distributissof over 600 marine taxa (thdZ dlas of seafloor
biodiversity) to forecast future distributios (Anderson 2022)While attractive as a cosfffective
option, this approach usesa’ | dzi 2 Y 6 SRQ Y2 RSt TFAGGA Yy Dftiekdy YS 5 2 NJ
modelinputs and outputs and upholding of model assumptidgéisen the availability ofvell-
maintaineddatabases on the occurrence of marine spe¢eeg., museunand online opersource
datarepositories)and the recent development of aarth SystemModelspecificto the New Zealand
region(Williams et al. 2016; Behrens et al. 202Qbgre are ample opportunities to generate robust
predictions of future distributions.

The National Institute diVater and AtmosphericResearch(NIWA) has recently adapted a framework
for developing expertnformed HSMdor the forecasting of future distribution. The framework has
been applied to three case study groupsponge taxa, large brown macroalgae (i.e., kelp) and
dolphins The DOC 2020 Climate Change Adaptation Action Plan (CCAAP) includes actions for a range
of DOC functions, including biodiversity conservation and managemedtsintended to prioritise
climate change researdhcluding determining the marine sites, species, habitats and ecosystems
that are most at risk from climate chanda.this study, DOC has coatted NIWA to expand the
application of the experinformed framework to an additiondbur species groups including fish,
macroalgae, benthic invertebras@nd additionalcetaceartaxa. Outputs from theséur groups will

be combined with the initial three case study groups to generate a single reposftpredicted

future climate distributiongor a broad range of species. In addition, using data from each group we
will calculate metrics that can be used to determine the vulnerability of speesésbutionsto

climate change impacts, identify potentiafugia and showcasesimplemethods to consider

potential impacts ofion-climaterelated stressorin a climatesmartMSPcontext. In addition, we

aim to compare outputs generated by the automated forecasting approach (Andagihto those
generated in this study to determine the utility of the automated framework.

Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial planngn 9



The key outputs of this study include:

A Spatially explicit layers for the presetiaty and future distribution of seven species
groups, with associated statistical validation and exjagapraisal scores.

A Ranking of species based on vulnerability to climate change impacts on distribution via
calculation of percentage changearealextent and overlap of core habitats between
the presentday and future scenarios

A alLld 2F LRGOGSYGAFf WNBFdzZAAF QX FNBIF& 2F NI y3

A Quantification of the overlap of present day and future distribution with areas with
high nonclimate related stressors for two priority groups and mapping areas of
overlap

Together, these outputs provide a publicly available repository that can guide clamatg MSP for
a range of important marine species.

10 Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial plannin
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2.1 Selection of taxa

Under previous work by NIWA and within this stud$Mapproaches werapplied to four broad
taxonomic groupsfish, benthic invertebrates, macroalgae and marine mammals. Each broad group
contains two discrete species sgboups fish - coastaland deepwaterspeciespenthic invertebrates

- sponges and biogenkabitat-forming speciesmacroalgae kelpsandthreatened/at risk
macroalgaemarine mammals whalesanddolphins (Table2-1). The number of species within each
group varied, with species prioritisddr inclusionbasedon perceivedmpact of climate change,
threatened status, ecosystem service provision or recreational/commercial/cultural importance
(Table2-1). For fishand macroalgaetaxawere modelled at the specidsvel For marine mammals,
taxa were modelledt the species level, or for some tafag., orcabottlenose dolphinblue whalg

at the species complex or ecotype lev@éveral forms of orca and bottlenose dolphin occur in NZ
waters In this studyg S LINR 2 NR { A & SPof betdsbécizavith dcturrehc@ laiadfdrlS
other, more offshore ecotypes being removédccurrence records for the two blue whale species
(Balaenoptera musculus intermediad Balaenoptera musculus brevicadisere inconsistently
identified to species level and thus records were merged to represent a single blue whale species
complex Balaenoptera musculus spp.)

For invertebrats, models were developed at thewesttaxonomiclevelpossible (i.e., prioritising
species level), however lower resolution groupings were required fortteatalid not meet

minimum requirements for the number of occurrence data (50 unigue locations). Thus, as per
Stephenson et al. 2023a, invertebrate records were often aggregated to gemushe case of the
bamboo coralsKeratoisididag family, based on the groupingahachieved greater than 50
occurrence recordand/or based on expert advice on appriate groupings. Initial NIWA modelling
focused on sponges as a case study, which included all genera mholutie NZ species atlas. Under
this study a new case study was developed to focus on biogenic habitat forming invertebrate taxa
and this included four spongegwo of whichwere run in the initiaNIWA case study. For these
genera Callyspongia spp., Dactylia sppve wsedoutputs from models developed under the
biogenic habitat forming case studys theyincludeupdated occurrence records and expert
evaluation. Thugall biogenic habitat forming sponges are reported along with the biogenic habitat
forming invertebrate case study, with the remaining genera, {ien-habitat forming) being
LINBASYGSR Ay (KS walLkRy3aSQ OFasS addzReo

Table2-1:  Species list. List of species that were the focus of forecasting future distribution in this study

and by NIWA. The wider taxonomic group, species group, datasets used for pooling occurrence data and the
number of occurrence records for each species is providdke table * indicatestaxa not includedr

included as a different taxonomic resolutionthe NZatlasof seabed biodiversityStephenson et al. 2023).

Species/taxa Scientific name Species group Datasets used No. Occurrence
records
Fish
Blue cod Parapercigolias Coastal fish TRAWL 13558
Gurnard(red) Chelidonichthykumu  Coastal fish TRAWL 7678
Kahawai Arripistrutta Coastal fish TRAWL 1176
Kingfish Seriola lalandi Coastal fish TRAWL 571

Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial planngn 11



Species/taxa Scientific name

Species group

Datasets used

No. Occurrence

records
Pilchard Sardinops Coastal fish TRAWL 423
neopilchardus
Red cod Pseudophycis bacht  Coastal fish TRAWL 8079
Snapper Chrysophrys [Pagrus  Coastal fish TRAWL 4985
auratus
Tarakihi Nemadactylus Coastal fish TRAWL 6 555
macropterus
Bluenose Hyperoglyphe Deepwater fish TRAWL 928
antarctica
Hale Merluccius australis Deepwater fish TRAWL 9445
Hapuku Polyprion oxygeneio: Deepwater fish TRAWL 3293
Hoki Macruronus Deepwater fish TRAWL 18629
novaezelandiae
Ling Genypterublacodes Deepwater fish TRAWL 13982
Orange roughy Hoplostethus atlanticc Deepwater fish TRAWL 11612
Southern blue whiting Micromesistius Deepwater fish TRAWL 2134
australis
Benthicinvertebrates
Bivalve Atrinazelandica  Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 172
Sponge Callyspongispp.  Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebratecollections 222
Bryozoan Celleporinaspp. Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 149
Bryozoan Cinctipora elegarts Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 58
Sponge Crella incrustans* Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 80
Sponge Dactyliaspp. Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 150
Bryozoan Horneraspp. Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 155
Sponge lophonspp* Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 182
Crustacean Jasuedwardsii Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 206889
Cnidarian (bamboo Keratoisididae Biogenic habitat Niwalnverts, Te Papa and Aucklar
coral) formers Museum invertebrate collections 430
Bivalve Ostreaspp* Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 250
Cnidarian (bubblegum Paragorgiaspp. Biogenic habitat Niwalnverts, Te Papa and Aucklar
coral) formers Museum invertebrate collections 93
Bivalve Tucetonaspp* Biogenic habitat Niwalnverts, Te Papa and Aucklar
formers Museum invertebrate collections 288
12 Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial plannin



Species/taxa Scientific name Species group Datasets used No. Occurrence

records
Sponge Aphrocallistespp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 119
Sponge Ecionemiaspp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 131
Sponge Farreaspp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 114
Sponge Geodiaspp. Sponges Niwalnverts, Te Papa and Aucklar
Museuminvertebrate collections 226
Sponge Haliclonaspp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 98
Sponge Hyalascuspp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 413
Sponge Lissodendorygpp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 73
Sponge Poecillastraspp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 112
Sponge Stellettaspp. Sponges Niwalnverts, Te Papa and Aucklar
Museum invertebrate collections 240
Sponge Suberitespp. Sponges Niwalnverts, Te Papa and Aucklar
Museuminvertebrate collections 263
Macroalgae
Macroalgae Carpophyllum Kelp Niwaalgae
angustifolium 103
Macroalgae Carpophyllum Kelp Niwaalgae
flexuosum 346
Macroalgae Carpophyllum Kelp Niwaalgae
maschalocarpum 396
Macroalgae Carpophyllum Kelp Niwaalgae
plumosum 234
Macroalgae Cystophorascalaris Kelp Niwaalgae 137
Macroalgae Cystophoraorulosa Kelp Niwaalgae 125
Macroalgae Desmarestidigulata Kelp Niwaalgae 95
Bull kelp Durvillaea antarctica Kelp Niwaalgae 115
Macroalgae Ecklonia radiata Kelp Niwaalgae 474
Macroalgae Landsburgia quercifol Kelp Niwaalgae 183
Giant kelp Macrocystigyrifera Kelp Niwaalgae 152
Macroalgae Marginariellaboryana Kelp Niwaalgae 77
Macroalgae Marginariellaurvilliana Kelp Niwaalgae 106
Macroalgae Xiphophora Kelp Niwaalgae
chondrophylla 162
Macroalgae Xiphophoragladiata Kelp Niwaalgae 146
Macroalgae Aeodesnitidissima Threatened/at risl Niwaalgae 113
Macroalgae GigartinamacrocarpaThreatened/at risl Niwaalgae 95
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Species/taxa Scientific name Species group Datasets used No. Occurrence

records
Macroalgae GrateloupiaurvilleanaThreatened/at risl Niwaalgae 74
Macroalgae Microdictyonmutabile Threatened/at risl Niwaalgae 63
Macroalgae MyriogloeaintestinalisThreatened/at risl Niwaalgae 90
Macroalgae PachymenialichotomeThreatened/at risl Niwaalgae 65
Macroalgae Pachymenidusoria Threatened/at risl Niwaalgae 68
Macroalgae Petaloniabinghamiae Threatened/at risl Niwaalgae 105
Marine mammals
Bottlenose dolphin Tursiops truncatus Dolphins NZ Marine Mammasighting Databas
(coastal ecotype only) (DOChrNd MPI observer database:! 191
Common dolphin Delphinus delphis Dolphins NZ Marine Mammal Sighting Datab:
(DOChrnd MPI observer database: 1862
Dusky dolphin Lagenorhynchus Dolphins NZ Marine Mammal Sightirigatabase
obscurus (DOChrNd MPI observer database:! 458
Hector's dolphin Cephalorhynchus Dolphins NZ Marine Mammal Sighting Datab:
hectorihectori (DOChrnd MPI observer database: 2862
a n didlphin Cephalorhynchus Dolphins NZ Marine Mammal Sighting Datab:
hectorimaui (DOCrnd MPI observer database: 1596
Orca(coastal ecotype Orcinus orca Dolphins NZ Marine Mammal Sighting Datab:
only) (DOCrnd MPI observer database: 830
Blue whalgspecies Balaenoptera muscul Whales NZ MarineMammal Sighting Databa
complex) spp. (DOChrnd MPI observer database: 317
Bryde's whale Balaenoptera edeni Whales NZ Marine Mammal Sighting Datab:
brydei (DOChrNd MPI observer database:! 340
Humpback whale Megaptera Whales NZ Marine Mammas$ighting Databas
novaeangliae (DOChrnd MPI observer database: 104
Longfinned pilot whale Globicephalanelas Whales NZ Marine Mammal Sighting Datab:
(DOChrnd MPI observer database: 194
Southern right whale Eubalaena australis Whales NZ Marine Mammal Sighting Datab:
(DOChrnd MPI observer database: 72
Sperm whale Physeter Whales NZ Marine Mammal Sighting Datab:
macrocephalus (DOChrNd MPI observer database:! 157

2.2 Modelling framework

This study utilised an established, expefiormedframework for the development of species
distribution models with the capacity of forecasting distribusamder different future climate

change scenarios

Within the framework, steps are identified where the contributiibom species expertare invited,
and includethe reviewof inputs(e.g., occurrence data, environmental variables)he modelling
approach, and appraisal of the outpuisg., environmental drivers, predicted distributiof$gure2-

1). Both the expert appraisal and statistical modelling approach have been adapted from similar
studies used to predict a broad suite of species distributions in New Ze@andStephensoet al.
2023) and is highly adaptable while consideragange of uncertainties thatontribute to
predictingfuture speciedistributions
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Figure2-1: Expertinformed framework. The framework used to develop expénformed predictions of
future species distributions, with key steps identified for input and appraisal by species and geophysical
experts.

