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PLAIN LANGUAGE SUMMARY

o

Climate change is warming New Zealand’s oceans and increasing the frequency and intensity
of marine heatwaves, impacting marine species and creating challenges for fisheries
management.

This report presents the Climate Risk Index for Biodiversity-New Zealand (CRIB-NZ), a
framework developed to assess the climate vulnerability of New Zealand marine fish and
invertebrate species.

The framework combines information on species biology, climate change exposure,
sensitivity, and adaptive capacity to evaluate climate vulnerability.

CRIB-NZ uses climate projections and spatial data to estimate how marine species
vulnerability may vary across different parts of New Zealand’s marine environment.

The framework can assess both surface-dwelling and bottom-dwelling species, making it
relevant to a broad range of New Zealand fisheries.

An end-to-end example using yellowtail kingfish is provided to demonstrate how the
framework operates, from data inputs through to vulnerability outputs.

Eight case-study species were also assessed to illustrate the types of outputs generated by
CRIB-NZ and how they can be interpreted and applied.

Results show that climate vulnerability can vary considerably among species and regions.

Moving forward, successfully implementing CRIB-NZ will require additional vetting of the
input data, specifically the reliability of geographic distribution data for New Zealand species.
The framework can be applied under different climate scenarios and future time periods to
explore how vulnerability may change over time.

CRIB-NZ provides information that can support fisheries management and climate adaptation
planning by identifying species and regions that may be most vulnerable to climate change.






EXECUTIVE SUMMARY
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Climate change is already affecting marine ecosystems in Aotearoa, New Zealand, and is projected to
intensify throughout the twenty-first century. Rising ocean temperatures, marine heatwaves, changing
oceanographic conditions, and shifts in species distributions are expected to alter the productivity,
resilience, and sustainability of fisheries resources. These changes present important challenges for
fisheries management, conservation, and the communities that depend on marine ecosystems. As
climate impacts continue to emerge, there is an increasing need for tools to identify which species,
stocks, and regions are most vulnerable and which factors drive vulnerability to support fisheries
management under climate change.

This report describes the development of CRIB-NZ, a climate vulnerability assessment framework
designed for New Zealand fisheries. The framework was developed as part of Fisheries New Zealand
project ZBD2024-04 and builds upon the Climate Risk Index for Biodiversity (CRIB), a spatially
explicit framework previously applied to marine ecosystems at global and regional scales. Prior to
developing CRIB-NZ, an extensive review of international climate vulnerability assessment
approaches was undertaken to identify best practices and evaluate existing frameworks for their
applicability to New Zealand fisheries. The CRIB framework was selected for this application
because of its flexibility, transparency, reproducibility, and ability to generate spatially explicit
estimates of vulnerability.

Following consultations with Fisheries New Zealand, several adaptations were made to tailor the
framework to New Zealand fisheries. These included the incorporation of New Zealand-specific
environmental and biological datasets and projections, the development of high-resolution spatial
analyses, and the extension of the framework to evaluate both surface- and bottom-associated species
using sea-surface and bottom temperatures. The framework is designed to evaluate vulnerability under
alternative greenhouse gas emission scenarios and over past and future time horizons, and to provide
outputs relevant to fisheries management scales.

The adapted CVA—CRIB-NZ—evaluates climate vulnerability as the interaction of three
dimensions: sensitivity, exposure, and adaptive capacity. These dimensions are captured using twelve
standardised climate vulnerability indices that integrate information on species biology, ecology,
habitat use, conservation status, anthropogenic pressures, and past and projected climate changes. The
indices were selected based on their scientific justification, broad acceptance in previous studies,
ability to capture climate impacts across diverse marine taxa, and ability to provide complementary
information while minimizing redundancy. For temperature-related indices, CRIB-NZ assumes that
climate vulnerability increases continuously with increasing temperature. This assumption is intended
to capture the increasing risk of a species approaching or exceeding its upper thermal limits, rather
than representing variation in fitness within its thermal niche. Together, they provide a comprehensive
and multifaceted representation of the processes through which climate change may affect marine
species and fisheries. To demonstrate the implementation of the framework, an end-to-end worked
example is presented using yellowtail kingfish (Seriola lalandi), illustrating the complete workflow
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from data inputs and index calculation through to the generation and interpretation of climate
vulnerability outputs.

The functionality of the CRIB-NZ framework is demonstrated through eight case-study species
spanning a range of taxonomic groups, habitats, and ecological characteristics. The results of these
case studies should not be interpreted as final; rather an illustration of how the framework operates,
including how input data are processed and how outputs can be visualised, interpreted, and used to
assess climate vulnerability in fisheries. The examples show how vulnerability can vary among
species, across geographic regions, and under alternative future climate scenarios. Outputs include
maps of climate vulnerability, sensitivity, exposure, and adaptive capacity, as well as supporting
climate indicators that help explain the mechanisms through which climate change may affect species
and fisheries. Together, the case studies highlight the framework's ability to identify vulnerable
species, locations, and climate-impact pathways while generating information relevant to fisheries
management and adaptation planning. However, additional vetting of the input data is required before
the outputs are deemed accurate for use in fisheries management, especially for species’ spatial
distribution.

CRIB-NZ provides Fisheries New Zealand with a flexible, scientifically defensible, and scalable
framework for incorporating climate change considerations into fisheries assessment, management,
monitoring, and strategic planning. The framework can support the prioritization of vulnerable species
and fisheries, guide climate adaptation efforts, identify research and monitoring needs, and contribute
to climate-informed decision-making. CRIB-NZ is not intended to replace traditional fisheries stock
assessments or existing management processes. Rather, it is designed to complement these approaches
by providing information on climate vulnerability and its underlying drivers, helping to place fisheries
status and management decisions within the broader context of climate change. As additional
ecological, environmental, and socioeconomic information becomes available, CRIB-NZ can be
expanded and refined, providing a foundation for the long-term integration of climate change
considerations into the sustainable management of New Zealand’s marine fisheries.

1 Introduction

This work is part of a Fisheries New Zealand project (ZBD2024-04) to develop a climate vulnerability
assessment (CVA) framework to guide the management of New Zealand’s fisheries. This project was
created to address Fisheries New Zealand’s interest in predicting the impacts of climate change on
fisheries and aquatic ecosystems to support adaptation. The outputs provide a framework for
prioritizing key species or stocks for further management or research and add to the evidence base for
existing management decisions. This represents a first step towards an organised and proactive
approach to managing the risk of climate change impacts on our fisheries. The three objectives of this
project include:

Objective 1: To review available international approaches to climate change vulnerability
assessments for fisheries and identify existing frameworks that could be
adapted for use in New Zealand.

Objective 2: To develop a climate vulnerability assessment framework for New Zealand’s
fisheries that can be applied to any fishery or region, along with a user guide.

Objective 3: To demonstrate the vulnerability framework’s operation by applying it to a
priority fishery or region.

At the project outset, it was agreed that the vulnerability framework for New Zealand (NZ) would be
an adaptation of the Climate Risk Index for Biodiversity (CRIB)—a published framework that
evaluates climate vulnerability and risk for marine species and ecosystems in a quantitative, flexible,
spatially explicit manner (Boyce et al. 2022, 2023, 2024). Following the review of CVA approaches
(objective 1, above) (Boyce et al. 2025), a series of meetings was held with Fisheries New Zealand,
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during which participants provided input on adapting the CRIB framework for New Zealand fisheries.
Key elements identified as priorities included:

Priority 1: Tailoring the CVA for New Zealand through the identification of nationally,

locally, or regionally appropriate input information wherever possible.

Priority 2: The ability to evaluate vulnerability at high spatial resolutions. Previous CRIB

implementations estimated vulnerability at intermediate spatial resolutions,
including 1° and 0.25°. Following participant input, this adaptation explores new
input data layers that could be used to generate high-resolution, spatially resolved
vulnerability estimates for New Zealand.

Priority 3: The ability to evaluate vulnerability over medium- and long-term future horizons

(e.g. 2050), under middle-of-the-road emission scenarios (SSP2-4.5 and SSP3-
7.0).

Priority 4: The ability to include bottom-associated species. Previous CRIB implementations

estimated the vulnerability and risk of species that spend significant time in the
epipelagic zone (e.g. the upper 200 m) based on sea surface temperatures (Boyce
et al. 2022, 2023, 2024; Keen et al. 2023; Lewis et al. 2023; Boyce et al. 2024b).
To enhance relevance to fisheries, participants requested that the CVA framework
be extended to include bottom-associated species that exclusively inhabit deeper
waters, using bottom-temperature measurements or estimates.

Priority 5: Marine heatwaves (MHWs) are an emerging climate hazard in New Zealand

(Cook et al. 2025). Participants requested that MHW information be taken into
account in the New Zealand CVA.

Priority 6: The participants requested an assessment of the feasibility of evaluating

vulnerability across species' life stages. Consistent with virtually all published
CVAs, the CRIB evaluates vulnerability only during adulthood.

Additional priorities were discussed, including consideration of social and economic factors and
climate stressors beyond temperature. However, additional project funding would be required to
sufficiently address these priorities, as they were outside this project's time and budgetary constraints.
This report discusses the CRIB-adapted CVA framework for New Zealand’s marine fisheries,
hereafter referred to as CRIB-NZ, including the revised framework methodology and potential input
data sources to incorporate the identified priorities. Meeting participants also discussed how CRIB-
NZ would be applied to a priority fishery or region to demonstrate its functioning (objective 3,
above). It was requested that it be applied across Fisheries Management Area 5 (Southland) to the
following eight case-study species:

1.

Yellowtail Kingfish (Seriola lalandi): Yellowtail kingfish, or amberjack, is a large, fast-
swimming benthopelagic/pelagic predator associated with reefs, islands, kelp beds, and
coastal-to-oceanic waters. It is highly mobile, important to recreational fisheries, and
supports commercial and aquaculture interests in parts of its range. FishBase lists it as
benthopelagic with a depth range between 3 and 825 m.

Red gurnard (Chelidonichthys kumu): Red gurnard is a medium-sized demersal fish

found on sandy and muddy bottoms in coastal New Zealand waters; FishBase lists it as
demersal from about 1-200 m, usually 75-150 m. It is commercially important in New
Zealand and is often taken in inshore trawl fisheries.

Blue cod (Parapercis colias): Blue cod is a New Zealand endemic, bottom-dwelling
demersal fish common on rocky coastal habitats, especially around the South Island and
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Chatham Islands; Fisheries New Zealand describes it as occurring to about 150 m depth
and growing up to about 60 cm. It is an important recreational and commercial species.

4. Blue moki (Latridopsis ciliaris): Moki is a coastal benthopelagic fish that occurs
primarily over rocky reefs, kelp forests, and adjacent soft-bottom habitats. It is commonly
found in shallow to mid-depth waters (approximately 10—150 m). Blue moki are
relatively long-lived, slow-growing fishes that form spawning aggregations and undertake
seasonal movements between feeding and spawning grounds.

5. Red cod (Pseudophycis bachus): Red cod is a demersal species usually found on soft
muddy or sandy bottoms, and also occurring on rocky bottoms, bays, estuaries, and the
continental shelf; FishBase notes that it can exceed 700 m but is abundant around 200—
300 m in New Zealand. It is commercially harvested mainly by bottom trawl and is also
taken as bycatch in deeper fisheries.

6. Rock lobster (Jasus edwardsii): Red rock lobster is a benthic spiny lobster found around
mainland New Zealand and offshore islands, occupying rocky reef and crevice habitats,
commonly in shallow coastal waters but also deeper. It supports one of New Zealand’s
major high-value invertebrate fisheries, with both ecological and cultural importance.

7. Blackfoot paua (Haliotis iris): Paua is a benthic abalone/gastropod endemic to New
Zealand rocky shores, especially shallow subtidal reef habitats. It is benthic, occurring at
depths of 0-20 m. It supports important customary, recreational, commercial, and
aquaculture sectors, but local populations can be sensitive to harvest pressure and
environmental disturbance.

8. School shark (Galeorhinus galeus): School shark, also known as tope shark, is a wide-
ranging demersal to pelagic coastal shark found around New Zealand’s continental shelf
and upper slope, from shallow waters to a depth of several hundred metres. It is a mobile
predator and scavenger, has slow life-history traits typical of many sharks, and supports
commercial fisheries, often as part of mixed inshore and mid-depth fisheries. FishBase
notes that it is benthopelagic, with a depth range of 0—1100 m.

This report describes the development of CRIB-NZ, including the revised methodology, potential
input data sources, and illustrative examples using the case study species. The report begins with an
overview of CVAs in marine systems, including the CRIB framework. Then, it summarises the high-
level adaptations made to produce CRIB-NZ, including whether and how the identified priorities were
accommodated. Next, the data sources used to generate vulnerability outputs for the eight case-study
species are described. Following this, the CRIB-NZ analyses are presented using one of the case study
species (yellowtail kingfish, Seriola lalandi) as an example to illustrate the workflow and
methodology. Next, the CRIB-NZ outputs for the case study species are presented under the two
requested emission scenarios (SSP-2.45 and SSP-3.70) to demonstrate how the results can be
visualised and interpreted. To keep the main report concise, many of the technical details of the CVA,
including mathematical equations, technical data, and code descriptions, are included in an appendix
as a user guide (objective 2, above). The appendix also describes efforts to incorporate life-stage
analysis into the CVA and provides examples of CVA applications undertaken using the CRIB in
Canada. Whereas CRIB-NZ estimates vulnerability, the report also discusses how the CRIB
framework can estimate risk, which can complement vulnerability and be useful when actioning CVA
outputs.

The work builds on the information summarised in ZBD2014-09 (Cummings et al. 2021) and
7ZBD2022-02A; (Behrens et al. 2025; Cook et al. 2025), as well as prior work investigating the
impacts of climate change on fished populations (ZBD2018-03).
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2 Climate vulnerability in marine systems and the CRIB: an overview

CVAs are increasingly seen as a critical component of climate-informed management of species and
ecosystems (Busch et al. 2016; Hare et al. 2016; FAO, 2018). Hundreds of CV As have been
developed across different scales and systems, using various approaches (e.g. trait-based, correlative,
mechanistic modelled, theoretical) (Pacifici et al. 2015; de los Rios et al. 2018; Foden et al. 2019).
This has led to a broad consensus on what elements define vulnerability. Following an early [PCC
definition (IPCC, 2001, 2014) and subsequent adoption (Foden et al. 2013, 2019; Pacifici et al. 2015;
Comte & Olden, 2017; de los Rios et al. 2018; Albouy et al. 2020), a species’ climate vulnerability is
defined by its sensitivity, exposure, and adaptive capacity (adaptivity) to climate change. Sensitivity
refers to the propensity for a species to be adversely affected by its exposure to climate change.
Exposure refers to the extent to which species are subjected to hazardous climate change, including
the magnitude of the effects. Adaptivity is a species' ability to cope with the adverse effects of climate
change. In the aggregate, CVAs aim to address overarching questions about the effects of climate
change on species and ecosystems, namely: which species and ecosystems are most vulnerable, where
they are most vulnerable, when they become vulnerable, and why they are vulnerable, as well as
identifying gaps in data and information needed to more completely understand the impacts of climate
change on marine life.

Despite the interest in defining and assessing climate vulnerability (de los Rios et al. 2018; Foden et
al. 2019) CVA methods have not been consistently applied across species, locations, geographic
scales, or time. Further, climate vulnerability assessments are not yet routinely used in applied marine
management settings, such as marine fisheries (Pacifici et al. 2015; Boyce et al. 2024). Vulnerability
studies often incorporate qualitative or semi-quantitative expert opinions, such as species rankings,
rather than quantitative approaches, have been locally or regionally focused (Pacifici et al. 2015; de
los Rios et al. 2018; Foden et al. 2019), and infrequently incorporate all dimensions that define
vulnerability (sensitivity, exposure, and adaptivity). For instance, a review of 743 climate change
vulnerability studies (de los Rios et al. 2018) reported that only 11% had considered all three
vulnerability dimensions, while another review (Pacifici et al. 2015) reported that only 4% of
assessments were global. CVAs also frequently report vulnerability as relative scores and rankings,
which could limit their uptake and application in management settings.