The core inputdo the HSMsare data on the occurren¢absenceof the species of interesinddata

on the environmental conditions at each observation that can be used to characterise a species niche
(Elith & Leathwick 2009 this study, species occurrence datare pooledfrom a broad range of
sourceswith different data repositories being used for the taxonomic groups that were the focus of
this study(Table2-1). The distribution of occurrencéand absence/backgroundpata can have a
considerable influence on predicted distributiomgth sampling bias often resulting in overunder
predictions that may not always be apparent in typical model evaluation statistics and uncertainty
calculationgPhillips et al. 2009)n general, it is assumed that the distribution of occurrence records
represents a realistic approximatiarf the species nichi geographic spacélowe\er, for studies
spanning broad scalde.g., Nw Zealandwaters) it is rare to have occurrence data setgilable

that have beerdeveloped for the purpose of modelling distribution and thus most studiiise
databases that containbservationgooledfrom a broad range of surveyisat may or may not

include comprehensive coverage of the species raBgeh dataseteequire careful appraisatio

ensure the distributiorof the data conforms with expert understanding of the present geographical
distribution of a speciesoaccurately predict species distribution in the futuieisessentiato
robustlycharacterisehe relationshifg between species and their environment in the present day
(Wiens et al. 2009; Elith et al. 201@nd spatial biases in occurrence data can impact such
characterisationsln this studyappraisabf occurrence datavasundertaken by species expemgo
were provided withhigh resolution mapof plotted occurrencedata for each specie&xperts were
asked to critically appraise the distribution and clustering of occurrence data according to their
understanding of species distribution and habitat use requiremdstperts then scoredow well
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the distribution of occurrence data conformed with their expert opinion using predefined criteria
listed inAppendix A

A broad range of environmental data can be used for modelling species distribbiead on the
relationshigs between species occurrence attte environmental variables that characterise a
species nicheTypically environmentaldata areeither consideredstatic (i.e.,do not change through
time), for examplecharacteristics of the seafloor including depstope and aspector are
considereddynamic(i.e., are expected to change through time), for exampgéawater
characteristics and chemistroth types oenvironmental data make important contributions the
models However, for forecastinfuture distributions, dynamic variableare critical as these are the
data upon which predicted change iaded.

In this studywe draw fromexisting databases of environmental data at the national scale that have
been used extensively for modelling species distributi@tsphenson et al. 2022a; Stephenson et al.
2023a) andwere developed with input from geophysical expgifggure2-1). The databaseontains
both staic and dynamic variablesfwever, not all variables that are expected to change in the
future are available to be forecastedsthe Earth SystemModels(ESMused to predict future ocean
conditions do not contaithe full suite of biologically meaningful variables that can drive
distributions. In this study, we term dynamic variables for which we can obtain future predictions
WREYECFANB Ol all 0t SQ3 ' yR K2 pr@ectiorikdhRE Yy 6D y2 | O A f
forecastable Table2-2). The NZ Earth System Mod@Villiams et al. 2016; Behrens et al. 202@)s

used to generate a range of physical and biogeochemical variables for inclusion as forecastable
dynamic variablesThe NZ ESM @& ensemblenodelthat integrates outputs of globaicale

numerical models for ocean chemistry, physical processes and biogeochemistry with a high
resolution regional ocean model developed for the NZ marine environifWiliams et al. 2016;
Behrens et al. 2020) he inclusion of NZ specific drivers of ocean conditions hasdb®wn to
reducebiases when compared to its parent mod@8kllar et al. 2019; Behrens et al. 2020)

Due to theavailability of a multitude of both static, dynangaot forecastable, and dyname
forecastable environmental variables, the decision of which variables to include for each spegies
decided byrespectivespecies experts, drawing on the most ecologically relevant variables as a
priority. Experts were provided with a full list of available variables and asked to rank these into
three groups according to their relevance for a particular species. Varialites tiop ranked group

were retainedfor the initial checking ofollinearity(seeSection2.3) and inclusion within each

species model. While prioritisation based on ecological importance rather than the ability to forecast
dynamic variables means that some relationships are unable to be forecasted, this approach is
considered best practise (sé&dith et al. 2010 and references therkin

Table2-2:  Environmental variables. Environmental variables used to predict species distribution for the
present day and into the future. The variable type (static, dynaman forecastable, dynamidorecastable),
is given along with list of the species groups for which the variable was selected by species experts.

Environmental Description Type Fish Benthic Macroalgae Marine
variable invertebrates mammal
Bathy Depth of the Static
seafloor (m) V V V V
BedDist Benthic sediment Static
disturbance (m3) V V V
BEN_SI Bottomssilicon Dynamic V
(mmol Sim?) forecastable
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Environmental
variable

Description

Type

Fish

Benthic
invertebrates

Marine
mammal

BotPhos

Bottom_Salt

Bottom_Temp

Bottom_pH

BPI_broad

BPI_fine

CHD

Chta.Grad

DET_bottom

DIN_bottom

Ebed

epC100

Gravel

MED_QSR

MED_XZE

MLD

Mud

OM_ARG

OM_CAL_bottom

Bottom phosphate
(umol 1)

Salinity at depth
(PSU)

Temperature at
depth (°C)

pH of seawater at
depth (pH)

Bathymetric
position index
(broad) (m)

Bathymetric
position index (fine

(m)

Diatomic
chlorophylta
concentration (mc
m-3)
ChlorophyHa
concentration
spatial gradient (m
m3km?)
Detritus
concentration at

the seafloor (mmao
m-3)

Bottom nitrate
concentration
(mmol m3)

Seabed incident
irradiance (E Ad-

D)
export production

at 100m depth(C
m2yrt)

Percent gravel (%

Sea surface
radiation (W n®?)

Euphotic depth (m
Mixed layer depth
(m)
Percent mud (%)

Omega aragonite
averagedcross
water column

Omega calcite at
the seafloor

Dynamic non-
forecastable

Dynamic
forecastable

Dynamic-
forecastable

Dynamic
forecastable

Static

Static

Dynamic
forecastable

Dynamic non-
forecastable

Dynamic
forecastable

Dynamic
forecastable

Dynamic non-
forecastable

Dynamic
forecastable

Static
Dynamic
forecastable

Dynamic
forecastable

Dynamic
forecastable

Static

Dynamic
forecastable

Dynamic
forecastable

<

<

< < K< < < <

Vv

<
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Environmental Description Type Fish Benthic Macroalgae Marine
variable invertebrates mammal
OXY_bottom Dissolved oxygen Dynamic-

PB555nm

Rough
Sand

Slope

SSS

SST

SSTGrad

TC

TempRes

TPP3

TPP3_bottom

Velo_bottom

Velo_surface

CHL_MLD

BBP443

depth (mmol Q mr
9
Particulate
backscatter at 55!
nm (previously

used to generate
"turbidity’) (m1)

Roughness (m)

Percent sand (%

Slope of the
seafloor ¢)

Sea surface salini
(PSU)

Sea surface
temperature ¢C)

Sea surface
temperature
gradient ¢C knm)

(ms?)

Temperature
residuals {C)

Net primary
production by the
vertically
generalised
production model
(mmol N m?d?)

Net primary
production by the
vertically
generalised
production model
(mmol N m3 d?)

Current velocity a
the seafloor (m3$)

Current velocity
surface (m3)

MLD averaged
Chlorophyll

Particulate
backscatter at 44:
nm (m?)

forecastable

Dynamic non-
forecastable

Static
Static

Static

Dynamic
forecastable
Dynamic
forecastable

Dynamic
forecastable

Tidal Current spee Dynamic non-

forecastable
Dynamic
forecastable

Dynamic
forecastable

Dynamic
forecastable

Dynamic
forecastable
Dynamic
forecastable
Dynamic
forecastable

Dynamicg non-

forecastable

Vv

< <

<

Vv

< <

Vv

< < < <

< < < < < < K<

<

< < < <
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2.3 Modelling methods

Ourexpert informed framework utilised well-established method for developing habitatitability
models(HSM)to forecast the present day and future distribution of speciEse approach was
initially developed for predicting present day distributifor over 600 marine species in thHétlas of
SeafloomBiodiversity for NewZealandlStephenson et al. 2023a}hangeso the approachused here
includes (a) more stringent removal of correlated environmental variables, which can have an
amplified influence on forecasting future distributi@Braunisch et al. 2013(b) spatial cross
validation of the ensemble prediction, aiid) generation of partial dependence plotll modelling
and subsequent spatial analyses wearalertaken withinRstudio (R Core Team 2023; Posit team
2025)using the packageasster(Hijmans 2023)dismo(Hijmans et al. 2023ybm (Ridgeway & GBM
Developers 2024 extendedForediBreiman et al. 2023)asterVis(Perpinan et al. 2023)geos
(Bivand & Rundel 2023)gplot2 (Wickam 2024)ggpattern(FC & Davis 2025 ndlatticeExtra
(Sarkar & Andrews 2022)

Detailed methods on the statistical approach can be fourdinderson et al. (2022and
Stephenson et al. (2023wijith the key steps briefly summarised here

1. Check collinearity among environmental variables. Vari@ablth a pairwise Pearson
correlation coefficient > 0.75 are considered highly correlaléuk variable to retain in
each correlated pair was based on the highest relative importance score generated by
a random forest model fit with conditional permutation and thus not strongly
influenced by collinearityDormann et al. 2013)

2. Boosted regression tredBRT) andandom forest(RFmodelswere independently
developed for each speciesing the full suite of occurrence data available
Backgroundabsencejlatawasgeneratedusing the target group background
approachwith the occurrence data frongpecies from within theametaxonomic
group sampledinderthe same circumstancdseingused aackground datgoints.
BRTs an&Fsvere trainediteratively, usinga randomly selected training data set
consisting ofwo thirdsof the occurrence datandan equal number of background
data points. The remainingne thirdoccurrence data and an equal number of
background data pointeere used as a withheld evaluation data s€his process was
repeated 100 times for each species in a bootstrapping process with randomly selected
training and evaluation data generated for each iteration

3. Five spatiapredictions of habitat suitability indeSlwere generatedor each
bootstrapped iteation. Rredictionsfor present day conditionaseddynamic variables
averaged between the years 2002 and 20R@dictionsfor future time periods were
based orgreenhouse gas concentration trajectorigsder two sharedgocioeconomic
pathways (SSPs, emission scenariwgh SSP2.5representing anoderate increase
in emissionsandSSPJ .0representing atsong increase in emissionsuture
predictions for each SSiere generatedor two future time periods mid-century
(2040¢ 2069) and end dthe century (2080; 2099). The only exception to this is for
the initial sponge case study undertaken previously by NIWA, where predictions were
made under SSP3 7.5 orifhe¥ dz{l dZNBS LINBRAOUA 2y a I NS KSNBI ¥
scenah 2 @h@filve predictions for eaadf the 100 bootstrappedterationswere

1 For severatlata-poor benthicinvertebrates repeatedrandom sampling with replacementas used insteadue to models fittingpoorly.
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averagel to generatemean BRT and RF predicto8patiallyexplicit uncertainty
(standard deviatiorof the HSI) was calculatédsed on bootstrapped data

4. Spatial predictions and associated uncertainty wgeeeratedfor NZ watergo a
maximum depth oR0O00m at 1 x km cell resolution. Due to the lack of accurate date
on substrate type for macroalgae, the predictiextentwasO2 Y FAY SR {2 (G KS W]
NEST KFIoAGFEGQ a RSTA GEShoypaays Rigu@R2). y I GA 2y I §
Thus, spatial predictions represent the suitability of habitat given the presence of
appropriate substrate typePredictions for marine mammals were generated for a
slightly wider area than the maximum 2060depth cutoff used for invertebrates and
fish, as there were some wedampled areas beyond this limit. Thus, we included a
buffer around the full extent of the occurrence data for marine mammals which was
added to the prediction extent defined by the @Dm depth contour.

5. Area under the curvéAUC) and True Skill Statistic (V&S generated for each
bootstrap iteration using the withéld evaluation data sefThese model evaluation
statistics were averaged for each species across the 100 bootstraps

6. The relative importance of the environmental variableseach model iteration was
calculatedusing built in approaches for the RiHlis et al. 20123nd BRTFriedman &
Meulman 2003models.Each relative importance score, for each model type was
scaled such that thesepresent the percentage contribution to the HSM for each
speciesPartial dependence plots were similarly generated at each model iteration for
each model typeising the functiorpartial in the R Packagedp (Greenwell 2024)

7. An ensembldENSprediction was generated for each of the five predictions for each
speciesgenerated usinghe weighted averagébased on model AUC score$the HS
predictionsand spatiallyexplicit uncertainty(SD) SeeStephenson et al. (2023ahd
Anderson et al. (20224)r the ensemble model formula&cores for the importance
of environmental variables and partial dependence plots were similarly averaged for
each species

8. Spatialcross validation was used as a fimaldel evaluation stejfor the ensemble
prediction.Species occurrence and target group background data was apportioned to
eightdiscrete zonesvithin NZ waterghat representedbioregionsdeveloped by
Stephenson et al. (2023d)UC and TSS scores were calculated for each zone
separately and thus thigpproach takes into consideration any spatial variability in the
performance of the model prediction
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Figure2-2:  Study areaNew Zealand Exclusive Economic Zone (blue shaded background), with outlines of
prediction extentausedfor the differenttaxa.
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2.4 Expert appraisal

Our framework for the development of expertformed HSMs adaptedn expertappraisal method
developed initially bystephenson et al. (2023&)r the development of the NZ Atlas of Seafloor
Biodiversityand utilised for additional biodiversity mapping projects It# government agencies
(Bennion et al. 2023; Bennion et al. 2024lb)addition to the review of the model inputs discussed
above, experts also appraised the key outputs from the H&®ghe importance of the

environmental drivers of distribution and the spatial predictions of species distribution. Experts were
provided with detailed instructions to guide their appraisal and a set of criteria by which to score
their knowledge of species elogy, the accuracy of occurrence data and the model outputs
(Appendix A

The evaluation of environmental drivensas used to determine how well the models approximated
expert€understanding of the environmental forces that shape species distribution and was based on

the relative importance scores generated tachensemble prediction. Scoring criteria ranged from

M OSYOBANRYYSyidlt RNAGSNA Of2aSteée YIGOKSR SELISNIa
(environmental drivers donotaichS ELISNII 4 Q dzy RSNEGF YRAY3I 2F &LISOAS:
used to identify wherehere may be issues with the model spatial predictions and can be used to
troubleshoot models with spurious prediction&gpendix A

Experts provided critical appraisal of the accuracy of spatial predictions for species piagent
distribution, based on the alignment between the prediction and exgarew of where the species
arecurrently distributed in NZ waters. Scoring criteria ranged fromelry accurate (predicted
distribution reflects expert view, >80&greemen} to 5- inaccurate (predicted distributiodoes not

match species experts view, <20% agreement). Due to the known difficulty in appraising the spatial
distribution ofa continuous variable (i.e., HEBantini et al. 2021 YollowingStephenson et al.
(2023althis appraisal was based orbanarisationof the presentday spatial prediction using a

threshold derived from the receiver operating characteristic (ROC) curve. This threshold determines
the HSI value that maximises the sensitivity (true positive rate) and sensitivity (true negative rate)
(i.e., max TS@nd allows each prediction to be classified into areas where a species has the greatest
probability of being presenMaxTSS isne of the most widely used and accurate thresholds for
binarisingpredictions from HSMégLiu et al. 2013)though see discussion for considerations around
thresholding approaches.

Predictions for the four future scenarios were not appraised uspegific scoring criteria due to the
fact that species future distributions are largelyknown andare subject to a range of conditions
that are likely outside of the knowledge base of speeigserts. For example, speciesperts cannot
be expected to have a detailed understanding of the biophysical changes experienced by marine
habitats throughout NZ waterand under the various climate change scenarios. However, it was still
considered elevantto provide experts with the opportunity to comment of future distributions and
thus a final experappraisal field was supplied that allowed experts to provide insight on these
future scenariosExpertswere asked to comment on how feasible the predictions seemjfathére
were certain locations/species where experts expected greater or reduced change in distrddution
patterns. It is expected that these comments will provide useful indgagHuture users of these
spatial layers and may encoufurther refinement of the predictions where necessary.
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2.5 Determining climate changenpacts on distribution

The impact of climate change on species distribution patterns was summarised using several

approaches that allow quantification and visualisation of how species occurrence may change under

the four future scenarios compared with their preseatay distributon. There are a range of

decisionpoints associated with these approaches (see secti@ with the foremost being

RSOAaA2ya | NRPdzyR K2¢ 060SadG G2 NBLINBaSyld WgKSNBQ |
continuous HSI (i.eto identify a threshold above which the species is likely to gcecur

A significant amount of research has focussed on reviewing thresholding approaches for determining
climate change impacts on distributighbiu et al. 2013; Muscatello et al. 2021; Hellegers et al.

2025a) with some studies arguing that thresholding results in a loss of information that undermines
accurate prediction® DdzA £ £ SNI ! NNRB A (i | S {Holvdvebsomethmgshbldidglisy G A y A
required to quantifyabsolute changem distribution and themost recent studies argue for the

calculation of multiple thresholds that can be adapted to suit the spatial planning needs of managers
(Hellegers et al. 2025Thusfollowing the approach dfliellegers et al. (2028ndusing the

ensemble model for each species, we calcufate datadriven thresholds and have made these

I dFAfFofS gAGK GKS O2yiAydz2dza LINBRAOGAZ2YyA 2F | {L
threshold of 0.75to represent areas of core (or important) habitat for each species following

Westmeijer et al. (2019); Stephenson et al. (2023b); Musimwa et al. (Z0R&)fixed threshold for

core habitat is used to approximate areas where habitat quality is high (i.e., not just where species

are likely to occur). In this study, the representation of the impacts of climate change on species
distributions utilised the fixed HSI threshold to quantify changes in distribgtiblowever, see

section4.3for discussion around caveats to this approach.

For each species groupdble2-1) we generated the following outputs

A Mapsshowing the distribution of core habitat (HSI > 0.75) for the presiaytand
alongside map$or the four future scenariofor each species.

A Graphical representation of the percent change in extent (iR)kohcore habitat
between the present day and the four future scenarios. This calculation summarises
the extent of range contraction/expansion for each specigse total area (in ki of a
species presentlay core area is overlaid upon these figures to indicate species with
more restricted presentlay distributionsivhichis an important consideration when
appraising vulnerability climate change.

A Graphical representation of the percent overlap betwegeasent day distributiosand
the four future scenarios. This calculation describes the degree to which prdagnt
core areas remain core areas under the future scenarios, which can be independent
from the percentage change in extent. For example, a species with predicted range
expansioni(e.,increase in core area extent) may show both High, expands from a
base that remains occupiedy low (i.e., full range shiftpverlap with existing core
habitat areas.

2 MaxTS$hresholds were usetb represent core habitafor the macroalgae HSMs given thistribution of HSI values in preseday and

future predictions meant tha large amount oinformation was being lost by applying the 0.75 HSI threshold (i.e., most HSI values were

<0.75 in spatial predictionsyhis artifact was also present in preseatay predictions developed by Stephenson e{2023)and it likely

Rdz8 (2 Of ALIWSR LINBRAOGAZ2ya {(4) KS FINDAGNINE WNRO1& NBSFTQ fF&S8NJ ocC
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A Calculation and mapping of potential refudg@lowing definitions by Zelli et a2025
including: 1)nternal refugiag areas of presentlay core habitat that remain core
habitat in the future, 2External refugia; areas of future core habitat that are not
considered core habitat in the preseday distribution(i.e., range expansiony)Areas
of range contractiorg areas of present day core habitat that are not considered core
habitat in the future. These calculations were based on the most extreme future
scenariog end of the century undeBSPF .0 (see sectia 4.2).

2.6 Considering impacts ofon-climate relatedstressors

Climatesmart MSP does not consider the impacts of climate change in isolation, and recognises the
importance of successfully managing existing-stimate related stressors for improving ecosystem
resilience(Queirds et al. 2021; Frazdo Santos et al. 20P4 Xhis end, using the outputs generated by

the HSMs described in this study, we demonstrate sraphlysis routines that can be used to

identify species witlheightenedvulnerability to climate change impacts, given their exposure to

existing stressors that may compromise resilience. These approaches form the basis of
recommendations to DOC for the future use of the outputs generated by this study. The analyses are
based on the overlap a&pecies predictedistribution with areasurrently impacted bytsessors,
whichlower their resilience to climatehangempacts| SNB = WO dzZNN&aasidredherk Y LI Ol SR
the intensity of particular stressors is sufficiently high to compromise the suitability of haftats

known as the stressenesponse footprint).

Thekeyinputs for the analyses are:

A Spatially explicit predictions of habitat suitability index for the species/group of
interest for the present day and under future scenarios

A Spatially explicit layers representing the intensity of stressors (or a proxy thereof) with
known impacts on the species/group.

A Information on species responses to the stressor that can be used to calculate a
Wa i NB & a2 N NB@Edwethala2b23FsFoothihtls ¥ Sp&tial representation
of the area over which the stressor is likely to negatively impact the species/group. See
section4.3for situations when this information is not available which may be the case
for poorly studiel species/groups.

The steps to this analysis include:

1. / NBIFGS | t£F28SNJI NBLINBaSyidAy3a GKS WwaiuNBaazN
spatially explicit stressor layer to represent areas where stressor intensity is likely to
have a negative impacin species. This involves determining a-otftvalue for
stressor intensity above which raster cell values are set to 1 and below which cell
values are set to O (i.ebjnarisation). The cuoff value should be determined based on
studies (e.qg., published literature) on species responses across a gradient sdistres
intensity.

2. Predictedspecies presentlay and future distributions layers should be bisad (e.g.,
08 (KS FAESR I {L GKNBakK2ftR F¥2N wO2NBQ RAAl

3. Intersect layers fobinary (B1) species presentlay and futurecoredistributions with
the stressor response laye8um the total area contained within the intersecting area

24 Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial plannin



and calculate the percentage of a species distribution that overlaps the stressor
response footprint. Species with higher overlap can be considered more vulnerable to
non-climate related stressors.

4. Undertake the same intersection analysis to calculate the percentage overlap of
refugiaand the stressor response footprint, which could include internal refugia,
external refugia or both.

5. Map the overlap of stressor response footprint and areas of importance for the species
(e.g., core areas/refugia) to provide a spatial representation of areas where
management intervention may be required to reduce existing stressors and build
climate redience.

We demonstrate the approach with two specigups with welknown impacts from nostlimate
related stressorsbiogenichabitat-formingbenthic invertebrates and threatened/at risk macroalgae.
For the invertebrates, we use a spatially explicit representation of the distribution and intensity of
bottom contact fishing, recently updated [Rowden et al. (2024)The stressor layer represents the
mean swept area ratio (MeanSARAN estimate of the ratio between uncontacted and contacted
(i.e., swept) seafloor habitat in eachxd kmgrid cell (Rowden et aR024). Many studies have
demonstrated the negative relationship between bottezantact fishing intensity and seafloor
biodiversity(Lambert et al. 2017)n this study, we used information generated®gnzaledrusta et

al. (2018Yxhat determined even relatively low levels of trawling intensity (SAR2) can have a
negative impact on the biomass of sensitive species, such as bidgdriiat-forming invertebrates.
Thus, we used a cutoff value of for MeanSAR of 0.2 to determine a stressor response layer for these
species.

For threatened/at risk macroalgae, the effect of suspended sediments and other particulate matter
on the attenuation of light ia significant stressofTait et al. 2021; Thoral et al. 2023here are few
studies demonstrating clear links between marine macroalgae and easily mapped footprints for
suspended particulates (e.g., remotely sensed data produgisiever recent work in NZasshown

that kelp forests belova critical light level ol..0 molm®? day* havecompromised ecological
resiliencethis is likely a useful threshold for the management of stressors affecting water clarity
(e.g., sedimentation(Tait 2019) Thus in this study, we use spatially exptioiian estimateof light
availability at the seafloor (EBE®hich considers both the depth of the seafloor, photosynthetically
active radiation at the surface and downwelling light attenuation (KPAR) that accounts for absorption
due to suspended particulate materi@horal et al. 2023)EBED values beld0 molm®? day** were
used as a cutoff for to characterise a generalised stressor response footprint for macroalgae using
and EBED layer at 250x 250m resolution(Stephenson et al. 2022a)
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future species distribution, we compared the results generated by this study (i.e., using the-expert

informed framework) with those generated By\nderson (2022)The outputs of each stly were

compared at the level of individual specfes three taxonomic groups (fish, sponges, and kelps)

using tvo approaches

A For each species and for each study, we calculated the percentage change in aerial
extent (in kn?) of core areas (HSI > 0.75) between predictions for the present day and
for 2090under SSPZ.0. The percentage change in core area calculated from each
study was plotted by species to visualise the variation in this key metric used to
demonstrate vulnerability to climate change between the studies. The total area of
presentday core habitat for each species, by study, was plotted alongside this to
determine if any of the variabilithetween studies stemmed from predictions for the
present day.

A The distribution of core habitat (HSI > 0.75) for each species at the end of the century
and underSSPZF.0was mapped for each speci@sppendix B with colour coding
used to indicate where the predictions from both studies agreed (overlapping core
area), or where core area was predicted from a single study only.

Together, these two approaches provide useful information on the compatibility of the approaches
and may shed light on the utility of usiag automated approach for forecasting species future
distributions.
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3.1 Species distribution under climate change scenarios

The following sections summarise thatputs of HSMs to predict species future distribution and to
characterise species vulnerability to climate chariggch section contains the key outputs listed in
Section2.3and a summary of the key results for each species groaplé3-1).

Maps for the spatial distribution of species for the present day and for the four future scenarios are
provided in each section. However, it was not possible to generate largergsghution maps for

the 70+ species covered in this study which would enable detailed visualisation sthtechanges

in distribution.To provide users with the opportunity faterrogatethese results at fine scalspatial
layersfor the distribution of each species for the present day and the four future scenarios have
0SSy dzLX 2 | R&iReDatePortarand@m@ available for viewing and download.

3.1.1 Coastal fish

HSMs for coastal fish all performed well, with AUC score above 0.9 and TSS scores above 0.6 for all
speciexA Y RAOF Ay 3 WSEOSt TéhINNThy $héciBs with e NalwestNY | y OS 6
performance was red cod (me&8RTAUC = 0.87) and the highest performing model was generated

for snapper (meaRFAUC = 0.988). Standard deviation around the model fit metrics was uniformly

low for each HSM indicating consistent high model performa8patial cross validation scores for

the ensemble prediction indicated model performance was generally high across all bioregions

where a speciewasfound. Modelsfor some species (e.g., gurnard, pilchard, red cod) showed

variability in predictive performance across bioregions, howelecrossvalidation scores (AUC)

were above thresholds for adequate performance (AUC > 0.7).