The Climate Risk Index for Biodiversity (CRIB) was developed to integrate the diverse knowledge
accumulated in climate impact studies and CVAs (Foden et al. 2013, 2019; Pacifici et al. 2015; de los
Rios et al. 2018) into a unified framework for assessing both relative climate vulnerability and
absolute climate risk, helping to fill some of these existing gaps (Boyce et al. 2022, 2024). It enables
the vulnerability and risk of marine species to be evaluated at all locations across their geographic
distributions in a quantitative, reproducible, consistent, and standardised manner, can be applied at
scales from local to global, can incorporate new information as it becomes available, is transparent,
and evaluates the statistical uncertainty of estimated vulnerability and risk. The framework provides a
method for translating relative vulnerability scores and rankings into definitive risk categories for
species and ecosystems, aiding the management and conservation of marine ecosystems under climate
change.

To support its ongoing development, use, uptake, and reliability, the CRIB was designed to be
generalised, adaptable, and scalable, using climate-vulnerability indicators that operate consistently
across species with diverse taxonomies and life histories, while remaining flexible enough to
incorporate new climate-relevant information as it becomes available. It uses quantitative, transparent,
and reproducible methods to calculate adaptive capacity, sensitivity, and exposure, drawing on
multiple complementary indices spanning trait-based, correlative, and mechanistic approaches across
species, ecosystem, and climate dimensions. Vulnerability metrics are standardised through consistent
statistical transformations and scaling procedures, enabling comparisons across species, ecosystems,
and spatial scales, from local to global assessments. The framework emphasises practical,
parsimonious, and interpretable methods by integrating publicly available, peer-reviewed data using
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information-efficient approaches that maximise insight into climate vulnerability while minimizing
unnecessary complexity.

Climate change impacts on species can be complex and synergistic (Scheffers et al. 2016). Therefore,
much like the similarly holistic concept of health, climate vulnerability or risk can’t be adequately
defined by a single index or dimension. CRIB defines vulnerability hierarchically; it is calculated
from its three dimensions (sensitivity, exposure, and adaptivity) (IPCC, 2014), each of which is
derived from four climate indices (12 total), which in turn are calculated using data layers and
ecological theory (Table F1 and Table F2). These climate indices were selected based on pre-defined
criteria, prioritizing those grounded in ecological theory, widely accepted, and validated through peer
review and publication. Indices were restricted to those where the mechanism of climate change
effects was widely accepted and well-documented in existing climate change vulnerability studies
(Loarie et al. 2009; Mora et al. 2013; Halpern et al. 2015; Stuart-Smith et al. 2015; Henson et al.
2017; Pinsky et al. 2019; Trisos et al. 2020; IUCN, 2021). Indices were also chosen to maximise their
unique information content and minimise redundancy; their uniqueness was evaluated by assessing
collinearity and conducting sensitivity analyses. Indices that were easy to interpret and calculate (e.g.
parsimonious) were prioritised. The CRIB is a ‘combined approach’ to CVA (Pacifici et al. 2015; de
los Rios et al. 2018; Foden et al. 2019); it incorporates abiotic, biotic, and human pressures across
multiple biological organisation levels (species to ecosystems). Following most previous CVAs
(Foden et al. 2013, 2019; Pacifici et al. 2015; Stortini et al. 2015; Comte & Olden, 2017; de los Rios
et al. 2018; Greenan et al. 2019; Albouy et al. 2020), the CRIB uses temperature as the primary
indicator of climate change, even though it may not capture all climate impact pathways (McHenry et
al. 2019). Temperature is widely available across historical and future periods at high spatiotemporal
resolution, and there is a greater understanding of its effects on species than of other climate variables
(Scheffers et al. 2016; Boyce et al. 2020a).
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Figure 1: Spatially explicit CRIB framework. Within each grid cell across the native geographic
distribution of a species (a), 12 standardised climate indices are calculated (b) and used to
define the three dimensions of climate vulnerability (c): present-day sensitivity (blue),
projected future exposure (red), and innate adaptivity (yellow). The dimensions are used to
calculate the species’ climate vulnerability (d). Figure taken from (Boyce et al. 2022)-.

The flow of input data into the CRIB index calculation is depicted in Figure 2 and the 12 standardised
indices used are in Table F1 and the input data used are in Table F2. The input data for the first global
CRIB analysis are fully described by Boyce et al. (2022, 2024). All analyses to calculate the CRIB
were undertaken using the R statistical computing platform (version 4.5 (R Core Team & R Team,
2024) and are available through a publicly available GitHub repository*.

4 https://github.com/danielgboyce/DFO-NCR-Climate-Risk-2024
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Figure 2: Flow of input data into index calculation. Visual depiction of which of the 11 input data layers
(left) are used to calculate each of the 12 standardised climate indices (right). Colours depict
the type of input data layer.

The CRIB has assessed climate risk for approximately 25 000 species globally (Boyce et al. 2022), for
fish stocks across the northwest Atlantic (Boyce et al. 2024), for spatial planning across the Canadian
exclusive economic zone (Lewis et al. 2023; Keen et al. 2024), harvested species within the
Northwest Atlantic Fisheries Organization convention area (Boyce et al. 2026) and for freshwater
species in the Canadian Maritimes (Shin, 2023) and has been cited as an emerging approach to CVA
in marine fisheries (Braun et al. 2026; Farchadi et al. 2026). Together, these studies demonstrate that
the CRIB can draw on diverse input data sources and be flexibly tailored to different situations and
users.

3 CRIB-NZ: A climate vulnerability framework for New Zealand fisheries
3.1  CVA priorities

The CRIB was adapted for New Zealand based on six key elements identified by participants as
priorities. The elements and their outcomes are listed in Table 1 and are discussed below.
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Table 1: Overview of identified CVA priorities and their outcomes for the New Zealand application.
N  CVA Priority Outcomes
1 NZ-specific data and information  Successful: included regional New Zealand earth system model
projections and national stock assessment information.

2 High-resolution spatially explicit ~ Successful: increased spatial resolution from 0.25° to 0.083°.
outputs

3 Scenario-specific outputs Successful: CVA can be run under any user-specified emission
scenario.

4 Inclusion of surface- and bottom-  Successful: revised methods and input data to accommodate

associated species bottom-associated species.

5  Inclusion of marine heatwave Successful: developed a new indicator of marine heatwave
information duration and intensity.

6  Vulnerability across life stages Unsuccessful: input data and information required to assess early

life stage vulnerability were lacking. Refer to the appendix for
further information.

311 A CVA for New Zealand

As much as possible, input data layers were replaced with those more suitable to the New Zealand
context. This included projections from regional climate models and nationally developed estimates of
species conservation status (see input data layers section, below). The feasibility of using additional
data sources from within New Zealand, such as species distribution models, was also explored.

3.1.2  High resolution outputs

Previous CRIB implementations estimated vulnerability at intermediate spatial resolutions, including
1° and 0.25°. To produce high-resolution CVA outputs, all spatial data layers, including species
geographic distributions, historical and projected sea surface and bottom temperatures, bathymetry,
and cumulative impacts, were replaced with high-resolution sources (see input data layers section,
below), enabling geographic patterns in vulnerability to be better resolved.

The CRIB-NZ case study analysis was conducted at 1/12° (0.083°) resolution, to match the native
resolution of the historical bottom temperature data (Table 2). Whereas surface temperatures have
longer decorrelation scales (e.g. the distance over which observations remain significantly correlated
with one another) and are relatively straightforward to regrid, bottom temperatures have shorter
decorrelation scales and are therefore much more challenging to regrid reliably. To avoid regridding
bottom temperature data and potentially introducing bias, the analysis of case-study species was
conducted at the native resolution of the bottom temperature data.

3.1.3  Scenario-specific outputs

The ability to evaluate vulnerability over different future horizons and emission pathways. In the case
studies presented here, vulnerability is evaluated to 2100 under two middle-of-the-road emission
scenarios (SSP2-4.5 and SSP3-7.0). To achieve this, temperature projections from an ensemble of two
global and one regional Earth System Models were used (see the input data layers section below).

3.1.4  Theinclusion of bottom-associated species

Previous CRIB implementations estimated the vulnerability and risk of species that spend significant
time in the epipelagic zone based on sea surface temperatures (Boyce et al. 2022, 2023, 2024; Keen et
al. 2023; Lewis et al. 2023; Boyce et al. 2024b). To enhance relevance to fisheries, participants
requested that the analyses be extended to include species that exclusively inhabit deeper waters. To
achieve this, high-resolution time series of surface and bottom temperatures, as well as projections,
were sourced. Following this, species are separated into those that reside exclusively on the seafloor
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(‘bottom-dependent’) and those that depend on the upper ocean (upper 50 m) for some portion of their
life— for instance, diel migrations, seasonal shoaling, spawning events, feeding, or other upward
vertical movements (‘surface-dependent’). Climate vulnerability of bottom-dependent species was
assessed using seafloor temperatures, and that of surface-dependent species using sea surface
temperatures. Species were categorised as either surface- or bottom-associated using logic rules based
on their full taxonomies, minimum and maximum depths of occurrence, and vertical habitat
classifications extracted from FishBase and SeaLifeBase as follows:

Surface-associated:

1. Any species with a vertical habitat categorised as pelagic, pelagic-neritic, or pelagic-oceanic.
or

2. Any non-sessile species with a vertical habitat categorised as benthic, demersal,
bathydemersal, benthopelagic, reef-associated, or bathypelagic that has a minimum depth of
occurrence of less than 50 m.

Bottom associated:

Any species with a vertical habitat that is categorised as sessile.

Any species with a vertical habitat categorised as benthic, demersal, bathydemersal, or reef-
associated that has a minimum depth of occurrence of greater than 50 m.

3. Any taxonomic group (e.g. phyla, class, order, species) that can be reliably identified as
living entirely on or in the seafloor with limited vertical mobility, including:

i.  Any species in the following phyla: Porifera, Placozoa, Gnathostomulida, Entoprocta,
Phoronida, Brachiopoda, Siphuncula, Priapulida, Kinorhyncha, Loriciferan,
Xenacoelomorpha, Echinodermata.

ii.  Any species in the following classes: Anthozoa, Staurozoa, Polyplacophora,
Scaphopoda, Caudofoveata, Solenogastres, Enteropneusta, Pterobranchia, Ascidiacea,
and Pycnogonida.

iii.  Any species in the following order: Platyctenida, Tanaidacea, Cumacea.

iv.  Any species whose common name contained the following text strings: lobster, crab,
clam, starfish, seastar, urchin, worm, cucumber, dollar, paua, abalone, cockle, scallop,
chiton, hare, limpet, oyster, mussel, conch, geoduck, anemone, quahog, crayfish,
snail, mud shrimp, barnacle, stargazer, whelk, slug, frogfish.

N =

The application of this classification system to the eight case study species is illustrated in Figure 3.
Under these rules, many species that are primarily bottom-dwelling (e.g. benthic, demersal) are
categorised as surface-associated if they are vertically mobile and range into the upper 50 m. This
might at first seem counterintuitive. For instance, species distribution models (SDMs), including those
used here, commonly estimate the distribution of benthic and demersal species using seafloor
temperatures. However, this is a key difference between SDMs and CVAs. Species distribution
models rightly focus on where species spend most of their time, whereas CV As focus on where
species spend any part of their time. Understanding where species spend most of their time is useful
for predicting where they are most likely to be found, but it would produce biased estimates of climate
vulnerability. For instance, while school sharks (Galeorhinus galeus) are demersal, spending most of
their time near the seafloor, they also migrate to surface waters to feed on pelagic prey, where they are
exposed to different, often more extreme, climate conditions. Assessing school shark vulnerability to
seabed temperatures alone would underestimate it, as it would fail to account for their exposure to
warming during vertical migrations. To avoid this bias, CVAs must assess the vulnerability of marine
species to the most acute climate conditions they experience, rather than those they most commonly
experience. For this reason, the logic rules outlined previously allow the vulnerability of species that
spend any portion of their time in the uppermost pelagic zone to be assessed against surface
temperatures, while those spending the totality of their lives at the seabed are assessed against seabed
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temperatures. Those that did not exclusively inhabit the seabed and did not inhabit any portion of the
pelagic zone (e.g. vertically migrating mesopelagic species, such as lanternfishes) are excluded.

Practically, the difference between being assessed as surface- versus bottom-associated would
diminish along the bathymetric gradient. For instance, in shallow benthic systems, the difference
between surface and bottom temperatures is generally much smaller than in abyssal ones.

Yellowtail kingfish
Seriola lalandi
Red gumard
Chelidonichthys kumu
Surface-associated species:
Red cod
Pseudophycis bachus
or
+ Vertically mobile (non-sessile) and uses the
Bliie mokd upper ocean (<50 m)
Latrialopsis ciliaris
School shark Bottom-associated species:
Galeorhinus galeus . . ;
+ Categorized assessile
""""""""""""""""""" or
Rock lobste - . .
Ja;':";wﬂ;.r. Paua Blue cod | . + Categorized asbenthic, demersal,
Haliotis iris Parapercis colias : bathydemersal, orreef-associated and does

not use the upper ocean (=50 m).
or
+ Any taxonomic group (e.q., phyla, class,
order, species) that can be reliably identified
asliving entirely on orin the seafloor with
limited vertical mobility.

—— 22 - A - =

Figure 3: Vertical habitat categorization of marine species. Case study species are categorised as
surface- (blue) or bottom- (red) associated, based on their habitat, depth distribution, and
vertical mobility. Surface-associated species vulnerability is assessed relative to surface
conditions, and bottom-associated species vulnerability is assessed relative to bottom
conditions.

3.1.5 Vulnerability across life stages

Consistent with virtually all published CV As, the CRIB evaluates vulnerability only during
adulthood. However, because early-life-stage dynamics are critical to fisheries assessment, Fisheries
New Zealand requested an assessment of the feasibility of evaluating vulnerability across species' life
stages. The vulnerability during juvenile life stages is a known uncertainty in CVAs. Adults are more
frequently studied than larvae or juveniles, and thus their geographic distributions, trait information,
and overall responses to environmental and climate variability are far better understood. The paucity
of data and peer-reviewed studies on the climate vulnerability of species’ early life stages has
impeded the development of CV As for these stages. This is unfortunate, as early life stages can
sometimes be more climate-vulnerable than adults, creating ‘thermal bottlenecks’ (Dahlke et al.
2020). Seeking to address this gap, two approaches to evaluating the vulnerability of early life stages
within an adapted CRIB framework for New Zealand were explored (refer to Appendix A:
Vulnerability across life stages).
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3.2 Input data layers

CRIB-NZ relies on 11 input data layers that can be flexibly sourced. To demonstrate the CRIB-NZ for
the case study species, we sourced input data that met the requested criteria (e.g. Section 3.1: CVA
priorities), and were readily available and feasible to implement within the time and budgetary
constraints of this project (Table 2). As the CRIB-NZ is a flexible framework, these input data layers
could feasibly be replaced with alternative sources.

Table 2: Data sources used in the New Zealand-adapted CRIB run (CRIB-NZ).

N Variable Type Source Temporal Spatial References

1  Species native Taxonomic, AquaX 0.05° (Reygondeau et al.
geographic spatial 2026)
distribution

2 Conservation Taxonomic MPI probability of - - Fisheries New
status overfishing Zealand

3 Vertical habitat use Taxonomic FishBase, Seal.ifeBase, - - (Pauly et al. 2000;

AquaX Palomares & Pauly,
2022; Reygondeau et
al. 2026)

4  Maximum body Taxonomic Marine Organism Body - - (McClain et al.
length Size Database (MOBS) 2025)

5  Thermal niche Taxonomic AquaX - (Reygondeau et al.

2026)
6  Bathymetry Spatial Copernicus GLORYS - ~0.08°  (Jean-Michel et al.
static fields 2021)
7  Sea surface Spatiotemporal ~ Global Ocean Monthly;  ~0.08°  (Jean-Michel et al.
temperature Reanalysis (GLORYS)  1993- 2021; Copernicus
2025 Marine Service,
2023; Drevillon &
Gues, 2023)

8  Projected sea Spatiotemporal Coupled Model 1850- 0.25° (Eyring et al. 2016;
surface Intercomparison 2100 Sein et al. 2018;
temperature Project Phase 6 Voldoire et al. 2019)

(CMIP6)

New Zealand Earth Monthly;  ~0.08°  (Williams et al.
System Model 2015- 2016; Behrens et al.
(NZESM) 2100 2020)

9  Seabottom Spatiotemporal ~ Global Ocean Monthly;  ~0.08°  (Jean-Michel et al.

temperature Reanalysis (GLORYS)  1993- 2021; Copernicus
2025 Marine Service,
2023; Drevillon &
Gues, 2023)

10 Projected sea Spatiotemporal Coupled Model 1850- 0.25° (Eyring et al. 2016)
bottom Intercomparison 2100
temperature Project Phase 6

(CMIP6)
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New Zealand Earth Monthly;  ~0.08°  (Williams et al.