Table3-1:  Model evaluation- coastal fish. Summary of model performance for HSMs used to predict
future distribution of coastal fish. Mean AUC/TSS scores along with their standard deviation were generated
across the 100 bootstrap iterations for each species and for each BRT and RFSpatial.cross validation
scores (minimum and maximum AUC across bioregions) for the ensemble prediction are also pAlided.

0.7 and TSS > 0.6 indicate good predictive performance

Species RF AUC (SD) RF TSS (SD) BRT AUC (SD) BRT TSS (SD) ENS spatial CV
(AUC min/max)
Blue cod 0.975 (0.003) 0.837 (0.012) 0.971 (0.003) 0.827(0.012) 0.97/0.99
Gurnard 0.959 (0.003) 0.813 (0.008) 0.95 (0.004) 0.807 (0.008) 0.805/0.997
Kahawai 0.944 (0.009) 0.801 (0.022) 0.942 (0.009) 0.792 (0.022) 0.899/0.999
Kingfish 0.935 (0.012) 0.769 (0.031) 0.93 (0.013) 0.774 (0.03) 0.949/0.943
Pilchard 0.954 (0.012) 0.826 (0.035) 0.952 (0.013) 0.825 (0.032) 0.779/0.947
Red cod 0.891 (0.004) 0.629 (0.009) 0.877 (0.005) 0.616 (0.012) 0.751/0.936
Snapper 0.988 (0.002) 0.911 (0.007) 0.987 (0.002) 0.91 (0.007) 0.911/0.988
Tarakihi 0.914(0.004) 0.699(0.01) 0.896(0.006) 0.681(0.011) 0.8190.983

8 https://doc-marine-data-deptconservation.hub.arcgis.com/
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Expert appraisal for coastal fish provided useful insight into the accuracy of the inputs and outputs of
the HSMs for coastal figfiable3-2). Experts ranked their own knowledgeaesy high (1, for
snapper), low (4, for pilchard) and moderate (3) for all other species.

The accuracy of the species occurrence data was accurate (2) or very actyfatell species

except hapuku (somewhat accurate, 3). The exgpleatd difficultyin appraising the environmental

drivers of the HSMs for three speci&alfawai kingfish,pilchard) given their lower knowledge base

for these species. The contribution of the environmental variables to the HSMs were listed as
WE2YS6KEG | OOdzNI G S excepibie cobd®aNd rédicdixperis FudNdpeciedS OA S a
presentday distributioni 2 6S W@GHSNE | OOdzNF 6SQ om0  ARopndixIBO O dzNI (i S
for the full expert review including commentary of the future predictions.

Table3-2:  Expert appraisat coastal fish. Summary of expert appraisal of the inputs (occurrence records)
and outputs (environmental drivers, preseday distribution) of HSMs for coastal fish. Scores range for 1
(highest) to 5 (lowest) seeAppendix Aor scoring criteria and\ppendix Bor the full review including
commentary on future predictiong:or some species, experts were unable to provide accurate appraisal of the
environmental drivers-{.

Species Assessment of experi Accuracy of occurrenc Environmental drivers Accuracy of predicted

knowledge records presentday

distribution
Blue cod 3 2 2 2
Gurnard 3 1 3 1
Kahawai 3 2 2
Kingfish 3 1 1
Pilchard 4 1 2
Red cod 3 1 2 2
Snappe 1 1 3 1
Tarakihi 3 1 3 1

Across all coastal fish, twenty environmental variables contributed to the HSMs, including six

WF 2 NB Ol & lvariabf®eri®ed fydm 1ha NZ ESM4dble3-3). Howeverfor any given

species, between eight and twelve noaorrelated variables were used to predict distribution. The
environmental variables contributing to each species HSM varied across species, but there were
consistently high contributions (between 3%&nd 52.5% importance) from bathymetry for all

species except snapper. Seawater temperature at the seafloor (Bottom_Temp) was highly correlated
with bathymetry but was a better predictor of snapper distribution and thus was retained in the
shapper model oly, contributing 61.3%. Along with Bottom_Temp (for snapper), sea surface
temperature (SST) was typically the most important forecastdiBMderived) variable indicating

SST is responsible for most changes in fulistedistribution. However, otheESMderived variable

also made meaningful contributions for some species including vertically integrated productivity
(TPP3), mixed layer depth (MLD) and temperature residual (TempRes) for snapper and measures of
current velocity at the surface (Velo_surface) or at the seaf{velo_bottom) Horizontal gradient in

SST made small contributions to pelagic speaigsdingkahawai, kingfish and pilchard. Static (ron
ESM) variables of importance including swell exposure at the seafloor (BedDist), turbiddy3BBP

and slope of the seafloor (Slope).
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There were substantial differences amadngth coastabnddeepwaterfish species with respect to
changes in distribution between the present day and four future scenakmexpected, changes in

both percent change and overlap in core habitat were more pronounced for the most extreme future
scenario 2090under SSPJ.0) compared to 2050 unde3SP2.5 (Figure3-1). A contraction in the

extent of core habitat was predicted for ten species, with the largest contractions exhibited under
the most extreme future scenari@@90under SSPZF.0). Blue codhake hapukuand southern blue
whiting exhibited the largest decrease in core habitat under all future scenarios (between 35 and
55% reduction undeSPJ.0). Along with bluenose, blue cod and hapuku occupy a relatively small
extent of core habitat, and thus these species may be particularly vulnerable to climate change
impacts. Five species were predicted to increase the extent of core habitat, with gurnard, kingfish
and snapper exhibiting the greatest increases (up&p42 and 27% under SSR&pectively). The

spatial overlap of core habitat largely mirrored changes in extent, with reduced overlap for those
species showing larger decreases in extent. However, for species predicted to experience an increase
in core habitatssome species (e.g., snapper) retained relatively high (~80%) overlap in core areas,
while others (e.g., kingfish) had less overlap (~60%).
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Table3-3:  Environmental variable importance coastal fish. Relative importance scores (RIS) for the
twenty predictor variables retained for the development of habitat suitability models for coastal. The values
represent the percentage contribution of each predictor to the ensemble model prediction for each species.
Variables available to forecast future conditions (ESM variables) are nédeidble names and abbreviations
are listed inTable2-2. Green shading is used tlistinguish the variable with the highest contribution (dark
green) and the lowest contribution (white), with colour between the highest and lowest contributions being
established based on linear interpolation based on the relative position of a variatieén the highest and
lowest contributor.

ESM BCO GUR KAH KIN PIL RCO SNA TAR
variable

Bathy 43.10 45.18 44.26 31.80 38.90 42.09 0.00 52.50
BedDist 7.53 19.74 9.54 12.84 7.52 7.69 6.98 12.13
Bottom_Temp \ 0.00 0.00 0.00 0.00 0.00 0.00 61.34 0.00
BPI_broad 0.00 0.00 0.00 0.00 0.00 3.62 0.00 0.00
BPI_fine 1.64 0.00 0.00 1.98 0.00 2.98 1.23 271
Chta.Grad 0.00 0.00 5.19 4.45 4.78 0.00 0.00 0.00
Ebed 0.00 9.91 0.00 0.00 0.00 0.00 0.00 0.00
Gravel 5.67 0.00 0.00 0.00 0.00 4.32 0.00 3.59
MLD 0.00 0.00 0.00 0.00 0.00 0.00 4.34 0.00
Mud 2.60 2.64 0.00 0.00 0.00 5.22 0.00 0.00
Rough 4.90 7.48 0.00 0.00 0.00 0.00 0.00 0.00
Slope 0.00 0.00 0.00 3.74 4.43 5.26 3.05 5.92
SST \% 9.40 5.92 14.21 27.39 19.51 5.10 0.00 5.42
SSTGrad 0.00 0.00 2.30 2.38 2.54 0.00 0.00 0.00
TC 3.31 0.00 0.00 191 0.00 0.00 1.19 0.00
TempRes \% 4.48 0.00 0.00 0.00 0.00 6.20 13.07 0.00
TPP3 \% 5.94 5.75 3.71 3.07 5.46 6.84 4.25 5.58
Velo_bottom \% 4.32 3.38 0.00 0.00 0.00 4.63 1.15 4.24
Velo_surface \% 0.00 0.00 3.55 4.06 3.76 0.00 0.00 0.00
BBP443 7.09 0.00 17.25 6.39 13.11 6.05 3.39 7.89
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Figure3-1: Change in core habitatall fish. Graphical representation of the spatial overlap (bottom) and
percentage change (top) in the extent of core habitat (HSI > 0.75) between the present day and the four future
scenarios. The total extent of core habitat for the present day is overlaid on the top panel to indicate species

with more restricted presentlayrange. Species codes are blue cod (BCO), bluenose (BNS), gurnard (GUR),
hapuku (HAP), hoki (HOK), kahawai (KAH), kingfish (KIN), ling (LIN), orange roughy (ORH), pilchard (PIL), red cod
(RCQ)southern blue whiting (SBW), snapper (SNA) and tarakihi (TAH).
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Spatial predictions of the distribution of core habitat for the present day and under future climate
scenarios revealed some significant changes for some coastérl éible3-2). Core habitat for blue

cod was predicted to contract to the south and sowidist of the South Island/Rakiura in all future
scenariosKigure3-2). The extent of core habitat for kahawai was predicted to expand, particularly in
the offshore extent in the South Island and contract in the North Island. Core habitat for kingfish was
predicted to increase significantly in the South Island and in the @hditlandsunder all future
scenarios and a similar effect was predicted for pilchard. Snapper was predicted to have increased
extent of core habitat in the north and west of the South Island and core habitat for red cod was
predicted to decrease on the east coastloé North Island and to beconpatchieraround the South
Island Figure3-2).

The distribution of potential refugia for coastal fish shows areas that will remain (internal refugia)

and may become (external refugiange expansiopimportant for each species under the most

extreme future scenario (209)SSP3) and provides visualisation of areas where species may
experience range contractio®napper, kingfish and pilchard all show broad areas of external refugia
in the South Island that is representative of range expansion of these more northern spasies.
identified inFigure3-4, core habitat for blue cod is predicted to contract from most areas under SSP3
by 2090, with the remaining internal refugia being present in the south of the South Island and
around Stewart Islandlue cod show limitedxternal refugia apart from a narrow band of habitat

south of Stewart Island. Gurnard exhibit broad areas of internal refugia with some range contraction
in the southeast of the South Island and external refugia off Taranaki and the west coast of the
Souh Island. Internal refugia for pilchard, kingfish and kahawai are located mostly in the North Island
with external refugia in the South, with kahawai exhibiting range contraction in the northern North
Island. Tarakihi are predicted &xperience range contraction in Tasman/Golden Bay and in discrete
areas around the both the North and South Islands with external refugia mainly in the south of the
South Island and on the Chatham Rise. Snapper showed limited range contraction throcmyeout
habitat, while red cod experienced contraction throughout both the North and South Island with key
internal refugia being located on the Chatham Rise, west coast of the South Island, Canterbury Bight
and around the su\ntarctic Islands.
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Figure3-2:  Core habitat distribution- coastal fish. The predicted distribution of core habitat (HSI > 0.75)

for coastal fish species for the present day (left) and four future scenarioscenitliry (2050) and endf

century (2090) under SSP2 and SSP3 emissions scenarios. Species are blue cod (BCO), gurnard (GUR), kahawai
(KAH), kingfish (KIN), pilchard (Plhgapper (SNA), red cod (RCO), tarakihi (TAR). Figure continued on next

page.
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Figure3-3: Core habitat distribution- coastal fish (cont.). The predicted distribution of core habitat (HSI >

0.75) for coastal fish species for the present day (left) and four future scenariosemidry (2050) and endf

century (2090) under SSP2 and SSP3 emissions scenarios. Species are blue cod (BCO), gurnard (GUR), kahawai
(KAH), kingfish (KIN), pilchard(R snapper (SNA), red cod (RCO), tarakihi (TAR).
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Figure3-4: Potential refugia (SSP3)oastal fish. The distribution of two types of potential climate refugia

for coastal fish. Internal refugia are areas considered core habitat (HSI > 0.75) in both present day and the most
extreme future scenario2090 SSPZ.0). External refugidi.e., range expansiomye areas considered core

habitat in the future but not for the present day. Areas showing range contradtimsent day core habitat

that is not considered core habitat in the futyrare also shown. Species are blue cod (BCO), gurnard (GUR),
kahawai (KAH), kingfish (KIN), pilchard (PIL), snapper (SNA), red cocifRE&egkihi (TAR).
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3.1.2 Deepwater fish

HSMs fodeepwaterfish all performed well, with AUC score above 0.9 and TSS scores above 0.6 for

all species (excepthakeh Yy RA OF G Ay 3 WSE OSt Tablg8d)rheyspeRi&s fwithlth® NJF 2 NJY |
lowest performance was hake (mean BRT AUC64@u&d the highest performing model was

generated for orange roughy (mean RF AUC 82 ®ith all AUC values well above the standard for
acceptable performance (AUC = 0.7). Standard deviation around the model fit metrics was uniformly
low for each HSM indicating consistent high model performaB8patial cross validation scores for

the ensemble predictionindicated model performance was high across all bioregions where a

species is found, with some variabil#ggnongbioregions for hake, hokand hapuku.

Table3-4:

Model evaluation- deepwater fish. Summary of model performance for HSMs used to predict
future distribution of coastal fish. Mean AUC/TSS scores along with their standard deviation were generated

across the 100 bootstrap iterations for each species and for each BRT and RFSpatial.cross validation
scores (minimum and maximum AUC across bioregions) for the ensemble presiactaaiso providedUC >
0.7 and TSS > 0.6 indicate good predictive performance.

Species

RF AUC (SD)

RF TSS (SD)

BRT AUC (SD)

BRT TSS (SD)

ENS spatial CV
(AUC min/max)

Bluenose

Hake

Hapuku

Hoki

Ling

Orange roughy

Southern blue
whiting

0.923 (0.011)
0.873 (0.004)
0.927 (0.006)
0.931 (0.002)
0.915 (0.002)
0.992 (0.001)
0.984 (0.002)

0.736 (0.023)
0.597 (0.009)
0.723 (0.016)
0.71 (0.005)
0.672 (0.005)
0.933 (0.004)
0.884 (0.011)

0.917 (0.01)
0.864 (0.005)
0.922 (0.006)
0.931 (0.002)
0.914 (0.002)
0.99 (0.001)
0.981 (0.003)

0.727 (0.026)
0.59 (0.01)
0.709 (0.016)
0.715 (0.005)
0.671 (0.007)
0.933 (0.004)
0.871 (0.011)

0.921/0.956
0.872/0.965
0.923/0.999
0.870/0.949
0.928/0.987
0.991/0.994
0.982/0.988

Expert appraisal for deepwater fish provided useful insight into the accuracy of the inputs and

outputs of the HSMs for thesspecieqTable3-5). Experts ranketheir own knowledge as high (2), for
all species except bluenose and hake for which experts considered they had a moderate (3) level of
knowledge. The accuracy of the species occurrence data was very accurate (1) or accurate (2) for all

species except orae roughy (somewhat accurate, 3). The contribution of the environmental
Wl OO0dzNJ G S
for ling and southern blue whiting and somewhat accurate (3) for orange ro&giperts found
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Table3-5: Expert appraisat deepwater fish. Summary of expert appraisal of the inputs (occurrence
records) and outputs (environmental drivers, preselaly distribution) of HSMs for deepwater fish. Scores
range for 1 (highest) to 5 (lowestyeeAppendix Aor scoring criteria and Appendix B for the full review
including commentary on future predictions.

Species Assessment of expert Accuracy of occurrenc Environmental drivers Accuracy of predicted

knowledge records presentday

distribution
Bluenose 3 1 2 1
Hake 3 2 2 2
Hapuku 3 3 3 2
Hoki 2 1 2 1
Ling 2 1 1 1
Orange roughy 2 3 3 1
Southern blue whiting 2 1 1 1

Across all deepwater fiskixteenenvironmental variables contributed to the HSMs, including five
WF2NB Ol &40 of Ss@erived fyom ha NY ESWaNgs-6).dHbv&verfor any given species,
betweennine andthirteen non-correlated variables were used to predict distribution. The
environmental variables contributing to each species HSM varied across species, but there were
consistently high contributions (between 30.53 and 67.15% importance) from bathymetry for all
species except bluenose and southern blue whiting. Seawater temperature at the seafloor
(Bottom_Temp) was highly correlated with bathymetry but was a better predictor of distribution for
these two species and thus was retained for these n®dealy, contributing 35.20% and 10.69%
respectively. Along with Bottom_Temg@range of otheforecastable (ESM derived) variableere
important, with SST being the most important for hapuku and ling, MLD for duakexygen
concentration at the seafloor (OXY_bottomaking important contributions torange roughy
bluenose and hake. Vertically integrated productivity (TPP3) was the most important predictor for
southern blue whiting and made moderate contributions to most other speciegddition to
bathymetry, other static variables that ranked highly for some species included metrics for terrain
complexity (BPI), light at the seafloor (EBED) and slope (for bluenose only).
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Table3-6:  Environmental importance deepwater fish. Relative importance scores (RIS) for ¢irdeen
predictor variables retained for the development of habitat suitability models for deepwater fish. The values
represent the percentage contribution of each predictor to the ensemble model prediction for each species.
Variables available to forecast futucenditions (ESM variables) are noted. Variable names and abbreviations
are listed inTable2-2. Green shading is used to distinguish the variable with the highest contribution (dark
green) and the lowest contribution (white), with colour between the highest and lowest contributions being
established based on linear interpolation based on the redgtigsition of a variable between the highest and
lowest contributor.

ESM BNS HAK HAP HOK LIN ORH SBW
variable

Bathy 0.00 30.53 52.37 50.93 40.84 67.15 0.00
Bottom_Temp \Y 35.20 0.00 0.00 0.00 0.00 0.00 10.69
BPI_broad 4.13 9.62 0.00 5.22 4.67 1.70 1.75
BPI_fine 3.64 6.75 3.30 4.19 4.02 0.91 1.97
Ebed 11.44 3.63 0.00 5.67 10.90 0.00 0.00
Gravel 2.31 0.00 3.76 0.00 0.00 1.96 0.00
MLD \ 5.18 13.18 0.00 6.63 6.89 0.00 9.17
Mud 0.00 0.00 3.86 0.00 0.00 1.78 0.00
OXY_bottom \ 10.18 8.78 0.00 6.49 6.38 9.72 6.22
Sand 2.88 0.00 0.00 0.00 0.00 0.00 0.00
Slope 11.52 0.00 3.76 0.00 0.00 3.10 0.00
SST \ 0.00 0.00 17.44 6.03 8.28 3.79 0.00
TC 0.00 0.00 5.46 0.00 0.00 0.00 0.00
TempRes \Y 5.03 10.82 0.00 5.45 7.68 2.20 20.10
TPP3 \Y 4.39 9.39 6.59 5.57 6.07 6.44 48.50
Velo_bottom \% 4.10 7.30 3.46 3.83 4.27 1.24 1.59

Spatial predictions of the distribution of core habitat for the present day and under future climate
scenarios revealed changes for sodeepwater fish Figure3-5). Preserniday core habitat for

bluenose was predicted to occur in shbteak habitat throughout NZ waters north of Stewart Island
and this remained consistent in future scenarios except for deceaaf§éhe Otago coast and on the
Challenger Plateau. Core habitat for hapuku was predicted to undergo the most significant change of
the deepwater species, with a strong contraction to areas in the south of the South Island and the
sub-Antarctic. The distbution of core habitat also contracted for hoki and ling under all future
scenarios, with key habitat being lost around the North Island and of the west coast of the South
Island in the most extreme future scenario (208@Wer SSPF.0). Similarly, orangeoughy core

habitat around the North Island was significantly reduced in each future scenario along with areas of
the southeast coast of the South Island. Southern blue whiting was predicted to experience a
reduction and fragmentation of core swintarctic habitat with increasing severity of future

scenarios.
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Potential refugia and areas of range contraction of core habitat for deepwater fish were broadly
distributed in NZ watergHgure3-7). Internal refugia for bluenose occurred in deeper shelf break
habitat around the North Island and northern slopes of the Chatham Rise, with some external refugia
on the southern Chatham Rise and somtbst of Stewart Island. Ftiake, internal refugia were
interspersed with areas of range contraction on the Chatham Rise and on the Cambell Plateau.
Hapuku exhibited significant range contraction of core habitat with remaining internal refugia on in
the southeast of the South Island and some external refugia around Auckland and Bounty Islands
and the Pukaki Rise. Internal refugia for ling and hokiwedbroadly on the Chatham Rise and
Campbell Plateau, with range contractions exhibited around the North Island an off the wesbtoast
the South Island. Orange roughy showed similar range contraction around the North Island and had
internal refugia on the slopes of the Chatham Rise and Campbell Plateau and the southern Challenger
Plateau. Fragmented internal refugia were evident fauthern blue whiting within their existing

core habitat on the Campbell Platedtidqure3-7).
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Figure3-5:

Core habitat distribution- deepwater fish. The predicted distribution of core habitat (HSI >

0.75) for deepwater fish species for the present day (left) and four future scenariosemidry (2050) and
end-of century 2090 under SSP2 and SSP3 emissions scenarios. Spedieeeanse(BNS, hake(HAK,
hapuku(HAB, hoki (HOR, Ling(LIN, orange roughfORH, and southern blue whitingSBW. Figure continued

onthe next page.
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Figure3-6: Core habitat distribution- deepwater fish (cont.). The predicted distribution of core habitat
(HSI > 0.75) for deepwater fish species for the present day (left) and four future scenaria@gntuid/ (2050)
and endof century (2090) under SSP2 and SSP3 emissions scenarios. Species are bluenose (BNS), hake (HAK),

hapuku (HAP), hoki (HOK), Ling (Lédgnge roughy (ORH), and southern blue whiting (SBW).
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Figure3-7:  Potential refugia (SSP3)eepwater fish. The distribution of two types of potential climate

refugia for coastal fish. Internal refugia are areas considered core habitat (HSI > 0.75) in both present day and
the most extreme future scenari@@90 underSSPJ.0), external refugidi.e., range expansiom@re areas
considered core habitat in the future but not for the present day. Areas showing range contrfuésent

day core habitat that is not considered core habitat in the fujaee also shownSpecies are bluenose (BNS),
hake (HAK), hapuk(HAP), hoki (HOK), Ling (LIN), orange roughy (ORH) and southern blue whiting (SBW)
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3.1.3 Benthic invertebrates Biogenichabitat-formingtaxa

HSMs fobiogenic invertebratespecies all performethoderatelywell, with AUC scosmabove 08

and TSS scores above 0.6 for most spegies’ R A Qybodkh yYR RIS €

LISaan Favma3k7y O S

The species with the lowest performance WasCelleporingmean BRT AUC #682) and the
highest performing model was generated fearagorgia(mean RF AUC =9865) with amostall AUC
values well above the standard for acceptable performance (AUC apaf)for the mean BRT AUC
for CelleporinaStandard deviation around the model fit metrics was lownfimst HSM indicating
consistent model performancélodel performance for some of the HSKisctuated by>~0.1SD for
example the models forCinctipora eleganand Crella incrustanéTable3-7). Spatial cross validation
scores for the ensemble prediction indicated model performance was generally high across all
bioregions nostmin AUC>0.7) where each givetaxon isfound (or where enough occurrence

records were availabl® calculatethe AUCmetric).

Table3-7:

Model evaluationg biogenichabitat-forming taxa. Summary of model performance for HSMs

used to predict future distributiomf biogenichabitat-formingtaxa Mean AUC/TSS scores along with their
standard deviation were generated across the 100 bootstrap iterations for each species and for each BRT and
RF model. Spatial cross validation scores (minimum and maximum AUC across bioregions) for the ensemble
predidion are also provided. AUC > 0.7 and TSS > 0.6 indicate good predictive performance.

Taxa RF AUC (SD) RF TSS (SD) BRT AUC (SD) BRT TSS (SD) ENS spatial CV
(AUC min/maxj
Atrina 0.900(0.048) 0.730(0.097) 0.892(0.052) 0.717 (0.097) 0.727/0.952
Callyspongiapp. 0.770 (0.063) 0.501 (0.103) 0.716 (0.082) 0.418 (0.119) 0.727/0973
Celleporinaspp. 0.713 (0.086) 0.454 (0.122) 0.682 (0.089) 0.411 (0.133) 0.817/0.923
Cinctipora elegans ~ 0.883 (0.092) 0.766(0.151) 0.860(0.105) 0.731 (0.16) 0.921/0.944
Crella incrustans 0.847 (0.092) 0.682 (0.152) 0.812 (0.098) 0.629 (0.157) 0.875/1000
Dactyliaspp. 0.871 (0.059) 0.684 (0.113) 0.819 (0.072) 0.603 (0.129) 0.832/0929
Horneraspp. 0.765 (0.085) 0.513(0.136) 0.710 (0.093) 0.436 (0.134) 0.780/0.948
lophonspp. 0.825 (0.061) 0.603 (0.114) 0.816 (0.061) 0.580(0.106) 0.704/0.904
Jasus edwardsii 0.963 (0.002) 0.829 (0.008) 0.940 (0.002) 0.759 (0.008) 0.919/0.962
Keratoisididaespp. ~ 0.891(0.033) 0.676 (0.067) 0.886 (0.038) 0.683 (0.073) 0.595/0.915
Ostreaspp. 0.873 (0.046) 0.663 (0.086) 0.859 (0.049) 0.648 (0.086) 0.813/1.00
Paragorgiaspp. 0.955 (0.037) 0.854 (0.093) 0.927 (0.061) 0.809 (0.112) 0.925/0.982
Tucetonaspp. 0.831(0.046) 0.576 (0.082) 0.815 (0.051) 0.560 (0.089) 0.768/0.922

4 Jasus edwardsivasincluded within the groufpenthic invertebrate biogenic habitdbrming taxa. Though not a biogenic

habitat former, the same biological occurrence datasets were used to develbpahof HSMsAs(i KS 2 y f &

20KSNJ wo S

AY @SNI So NI S Qspécicdthiisiscyion was derhdd tficdnost appropriate location to report refsulthis

HSM
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Expert appraisal fdsiogenichabitat-formingtaxaprovided useful insight into the accuracy of the

inputs and outputs of the HSM$able3-8). Experts ranked their own knowledge as very high (1, for

sponges and bryozoajdow (45, for Tucetonaand Ostreg, good (2 for Keratoisididaeand

Paragorgid and moderate (3) foAtrina. The accuracy of the species occurrence data was accurate

(2) or very accurate (1) for all species exdéatagorgia(somewhat accurate, 3). The contribution of

0KS SY@ANRYYSyYyGlrt @GFNAIFOofSa G2 GKS mos{spefiess SNBE f A &
while for molluscs th& NA S NE 6 SNB  ABxpeBsRound pedies Dedatayl S 6 H U Q
RAAGNRAOdziAZ2Y (G2 0S WO@SNE bibgénioramitht-iording taxafTable3-8)) Wi O O dzN
SeeAppendix Bor the full expert review including commentary of the future predictions.