System Model 2015- 2016; Behrens et al.
(NZESM) 2100 2020)
11 Cumulative Spatial Cumulative human - 1km? (Halpern et al. 2008,
impacts impact index 2012, 2015)

3.21  Species native geographic distribution

In previous CRIB iterations (Boyce et al. 2022, 2024), the native geographic distributions of each
species were acquired from the AquaMaps (Kaschner et al. 2019) on a native global 0.5° grid. To
generate high-resolution vulnerability outputs, an alternative is needed that produces robust, high-
resolution estimates of species distributions for many marine species.

The AquaX framework is a next-generation ensemble species distribution modelling approach that
builds off of AquaMaps (Reygondeau et al. 2026). It predicts present-day marine species distributions
using an integrated ecological niche modelling pipeline that combines standardised taxonomic
information, cleaned occurrence records, ecological and biogeographical traits, and a high-resolution
suite of environmental predictors. Species occurrence records are drawn from AquaMaps, OBIS, and
GBIF, and taxonomies are standardised using WoRMS AphialDs to ensure taxonomic consistency. Of
critical value to the CRIB, the AquaX process can empirically determine species presence/absence
using species-specific thresholds calculated within the modelling framework. Refer to the Appendix
(section B.1) for an extended description of the AquaX analysis pipeline.

Present-day species distribution estimates from AquaX were extracted at their native 0.05° resolution
globally, re-gridded to 0.08°, converted to binary presence/absence using the empirically derived
threshold, and clipped to the New Zealand exclusive economic zone (EEZ); this resulted in 8912
species distributed within the New Zealand EEZ (Figure 4).
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Figure 4: Total number of species estimated with the
AquaX framework across the New Zealand
EEZ.

3.2.2 Species thermal niches

The realised thermal niche of marine species was derived from the AquaX global species distribution
modeling framework (Reygondeau et al. 2026), which is an update to the widely used AquaMaps
platform (Kaschner et al. 2019).

Within AquaX, each species was assigned to a habitat category (pelagic vs. benthic/demersal/reef-
associated) using their FishBase or SeaLifeBase information. Species classified as pelagic (including
pelagic-oceanic, bathypelagic and pelagic-neritic) were associated with a global gridded field of
baseline seawater temperature representative of the surface water column. Species classified as
benthic or demersal (including reef-associated, benthopelagic, bathydemersal and sessile forms) were
associated instead with a global gridded field of baseline temperature representative of conditions near
the seafloor.

The native-range map for each species was overlaid with its habitat-specific temperature fields on the
same spatial grid. The native range map identified all grid cells where the species is present.
Temperature fields were restricted to grid cells where the species was present, ensuring that
subsequent calculations represent the thermal conditions experienced within the species’ modelled
native range. From this restricted set of temperature values, the distribution of temperatures across the
occupied cells was used to calculate the mean, minimum, maximum, and the 1st, Sth, 25th, 50th, 75th,
95th, and 99th percentiles, which represent the thermal niche. These calculations were conducted
separately for each dataset (pelagic occurrence-based, pel_occ; seafloor occurrence-based, seaf_occ)
and for each temperature metric (e.g. max and long-term maximum, Itmax). We explored how the
lower and upper thermal limits and the range varied across methods. To determine which approach
most closely approximates previously used thermal niche estimates, we compared all candidate lower
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and upper limits, as well as resulting niche widths, against AquaMaps-derived thermal tolerances
across species.

Agreement with AquaMaps was quantified using mean absolute error (MAE), root mean square error
(RMSE), bias, and correlation. Across all datasets and variables, thermal limits defined by the 5th and
95th percentiles (q05 and q95) consistently showed the strongest agreement with AquaMaps, yielding
the lowest MAE and RMSE and minimal bias relative to alternative definitions. In contrast, extreme-
based limits (min, max, q01, q99) systematically overestimated niche breadth, while intermediate
quantiles (q025—q975) produced moderately wider niches but did not improve agreement with
AquaMaps. On average, the q025-q975 method increased estimated niche width by approximately
15-25% (~1-3 °C) relative to q05—q95, whereas min—max approaches resulted in substantially larger
overestimates.

Dataset choice had a much larger influence on inferred niche width than the quantile definition did.
Thermal niches derived from seafloor occurrence data (seaf_occ) were consistently broader than those
from pelagic occurrences (pel_occ), with mean niche widths approximately 50-100% larger (~4-10
°C wider), possibly reflecting greater environmental variability in benthic habitats and greater vertical
habitat range of bottom-associated species. Differences among temperature metrics were
comparatively small: using long-term maximum temperature instead of instantaneous maximum
increased niche width by approximately 5-15% (~0.5-2 °C). Despite these differences, the relative
performance of quantile-based methods was consistent across datasets and variables.

Based on these analyses, we defined species thermal niches using the q05—q95 range derived from
occurrence-based datasets, which provided the closest match to AquaMaps estimates while avoiding
the inflation associated with extreme values. Upper thermal limits were therefore defined as the 95th
percentile (q95) and lower limits as the 5th percentile (q05) of the species-specific temperature
distributions. This approach captures the central realised thermal niche while minimizing the
influence of outliers and sampling artifacts, and is consistent with independently derived global niche
estimates.

The validity of the AquaX upper thermal tolerances was checked by comparing them against
experimentally determined critical thermal maxima (CTmax) for species documented in published
sources (Comte & Olden, 2017; Bennett et al. 2018; Pinsky et al. 2019). AquaX realised upper
thermal tolerances were evaluated against the fundamental thermal tolerances for 62 species in the
GlobTherm database (Bennett et al. 2018) 63 species reported by Pinsky et al. (2019), and 784 species
in Comte & Olden 2017. These comparisons revealed a strong positive correlation between the
realised upper thermal niches in AquaX and the fundamental upper thermal niches reported in these
databases (r = 0.89-0.9); (Figure 5). However, as expected, fundamental tolerances were typically
higher than the realised tolerances from AquaX. This difference is partly due to differences in the
duration of thermal exposure considered in the assessments. Realised tolerances are based on time-
averaged sea temperatures, whereas fundamental tolerances are determined through experiments that
measure responses to acute heat exposure (e.g. over minutes, hours, or days). If we were to use the
hottest hourly or daily temperatures within a year, the realised and fundamental tolerances would be
expected to align more closely.

While CTmax values that represent fundamental thermal limits are higher than realised thermal
tolerances, realised thermal tolerance may be a more suitable metric for assessing climate
vulnerability or risk. Whereas the fundamental thermal limit denotes mortality, the realised limit is
likely to denote the onset of thermal stress and declining productivity. Thermal stress onset is more
closely aligned with the concept of climate vulnerability (e.g. susceptibility to the effects of climate
change) and is likely to provide advance warning of climate-driven mortality, which is one of the
primary goals of most CVAs, including CRIB.
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Figure 5: Relationships between realised upper thermal niches of species in AquaX and in the
scientific literature. Points show the upper thermal tolerances (95th percentile of the
distribution) of species reported in AquaX, matched to species in Comte & Olden (2017),
the GlobTherm database (Bennett et al. 2018), and Pinsky et al. (2019).

3.2.3 Species conservation status

Stock status information is summarised annually in Fisheries New Zealand’s “Status of the Stocks”
tables, which draw on assessments reviewed by species-specific Fisheries Assessment Working
Groups (FAWGS) and endorsed in the national Plenary. These groups include government scientists,
industry analysts, university researchers, and invited experts who jointly review data, models, and
uncertainty. For data-rich stocks, age- or length-structured stock assessment models integrate catch
histories, standardised CPUE, survey indices, and biological composition data to estimate current
biomass and fishing mortality. Posterior distributions from these assessments are compared with
reference points to derive the probability that biomass exceeds targets and limits, and whether fishing
mortality exceeds the overfishing threshold. These probabilities are translated into 7 likelihood
categories (“Exceptionally Unlikely”, “Very Unlikely”, “Unlikely”, “About as Likely as Not”,
“Likely”, “Very Likely”, and “Virtually Certain”) for reporting. For partially assessed stocks, simpler
analyses using CPUE trends, survey indices, or production-model indicators inform qualitative
estimates of biomass status and the risk of overfishing. For low-information stocks, FAWGs rely
primarily on trends in catch, effort, size composition, and life-history traits to provide expert-based
likelihood statements. In all cases, uncertainty is explicitly communicated through the likelihood
scale.

Each stock’s evaluation includes a summary of the data used, data quality, and any key omissions.
The Working Groups determine base-case models, evaluate sensitivity analyses, and agree on the
most plausible assessment outcomes. The Plenary then reviews these conclusions for consistency with
national standards and may revise probability statements. Finalised assessments are subsequently
compiled into a public stock-status table. The resulting probability-based classifications determine
whether stocks are above or below biomass targets and whether overfishing is occurring or likely to
occur under current removals. The approach provides a transparent, reference-point-based framework
for evaluating stock condition. It also enables consistent communication of uncertainty across
fisheries.

To assign species conservation statuses spatially, quota management areas were used. The quota
management areas for each harvested marine species were obtained from the MPI Geospatial
Management web portal (Quota Management Areas: Ministry for Primary Industries Open Data Site).
The Quota Management Areas (FMAs) are based on the fisheries management area boundary
definitions (first schedule of the Fisheries Act, 1996) and are either a combination of FMAs or
correspond directly to an FMA. Legal definitions of the boundaries of the FMAs and some individual
stocks are contained within the first schedule of the Fisheries Act, 1996. Remaining stock definitions
were sourced from the notices of Declaration of New Stocks Subject to Quota Management System.
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The areas were extracted as polygon shapefiles for 677 stocks, 643 of which are managed under New
Zealand's quota management system.

3.24  Species’ maximum body lengths

Species maximum body lengths were obtained from the Marine Organismal Body Size (MOBS)
Database (McClain et al. 2025). MOBS compiles standardised measurements of maximum linear
dimensions—Iength, height, width, and diameter—for 85 204 marine animal species across 30 phyla
representing 40% of valid marine animal species listed in the World Register of Marine Species
(WoRMS). The dataset is built on the World Register of Marine Species (WoRMS) taxonomy (
WoRMS Editorial Board 2020), with each record linked to an AphialD to ensure consistency in
species names, synonymies, and higher classification. MOBS gathers body size data from multiple
sources, beginning with online taxonomic databases and then drawing on published species
descriptions, taxonomic monographs, and museum specimen records, particularly holotypes and
paratypes. All measurements reflect the largest reported size for each species, extracted from source
materials rather than calculated or inferred. Because different publications sometimes report different
maxima, the database retains multiple values when available, enabling users to assess variability in
reported size estimates. Linear dimensions are used instead of mass because they are more widely
available for marine invertebrates and scale predictably with body mass at higher taxonomic levels.
For species with indeterminate growth, the largest individuals likely approximate maximum adult
size, and log-transformed analyses reduce the influence of intra-specific variation. Each entry includes
measurement notes, data sources, and indicators of the biological unit measured (e.g. colony vs.
individual). Quality control involved verifying online measurements against original sources to
prevent the propagation of data-entry errors. As of release 1.0, the database contains 170 214
measurements representing 85 204 species—approximately 40% of all valid marine animal species in
WoRMS—with seven phyla exceeding 75% coverage. The database is global in taxonomic scope but
contains no geographic data; however, integration with OBIS allows spatial analyses. MOBS is
distributed as a publicly accessible CSV file hosted on GitHub, with clear versioning and guidance for
reconciling records with updated WoRMS taxonomy.

3.25 Historical and present-day temperatures

Surface and bottom temperatures with the requisite geographic and temporal coverage were obtained
from a Global Ocean Physics Reanalysis produced by the Copernicus Marine Service Global
Monitoring and Forecasting Centre (GLORYS). Previous regional iterations of CRIB used daily SST
estimates from the NOAA 0.25° daily Optimum Interpolation Sea Surface Temperature dataset
(OISST) (Reynolds et al. 2007). However, using surface temperatures from the Reynolds dataset and
bottom temperatures from GLORYS could create biased risk estimates for pelagic versus demersal
species. To avoid this and ensure strict comparability of the surface and bottom temperature datasets,
surface and bottom temperatures were extracted from the same GLORYS dataset.

The GLOBAL_MULTIYEAR_PHY_001_030 dataset is a global physical-ocean reanalysis produced
by the Copernicus Marine Service in partnership with Mercator Ocean International, designed to
provide consistent three-dimensional fields of potential temperature, salinity, currents, sea surface
height, mixed-layer thickness and sea-ice parameters globally (£80° S to 90° N, 180° W—180° E) on a
regular 1/12° (~0.083°) horizontal grid and 50 standard vertical levels. The model is derived from the
NEMO ocean model (Arakawa C-grid) coupled to the LIM?2 sea-ice component, forced by ECMWF
atmospheric reanalyses (ERA-Interim historically and ERAS more recently) and incorporating data
assimilation via a reduced-order Kalman filter/scheme (SAM2/SEEK) that ingests satellite SST,
altimeter sea-level anomalies, in-situ T/S profiles and sea-ice concentration. Temporal coverage
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Figure 6: Average surface (top) and bottom (bottom) sea
temperature between 1993 and 2025.

begins on 1 January 1993 (daily and monthly means) and continues into the near-real-time interim
stream?. The horizontal grid (~4320x2041 grid points globally) resolves mesoscale features at ~8 km
resolution in mid-latitudes. Data are delivered in CF-compliant NetCDF format (Level 4) and include
auxiliary static fields (masking, bathymetry, cell metrics) to support volume integrations. Because the
product is observation-constrained and globally consistent, it has been used widely for studies of
ocean temperature variability, trend detection, and extremes across space and depth. Its high
resolution and long record make it suitable for exploring subsurface warming and regional climate
change impacts. For example, the dataset permits investigation of three-dimensional thermal structure
rather than surface-only fields. The user manual documents the production system, resolution,
assimilation strategy and quality assessment. In total, the product offers a robust, freely available
reference for long-term and near-real-time physical ocean state, including full-depth temperature
fields at 0.083° horizontal resolution and daily/monthly temporal resolution. These reanalyses are as
close as possible to the observations and in agreement with the model physics.

For the case studies presented here, monthly surface and bottom temperatures were extracted at their
native ~0.08° across the New Zealand EEZ (Figure 6).

Shttps://data.marine.copernicus.eu/product/GLOBAL MULTIYEAR PHY 001 030/services?utm_source=chat

gpt.com
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3.26 Projected temperatures

Monthly surface and bottom temperature projections were extracted between 2015 and 2100 from
global and regional Earth System Models (ESMs; Table 3). All temperature projections (°C) were
made under the IPCC’s shared socioeconomic pathway (SSP) scenarios SSP2-4.5, representing a
“middle of the road” fossil fuel pathway, and SSP3-7.0, representing a higher emissions “rocky road’
socioeconomic pathway (Riahi et al. 2017; Meinshausen et al. 2020). Under SSP2-4.5, the global
mean surface temperature is anticipated to increase by ~2.1-3.5°C by 2100 relative to pre-industrial
levels, whereas under SSP3-7.0, a ~3-3.6°C increase is projected.

Table 3: Earth System Models used.

N  Model Modeling Center (or Group) References

1 CNRM-CM6-1-  Centre National de Recherches Meteorologiques (Voldoire et al. 2019)
HR

2 AWI-CM-1-1- Helmbholtz Centre for Polar and Marine Research (Sein et al. 2018)
MR

3 NZESM Several, led by Earth Sciences New Zealand (ESNZ) (Williams et al. 2016;

Behrens et al. 2020)

3.2.6.1  CMIP 6 projections

Projected monthly surface (SST) and bottom temperature time series were obtained from the Coupled
Model Intercomparison Project phase 6 (CMIP6) between 1850 and 2100. All temperature projections
were extracted onto a regular 0.25° grid. An ensemble of temperature projections was obtained from
three published Global Climate Models (GCMs) or Earth System Models (ESMs) in the CMIP6
archive. These models span a broad range of temperature projections within the CMIP6 model set. All
CMIP6 surface and bottom temperature projections were interpolated to the template 0.08° grid across
the New Zealand EEZ using nearest neighbour interpolation (Figure 7 and Figure 8).
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Figure 7: Average projected surface temperature under SSP2-4.5 (top row) and SSP3-7.0 (bottom row)
from three ESM models (Table 3) to 2100.

3.2.6.2  New Zealand Earth System Model (NZESM) projections

The New Zealand Earth System Model (NZESM) is a fully coupled Earth system model based on
UKESM, which uses NEMO (Madec, 2015) and MEUSA (Yool et al. 2013) to simulate ocean
physics and biogeochemistry. It uses the Unified Model and Jules (Walters et al. 2019) for the
atmosphere and land processes and CICE (Rae et al. 2015; Hunke et al. 2017) for sea ice. NZESM
captures ocean circulation in the New Zealand region better than its parent model by embedding a
1/5° resolution nested region in the ocean around New Zealand (Behrens et al. 2020) and by
incorporating a solar-cycle-dependent photolysis rate (Dennison et al. 2019). NZESM has reduced
model biases in temperature around New Zealand by resolving small-scale processes and improving
boundary current transport. All NZESM surface and bottom temperature projections were interpolated
to a template 0.08° grid across the New Zealand EEZ using nearest neighbour interpolation (Figure 7
and Figure 8).
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Figure 8: Average projected bottom temperature under SSP-2.45 (top row) and SSP-3.70 (bottom
row) from three ESM models (Table 3) to 2100.

3.27 Cumulative impacts

A multivariate index of cumulative human impacts (Human Impacts Index; HII) on ocean ecosystems
was developed by Halpern et al. (2008, 2015). The HII index integrates 17 global anthropogenic
drivers of ecological change, including fishing pressure, pollution, invasive species, eutrophication,
and climate change. Temperature change is a factor in the HII; however, since there are 16 additional
indices, its collinearity with the CRIB indices is likely to be minor. The HII estimates were available
at a global 1km? native resolution. These values were rescaled to a 0.8° grid around the New Zealand
EEZ using bilinear interpolation (Figure 9).
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Figure 9: Cumulative human impact index from
Halpern et al. 2015.

3.3 Analyses

Like the CRIB, CRIB-NZ climate indices are calculated or obtained in their native units. Each index
is defined by the focal species’ traits, calculated from environmental or ecological data on a
geographic grid across the geographic distribution of the focal species and/or a combination of the
two. This leads to indices that are taxonomically and geographically explicit. Each index is
transformed to map to a standardised 0—1 scale using hyperbolic functions (see Boyce et al. (2022) for
details). This step ensures that indices with different units can be compared and combined. It also
enables vulnerability to be re-estimated at different spatial resolutions or at different points in time
without information loss.

To adapt the CRIB framework to the New Zealand fisheries context, some indices were modified. The
vertical habitat variability and use index (climate sensitivity) was modified to accommodate bottom-
associated species, and the climate velocity index (climate exposure) was replaced entirely to
incorporate the impacts of marine heat waves in New Zealand waters. The 12 climate indices used in
the CRIB-NZ adaptation—the original 10 and the newly developed ones—are listed in Table 4 and
described below. All of the edits made to the CRIB to develop CRIB-NZ are listed in Table 5.
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Table 4: Indices used in the CRIB-NZ framework.

Index Description
Sensitivity (S)
Thermal The difference
safety between the
margin maximum
environmental
temperature and
the species' upper
temperature
tolerance.
Conservatio  Assessed
n status probability of
stock overfishing
(categorical).
Cumulative ~ Multivariate index
impacts of human impacts.
Vertical A bivariate
habitat function of the
variability minimum depth
and use distance of
occupancy from
the surface or
bottom and the
vertical range of
species.
Adaptivity (AC)
Geographic A bivariate

function of the
global present-day
geographic habitat
area and the
latitude span

range extent

Data

AquaX,

Global Ocean
Reanalysis
(GLORYYS)
surface and
bottom
temperature

MPI stock
table

Human
impact index

AquaX,
FishBase,
SealifeBase

AquaX

Rationale

Species inhabiting waters at their
upper thermal limits are more
vulnerable to further warming.
The thermal safety margin has
been extensively used in climate
vulnerability assessments to
measure species sensitivity and
tolerance to further warming.

Climate effects on species can be
more severe when species are or
have been impacted by additional
stressors (e.g. fishing, pollution,
and nutrient loading) and are at
low conservation status.

Species exposed to multiple
impacts are more sensitive to
additional stressors, tipping
points, and synergistic impacts.

Habitat generalist species are
more adapted to climate
variability and change than are
specialist species due to their
ability to occupy a greater variety
of habitats. Species inhabiting the
upper ocean and having narrow
vertical habitat ranges are more
sensitive to upper-ocean warming.

Broadly distributed species are
less susceptible to adverse climate
change events over parts of their
geographic distributions. Greater
opportunity for favourable habitat
(e.g. climate refugia) within larger
distributions.

References

(Deutsch et al. 2008; Sunday
et al. 2012; Sunday et al.
2014; Pearson et al. 2014;
Stuart-Smith et al. 2015;
Comte & Olden, 2017;
Walters et al. 2018; Vinagre et
al. 2019; Gallagher et al. 2019;
Pinsky et al. 2019, 2021;
Dahlke et al. 2020; Payne et
al. 2021; Molina et al. 2025;
Storm, 2025)

(Ohlemiiller et al. 2008;
IUCN, 2012; Berry et al.
2013; Pearson et al. 2014;
KEITH et al. 2014; Stanton et
al. 2015; Morrison et al. 2016;
Hare et al. 2016; Foden et al.
2019; Bateman et al. 2020;
McClure et al. 2023; Craig et
al. 2025; Frawley et al. 2025;
Lettrich et al. 2025)

(Worm et al. 2002, 2006;
Worm & Dufty, 2003;
Ottersen et al. 2006; Crain et
al. 2008; Darling & Coté
2008; Halpern et al. 2008,
2012, 2015; Carilli et al. 2009;
Ban et al. 2010; Stelzenmiiller
et al. 2010; Maxwell et al.
2013; Kroeker et al. 2013; Le
Bris et al. 2018; Rogers-
Bennett & Catton, 2019;
Sumaila & Tai, 2020; Butt et
al. 2022; Gove et al. 2023)

(Peters, 1985; Natori et al.
2006; Laidre et al. 2008;
Rosset & Oertli, 2011; Guest
et al. 2012; Garcia et al. 2014;
Spencer et al. 2019; Firth et al.
2021; Lettrich et al. 2023;
McClure et al. 2023; Moll et
al. 2024)

(Cheung et al. 2007; Burek et
al. 2008; Laidre et al. 2008;
Ohlemiiller et al. 2008;
Ficetola & Denoel, 2009;
Davidson et al. 2012;
Gonzalez-Suarez et al. 2013;
Pearson et al. 2014; Dickinson
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Index

Geographic
habitat
fragmentatio
n

Maximum
body length

Thermal
habitat
variability
and use

Exposure (E)

Description

occupied by the
species.

The proportion of
species native
geographic
distribution that is
fragmented.

The maximum
body length
reached globally.

A bivariate
function of the
fraction of
species' thermal
niche covered by
its historical
temperature
habitat and the
total temperature
range experienced
by the species
across its global
present-day
geographic range.

Data

AquaX

MOBS
database

AquaX,
Global Ocean
Reanalysis
(GLORYYS)
surface and
bottom
temperature

Rationale

Species with less fragmented
habitat ranges have greater access
to potentially favourable habitats
(e.g. climate refugia), migration
corridors, and larval dispersal.
Consequently, studies in
terrestrial and marine systems
have reported that species with
fragmented geographic ranges are
more sensitive to and less resilient
to climate change impacts

The maximum size is a predictor
of several life-history traits (e.g.
generation length, time to
maturity, intrinsic rate of
population increase) that
cumulatively define a species'
potential reproductive capacity
and population growth rate. The
maximum size (length or mass)
reached by species has been
commonly used as a proxy of
extinction risks and vulnerability
of species to climate change.
Smaller species that tend to be r-
selected are viewed as more
resilient than larger, K-selected
ones.

Species inhabiting more variable
thermal environments, such as at
the range-edges of their
geographic distributions, are
thought to have a greater capacity
to adapt to climate change and are
believed to be less sensitive to it

References

et al. 2014; Garcia et al. 2014;
Runge et al. 2015; Ofori et al.
2017; Ducatez & Shine, 2017;
Chichorro et al. 2019; Albouy
et al. 2020; Staude et al. 2020;
Chase et al. 2020)

(Brown & Kodric-Brown,
1977; Lehtinen et al. 1999;
Warren et al. 2001; Fahrig,
2002; Kaschner et al. 2006;
Moore & Huntington, 2008;
Rueda et al. 2013; Gonzalez-
Suarez, Gomez and Revilla,
2013; Pearson et al. 2014;
MacLean & Beissinger, 2017,
Crooks et al. 2017; Rogan &
Lacher, 2018; Rogers et al.
2018; Albouy et al. 2020;
Brauer & Beheregaray, 2020;
Palmeirim et al. 2020; Chase
et al. 2020; Fordham, 2024)

(Fenchel, 1974; Blueweiss et
al. 1978; Cheung et al. 2007;
Davidson et al. 2012;
Gonzalez-Suarez, Gomez and
Revilla, 2013; Chessman,
2013; Cheung et al. 2013;
Healy et al. 2014; Pearson et
al. 2014; Dulvy et al. 2014;
Ripple et al. 2017; Cheung
and Oyinlola, 2018; Foden et
al. 2019; Donner & Carilli,
2019; Albouy et al. 2020; Kuo
et al. 2022; Bak et al. 2023;
Fordham, 2024)

(Morley et al. 2009; Sunday et
al. 2011; Carilli et al. 2012;
Guest et al. 2012; Cole et al.
2014; Mora et al. 2014; Rehm
et al. 2015; Xu et al. 2016;
Shah et al. 2017; Nadeau et al.
2017; Safaie et al. 2018;
Donner & Carilli, 2019;
Albouy et al. 2020; Bennett et
al. 2021)
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Index

Projected
marine
heatwave
duration and
magnitude

Projected
ecosystem
disruption

Projected
time of
climate
emergence
from
species’
thermal
niche

Projected
loss of
suitable
thermal
habitat

Description

Bivariate function
of the proportion
of months the
temperature
exceeds the
species thermal
niche, and the
magnitude of its
exceedance.

For each grid cell
across the focal
species' native
geographic
distribution, the
proportion of all
species projected
to exceed their
thermal
tolerances.

The year when the
projected
temperature first
exceeds the
thermal tolerance
of the focal
species for at least
three years in a
TOwW.

For each focal
species, the
proportion of its
native geographic
distribution is lost
due to projected
climate change.

Data

AquaX,
projected
monthly SST
and bottom
temperature

AquaX,
Projected
monthly SST
and bottom
temperature

AquaX
Projected
monthly SST
and bottom
temperature

AquaX
Projected
monthly SST
and bottom
temperature

Rationale

The velocity of climate change
(VoCC) represents climatic
isotherms’ geographic movement
over time and is a widely used
measure of climate exposure

Individual species will be
impacted by climate-driven
ecosystem restructuring via
altered predation, prey
availability, and competition.

The timing of climate emergence
from pre-industrial temperature
variability has been widely used
as a proxy for the timing of
climate change. The time of
climate emergence from a species'
thermal tolerance range has
recently been developed as an
index of when a species is
exposed to dangerous climate
conditions.

Species that are projected to lose
more of their thermal habitat are
more vulnerable.

References

(Loarie et al. 2009; Burrows et
al. 2011; IPCC, 2014; Garcia
Molinos et al. 2016; Brito-
Morales et al. 2018, 2020; Li
et al. 2018; English et al.
2022)

(Frank et al. 2006; Frank et al.
2018; Cardinale et al. 2012;
Boyce et al. 2015; Boyce et al.
2015a; Martin & Watson,
2016; Hillebrand et al. 2018;
du Pontavice et al. 2020;
Trisos et al. 2020; Irvine et al.
2025)

(Mora et al. 2013; Henson et
al. 2017; Bruno et al. 2018;
Turk et al. 2019; Xu et al.
2020; Trisos et al. 2020;
Jenouvrier et al. 2022; Lewis
et al. 2023; Pigot et al. 2023;
Meyer et al. 2024; Barrier et
al. 2025)

(Cheung et al. 2009, 2015;
Pinsky et al. 2013; Hazen et
al. 2013; Shackell et al. 2014;
MacKenzie et al. 2014;
Ochoa-Quintero et al. 2015;
Pacifici et al. 2015; Stortini et
al. 2015; Davies et al. 2017;
Foden et al. 2019; McHenry et
al. 2019; Lavender et al. 2021;
Reddin et al. 2022; Hodapp et
al. 2023; Meyer et al. 2024)

To illustrate the CRIB-NZ workflow and facilitate understanding of how the raw climate indices are
calculated and used to define climate vulnerability, yellowtail kingfish (Seriola lalandi) is discussed
as a case study species. Kingfish is a large, highly mobile, fast-swimming pelagic predator found in
temperate and subtropical oceans. Adults are active predators that feed primarily on small schooling
fishes and squid. Kingfish can reach a maximum length of 250 cm and are relatively fast-growing,
which may give them greater resilience than slower-growing species. They are classified as
benthopelagic and FishBase reports their global occupancy depth as 825 m (Hureau, 1991), but
frequently inhabit surface waters to feed, migrate, and spawn. In CRIB-NZ, they are categorised as
‘surface-associated’. They are broadcast spawners, and studies suggest they can tolerate temperatures
between 12 and 29°C.

Fisheries New Zealand

Climate vulnerability and risk assessments in marine ecosystems e 25



Figure 10: Yellowtail kingfish (Seriola lalandi). Source:
MPI (https://tinyurl.com/pw457syw).

3.3.1  Climate Sensitivity

3.3.1.1  Thermal safety margins

The thermal safety margin (TSM) has been frequently and extensively used in climate vulnerability
assessments to measure species sensitivity and tolerance to further warming (Deutsch et al. 2008;
Sunday et al. 2012; Sunday et al. 2014; Pearson et al. 2014; Stuart-Smith et al. 2015; Comte & Olden,
2017; Walters et al. 2018; Vinagre et al. 2019; Gallagher et al. 2019; Pinsky et al. 2019, 2021; Dahlke
et al. 2020; Payne et al. 2021; Molina et al. 2025; Storm, 2025). Species inhabiting thermal
environments close to their upper temperature limit (narrow thermal safety margin) are more
vulnerable to climate warming than those further away.

For each species within each grid cell across its estimated geographic distribution, a thermal safety
margin was calculated as the difference between the species' estimated upper thermal tolerance and
the maximum temperature observed between 2015 and 2025. Equation 1 and Figure 11 describe how
climate sensitivity varies with TSM. The equation standardises the index (0-1), normalises its
distribution, and allows most of the change in sensitivity to occur for TSMs below 10°C, with
sensitivity becoming increasingly uniform as TSM exceeds 10°C. There should be little difference in
the sensitivity of species inhabiting ocean temperatures that are >10°C from their upper thermal
maximum. This definition of sensitivity (Figure 11) specifies that risk declines with thermal distance
from the species' upper thermal tolerance. In general, thermal performance is strongly warm-skewed,
with fitness increasing gradually toward the thermal optima before rapidly declining to zero as the
species' upper thermal tolerance limit is approached. The assumption that risk increases continuously
with temperature thus captures the risk of the species' upper thermal tolerance being exceeded rather
than representing variation in fitness within the thermal niche. Refer to Boyce et al. (2022) for an
evaluation of how the vulnerability calculations are affected by the specification of A.
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Figure 11: TSM standardization. The blue trend line depicts how
Equation 1 maps thermal safety margins (°C) to
standardised sensitivity scores (0-1). Maximum
sensitivity (index=1) occurs when the TSM is 0. Red
points are the values for yellowtail kingfish across the
New Zealand EEZ.