Table3-8:  Expert appraisat biogenichabitat-formingtaxa. Summary of expert appraisal of the inputs
(occurrence records) and outputs (environmental drivers, preskayt distribution) of HSMs fdaiogenic
habitat-forming taxa Scores range for 1 (highest) to 5 (lowest@eAppendix Aor scoring criteria and
Appendix Bor the full review including commentary on future predictions.

Taxa Assessment of experl Accuracy of occurrence Environmental Accuracy of predicted

knowledge records drivers presentday distribution
Atrina 3 2 2 2
Callyspongia 1-2 1 4 3
Celleporina 1 2 3 2
Cinctipora elegans 1 2 3 2
Crella incrustans 1-2 2-3 34 3
Dactylia 1-2 2-3 2 2
Hornera 1 2 3 2
lophon 1-2 2-3 34 3
Jasus edwardsii 2 2 2 2
Keratoisididae 2 2 3 1
Ostrea 5 2 2 2
Paragorgia 2 3 3 2
Tucetona 4 2 2 2

Across all biogenitabitat-formingtaxa, twentythree environmental variables contributed to the

HSMs, including twelve dynamic variables derived from the NZ E&Ne8-9). For any given

species, between nine and eleven noorrelated variables were used to generate HSM predictions.
The environmental variables contributing to each species HSM varied across species, but there were
consistently moderaténigh contributions from OXY bottom (thom oxygen concentration) for all

species. Two other environmental variables were included in for all HEMS (percent mud) and

@St2 o02002Y o606FUSN) @St 20A0G8 | G G KBottan®kyGeh 22 ND = 6 A
concentration (OXY bottom), datmetry and swell exposure at the seafloor (BedDist) were some of
the most important variables for each HSM. Bottom oxygen represents the most important
forecastable (ESMerived) variable across taxa, indicating it is responsible for most changes in future
distribution. However, otheESMderived variables also made meaningful contributions for some

taxa including bottom pH fohtrina, bottom nitrate concentrationDIN bottom) for Callyspongia

sea surface radiatioMED QSR) f@inctiporaelegansand omega calcite at the seaflod©OM CAL

bottom) for Celleporina
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Table3-9:  Environmental importance; biogenichabitat-forming taxa. Relative importance scores (RIS)

for the twenty-three predictor variablesisedfor the development of habitat suitability models fbiogenic
habitat-formingtaxa The values represent the percentage contribution of each predictor to the ensemble
model prediction for each species. Variables available to forecast future conditions (ESM variables) are noted.
Variable names and abbreviations are listed @ble2-2. Green shading is used to distinguish the variable with
the highest contribution (dark green) and the lowest contribution (white), with colour between the highest and
lowest contributions being established based on linear interpolation based on the eefatsition of a variable
between the highest and lowest contributor.

2
g £ 7.
© & 5 e @
2 < < 5 s 3 S
@) = ©
o o 8 £ © o @ 2 5 c
© @ a £ d = ) s 0 S o > 2
ESM = ¥ T £ © § 5 & 2 § B & S
variable < @) O O O 0 T o - X @] o [
Bathy 0.00 0.00 0.00 0.0021.86 0.00 0.00 0.00 0.00 {48.04 22.35 37.29 11.00

BedDist 3.96 8.31 0.00 0.00 10.59/24.37 0.00 |22.76 39.46 0.00 3.75 0.00 [23.59

BEN_SI \Y 0.00 0.00 0.00 0.00 0.00 6.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Bottom_pH \ 20.87 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.44 851 12.82 14.33
Bottom_Salt \ 399 893 0.00 0.00 829 7.07 0.00 14.26 16.39 7.47 7.12 4.90 0.00
Bottom_Temp \Y 15.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BPI_fine 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 14.51 0.00 0.00 0.00 0.00
CHL_MLD 1445 6.68 7.40 0.00 758 0.00 6.46 4.61 0.00 0.00 18.11 0.00 4.45
ChlAGrad 0.00 0.00 ' 13.13 6.47 0.00 0.00 7.27 0.00 0.00 0.00 0.00 0.00 0.00
DIN_bottom \Y 0.00 [25.70 0.00 0.00 0.00 16.45 0.00 12.52 0.00 0.00 0.00 0.00 0.00
Gravel 481 0.00 8.70 8.83 0.00 0.0017.90 0.00 0.00 0.00 3.00 0.00 7.54
MED_QSR \ 0.00 5.67 7.29 |20.77 6.13 5.48 825 842 0.00 0.00 0.00 0.00 0.00
MLD \ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.56 0.00 4.46
Mud 482 756 7.44 6.66 10.46 4.98 13.90 9.13 0.00 4.79 3.05 4.54 6.45
OM_CAL_bottom \ 0.00 0.00 '19.99 10.39 0.00 0.00 8.49 0.00 0.00 0.00 0.00 0.00 0.00
OXY_bottom \ 25.13 8.15 11.77 18.20 10.15 6.64 9.51 6.40 8.00 8.88 19.12 542 7.68
PB555nm 0.00 [12.73 598 5.63 8.96 1530 7.27 9.25 3.95 0.00 0.00 0.00 0.00
Roughness 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6.25 6.56 0.00 4.51 0.00
Slope 0.00 7.43 0.00 0.00 7.01 6.52 0.00 4.73 0.00 0.00 0.00 0.00 0.00
SST \Y 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.46 0.00 8.36 8.46
TC 3.13 0.00 11.50 11.33 0.00 0.00 10.01 0.00 0.00 0.00 3.21 0.00 5.77
TPP3_surface \ 0.00 0.00 0.00 6.65 0.00 0.00 0.00 0.00 3.64 7.89 0.00 17.87 0.00
Velo_bottom \ 3.47 8.83 6.82 506 896 6.84 10.95 791 7.79 4.47 421 429 6.25
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Figure3-8: Change in core habitat biogenichabitat-forming taxa. Graphical representation of the spatial
overlap (bottom) and percentage change (top) in the extent of core habitat (HSI > 0.75) between the present
day and the four future scenarios. The total extent of core habitat for the present day is overlaid on the top
panel to indicate species with moresgtricted presenday range.
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There were substantial differences among biogdrabitat-formingtaxa interms ofchanges in
distribution between the present day and four future scenarios. Changes inpeotient chang in
extentand overlap in core habitat were more pronounced for the most extreme future scenario
(2090under SSP&.0) compared to 2050 unde3SP2.5 (Figure3-8), formosttaxa. A contraction in
the extent of core habitat was predicted for all taxa, with one exception in the 3¥e%.0
scenario folophon(Figure3-8). CelleporinaCinctipora elegan$diornera Atrinaand Tucetona
exhibited the largest decrease in core habitat under all future scendreis/éen 560100% reduction
under SSPZ.0for 2090). Mosttaxa occupy aelatively smaltore habitatextent, butAtrinaand
Tucetonamaybe particularly vulnerable to climate change impacts given the large decrease in core
habitat under all future scenarios and the comparatively small extent of their core habitat. The
spatial overlap of core habitat largely mirrored changes in extent, seiluced overlap for those
taxa showing larger decreases in extent (particularlyAminaand Tucetona.

Spatial predictions of the distribution of core habitat for the present day and under future climate
scenarios revealed changes for some biogbatitat-formingtaxa Figure3-9 to Figure3-11). For

some taxa, includin@allyspongiaDactylig Crella incrustan€Dstreg Keratoisididae, anBaragorgia

core habitataround the South Islandas predicted to remaitargely consistent, with decreases in

the North Presentday core habitat foAtrinawas predicted to occur around the coast of the North
and South Islands of NZ, while core habitat was heavily reduced around the North Island in future
scenarios, with a comparatively small area in the southeast of the South Island remaining consistent
across the future scenarios. @ohabitats forCinctipora elegan<elleporinaandHornerawere

predicted in similar areas, for example, Snares Shelf, Stewart Island, Auckland Islands, Chatham
LafFyRazX I yR Figute3-2o/Fpdre3{15 The Bodzfidbitats for these taxa undergo
contractiors under future scenarios, with strong contraction to areas in the south of the South Island
and the subAntarctic. Core habitat contraction fdiucetonavasthe most dramatic, witHarge
contractiors of core habitat in all future scenarios compared to the presdsy prediction of core
habitat.

48 Forecasting future habitat suitability of marine taxa to advance clirsatart marine spatial plannin



Atrina Present

Atrina 2050 SSP2

Atrina 2050 SSP3

Atrina 2100 SSP2

Atrina 2100 SSP3

l'l

Callyspongia Present

Callyspongia 2050 S5P2

Callyspongia 2050 SSP3

Callyspongia 2100 SSP2

Callyspongia 2100 SSP3

4

g

" -
J
o
e =
-

Celleporina Present

Celleporina 2050 SSP2

Celleporina 2050 SSP3

Celleporina 2100 SSP2

Celleporina 2100 SSP3

/—" ) %

&

Cinctipora elegans Present

Cinctipora elegans 2050 SSP2

Cinctipora elegans 2050 SSP3

Cinctipora elegans 2100 SSP2

Cinctipora elegans 2100 SSP3

:?’
»

-

;F;
?—.-

Crella incrustans Present

Crella incrustans 2050 SSP2

Crella incrustans 2050 SSP3

Crella incrustans 2100 SSP2

Crella incrustans 2100 SSP3

el

e

Figure3-9: Core habitat distribution¢ biogenichabitat-forming taxa. The predicted distribution of core
habitat (HSI > 0.75) ftriogenichabitat-formingtaxafor the present day (left) and four future scenariosig-
century(2050) and enabf century 090 underSSP2.5and SSPJ.0emissions scenarios.
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Figure3-10: Core habitat distributiong biogenichabitat-forming taxa (cont.). The predicted distribution of
core habitat (HSI > 0.75) fbiogenichabitat-formingtaxafor the present day (left) and four future scenarios;
mid-century (2050) and enebf century 2090 underSSP21.5and SSPJ .0 emissions scenarios.
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Figure3-11: Core habitat distribution¢ biogenichabitat-forming taxa (cont.). The predicted distribution of
core habitat (HSI > 0.75) fbrogenic habitaforming taxafor the present day (left) and four future scenarios;
mid-century (2050) an@énd-of century (2090) undesSP21.5and SSPJ.0emissions scenarios.
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Figure3-12: Potential refugia (SSP3)biogenic habitatforming taxa The distribution of two types of
potential climate refugia fobiogenic habitaforming taxa Internal refugia are areas considered core habitat
(HSI > 0.75) in both present day and the most extreme future scer2l@®)(SSP¥.0). External refugia(i.e.,
range expansiorgre areas considered core habitat in the future but not for the present day. Area's showing
range contractior(present day core habitat that is not considered core habitat in the fytare also shown.
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Figure3-13:. Potential refugia (SSP&)biogenic habitatforming taxa (cont.).

Potential refugia and areas of range contraction of core habitat for biodetitat-forming taxa
were broadly distributedhroughoutNZ waters Figure3-12 and Figure3-13). Internalrefugia for
Ostreg Crella incrustan®actylia andCallyspongiavere distributed in similar areasfahe

southeast coast of the South Island. In contrast, for Keratoisididd@aragorgia large slope areas
around the Chatham Rise (north and south) and the Campbell Plateau were identiiiteraal
refugia. Relatively few areas externalrefugia were identified, however external refugia were
present around the Chatham Islands for three sponge taxa, incl@hiigspongiaDactylig and
Crella incrustand®kangecontractions were evident in many coastal areas of the North Island for
Atrina, CallyspongigDactlyig while in the coastal South Island, there were range contractions for
Ostreg CallyspongiaCelleporinaCinctipora eleganeandHornera(with considerable range
contraction on Snares Shelf for bryozoan taRalleporinaCinctipora elegansandHornera,in
particular).Similarly ér Tucetona rangecontraction was predicted south of the South IsldBtares
Shelf)and around the Chatham Island&ange contraction for Keratoisididaed Paragorgiavas
present in the Bounty Trough, Hokitika Canyon, west of the North Island of New Zealand and along
the Kermadec RidgdBigure3-12 and Figure3-13).
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3.1.4 Benthic invertebrates Sponges

HSMs fospongesall performed well, with AUC scarabove 08 and TSS scores abové for most

taxacA Y RA Griodedatd WoBd) Y2 RSt LISAME3Z 0 helf SMBith the lowest
performance wagor LissodendoryfmeanBRTAUC = @®95) and the highest performing model was
generated forFarrea(meanBRTAUC = 0.89). Standard deviation around the model fit metrics was

for most HSMsuiniformly low indicating consistent model performané&eceptions, where SD was

~0.1 or higher, includeissodendoryHaliclona andPoecillastrgor TSS scoreSpatial cross

validation scores for the ensemble prediction indicated model performance was generally high across
all bioregiond AUC 0.8)whereeach givertaxaare found (or where enough occurrence records

were available)

Table3-10: Model evaluation¢ sponges Summary of model performance for HSMs used to predict future
distribution ofspongesMean AUC/TSS scores along with their standard deviation were generated across the
100 bootstrap iterations for each species and for each BRT and RF model. Spatial cross validation scores
(minimum and maximum AUC across bioregions) for the ensemble poedare also provided. AUC > 0.7 and
TSS > 0.6 indicate good predictive performance.