In the case of yellowtail kingfish, its broad thermal niche (~12 to ~29°C) results in TSMs that are

variable, but generally large, leading to modest sensitivity scores across most of the New Zealand
EEZ (Figure 12).
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Figure 12: Sensitivity as a function of thermal safety
margins for yellowtail kingfish across its
geographic distribution. Light purple depicts
areas of low sensitivity, while orange and red
show areas of high sensitivity.
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3.3.1.2  Vertical habitat use

Vertical habitat specialization, the depth of species' occupancy, and the ability to occupy different
vertical habitats play a significant role in determining species' sensitivity to climate change. Species
restricted to the uppermost epipelagic layers of the ocean are expected to be more sensitive to climate
changes occurring at the sea surface, whereas those constrained to the seafloor are expected to be
more sensitive to climate changes at the sea bottom (e.g. Albouy et al. 2020). Similarly, species that
occupy a narrow range of vertical habitats are less able to avoid unfavourable climate conditions and
are more climate-sensitive. As such, a vertical habitat index was calculated for each species according
to its vertical habitat occupancy and range depth.

Equation 2 and Equation 3 and Figure 13 describe how climate sensitivity varies with the maximum
distance of species occupancy from the surface (for surface-associated species) or bottom (for bottom-
associated species), respectively, and the vertical range of each species. The equation standardises the
index (0-1), normalises its distribution, and allows sensitivity to scale between 0 and 1, with most of
the change occurring between the sea surface or bottom and 200 m depth or range, with sensitivity
being very similar below (surface associated) or above (bottom associated) 200 m (Figure 13).
Maximum sensitivity occurs for species with narrow vertical ranges that exist in close proximity to
the sea surface or bottom.

S Vertical habitat use

| | —
Yellowtail kingfish Sensitivity [std]

1.00

~ o ©
o o o

(9]
o

N
o

Vertical habitat range [m]
8 3

10 20 30 40 50 60 70 80 90
Maximum depth from surface or bottom [m]

Figure 13: Vertical habitat standardizations. The dark blue to
yellow colours depict how Equation 2 and Equation 3
map vertical habitat range and maximum depth from the
surface or bottom (m) to standardised sensitivity scores
(0-1). Red points are the values for yellowtail kingfish
across New Zealand waters.

In the case of yellowtail kingfish, its broad global depth range between shallow (0 m) and deeper (up
to 825 m) waters (Hureau, 1991) results in sensitivity scores that are variable, but generally low
across most of the New Zealand EEZ (Figure 14).
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Figure 14: Sensitivity as a function of vertical habitat use for
yellowtail kingfish across its geographic
distribution. Light purple depicts low sensitivity,
while orange and red show areas of high sensitivity.

3.3.1.3  Conservation status

The conservation status of species, populations, or fish stocks is a widely used indicator of climate
sensitivity, adaptability, and overall vulnerability. Species with low conservation status (e.g. reduced
abundance, reduced fitness, reduced range size) have often been found to be more sensitive and less
resilient to additional stressors and perturbations, such as climate change, and conservation status is
frequently used in CVAs for species and fisheries (Ohlemiiller et al. 2008; IUCN, 2012; Berry et al.
2013; Pearson et al. 2014; Keith et al. 2014; Stanton et al. 2015; Morrison et al. 2016; Hare et al.
2016; Foden et al. 2019; Bateman et al. 2020; McClure et al. 2023; Craig et al. 2025; Frawley et al.
2025; Lettrich et al. 2025).

The estimated conservation status of individual stocks was obtained as the probability that each stock
is overfished, as reported in the Fisheries New Zealand stock status table. The probability of
overfishing is given as seven categories: (“Exceptionally Unlikely”, “Very Unlikely”, “Unlikely”,
“About as Likely as Not”, “Likely”, “Very Likely”, and “Virtually Certain”. Stocks where the
overfished status was entered as “Uncertain” and those that were unassessed were set to “Likely” to
ensure that the assessment was precautionary, as assuming a higher overfishing probability (lower
conservation status) leads to a higher risk category, relative to assuming equivalence (“About as
Likely as Not”). Because the probability of overfishing is updated annually, the climate sensitivity of
species can vary slightly from year to year, and the CRIB-NZ could, conceivably, be updated to
reflect any changes in conservation status.

The probability of overfishing levels was linearly transformed to numeric values between 0 and 1 as
follows:

Exceptionally Unlikely: O
Very Unlikely: 0.167
Unlikely: 0.333

About as Likely as Not: 0.5
Likely: 0.667

Very Likely: 0.833
Virtually Certain: 1.

Nk L=
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In the case of yellowtail kingfish, a moderate probability of being overfished (‘“Likely” to
“Exceptionally Unlikely”) across all assessed stocks results in sensitivity scores that are spatially
variable but generally low across the New Zealand EEZ (Figure 15, Figure 16, and Figure 17). Where
there was more than one probability of overfishing per QMA area (e.g. kingfish QMA KIN 1 had
four sub-stock areas), numeric overfishing levels were averaged across the QMA.
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Figure 15: Conservation status represented as the probability of stock overfishing for yellowtail
kingfish. Probability of overfishing at the scale of kingfish stock quota management areas
(left) and clipped to the species’ native geographic range (right).
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Figure 16: Conservation status standardization. The blue points
depict how equation 4 maps conservation status (here,
the probability that a stock is being overfished) to
standardised sensitivity scores (0-1). Red points are
the values for yellowtail kingfish across the New
Zealand EEZ.
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Figure 17: Sensitivity as a function of conservation status
(e.g. the probability of overfishing) for
yellowtail kingfish across its geographic
distribution. Light purple depicts low
sensitivity, while orange and red show areas of
high sensitivity.

3.3.1.4  Cumulative impacts

Climate effects on ecosystems and species are often more severe when intersected with additional
stressors, such as fishing, pollution, and nutrient loading (Worm et al. 2002, 2006; Worm & Duffy,
2003; Ottersen et al. 2006; Crain et al. 2008; Darling & Co6té 2008; Halpern et al. 2008, 2012, 2015;
Carilli et al. 2009; Ban et al. 2010; Stelzenmiiller et al. 2010; Maxwell et al. 2013; Kroeker et al.
2013; Le Bris et al. 2018; Rogers-Bennett & Catton, 2019; Sumaila & Tai, 2020; Butt et al. 2022;
Gove et al. 2023).

Studies have shown that habitat degradation, pollution, exploitation and coastal development can
diminish population size and genetic diversity, thereby weakening species' capacity to resist the
adverse effects of warming, acidification, and deoxygenation (Halpern et al. 2008; McLeod et al.
2009). When species are simultaneously exposed to multiple stressors, they often interact
synergistically rather than additively, meaning that populations already negatively affected by
anthropogenic impacts experience disproportionately stronger responses to climate stress (Crain, et al.
2008; Gunderson et al. 2016). Organisms subjected to chronic disturbances typically exhibit reduced
thermal tolerance, impaired immune function, and diminished reproductive output, all of which
increase sensitivity to climate-driven changes (Portner & Farrell, 2008; Sunday et al. 2014).
Additionally, cumulative impacts often undermine key ecosystem functions—such as structural
habitat provision and trophic regulation—thereby reducing the stability of ecological networks under
climate stress (Bruno et al. 2021).

Species experiencing high cumulative impacts frequently occupy altered or degraded environments
where climate-related extremes (e.g. heatwaves, hypoxia events) have intensified effects (Smale et al.
2019). Meta-analyses demonstrate that biodiversity loss from non-climatic stressors lowers ecosystem
resilience, magnifying the ecological consequences of warming and acidification (Isbell et al. 2015;
Oliver et al. 2015). For example, Ottersen et al. (2006) reported that extensive fishing could render
fish populations less resistant to the harmful effects of short-term climate variability on occasional
low year classes. Alternatively, studies have reported that species and ecosystems protected from such
stressors may be more resistant and resilient to stressors such as climate change (Worm et al. 2002,
2006; Worm & Duffy, 2003). Le Bris et al. 2018 found that management initiatives to protect large
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female lobsters in the Gulf of Maine led to higher resilience to ocean warming and productivity of the
lobster population there when compared to populations where large individuals were less strictly
conserved (Le Bris et al. 2018). Without conservation measures to protect large lobsters and female
reproductive lobsters, lobster abundance would have increased by 242% rather than 515%, as oceans
warmed between 1985 and 2014 (Le Bris et al. 2018).

These results contribute to a growing body of research suggesting that protecting species, and
predators, in particular, can enhance the resilience of populations to stressors, such as climate
change(Britten et al. 2014; Le Bris et al. 2015, 2018). In this context, cumulative impacts act as a
preconditioning factor, leaving species closer to physiological and ecological limits and therefore
more vulnerable to additional climate forcing (IPCC, 2022). For these reasons, incorporating
cumulative human impacts into assessments of climate-change sensitivity provides a more realistic
measure of species' vulnerability and better reflects the compounded pressures shaping future marine
biodiversity trajectories.

The multivariate index of cumulative human impacts (HII) on ocean ecosystems developed in Halpern
et al. (2008, 2015) was used to assess cumulative impacts on marine ecosystems. The HII index
integrates 17 global anthropogenic drivers of ecological change, including fishing pressure, pollution,
invasive species, eutrophication, and climate change. The 1 km? HII values were re-interpolated using
nearest-neighbour methods to the template 0.08° grid. This interpolation changed the HII scale:
whereas the global native 1 km? HII ranged from 0 to 12, the interpolated values across the New
Zealand EEZ ranged from ~0 to ~5. Equation 4 and Figure 18 describes how climate sensitivity varies
with the HII. The equation standardises the index (0-1), normalises its distribution, and allows
sensitivity to scale between 0 and 1.
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Figure 18: Cumulative impacts standardization. The blue trend
line depicts how Equation 4 maps cumulative human
impacts to standardised sensitivity scores (0—1). Red
points are the values for yellowtail kingfish across the
New Zealand EEZ.

Yellowtail kingfish is a coastal neritic species primarily inhabiting waters where cumulative impacts
are often higher, leading to sensitivity scores that are spatially variable, ranging from low to high
across the New Zealand EEZ (Figure 18 and Figure 19).
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Figure 19: Sensitivity as a function of cumulative
impacts for yellowtail kingfish across its
geographic distribution. Light purple depicts
low sensitivity, while orange and red show
areas of high sensitivity.

3.3.2 Climate exposure

3.3.2.1  Time of climate emergence

The time of climate emergence from pre-industrial temperature variability has been widely used as a
proxy for climate change timing (Mora et al. 2013a; Henson et al. 2017; Bruno et al. 2018). In the
same vein, the time of climate emergence from a species' thermal tolerance range has recently been
developed as an index of the timing of species exposure to dangerous climate conditions (Trisos et al.
2020; Xu et al. 2020; Meyer et al. 2024). This index provides a means of assessing whether exposure
to hazardous climate change is an imminent or distant threat.

The time of initial climate emergence (ToE) for each species was estimated as the year in which the
projected maximum annual temperature emerges from the species' thermal tolerance niche for two
consecutive years. ToE calculations were made using the methods described in Trisos et al. (2020) for
each species within each grid cell across its native geographic distribution. Whereas Trisos et al.
(2020) used projections of mean annual temperature and an exceedance run length of 5 years, we used
the hottest-month temperature and a run length of 2 years. In doing so, our ToE index quantifies the
onset of thermal stress in species rather than mortality to inform climate risk. We used climate
projections for the period 2025 to 2100. ToEs for species that did not exceed their thermal tolerances
within this projection window were set at the maximum year of the projection. The ToE for each
species and grid cell was estimated individually for each ESM and then averaged across all ensemble
models. Equation 5 describes how climate exposure varies with the ToE. The equation ensures that
ToE ranges between 0 and 1, and increases more rapidly as it approaches 0 and declines more slowly
as it increases (Figure 20).
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Figure 20: ToE standardization. The blue trend line depicts how

Equation 5 maps the projected time of climate emergence

(ToE; yrs) to standardised sensitivity scores (0-1). Red

points are the ToEs and their standardised scores for
yellowtail kingfish across the New Zealand EEZ.

In the case of yellowtail kingfish, projected temperatures are often within its broad thermal niche (~12
to ~29°C), leading to later times of climate emergence and lower sensitivity scores across the New
Zealand EEZ (Figure 20 and Figure 21).
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Figure 21: Exposure as a function of time of climate

Ecosystem disruption
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Healthy, intact ecosystems are more resilient and resistant to stressors, including climate change
(Frank et al. 2006; Frank et al. 2018; Cardinale et al. 2012; Boyce et al. 2015; Boyce et al. 2015a;
Martin & Watson, 2016; Hillebrand et al. 2018; du Pontavice et al. 2020; Trisos et al. 2020; Irvine et
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al. 2025). In contrast, less intact ecosystems are less resistant and resilient to stressors, including
climate change. In addition to the direct effects of temperature on species via their physiological
tolerances, climate change can also indirectly affect species by altering their predators, prey, and
competitors (Frank et al. 2006; Frank et al. 2018; Boyce et al. 2015; Boyce et al. 2015a). Such
ecologically mediated climate change effects on species are notoriously challenging to assess and
understand in situ due to lagged predator-prey interactions, high collinearity among non-interacting
species, and the scarcity of requisite data to disentangle these effects. Notwithstanding this, studies
suggest that changes in the abundance or distribution of species can trigger cascading ecosystem
effects, ecological regime shifts, and alternative stable states, thereby modifying ecosystem structure
and function (Estes et al. 1998; Frank et al. 2005, 2011). Studies also indicate that these ecological
effects tend to be more significant when the abundance of several species changes in concert.
Research on biodiversity and ecosystem functioning also suggests an increased risk to ecosystem
functioning as more species are removed (Worm et al. 2006).

To quantify the magnitude of ecological disruption resulting from an ecosystem’s exposure to climate
change, we calculated, for each location (grid cell), the fraction of all species that are thermally
exposed before the maximum year in the projection window (2100). This index quantifies the risk of
secondary ecological effects (e.g. changes in predation, prey availability, competition) due to climate
change that species may be exposed to; it does not assume all species interact but instead captures the
risk that a species will be impacted by the loss of other species in the system, which will increase with
the fraction of species that are exposed.

Equation 6 describes how climate exposure varies with ecosystem disruption (Figure 22). The
equation standardises the index (0-1), normalises its distribution, and ensures that a species’ exposure
increases asymptotically with the fraction of species lost in its ecosystem, with the greatest exposure
occurring for species inhabiting ecosystems with the greatest loss of species. This assumes that
individual species are most affected when the ecosystem initially undergoes climate-driven
restructuring (species loss); thus, exposure increases most rapidly for species loss up to ~50%.
However, as climate-driven ecosystem disruption becomes sufficiently large, additional species losses
are likely redundant; for example, losing 80% of species is functionally equivalent to losing 90%.
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Figure 22: Ecological disruption standardization. The blue trend
line depicts how Equation 6 maps ecological disruption to
standardised sensitivity scores (0-1). Red points
represent the ecological disruption values and their
standardised scores for yellowtail kingfish across NZ.

In the case of yellowtail kingfish, the proportion of the species projected to be lost or redistributed due
to climate change within the kingfish’s ecosystem varies between ~5 and 60%, leading to spatially
variable exposure scores across the New Zealand EEZ (Figure 22 and Figure 23).
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across its geographic distribution. Light purple
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show areas of high sensitivity.

3.3.2.3  Loss of suitable thermal habitat

Temperature changes have caused, and are expected to continue to cause, geographic range
expansions, contractions, and redistributions in marine species (Pinsky et al. 2013; MacKenzie et al.
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2014; Shackell et al. 2014; Davies et al. 2017). Accordingly, changes in species' geographic ranges
predicted by temperature shifts are frequently used to define their vulnerability to climate change
(Cheung et al. 2009, 2015; Pinsky et al. 2013; Hazen et al. 2013; Shackell et al. 2014; MacKenzie et
al. 2014; Ochoa-Quintero et al. 2015; Pacifici et al. 2015; Stortini et al. 2015; Davies et al. 2017;
Foden et al. 2019; McHenry et al. 2019; Lavender et al. 2021; Reddin et al. 2022; Hodapp et al. 2023;
Meyer et al. 2024). The nature and magnitude of such geographic range shifts will primarily depend
on the correspondence between local temperature changes and the species’ thermal-tolerance niche.
Accordingly, we evaluated the extent of each species’ estimated native geographic distribution that
would be lost due to projected ocean warming. We did not assess the net change in the geographic
distribution of species (e.g. the difference between habitat gained and habitat lost due to climate
change) for several reasons. While range contractions can be driven by a single variable (i
temperature), species expansions into new habitats depend on the favorability of several
environmental and biotic factors that we did not evaluate (e.g. bathymetry, oxygen, acidity, ocean
mixing, predators, prey, competition, dispersal). Evaluating species range expansions would require
future projections in many of these environmental and biotic factors, which are, in many cases,
unavailable. Even if such projections were available, using them to forecast species range expansions
would introduce considerable uncertainty into our analysis. Further, this study aims to assess risk to
current marine biodiversity rather than trying to project how biodiversity may shift in the future,
which has been the focus of other studies (Garcid Molinos et al. 2016). Whereas many factors are
needed to determine range expansions, the lethality of temperature alone can mediate range
contractions. Therefore, our approach is conservative yet potentially simplistic for some species, as it
predicts that most species will lose habitat but none will expand their range. Nonetheless, this index
provides a valuable assessment of how the native geographic distribution of species could contract in
response to climate change, while avoiding the assumptions, complexities, and data requirements
involved in evaluating net distributional responses. Finally, because our framework does not evaluate
the potential for geographic range expansions, it should be interpreted as the climate risk to the in situ
persistence of species.

Projected changes in species geographic distributions that are attributable to temperature were
estimated from the time of climate emergence from the thermal niche calculations described above.
The number of grid cells in each species' native geographic distribution is projected to reflect its
thermal niche by the end of the climate projection window (the year 2100) and was standardised to the
total number of grid cells in that distribution using Equation 7. The equation standardises the index
(0-1) and specifies that a species’ exposure increases asymptotically with the fraction of thermal
habitat loss, with the most significant exposure occurring for species that lose all of their present-day
suitable thermal habitat (Figure 24).

The broad thermal niche of yellowtail kingfish ensured that projected temperatures were often within
the preference range, resulting in very little thermal habitat loss, and low exposure (Figure 24 and
Figure 24).
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Figure 24: Thermal habitat loss standardization. The blue trend
line shows how Equation 7 maps thermal habitat loss (as
a fraction) to standardised exposure scores (0-1). Red
points are the thermal habitat loss values and their
standardised scores for yellowtail kingfish across the
New Zealand EEZ.

3.3.2.4  Marine heatwaves

Globally, marine heatwaves (MHWs)—discrete, prolonged periods of anomalously warm ocean
temperatures—have become markedly more common and persistent over the last century. From
1925-2016, their average frequency rose ~34% and duration ~17%, yielding ~54% more MHW days
per year—clear, attributable signals of a warming climate superimposed on natural variability (Oliver
et al. 2018). The biological consequences span from individual physiology to whole-ecosystem
reconfiguration, including mass mortalities, recruitment failure, disease outbreaks, range shifts, and
the loss of habitat-forming “foundation” species (kelps, corals, seagrasses), which, in turn, undermine
fisheries productivity and coastal ecosystem services (Smale et al. 2019). Because MHW s integrate
both the warming trend and short-term circulation/air-sea flux anomalies into extreme thermal
exposures that organisms actually experience, they serve as powerful indicators of climate
vulnerability (Hobday et al. 2016). For climate-risk applications, MHW metrics (e.g. frequency,
duration and intensity) provide exposure measures that align closely with observed impacts,
supporting species- and habitat-level vulnerability assessments and informing spatial planning
(Frolicher et al. 2018; Smale et al. 2019; Benthuysen et al. 2020; Cheung & Frolicher, 2020; Jacox et
al. 2020; Capotondi et al. 2024; Deser et al. 2024; Kajtar et al. 2024; Aitkenhead et al. 2025).

MHWs are particularly relevant in Aotearoa, New Zealand. Recent summers have featured several
large MHW s, including the extreme 2017/18 Tasman Sea event that persisted for 138 days over
millions of square kilometres, with a maximum intensity of 2.9°C, creating widespread ecological and
sectoral impacts and the 2022/23 event that persisted for 289 days with a maximum intensity of 2.1°C
(Salinger et al. 2024; Cook et al. 2025). Synthesis for New Zealand fisheries highlights observed and
plausible effects on species of high value (e.g. mussels, salmon, snapper) via direct thermal stress,
shifts in prey fields, altered biogenic habitats, and disease pathways that translate anomalous heat into
measurable stock performance and economic outcomes (Cook et al. 2025). Economic analyses also
link intense MHW: s to future reductions in commercial catch, reinforcing their relevance to risk
assessments and adaptation planning for the seafood sector (Lacheheb et al. 2024). In light of this, the
CRIB was adapted for the New Zealand fisheries context to include an MHW exposure index.
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Equations 8, 9, and 10 describe how climate exposure varies with the duration and magnitude
of marine heatwave disruption (Figure 25). The equations standardise the index (0-1), normalise
its distribution, and ensure that exposure increases asymptotically with exposure to hazardous marine
heatwaves, with the greatest exposure occurring for species exposed to long-duration, high-magnitude
warming events. Instead of calculating heatwave-specific events, these metrics aim to capture broad
spatial patterns in the duration and intensity of a species' exposure to hazardous temperatures.
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Figure 25: MHW standardization. The colours (blue to yellow)
show how Equations 8, 9, and 10 map marine heatwave
duration and magnitude to standardised exposure scores
(0-1). Red points are the values for yellowtail kingfish
across the New Zealand EEZ.

Yellowtail kingfish’s broad thermal niche resulted in low MHW duration and magnitude, leading to
low exposure (Figure 25 and Figure 26).
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Figure 26: Exposure as a function of marine heatwave
duration and exposure for yellowtail kingfish
across its geographic distribution. Light purple
depicts low sensitivity, while orange and red
show areas of high sensitivity.

3.3.3  Adaptive capacity

3.3.3.1  Geographic range extent

Species distributed broadly are thought to have a greater adaptivity to climate changes; there is a
greater breadth of suitable climatic and habitat conditions (e.g. climate refugia) within their
geographic distributions, buffering them against adverse climate changes (Burek et al. 2008; Laidre et
al. 2008; Ficetola & Denoel, 2009; Pearson et al. 2014; Staude et al. 2020). Alternatively, range-
restricted species are more likely to depend on specific habitat types and thus vulnerable to climate-
driven habitat alteration. The latitude spanned by species is significant to their climate vulnerability,
as temperature and climate change impacts have consistently varied by latitude (Loarie et al. 2009;
Boyce et al. 2010; Mora et al. 2013; Poloczanska et al. 2016; Boyce et al. 2020a). The total
geographic range area (km?)(Cheung et al. 2007; Davidson et al. 2012; Garcia et al. 2014; Albouy et
al. 2020) and the latitude range of species(Cheung et al. 2007; Gonzalez-Suarez et al. 2013; Albouy et
al. 2020) are frequently used in climate vulnerability analyses to index their adaptability or sensitivity
to climate change.

An index of the adaptivity of each species was calculated as a bivariate function of the geographic
range area (km?) and the latitude spanned by their native geographic distributions over the spatial
domain of our CCRA analysis (i.e. global). The geographic range (km?) occupied by each species was
calculated from its native geographic distribution at a 0.08° resolution and standardised to the
maximum possible occupancy area for any marine species across the spatial domain of the analysis.
Equation 11 and Equation 12 standardise the index (0—1), normalise its distribution, and ensure that
adaptivity increases asymptotically with geographic range area and latitude spanned, with the greatest
adaptivity occurring for species with the largest geographic range areas (Figure 27). Adaptivity was
virtually uniformly high among species inhabiting >20% of the total area.

Yellowtail kingfish inhabits roughly 10% of the New Zealand EEZ spanning roughly 25 degrees of
latitude, resulting in a moderate adaptivity value across the New Zealand EEZ (Figure 27).
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Figure 27: Geographic range extent standardization. The colours
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3.3.3.2  Habitat fragmentation

Range fragmentation refers to the number of distinct habitat patches that a species occupies across its
native geographic distribution. Marine species may exhibit fragmented habitats when suitable
environmental conditions occur in discrete patches separated by unsuitable areas. It can result from
habitat specialization, narrow environmental tolerances, oceanographic barriers, limited dispersal, or
metapopulation structures characterised by multiple partially connected subpopulations. As a result,
species distributions may comprise isolated or weakly connected habitat patches, potentially reducing
connectivity and increasing vulnerability to environmental change.

Species with less fragmented habitat ranges have greater access to potentially favourable habitats (e.g.
climate refugia), migration corridors, and larval dispersal. Alternatively, greater habitat fragmentation
increases the isolation of habitat patches, reducing the probability that they can be recolonised
following local extinctions (e.g. the ‘rescue effect” (Brown & Kodric-Brown, 1977)) and increases the
amount of edge habitat in those patches. Consequently, studies in terrestrial and marine systems have
reported that species with fragmented geographic ranges are more sensitive to and less resilient to
climate change impacts (Kaschner et al. 2006; Moore & Huntington, 2008; Gonzalez-Suarez et al.
2013; Pearson et al. 2014; Crooks et al. 2017; Rogan & Lacher, 2018; Albouy et al. 2020), primarily
by affecting their extinction and colonization (e.g. Warren et al. 2001). Habitat fragmentation is also
known to exacerbate the negative impacts of habitat loss on populations (Lehtinen et al. 1999; Fahrig,
2002; Rueda et al. 2013; Palmeirim 2020).

The extent of geographic habitat fragmentation for each species across the spatial domain here (i.e.
the New Zealand EEZ) was calculated from their native geographic distribution. Whereas the original
CRIB calculated habitat fragmentation as the number of patches standardised by the number of grid
cells across the species' total geographic range, CRIB-NZ calculates it using the widely known largest
patch index (LPI; Equation 13). This change was made because it was noted that, when migrating to a
higher spatial resolution, the original fragmentation calculation was sensitive to the number of grid
cells; under the previous formulation, a higher-resolution geographic range could lead to lower
fragmentation even though the number of patches and total geographic range remained constant.
Alternatively, the LPI correlates with related fragmentation indices, such as patch density and the
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number of effective patches, but is less scale-sensitive to changes in grid resolution and fragment size.
LPI is weakly sensitive to total range size or tiny fragments and is widely used in landscape ecology
(Gao & Yu, 2014; Ojoyi et al. 2016; Chen et al. 2023; Jiang et al. 2023). Accordingly, the LPI will be
incorporated into the original CRIB framework as well. After calculation, the LPI was standardised
via Equation 14. The equation standardises the index (0—1), normalises its distribution and specifies
that adaptivity due to habitat fragmentation declines asymptotically with geographic range
fragmentation, with the lowest adaptivity occurring for species with highly fragmented habitats
(Figure 28). Adaptivity was uniformly low across species in which a single large patch comprised
<50% of their present-day distribution.
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Figure 28: Habitat fragmentation standardization. The blue trend
line depicts how Equation 13 to Equation 14 map habitat
fragmentation (fraction) to standardised adaptivity
scores (0-1). Red point is the value for yellowtail kingfish
across the New Zealand EEZ.

In the case of yellowtail kingfish, the largest patch comprised over 80% of its native geographic
range, leading to moderate adaptivity scores across the New Zealand EEZ (Figure 28).

3.3.3.3  Thermal habitat variability and use

Ecological disturbance theory suggests that species and ecosystems that experience high natural
variability are better adapted to cope with climate change (Nadeau et al. 2017); empirical analyses
have supported this theory (Cole et al. 2014; Mora et al. 2015). Species inhabiting more variable
thermal environments, such as at the range edges of their geographic distributions, are more resilient
to climate change (Carilli et al. 2012; Guest et al. 2012; Donner & Carilli, 2019) and are believed to
be less sensitive to it (Albouy et al. 2020). Continued exposure to temperatures near the species’
thermal limits is thought to ‘stretch’ their thermal niche and pre-adapt them to temperatures outside
their thermal preferences. Through this mechanism, species can exhibit varying levels of plasticity in
their thermal sensitivity in response to variability in their thermal environment (Rehm et al. 2015).

Existing approaches to quantifying thermal pre-adaptation often rely on measures of environmental
inclusion (i.e. the proportion of local environmental temperatures that fall within a species’ thermal
niche). These approaches may overestimate adaptive capacity in environments where thermal
conditions are consistently within the species’ niche but occupy only a narrow portion of it. In such
cases, the species is not exposed to the full breadth of its potential thermal niche, limiting
opportunities for physiological or ecological “stretching” that may promote adaptation.
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To address this limitation, we quantified weighted thermal niche coverage, defined as the effective
breadth and evenness of temperatures experienced by a species within its thermal niche. This
approach builds on established methods in ecological diversity theory, in which Shannon entropy and
its exponential transformation (Hill numbers) are used to quantify the effective number of categories
occupied by a distribution. These metrics have been widely used to characterise diversity, evenness,
and functional breadth in ecological systems (Hill, 1973; Jost, 2006; Chao et al. 2014) and are
extended here to temperature distributions to quantify the effective breadth of thermal exposure.

Thermal niche coverage and thermal habitat range are calculated using Equation 15 to Equation 17
and were standardised via Equation 18 to Equation 19. The equations specify that adaptivity due to
thermal habitat pre-adaptation increases with the proportion of the thermal niche covered by the
environment, the evenness of that coverage, and the breadth of thermal habitats inhabited. Species that
inhabit broader thermal habitats that occupy a greater proportion of their thermal niche have a higher
adaptivity than those that inhabit a narrower range.
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Figure 29: Thermal habitat use standardization. The colours (blue
to yellow) show how Equation 17, Equation 18, and
Equation 19 map thermal niche coverage (fraction) and
total temperature range (°C) to standardised adaptivity
scores (0-1). Red points are the scores for yellowtail
kingfish across the New Zealand EEZ.

In the case of yellowtail kingfish, the wide range of its thermal habitat and broad thermal coverage
resulted in moderate adaptivity scores across the New Zealand EEZ (Figure 29 and Figure 30).
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Figure 30: Adaptivity as a function of thermal habitat
variability and use for yellowtail kingfish across its
geographic distribution. Light purple depicts low
sensitivity, while orange and red show areas of high
sensitivity.

3.3.34  Maximum body length

The maximum size (length or mass) reached by species has been commonly used as a proxy of
extinction risks, susceptibility to exploitation, and vulnerability to climate change (Cheung et al.
2007; Davidson et al. 2012; Chessman, 2013; Cheung et al. 2013; Gonzalez-Suarez et al. 2013;
Cheung & Oyinlola, 2018; Foden et al. 2019; Albouy et al. 2020). The maximum size is a predictor of
several life-history traits (e.g. generation length, time to maturity, intrinsic rate of population increase)
that cumulatively define species' potential reproductive capacity and population growth rate (Fenchel,
1974; Blueweiss et al. 1978; Cheung et al. 2007; Healy et al. 2014; Cheung & Oyinlola, 2018).
Ecologically, body size has been used to classify species as - (produce many offspring, high growth
rates and mortality) or K-selected (produce fewer offspring, low growth rates and mortality). For these
reasons, the maximum body length was used as an indicator of species’ resilience or adaptivity to the
potential adverse effects of climate change, whereby smaller species that grow and reproduce faster
have a higher adaptivity(Cheung et al. 2007; Davidson et al. 2012; Chessman, 2013; Cheung et al.
2013; Gonzalez-Suarez et al. 2013; Pearson et al. 2014; Cheung & Oyinlola, 2018; Foden et al. 2019;
Albouy et al. 2020). The maximum body length of species (cm) was obtained from the Marine
Organismal Body Size (MOBS) Database (McClain et al. 2025).