Taxa RF AUC (SD) RF TSS (SD) BRT AUC (SD) BRT TSS (SD) ENS spatial CV
(AUC min/max)*
Aphrocallistes 0.91 (0.052) 0.74 (0.106) 0.905 (0.059) 0.735 (0.121) 0.972/1.00
Ecionemia 0.9 (0.034) 0.725 (0.067) 0.887 (0.037) 0.69 (0.078) 0.904/1.00
Lissodendoryx 0.732 (0.069) 0.436 (0.107) 0.695 (0.075) 0.395(0.113) 0.929/1.00
Farrea 0.964 (0.021) 0.868 (0.062) 0.959 (0.023) 0.853 (0.064) 0.985/1.00
Geodia 0.844 (0.042) 0.596 (0.083) 0.818 (0.042) 0.548 (0.08) 0.9590.98
Haliclona 0.831 (0.073) 0.611 (0.115) 0.774 (0.08) 0.526 (0.119) 0.961/1.00
Hyalascus 0.882 (0.018) 0.646 (0.04) 0.872 (0.02) 0.639 (0.044) 0.856/1.00
Poecillastra 0.834 (0.063) 0.612 (0.107) 0.828 (0.065) 0.592 (0.111) 0.961/1.00
Stelletta 0.862 (0.041) 0.624 (0.078) 0.845 (0.044) 0.597 (0.078) 0.987/0.999
Suberites 0.842(0.029) 0.588 (0.052) 0.813 (0.033) 0.545 (0.059) 0.932/0.974

Expert appraisal fasponge taxgrovided insight into the accuracy of the inputs and outputs of the
HSMgqTable3-11). The sponge experinked their own knowledge as very high (1)dmostall
taxa,except forLissodendoryf, high). For most taxah¢ accuracy of the species occurrence data
was accurate (2xhough forHaliclonathe accuracy of species occurrence data s@sewhat
accurate(3). For Hyalascusthe distribution of species occurrence data was deemed very accurate
(1). For sponge taxa, the expert provided appraisal of both partial dependence of environmental
variables, as well as environmental variable drivers nkast spongeHSMs, the contribution of
environmental variables to thnHSMs were ranked as accur§2¢ to somewhat accurate (3). For
Haliclonathe contribution of environmental variables was deemed very accurate (@3¢arate(2),
while for Stellettaenvironmental variable partialependence and contribution was listed as very
accurate (1). Five taxa were given a score of very accurate (1) for pidegdistributionswhile two
received a score of accurate @gllettaand Lissodendoryxand the rest received a scooéaccurate
or less (3somewhat accurate SeeAppendix Bor the full expert review.
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Table3-11: Expert appraisat sponges Summary of expert appraisal of the inputs (occurrence records) and
outputs (environmental drivers, preseqfay distribution) of HSMs faponges Scores range for 1 (highest) to 5
(lowest)- seeAppendix Aor scoring criteria and\ppendix Bor the full review including commentary on

future predictions.

Taxa Assessment of experi Accuracy of occurrenc  Environmental Accuracy of predicted
knowledge records drivers* presentday distribution
Aphrocallistes 1 2 2 3
Ecionemia 1 2 2-3 1
Lissodendoryx 2 2 2-3 2
Farrea 1 2 2-3 1
Geodia 1 2 2-3 1
Haliclona 1 3 1-2 3
Hyalascus 1 1 2 1
Poecillastra 1 2 2-3 2-3
Stelletta 1 2 1 1
Suberites 1 2 2-3 2

*Note: for sponge models, environmental drivers were assessed based on expert appraisal of relative
importance of environmental variables used, as well as vessdssment of partial dependengets.

Across alsponge taxatwelve environmental variables contributed to the HSMs, includiegen
WF2NBOI &4 0f Ss@eri®ed fyom tha Y ESM4NIR3F12). fTHe environmental variables
contributing to each species HSM varied actass, but there were consistent contributiond 3%
importance) fromBottom_Temp geawatentemperatureat the seaflooyand OXY botton{oxygen
concentration on the seaflogrAlong withthese variablessilicate concentration at the seafloor (BEN
Shwere the three most commonly selectédrecastable (ESMerived) variablsindicatingthat they
arelikely drivers othange in future distributiom The relativemportanceof these three variables
differed between taxa. FoOEcionemiaFarreaand Hyalascusbottom temperature was the most
important variable whereassilicate concentration at the seafloor was most important for
LissodendoryandPoecillastra.
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Table3-12. Environmental importance; sponges. Relative importance scores (RIS) for the twelve predictor
variables retained for the development of habitat suitability models for sponge taxa. The values represent the
percentage contribution of each predictor to the ensemble model prediction for each species. Variables
available to forecast future conditions{M variables) are noted. Variable names and abbreviations are listed
in Table2-2. Green shading is used to distinguish the variable with the highest contribution (dark green) and
the lowest contribution (white), with colour between the highest and lowest contributions being established
based on linear interpolation based on the relatp@sition of a variable between the highest and lowest
contributor.

§ % © G g u§7 E _‘E g -é

ESM k= S o 3 o s 2 3 = 2

variable < i & 8 rIts T 4 g % @

BEN_SI v 10.36 9.84 15.17 6.27 9.06 854 1142 1478 7.01 10.27
Bottom_Salt \ 1445 6.64 3 5.16 8.27 10.12 10.84 7.69 543 13.03
Bottom_Temp \ 10.21 = 21.37 17.65 11.42 1037 2306 891 1243 6.76 11.73
epC100 \ 5.1 7.7 3.96 5.65 9.29 451 6.4 4.42 7.26 4.95
MED_XZE \% 4.73 5.16 7.29 5.58 7.11 5.23 8.49 482 1197 6.09
Mud 7.68 8.15 43 1069 7.29 448 694 7.05 531 5.66
OXY_bottom \ 1466 1846 12.79 1261 7.21 1589 10.27 8.85 1244 14.17
PB555nm 5.24 5.19 458 12.67 1344 5.06 6.23 1125 7.89 6.46
Rough 13.51 4.2 14.65 8.37 9.96 5.09 8.54 12.34 138 6.79
Sand 2.69 4.86 3.69 6.04 6.4 3.28 8.22 4.24 5.65 5.39
Slope 9.1 3.06 10.02 7.07 5.77 7.2 5.81 8.69 6.06 6.82
TempRes \ 2.2 5.3 2.83 8.4 576 751 7.88 338 1035 8.57

There were substantial differences amaspnge taxavith respect to changes in distribution
between the present day antvo future scenariogsponge HSMs were predictéar SSB-7.0 only)
As expected, changes in both percent change and overlap in core habitat were more pronounced for
the end of centuryscenario (i.e.2090 compared to 205QFigure3-14). A contraction in the extent
of core habitat was predicted faine taxa with the largest contractions exhibitddr Ecionemia
HaliclonaandLissodendoryfbetween 25 and 75% reductiomlost spongetaxamodelled for this
projectoccupy a relatively small extent of core habitaith the exception oHyalascuand

Suberite} Thus these species may be particularly vulnerable to climate change impacts.
Interestingly forAphrocallistesa small range contraction was predicted for 2050, while a range
extension was predicted f&090(c. 15% increaseJhe trend inspatial overlap of core habitat
between current anduture distributionsshowedreduced overlap for those species showing larger
decreases in extenHowever low overlap was also seen fpesiesthat were predicted to
experience an increase in core habitats (eAghrocallstes ~40%in 2090).
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Figure3-14: Change in core habitat sponges. Graphical representation of the spatial overlap (bottom) and
percentage change (top) in the extent of core habitat (HSI > 0.75) between the present day and the two future
scenarios. The total extent of core habitat for the present day is overlaid on the top panel to indicate species
with more restricted presentlayrange.Note only a single SSP scenario (SSP3 7.5) was used in the initial case
study of sponge taxa under the NIWA model development.
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Figure3-15: Core habitat distributiong sponges. The predicted distribution of core habitat (HSI > 0.75) for
sponge genera for the present day (left) ame future scenarios; migtentury (2050) and endf century

(2090 under SSP3 emissions scendxiote only a single SSP scenario (SSP3 7.5) was used in the initial case
study of sponge taxa under the NIWA model development
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Figure3-16. Core habitat distribution¢ spongegcont.). The predicted distribution of core habitat (HSI >

0.75) for sponge genera for the present day (lafifltwo future scenarios; miecentury (2050) and endf

century 090 under SSP3 emissions scenaXote only a single SSP scenario (SSP3 7.5) was used in the initial
case study of sponge taxa under the NIWA model development
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Spatial predictions of the distribution of core habitat for the present day and under future climate
scenarios revealed changes for sogp@nge taxdFigure3-15andFigure3-16). Presentday core
habitat for Ecionemiavas predicted to occur off North Cape, along teatral Chatham Risand
aroundthe Chatham Islands including the Andes Kndlssspatial patternremained somewhat
consistentacrossuture scenarios, though a decreaseciore habitat was gedicted along the
Chatham Rise, and North Capme habitat was predicted to bebsent in2090 ForLissodendoryx
core habitat was predicted on slopes nagtist of the Chatham Rise, and to the south of the
Campbell Plateau. In future scenarios these areasined consistent but with strongpntractions

on the Campbell PlateaBresentday predictions foGeodiacore habitat included small patches
around the northern half of the North Island of NZ, and to the south oSbethisland(near
Puysegur Trenchl.arge aresaof core habitat were predicted on the central Chatham Rise and
surrounding Catham Islands. In future predictionGeodiaexhibitedcontractionof the Chatham

Rise core habitat, and loss of core habitat around the North Island. [2O®@prediction, there was
increased core &bitat predicted in théPuysegur Trench area to the south of the South Islaacye
areas of the Campbell Plateau and northern Chatham Rise predéctedto be core habitat for
Hyalascuswith some range contraction across the core habitat areas in future scenarios, though
their locationsremaired largelyconsistentPresent day predictions fafaliclona Aphrocallistegand
Stellettawere small and patchy. Areas predicted to be core haliita all three taxa included patches
around the North Islandnd on the Chatham Risk future scenariog;aliclonaand Stellettawere
predicted todecreasdn core habitat, while foAphrocallistesn 2090, range expansion was
predictedto occur in areas to the east &fast Cape.df other taxa, includingrarreg Poecillastraand
Suberiteschanges were lessvident under future scenarios.

Potential refugia and areas of range contraction of core habitasfionge taxavere broadly
distributed Figure3-17). Internal refugia foiSuberitesand Hyalascusvere predicted to occur in the
southern area of the Campbell Plateand south Chatham Risehereasfor Poecillastranternal
refugia were predicted on thMacquarieRidge For Farreg internal refugia were broadIglistributed
on underwatertopographicafeatures to the north and northeast of the North Islartkternal
refugia were predicted foHyalascusnd Suberitesn the middle and south ahe Campbell Plateau,
respectively while for Geodia external refugia wapredictedin the Puyseguifrench areaFor Farrea
and Aphrocallistesexternal refugia were predicted the northeast of the North IslandRange
contraction was predicted on the Chatham RiseHgalascus, SuberiteSgodiaand EcionemiaFor
several taxdLissodendoryHyalascusand Suberite}, significant range contraction was predicted to
occur on the Campbell Platedktinally, forStelletta, Ecionemiand Stelletta range contractiorunder
future scenarios was predicted dfforth Cape.
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Figure3-17. Potential refugia (SSP®)sponges. The distribution of two types of potential climate refugia for
sponge taxa. Internal refugia are areas considered core habitat (HSI > 0.75) in both present day and the most
extreme future scenario2090 SSP3)ternal refugia are areas considered core habitat in the future but not

for the present dayi.e., range expansionfireas showing range contractifpresent day core habitat that is

not considered core habitat in the futuyare also shown.
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3.1.5 Macroalgaeg Kelp

HSMs fokelp specieperformedmoderatelywell, with AUC score above/and TSS scores above

0.5 for mostspecies Table3-13). The species with the lowest performance W@stophora torulosa
(meanBRTAUC = ®98) and the highest performing model was generatedGarpophyllum
angustifolium(meanBRTAUC = ®99). Standard deviation around the model fit metrics was

uniformly low(<0.1 SDjor each HSM indicating consistent model performance. Spatial cross
validation scores for the ensemble prediction indicated model performance was generally high across
all bioregions where a specieasfound. Modelsfor some species (e.gCystophora torulosand
Desmarestia ligulatashowed variability in prediaté performance across bioregions, howewarst
crossvalidation scores (AUC) were abdVve.

Table3-13: Model evaluationg kelps Summary of model performance for HSMs used to predict future
distribution ofkelpspecies Mean AUC/TSS scores along with their standard deviation were generated across
the 100 bootstrap iterations for each species and for each BRT and RF model. Spatial cross validation scores
(minimum and maximum AUC across bioregions) for the ensemble poedare also provided. AUC > 0.7 and
TSS > 0.6 indicate good predictive performaia.some species there was insufficient data to undertake
spatial CV (na), whiler others there were sufficient data in a single bioregion only (single spatial CV value).

Taxa RF AUC (SD) RFTSS (SD) BRT AUC (SD BRT TSS (SD ENS spatial C\
(AUC min/maxj

Carpophyllum angustifolium 0.911 (0.027) 0.761(0.059) 0.899 (0.03) 0.732 (0.062) na
Carpophyllum flexuosum 0.745 (0.03)  0.404 (0.057) 0.72(0.032) 0.359 (0.056) 0.783/0.848
Carpophyllum maschalocarpur 0.779 (0.023) 0.444 (0.047) 0.757 (0.024) 0.423 (0.047) 0.669
Carpophyllum plumosum 0.821 (0.029) 0.583 (0.052) 0.808(0.033) 0.577 (0.055) 0.763/0.931
Cystophora scalaris 0.827 (0.037) 0.56 (0.064) 0.815(0.034) 0.546 (0.063)  0.751/0.90
Cystophora torulosa 0.716 (0.052) 0.385(0.08) 0.698 (0.055) 0.373 (0.085) 0.641/0.859
Desmarestia ligulata 0.816 (0.051) 0.565(0.089) 0.812 (0.057) 0.574(0.085)  0.650/1.00
Durvillaeaspp. 0.834 (0.043) 0.579 (0.074) 0.821(0.046) 0.562 (0.077) 0.744/0.937
Ecklonia radiata 0.753 (0.024)  0.405 (0.044) 0.727 (0.025) 0.367 (0.041) 0.922
Landsburgia quercifolia 0.769(0.042)  0.458 (0.07) 0.739 (0.043) 0.416 (0.073) 0.795/0.910
Macrocystis pyrifera 0.829 (0.046) 0.562 (0.072) 0.814 (0.043) 0.558 (0.076) 0.80
Marginariella boryana 0.858 (0.048) 0.623 (0.089) 0.838(0.05) 0.593(0.088) 0.805/0.892
Marginariella urvilliana 0.866 (0.036) 0.635(0.074) 0.85(0.04) 0.628 (0.076) 0.748/0.901
Xiphophora chondrophylla 0.88 (0.028) 0.674 (0.05) 0.876 (0.025) 0.667 (0.053) na
Xiphophora gladiata 0.892 (0.03) 0.705(0.057) 0.891 (0.03)  0.701 (0.055) 0.882

*Note: for some taxa, not enough data was available within a given biordgicalculatespatial CV model §t

Expert appraisal fdkelp specieprovided useful insight into the accuracy of the inputs and outputs
of the HSMgTable3-14). Experts ranked their own knowledge as very hig)lidr all except two
speciesPesmarestia ligulatand Durvillaeaspp, where the experts listed their knowledge as
moderate (3).The accuracy of the species occurrence dataasaessed as beingry accurate (1)

for all speciesFor most species, the experts provided a score of accurate (2) for the environmental
drivers of the HSMs. F@arpophyllum angustifoliupnCarpophyllum flexuosun€ystophora torulosa
and Durvillaeaspp, the contribution of the environmental variables to the HSMs were listed as
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Wa2YSgKI G |ECpertziviing speciesopresky distribution to vary in accuracy. For

Carpophyllum angustifolium, Marginariella boryana, Marginariella urvillanéXiphophora

gladiata, presentRl @ LINBRAOGA2Yy & 200l AYSR | efp@WBdni2 T WIS NI
presentday prediction foDurvillaea antarctical 2 6 S W& 2 Y S g Kwhifethé f0eSaieNdy 6 S 060 0
predictionfor Cystophora scalari®ceived the lowest scoref allkelpHSMof Wt | NASf & Ayl OOdz
0 n $e@ AppendiB for the full expert review including commentary.

Table3-14: Expert appraisat kelps Summary of expert appraisal of the inputs (occurrence records) and
outputs (environmental drivers, preseqfay distribution) of HSMs fdeelp species Scores range for 1 (highest)
to 5 (lowest)- see Appendix A for scoring criteria addpendix Bor the full review including commentary on
future predictions.

Taxa Assessment of expe Accuracy of Environmental  Accuracy of predicte
knowledge occurrence records drivers* presentday
distribution

[EnY

Carpophyllum angustifolium
Carpophyllum flexuosum
Carpophyllum maschalocarpun
Carpophyllum plumosum
Cystophora scalaris
Cystophora torulosa
Desmarestia ligulata
Durvillaeaspp.

Ecklonia radiata
Landsburgia quercifolia
Macrocystis pyrifera
Marginariella boryana

Marginariella urvilliana

N N D D DN N W N W N NN DN W W
N P P N N N WO N DN B DD DNMDN

Xiphophora chondrophylla

N NN N DN NN W W N NN NDDNDDN
e e = = T e T T T e e e =S S T

Xiphophora gladiata 2 1

*Note: forkelpmodels, environmental drivers were assessed based on expert appraisal of relative importance
of environmental variables used, as well as visual assessment of partial depepbiggce

Across alkelpspecieselevenenvironmental variables contributed to the HSMs, including

WF 2 NB Ol & (i lvariab®Serived fyom tha NZ ESM4ble3-15). Theimportance of

environmental variables contributing to each species HSM varied across species, but there were high
contributions frombottom oxygen concentration (OXY bottom) and slopeniost speciesAlong

with oxygen concentratioat the seafloor QXY botton, nitrate concentration at the seaflogDIN

bottom), closely followed byguphotic depth(MED XZE)yere typically the most important

forecastable (ESM derived) variable indicatimgy areresponsible for most changes in future
distributions of kelpspecies. Static (neBESM) variables of importanaecludedslopeof the seafloor

for most speciesand bathymetric position indefine (BPfine) for Durvillaeaspp.and Landsburgia
quercifolia
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Table3-15: Environmental importance; kelps Relative importance scores (RIS) for the twelve predictor
variables retained for the development of habitat suitability modelskielps The values represent the

percentage contribution of each predictor to the ensemble model prediction for each species. Variables
available to forecast future conditions (ESM variables) are noted. Variable names and abbreviations are listed
in Table2-2. Green shading is used to distinguish the variable with the highest contribution (dark green) and
the lowest contribution (white), with colour between the highest and lowest contributions being established
based on linear interpolation based on the relatposition of a variable between the highest and lowest
contributor.
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variable O o o o (6) (@) a &) w - = = = X X
Bathy
3.90 8.30 6.10 5.30 4.10 7.90 4.80 5.70 8.20 6.90 4.20 4.80 4.20 4.30 3.50
BPI_fine
7.00 7.50 7.00 8.20 8.50 6.60 5.2015.80 9.80 16.90 4.50 10.4010.20 6.90 6.30
CHD \%
5.70 9.70 6.10 7.70 7.10 10.00 5.40 8.20 7.80 6.60 7.30 6.90 7.20 4.60 6.90
DIN_bottom \%
4.40/10.40 8.10 9.50 7.60 7.70 7.30 10.4010.00 7.60 10.80 7.90 9.90 6.50 16.40
MED_XZE \%
4.90/12.10 7.70 9.10 8.40 10.50 5.30 6.60 9.10 12.10 7.90 9.70 8.30 5.80 8.20
Mud

2.30 5.20 4.10 3.60 3.40 6.00 4.20 5.80 4.80 6.70 3.30 3.40 4.70 2.10 3.40

OXY_bottom \%
36.9012.4011.0015.6021.60 6.60 26.4014.6015.50 9.20 18.9014.6012.1030.00 8.70

PB555nm

5.80 9.60 11.00 8.90 5.4013.20 7.40 6.20 8.80 8.10 4.30 6.50 4.70 5.10 5.90
Rough

6.40 9.20 11.30 8.70 7.00 8.90 9.30 8.60 8.60 8.60 5.40 5.80 5.00 4.70 4.10
SST \Y,

5.70 8.70 9.20 5.80 5.4014.30 5.70 6.30 8.00 6.80 5.80 5.10 4.30 5.70 3.60
Slope

16.90 6.90 18.3017.4021.40 8.30 18.9011.70 9.50 10.4027.7024.8029.50 24.40 33.00

There were substantial differences amadkagp species with respect to changes in distribution

between the present day and four future scenarids.expected, changes in both percent change

and overlap in core habitat were more pronounced for the most extreme future scenari@(ig4,
SSPJ.0) compared to 2050 unde8SP2.5 (Figure3-18). A contraction in the extent of core habitat
was predicted for ten species, with the largest contractions exhibited under the most extreme future
scenario 2090under SSPZ.0). Forthree species, contractions were predicted und&sP2.5, but
extensions were predicted for the same species uriePF.0. Carpophyllum flexuosum,

Cystophora scalaris, Durvillaea antarctica, Macrocystis pyriegerdMarginariella boryanaxhibited

the largest decrease in core habitat under all future scenarios.
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All speciemccupy a relatively small extent of core habitat and thus may be particularly vulnerable to
climate change impacts on habitateverabpecies were predicted to increaseextent of core
habitat, though themagnitude ofincreasevaried betweerfuture scenarig. Carpophyllum
angustifolium Carpophyllum maschalocarpy@arpophyllunplumosumand Cystophora torulosa
exhibitedincreases (up t@5%for certain future scenarigsHowever, by far the greatest increase
(nearly 200% increase in core habitat extamfls predicted foiXiphophora chondrophyliander
future scenari2090SSPJ.0. The spatial overlap of core habitat largely mirrored changeserial
extent, with reduced werlap for those species showing larger decreases in extent. Hovsorag
predicted to experience an increase in core habitats (Egrpophyllum plumosu)ymetained
relatively high (~80%) overlap in core areas, while others @agpophyllum flexuosuphad less
overlap(~60%).
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Figure3-18. Change in core habitat kelps. Graphical representation of the spatial overlap (bottom) and
percentage change (top) in the aerial extentRDC thresholdore habitat (HSI MaxTSSut-off) between the
present day and the two future scenarios. The total aerial extent of core habitat for the present day is overlaid
on the top panel to indicate species with more restricted presdsy range.
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Spatial predictions of the distribution of core habitat (basedvaxTS$hresholds) for the present
day and under future climate scenarios revealed changesémtkelp speciesKigure3-19to Figure
3-21). Presentday predictions of core habitat were distributed in three areas (species dependent)
includngthe northeast North Island, Marlborough Sounds/top of the South Island, and east coast
South Island/bottom of the South Island. Presealy core habitat was predicted to occur in the
northeast North Island fo€arpophyllum angustifolium, Carpophyllum flexuosum, Carpophyllum
maschalocarpum, Carpophyllum plumosum, Cystophora torulosa, Ecklonia @uid{gphophora
chondrophyllaDecreases and increases in core habitat in this area was sigpeieisic, but for
Xiphophora chondrophyllancreased core habitat v8gpredicted in future scenarios, as opposed to
Ecklonia radiatawhere decreasgwere predicted (for2090 SSP3Presentday core habitat was
predicted to occur in the Marlborough Sounds/top of the South Isfan€arpophyllum flexuosum
Carpophyllum maschalocarpy@ystophora torulosand Marginariella boryanaDecreased core
habitat in this area was predicted f@arpophyllum flexuosusndMarginariella boryanan future
scenarios, while the core habitat Gfarpophyllum maschalocarpuncreased in soméuiture
scenarios compared to preseday, but in 2090 unde8SPJ.0the core habitat areavas similar to
the presentday extent. Relatively little change was predicted@ystophora torulosan this area.
Core habitat (ROC thresholded) was predicted inethst coast South Island/bottom of the South
Islandarea forCystophora scalaris, Desmarestia ligulate, Durvillaea antardfiagginariella
boryang Marginariella urvillianaand Xiphophoragladiata. For most of these species, core habitat
remained largly consistent across future scenariasth some localised speciaspecific core habitat
contraction(Figure3-19to Figure3-21).
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Figure3-19: Core habitat distributiong kelps. The predicted distribution of R@8resholded coréhabitat
(HSI sMaxTSSut-off) for kelp speciegor the present day (left) and four future scenarios; raightury (2050)
and endof century 090 underSSPZF.0emissions scenario.
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Figure3-20: Core habitat distributiong kelps(cont.). The predicted distribution of R&@resholded core
habitat (HSI MaxTSSut-off) for kelp speciedor the present day (left) and four future scenarios; rehtury
(2050) and enaf century 2090 underSSPZ¥.0emissions scenario.
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