Equation 20 and Equation 21 describes how climate adaptivity varies with maximum body length.
The equation standardises the index (0—1). Through this approach, much of the change in adaptivity
occurs with changes in maximum body length ranges between 0 and 100 cm, which seems
biologically plausible considering the dramatic differences that exist in population doubling time
between the smallest plankton (days) to fish that can reach 100 cm (e.g. Shortfin mako; ~24—yrs). The
equations predict that a species’ adaptivity declines asymptotically with its maximum possible length,
with the lowest adaptivity occurring for species with larger body sizes that have slower growth rates,
population doubling times, and lower mortality rates (Figure 31). The most rapid changes in

AC Mleng occur for small-bodied species, such as those with body lengths between 0 and 5 m and
decline more moderately thereafter.
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Figure 31: Maximum body length standardization. The blue trend
line depicts how Equation 20 and Equation 21 map
maximum body length (cm) to standardised climate
adaptivity scores (0-1). Red points are the values for
yellowtail kingfish across the New Zealand EEZ.

Yellowtail kingfish reach maximum sizes of 250 cm, conferring them as moderately r-selected,
resulting in a moderate climate adaptivity score across the New Zealand EEZ (Figure 31).

3.3.4  Climate vulnerability

CRIB produces spatially explicit outputs (e.g. estimates for each species at each location across its
geographic range) that can also be summarised taxonomically (e.g. estimates for each species
averaged across its geographic range). Vulnerability can also be estimated using both reliability-
weighted and unweighted approaches. Unweighted vulnerability offers the benefit of a simple,
straightforward interpretation. Weighting allows the variability across the climate indices to be
statistically accounted for in the final vulnerability estimate. Weighting offers a means of propagating
the statistical reliability of the dimensions forward in the analysis, but can sometimes produce
counterintuitive results. For instance, vulnerability under high-emission scenarios can, at times, be
lower than under low-emission scenarios if their climate projections diverge more (higher variance =
lower weighting). Both weighted and unweighted approaches are presented here, with unweighted
vulnerability presented for the case study species.

3.3.4.1  Spatially explicit vulnerability

For each species within each grid cell that comprises its native geographic distribution, sensitivity,
exposure, and adaptivity were calculated as the average of the four indices that define them. The
standard deviation of these vulnerability dimensions provided an estimate of their statistical
uncertainty and can be propagated forward through all subsequent vulnerability calculations using
variance weighting (see below).

Because sensitivity analyses suggested that omitting any of the 12 climate indices from a grid cell
could affect vulnerability scores (Boyce et al. 2022), the analysis was restricted to cells that contained
all 12 indices. Sensitivity analyses indicated that species could have upwards of 10% of grid cells
across their native geographic distribution missing (e.g. one or more of the 12 indices could not be
calculated due to missing data), with minimal effect on the vulnerability scores, so 10% was used as a
threshold for acceptable geographic missingness.
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Climate sensitivity, exposure, and adaptivity are calculated from the standardised climate indices that
define them, resulting in spatially explicit estimates across the species' geographic distribution (Figure
32).

Sensitivity Exposure Adaptivity
25°8§ ‘

" eay

30°S 4

w

&)

w
1

Index value

. 0.5

40°S 4 04

f |03
g
r : 0.2

o 0.1

50°59 | ) N

55°G 1

Figure 32: Dimensions of vulnerability for yellowfin kingfish. The sensitivity (left), exposure (middle)
and adaptivity (right) of kingfish are calculated from the 12 indices across its native
geographic distribution.

For each species, s, and grid cell, c, across their native geographic distribution, vulnerability (V; ;) is
calculated from sensitivity, exposure, and adaptivity, while accounting for the statistical uncertainty
associated with indices of climate exposure derived from ensemble climate projections using
discounting. Discounting is common in economics and has also been used in ecological studies (e.g.
Halpern et al. 2012) to account for the greater uncertainty associated with unknown future states. Its
use in vulnerability analyses is analogous: the projected future exposure of species to climate change,
estimated from ESM projections, is less well resolved than their sensitivities or adaptive capacities,
which are primarily based on current and historical conditions, respectively. Confidence in the
veracity of the projected exposure indices is affected primarily by the length of the climate projection
and the number of ensemble projections, and as such, defines a discount rate d. With all else being
equal, exposure indices derived from single ESMs that make longer-term climate projections are less
reliable (Mora et al. 2013; Eyring et al. 2019; Lotze et al. 2019; Boyce et al. 2020a) and are thus more
heavily discounted. Those derived from a larger ensemble of ESMs that make shorter-term
projections are perceived as more reliable and are discounted less.

Equation 22 to Equation 24 describe the discount rate calculation and Figure 33 illustrates it. Under
this calculation, a maximum discount rate of 5% applies when projections are made for >100 years
from a single projection, and are 0% when projections are made for <5 years from >19 projections. A
discount rate of 5% was adopted because it falls within the range commonly used in environmental
and public-policy analyses and reflects a moderate weighting of near-term versus long-term climate
impacts (Groom et al. 2022). The case study presented here evaluated climate projections from 3
models over 80 years, yielding a discount rate of 4.1%. To conserve the vulnerability scaling to
between zero and one, discounts applied to exposure are credited to sensitivity (e.g. the current state),
such that the maximum total adjustment across aggregate exposure and sensitivity is 10%.
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Figure 33: Discount rates. The discount rate on future exposure,

credited to the present state, is a function of the length of
the climate projection(s) and the size of the ensemble.

Unweighted vulnerability is calculated as the average of adaptivity, discounted exposure and credited
sensitivity. Alternatively, weighted climate vulnerability can be calculated from adaptivity, discounted
exposure and credited exposure via Equation 25 to Equation 28.

Spatially explicit vulnerability for kingfish across the totality of its geographic distribution under
contrasting emission scenarios is shown in Figure 34.
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Figure 34: Geographic patterns of climate vulnerability for yellowtail kingfish. The
vulnerability of kingfish across its native geographic distribution was
calculated from the 12 indices using Equation 25. Vulnerability is displayed
under SSP2-4.5 (left) and SSP3-7.0 (right).

3.3.4.2  Spatially implicit vulnerability

For each species under each emission scenario, unweighted vulnerability is calculated as the average
vulnerability across the species' geographic distribution, providing a more straightforward
interpretation. The standard deviation provides an estimate of statistical uncertainty.
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Alternatively, weighted vulnerability for each species was calculated as a variance-weighted mean of
the vulnerabilities in each grid cell across its geographic distribution via Equation 29 to Equation 33.
Under these formulations, greater statistical weight is given to vulnerability estimates in grid cells
where their variance (e.g. across the indices used to calculate them) is lower, and vice versa. Species
vulnerability estimates will be more variable when vulnerability differs more across the grid cells that
comprise its geographic distribution, and vice versa.

Table 5: Summary of the significant edits made to develop the CRIB-NZ CVA.

Element

Data: high-resolution
outputs

Data: temperature
projections

Data: historical
temperatures

Data: maximum
body lengths

Data: species
distributions

Data: conservation
status

Index: marine
heatwaves

Index: conservation
status

Index: vertical
habitat variability
and use

Index: habitat
fragmentation

Index: thermal
habitat use

Edits

All input data layers were harmonised (regridded) to match the resolution of the
GLORYS temperature dataset (0.083°).

Surface and bottom temperature projections were sourced from two high-resolution
global ESM models and one high-resolution regional ESM.

High-resolution monthly surface and bottom temperatures were sourced from a
Global Ocean Physics Reanalysis produced by the Copernicus Marine Service Global
Monitoring and Forecasting Centre (GLORYS).

Maximum species body lengths were sourced from the Marine Organismal Body
Size (MOBS) Database for 85 204 marine animal species across 30 phyla
representing 40% of valid marine animal species listed in the World Register of
Marine Species (WoRMS); (McClain et al. 2025).

To obtain estimates of geographic distribution for as many New Zealand marine
species as possible (e.g. not only exploited ones), high-resolution species distribution
estimates from AquaX were used. New Zealand-specific SDMs from NIWA (ESNZ)
and DOC were also explored (Reygondeau et al. 2026).

To provide nationally- and fisheries-specific estimates of species conservation status,
the assessed probability of stock overfishing was used based on New Zealand’s
annual report on the status of New Zealand’s fish stocks.

The climate velocity index was replaced with an index of marine heatwave duration
and magnitude. Marine heatwaves are species-specific, depending on each species
individual thermal niche, and have been identified as an important climate impact in
New Zealand.

The MPI assessed probability of a stock being overfished was used as an index of the
species’ conservation status. Previous CRIB iterations specified a spatially implicit
conservation status, whereas the probability of overfishing is spatially explicit.

The index definition was expanded to include both bottom- and surface-associated
species, defined by their vertical habitat depth and mobility.

The metric used to denote habitat fragmentation was changed from patch density to
the largest patch index (LPI). The LPI is conceptually similar to and correlated with
patch density, but is less sensitive to changes in the analysis grid resolution and range
size, thereby providing a more robust metric of fragmentation.

The area under the thermal niche index was replaced with a weighted niche coverage
metric. This new metric more robustly captures the extent to which a species’ thermal
niche is covered by temperature fluctuations in its habitat.
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4 Results

To illustrate the CRIB-NZ, vulnerability estimates are provided for eight case study species under two
emission scenarios (SSP2.45 and SSP3.70) to 2100, first across the entire study area (e.g. the New
Zealand EEZ) and then within FMA 5 (Southland).

4.1 Climate vulnerability across the New Zealand Exclusive Economic Zone

The CRIB-NZ framework was applied to the eight case study species to demonstrate its
implementation, show the outputs that can be generated, and explain how they can be viewed and
interpreted. For any species with sufficient input data, the CRIB-NZ framework produces
geographically explicit, standardised climate vulnerability outputs for all locations where they occur
under differing emission scenarios (Figure 35). For the eight case study species, climate vulnerability
exhibits significant variability both across species and across their native geographic distributions.
Consistent with previous CVA analyses, vulnerability for most species varied by latitude, often being
elevated at lower latitudes and declining towards the southern extent of their distribution.
Vulnerability was generally higher in nearshore waters, where warming is often more intense,
cumulative impacts such as fishing and eutrophication are elevated, and shallower ocean depths limit
vertical migration (increasing climate sensitivity).

The CRIB-NZ framework enables ranking the climate vulnerability of candidate species from most to
least vulnerable, as well as providing the 12 indices and their geographic variation (Figure 36). It also
provides diverse information on climate impacts for each species, including its present-day sensitivity,
projected exposure, and inherent resilience to climate change (Figure 37). For those seeking to
understand how climate vulnerability for each stock arises, the 12 indices provide detailed
information on the components that define it, including where it is highest, when it is expected to first
emerge, why it arises, and how it could be reduced. Across the New Zealand EEZ, much of the
variation in vulnerability across species is evident in the projected thermal habitat loss, present-day
thermal safety margin (TSM), and vertical habitat. Other indices, such as cumulative impacts, vary
little because these species occupy broadly similar geographic areas, particularly along coastlines
where cumulative impacts are highest, and are therefore exposed to a similar range of cumulative
impacts.
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Figure 35: Geographic patterns of climate vulnerability across the New Zealand EEZ under SSP-3.70 to
2100. Note: these outputs should be interpreted as illustrative. Final vulnerability scores using
the CRIB-NZ require additional vetting of input data sets on spatial distribution.
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Figure 36: Taxonomic variation in the 12 CRIB-NZ indices across FMAS. Note: these outputs should
be interpreted as illustrative. Final vulnerability scores using the CRIB-NZ require
additional vetting of input data sets on spatial distribution.
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depicts the three dimensions that are used to calculate climate vulnerability (red). Note: these
outputs should be interpreted as illustrative. Final vulnerability scores using the CRIB-NZ
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All indicators, dimensions and vulnerability within the New Zealand EEZ for all species can also be
visualised in a stoplight plot (Figure 38), providing a synoptic overview. With this approach, broad-
scale patterns and outlying results are more easily seen, which can be helpful in diagnosing interesting
findings and quality-checking the outputs. For instance, it can be seen that paua and rock lobster have
the highest climate sensitivity via vertical habitat, by virtue of their close proximity to the seafloor and
inability to range vertically. It’s also apparent that two of the climate exposure indices—time of
thermal emergence and marine heatwaves—are positively correlated. While collinearity runs counter
to the design principles of the CRIB, which prioritise indices that provide unique information, the
marine heatwave index was requested and therefore retained in CRIB-NZ.
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Figure 38: Stoplight plot of climate vulnerability in FMA 5. Colours depict scores for climate indices,
dimensions and vulnerability for the case study species across FMA 5 under SSP-3.70 to 2100. Note:
these outputs should be interpreted as illustrative. Final outputs require additional vetting of input
data sets on spatial distribution.

4.2 Climate vulnerability across FMA 5 (Southland)

Since the CRIB-NZ framework is spatially explicit, its outputs can be flexibly spatially aggregated to
evaluate vulnerability at different spatial resolutions. To demonstrate this, the national-scale
vulnerability outputs were overlaid with Fisheries Management Area 5, and average vulnerability, its
dimensions, and indices, along with their variances, were calculated for each species. This procedure
captures the geographic and taxonomic variability in climate vulnerability within New Zealand’s
Fisheries Management Area 5 (Figure 39). Climate vulnerability scores across FMA 5 were lower
than in other New Zealand areas, particularly those in the far north. While lower, areas of elevated
vulnerability along the southernmost coastline were still apparent for several species—for instance,
blue cod, paua, school shark, blue moki, rock lobster and red gurnard.

Within FMA 5 and under SSP-3.70, the highest vulnerability was observed for blue cod, school shark
and blue moki, species with relatively narrow thermal niches (range: 11-15°C). The higher
vulnerability of these species was in part due to lower thermal tolerances, leading to greater projected
thermal habitat loss, earlier climate emergence, longer durations, greater-magnitude exposure to
marine heatwaves, and narrower thermal safety margins. For instance, the most climate-vulnerable
species in FMA 5 was blue cod, which had the narrowest thermal niche (11°C) and the second-lowest
thermal limit (19°C) among the case study species. Blue cod and school shark also had higher-than-
average probabilities of being overfished. Alternatively, yellowtail kingfish exhibited a broad thermal
tolerance (range: ~17°C) and had the highest thermal tolerance (~29°C), thereby conferring lower
exposure, sensitivity, and overall vulnerability relative to the other case study species.
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Figure 39: Geographic patterns of climate vulnerability
across FMA 5 under SSP-3.70 to 2100. Note:
these outputs should be interpreted as
illustrative. Final outputs require additional
vetting of input data sets on spatial
distribution.
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Whereas the standardised CRIB outputs are helpful for integrating and comparing vulnerability, the
individual raw (e.g. unstandardised) indices can also provide specific information that is sometimes
easier to interpret. For instance, TSM provides easy-to-interpret information about the climate
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Figure 40: Geographic patterns in the thermal safety
margin (°C) across FMA 5. Yellow and red
depict areas where the TSM is small (<3°C),
and blue and purple depict areas where it is
larger (>6°C). Note: these outputs should be
interpreted as illustrative. Final outputs
require additional vetting of input data sets
on spatial distribution.

sensitivity of species and how it varies spatially (Figure 40) while the year of climate emergence can
be helpful in understanding the projected timing of hazardous climate changes on species. Such
focused analyses can be helpful when viewed jointly; for instance, whereas the TSM evaluates how
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close species are to thermal stress (°C), the ToE assesses whether this climate sensitivity will
materialise and whether it will occur imminently or in the distant future (yrs). Such information can
provide more nuanced insights into climate impacts on species, which could inform climate narratives
for individual species and locations.

The ability to spatially aggregate CRIB-NZ vulnerability outputs offers advantages for fisheries,
which are assessed and managed spatially. For instance, vulnerabilities could be aggregated at the
scale of Quota Management Areas (QMAs), which denote the geographic boundaries for fisheries
stock assessments. Figure 41 illustrates this, demonstrating how rock lobster climate vulnerability
varies across and within its fisheries management boundaries. This feature means that climate
vulnerability could feasibly be estimated for all marine stocks, and the resulting information could be
included in stock assessment reports and used when making quota decisions. Because the CRIB-NZ
vulnerability scores do not depend on available evidence (e.g, published studies, assessments, or
reports), vulnerability can, in theory, be estimated for any stock, even data-limited stocks for which
assessments do not exist.
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Figure 41: Geographic patterns in the vulnerability of rock lobster across its stock management
boundary areas (QMAs). Left: Yellow and red depict areas of high vulnerability, and blue
and purple depict areas of lower vulnerability. Right: points depict the average vulnerability
within lobster QMAs, and the lines are the minimum and maximum values in each QMA.

4.3 Contrasted vulnerability for paua

The estimates from CV As are exceedingly challenging to empirically validate. In many cases, only a
single CVA exists within a given spatial domain or species, and independent studies of climate
impacts for comparison may be entirely lacking. Where different CVAs exist, methodological
differences can obscure comparisons between them. For instance, CVAs can be carried out across
slightly different spatial domains, evaluate different impact drivers, draw on different information
sources, and assess different dimensions of vulnerability using different approaches. For these
reasons, CVA validations are exceedingly rare.

Notwithstanding these issues, we sought to compare the output from CRIB-NZ to independent
analyses. Whereas the case studies presented here are primarily intended to illustrate the CRIB-NZ
framework’s functioning rather than to provide final, fully quality-checked vulnerability estimates,
such a comparison can still be valuable for investigating strengths and limitations of different CVA
approaches and identifying input data that may require further investigation. We could locate only a
single report that provided a semi-quantitative trait-based climate evaluation based on the NOAA
rapid vulnerability assessment approach (Morrison et al. 2015; Hare et al. 2016), combining literature
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reviews with environmental projections, species summaries, and expert workshops, of three New
Zealand species: paua, snapper and hoki (Cummings et al. 2021). Of these, only paua was a case study
species.

Of the eight case study species in the CRIB-NZ analysis across the New Zealand EEZ, paua was
ranked the 6th most vulnerable (Figure 35). Evaluating paua’s upper thermal niche (19°C) against
historical, present-day, and projected temperatures suggested minimal projected thermal range loss,
interaction with marine heatwaves, ecological disruption, and more distant years of climate
emergence, along with larger thermal safety margins—all suggestive of lower climate exposure
(Figure 35). Paua also scored relatively high in climate adaptation, primarily due to its broad,
contiguous geographic distribution and r-selected life-history strategy. However, paua was also
ranked higher in climate sensitivity, primarily due to its relative inability to range vertically.

In contrast, Cummings et al. (2021) assessed paua vulnerability as “very high” based primarily on its
traits: limited mobility, habitat specificity, calcification, short dispersal, and high-temperature
exposure. The study reported an upper thermal niche of 21°C for paua, slightly higher but still
comparable to the value in the CRIB-NZ analysis (19°C). How, then, can we explain these differences
in paua vulnerability between the CRIB-NZ CVA and Cummings et al. (2021) assessment? Part of the
difference is undoubtedly methodological, given the significant differences between the two CVAs
(Table 6).

CRIB-NZ is a data-driven assessment that defines vulnerability using 12 standardised indicators
averaged so that each contributes equally to vulnerability. Alternatively, the NOAA rapid climate
vulnerability assessment (Morrison et al. 2015; Hare et al. 2016), hereafter rCVA, is an evidence-
based assessment that applies logic rules to 22 expert-scored indicators to provide semi-quantitative
vulnerability scores. CRIB-NZ assumes that all 12 indices define vulnerability equally, whereas in the
rCVA, vulnerability can be defined by 2-3 of the 22 indicators, with the rest having no contribution.
Beyond these fundamental differences, the rCVA assesses vulnerability based on sensitivity and
exposure, but not adaptivity, a defining component of climate vulnerability (IPCC, 2001, 2014; Foden
et al. 2013, 2019; Pacifici et al. 2015). This is significant because, while it does not consider it when
scoring vulnerability, Cummings et al. (2021) note, narratively, that paua's climate adaptability is
quite high due to its wide distribution, broad diet, high levels of genetic variation, and high
socioeconomic value, among other factors.

Another significant difference is how the CV As consider vertical habitat. The tCVA evaluates
vulnerability for paua—a species that lives on the sea bottom—against environmental conditions at
the sea surface. This contrasts with CRIB-NZ, which categorises paua as a bottom-associated species
with limited vertical mobility and, therefore, assesses its vulnerability against seabed conditions.
However, the tTCVA employed in Cummings et al. (2021) considers a broader array of surface
environmental drivers, some of which are not included in CRIB-NZ (e.g. calcification), which
primarily focuses on temperature-related pathways.

The rCV A evaluates species-level features that statistically classify them as more or less vulnerable,
but does not consider how these traits interact dynamically with the environment, which CRIB-NZ
does. Because of this, the rTCVA summarises vulnerability across paua’s distribution, while CRIB-NZ
provides spatially-explicit estimates that reflect the dynamic geographic complexity of climate
change. The spatial explicitness of CRIB-NZ is a major difference from the rCVA, and emphasises
the importance and benefits of using reliable estimates of species’ geographic distributions.
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Table 6: Summary of the methodological differences between CRIB-NZ and the NOAA Rapid
Vulnerability Assessment (Morrison et al. 2015; Hare et al. 2016) employed in Cummings et al.

(2021).
CVA element

Vulnerability dimensions
Assessment type

Spatially explicit

Primary environmental impact driver
Scoring system

Considers how traits interact with the
environment?

Uncertainty estimation

Output type

Information type

Considers surface and bottom
conditions?

CRIB-NZ

3
Quantitative
Yes
Temperature
Averaging

Yes

Yes

Continuous vulnerability
estimates, maps, rankings, and
indicators

Data-driven

Yes

4.4 The importance of distribution to CRIB-NZ

NOAA Rapid Vulnerability
Assessment

2 (lacks adaptivity)
Semi-quantitative
No

Multiple

Logic rules

No

Limited

Narrative summaries and
species rankings

Evidence-based

No (surface only)

When averaged across its range, paua’s vulnerability estimated in the case study is moderate (Figure
37), yet a closer look reveals significant geographic variation both within FMA 5 and the New
Zealand EEZ. Paua vulnerability appears far higher in some nearshore waters, particularly at the
northern extent of NZ, and much lower in deeper offshore waters. This geographic variation
emphasises the critical importance of using reliable estimates of species occurrence. Due to
significant geographic variation in vulnerability, assessing it at locations where species don’t occur
could bias the assessment. The SDMs used in CRIB-NZ show paua occurring broadly across the New
Zealand EEZ, including in waters far deeper than their preferred depth range (~4-20m) and more
offshore than indicated by MPI estimates of paua distribution (Figure 42). It’s possible that paua’s

lower vulnerability in CRIB-NZ could be driven by the lower vulnerability scores in deeper offshore
waters, where its occurrence could be more uncertain. If we were to restrict our vulnerability analysis
to outputs within paua’s preferred depth distribution (20 m), the average vulnerability would increase
from 0.43 to 0.56, making it the most vulnerable species in the case study. This illustrates the critical
importance of using reliable estimates of species distribution when applying the CRIB-NZ framework
and highlights the need for MPI to further validate the input data before finalizing the framework
outputs.
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Figure 42: Annual distribution of paua from MPI (left) and AquaX (right). Left:
Shaded orange depicts the paua’s full range as estimated based on published
and unpublished reports, museum holdings and expert discussion (source:
https://tinyurl.com/2s389duk). Right: Blue depicts paua’s presence based on
the AquaX ensemble SDM framework (Reygondeau et al. 2026).

AquaX is a state-of-the-art SDM modelling pipeline, offering a statistically rigorous means of
estimating the distributions of more than 30 000 marine species at unprecedented geographic
resolution. Yet, as a global framework, it is infeasible to rigorously validate species distributions
across all locations or to customise the data and inputs for every situation. In short, the benefit of
broad geographic and taxonomic coverage also means that AquaX may produce less reliable
distributions for some species at some locations. Alternatively, estimates of species distribution for
some New Zealand marine species are available from MPI and the Department of Conservation
(DoC).

The MPI distributions are available for hundreds of marine species as individually downloadable
shapefiles. These are presence-absence expert-range maps rather than data-driven estimates. Many of
the species distribution maps from MPI appeared inconsistent with those from AquaX; for instance,
while paua has a maximum depth range of 20 m, its distribution maps suggested it occurred
throughout New Zealand territorial waters, ranging into offshore waters several hundred metres deep.
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Figure 43: Estimated geographic distributions for five of the eight case study
species across the New Zealand EEZ. Left panels show probabilities of
occurrence from the DoC models; right panels show standardised
habitat suitability indices (HSIs) from AquaX. Note: whereas AquaX
provides HSI cutoff values to denote species presence, all HSI values
are plotted here.

The DoC distributions are available for six of the eight case study species. Species distributions are
estimated using environmental niche models fitted to georeferenced occurrence records and
environmental predictor variables across New Zealand waters (Lundquist et al. 2020). Taxon-specific
ensemble species distribution models are developed for demersal fishes, reef fishes, benthic
invertebrates, macroalgae, and cetaceans, with model uncertainty quantified using bootstrapping. The
distributions are available as probabilities of occurrence, but do not provide a threshold to denote
species presence as AquaX does.
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Comparing DoC distributions with those of AquaX for the five corresponding species revealed broad
patterns of agreement, alongside some rather stark differences (Figure 43). Distributions for most
species were positively correlated, suggesting that occurrence probabilities generally agree. A notable
exception was blue cod, where the DoC indicated a restricted coastal distribution, and AquaX
suggested a much broader distribution. In general, AquaX predicted broader geographic distributions
than suggested by the DoC methods. However, while AquaX provide a means of assessing species
presence, the DoC methods do not, making it difficult to assess the correspondence in species
presence.

The case studies presented here suggest some variability between the species distributions provided
by AquaX and those available from the DoC and MPI. Considering the inherent challenges and
uncertainty in reliably estimating species occurrences, this is perhaps unsurprising (Robinson et al.
2017; Davies et al. 2023). Before implementing the CRIB-NZ framework in New Zealand, it is
advisable to conduct analyses to assess the reliability of species distribution models from MPI, DoC,
and AquaX, and to determine the optimal approach for reliably estimating species distribution.

With three independent sources of distributional information in New Zealand, there are several
avenues for achieving this. AquaX is a rigorous, peer-reviewed statistical approach, and the veracity
of its outputs could potentially be improved by enhancing the data on which they rely. For instance,
species occurrences from geolocated fisheries catch databases or trawl surveys within New Zealand
EEZ could be used to improve the reliability of AquaX predictions by working directly with the
AquaX developers. Likewise, AquaX distributions depend on the vertical distribution of species, so
validating species occurrence depths prior to modelling could also enhance the realism of the species
distribution estimates.

Alternatively, with multiple estimated distributions per species, an ensemble approach could be
adopted, such as averaging or committee averaging; this would help ensure greater reliability and
quantify uncertainty in vulnerability estimates from CRIB-NZ. As a preliminary step, the DoC
approach would need to be expanded to include missing species (e.g. many invertebrates), and the
analysis would benefit from making the data from both MPI and the DoC accessible as a single
download. While such investigations are advisable and readily tractable, they are beyond the scope of
this work, which was primarily focused on developing the CVA framework and demonstrating its
functionality.

5 Interpreting CRIB-NZ outputs
5.1 Climate vulnerability

CRIB-NZ produces empirically rooted, spatially explicit estimates of relative climate vulnerability. The
CRIB does not seek to evaluate climate-driven range shifts; Instead, it assesses the likelihood of adverse
consequences (IPCC, 2021) at individual locations within species’ native geographic distributions to
inform conservation and management efforts where they operate. Because the CRIB-NZ does not
estimate range expansions, it represents the climate risk to the in situ persistence of species and the
biotic intactness of their ecosystems. It represents a baseline that can be updated flexibly in response to
new data and knowledge.

Vulnerability scores are reported in dimensionless units, allowing species and ecosystems to be scored
and ranked on relative, rather than absolute, scales between 0 and 1. This approach helps identify
patterns and trends in species’ climate vulnerabilities relative to other species assessed in the same
vulnerability analysis. This can be useful if the objective is to rank or triage species by their relative
climate vulnerability.

However, interpreting vulnerability rankings in dimensionless units on relative scales can also be
challenging. For instance, a species with a vulnerability score of 0.6 is more vulnerable than one with
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a score of 0.5, but what does a score of 0.6 truly mean ecologically? Does 0.6 represent an imminent
climate impact of high magnitude or a distant threat of little concern? How would an end user—
manager, scientist, policy-maker, or otherwise—understand such information and use it? This
challenge could contribute to the limited incorporation of CVAs into management.

5.2 Climate risk

Previous vulnerability studies, or comparably holistic cuamulative impact indices, have defined
categories of high/low based on the statistical distribution of the dimensionless indices representing
them (Halpern et al. 2008; Stortini et al. 2015; Foden et al. 2019; Albouy et al. 2020). In contrast, the
CRIB can identify climate risk thresholds that translate climate vulnerability into risk categories based
on the ecological interpretation of the 12 climate indices. Despite the challenges of reliably
identifying such thresholds (Hillebrand et al. 2020), they are increasingly used to guide conservation
strategies and actions (Ficetola & Denoel, 2009; van der Hoek et al. 2015; Arroyo-Rodriguez et al.
2020; Shennan-Farpén et al. 2021). In CRIB, the thresholds are defined in their native units and
propagated through the analysis, preserving their meaning and interpretation yet informing the
interpretation of the dimensionless vulnerability scores.

The threshold-based approach developed in CRIB is comparable to the definition of extinction risk
used by the [UCN Red List Index (RLI) of species (IUCN, 2021), the definition of safe operating
space in the planetary boundaries theory (Rockstrom et al. 2009), and the reasons for concern (RFC)
framework adopted to define climate risk by the Intergovernmental Panel on Climate Change
(IPCC)(IPCC, 2001, 2014, 2021). However, whereas the RLI assesses extinction risk at the species
level and is identical across species’ distributions, the climate risk index for biodiversity (CRIB)
disaggregates climate risk and its spatial variation across the sites throughout a species’ distribution
and evaluates risk for both individual species and aggregate ecosystems.

It allows the vulnerability of species and communities to be categorised according to our ecological
interpretation of them and is guided rather than defined by their statistical properties. Identifying
thresholds to determine risk is notoriously challenging (Hillebrand et al. 2020; Zommers et al. 2020)
due to various factors, including a lack of knowledge needed to represent them, uncertainties in
climate model projections, and differences in value judgments regarding what constitutes dangerous
risk (Fischlin, 2009; Garner et al. 2016; Leemans & Vellinga, 2017; Hillebrand et al. 2020; Zommers
et al. 2020).

Despite these challenges, threshold-defined risk assessments have proven highly valuable for
communicating risks to a broad audience while supporting public engagement, management, and
policy decisions. For instance, since 2001, the [IPCC RFC framework has communicated levels of
climate risk to humans using thresholds set by expert judgment (e.g. IPCC, 2001). The resulting
‘burning embers’ diagrams have become widely used tools to communicate the risks stemming from
anthropogenic climate change in a clear, intuitive manner that is critical for decision-making
(Zommers et al. 2020). For instance, the goal of the Paris Agreement to limit global warming to below
2°C was supported by IPCC reports of increasing risks beyond 1.5°C or 2°C warming (Fischlin, 2009;
Leemans and Vellinga, 2017).

The CRIB framework calculates risk categories for each climate index and dimension. Risk thresholds
are defined using transparent and, where possible, empirically supported approaches (Swart et al.
2009; Budescu et al. 2012; Oppenheimer et al. 2016). Boyce et al. (2022) describe the CRIB rationale
for defining thresholds that denote negligible, moderate, high and critical risk categories. These
thresholds serve as waypoints for defining and communicating climate risk and, to the extent possible,
are guided by empirical information (Table F3).

To assess risk within CRIB-NZ, the thresholds would need to be updated to reflect the revised climate
indices. This work was outside the scope of the current study, but could be considered as part of a
future research project to progress the CRIB-NZ framework.
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Appendix A: Vulnerability across life stages

The overarching purpose and benefit of CVAs is to provide vulnerability rankings across a large
number of species or stocks to synoptically identify those most at risk. Thus, any framework for
assessing the vulnerability of early life stages must also be capable of providing climate-impact
information for many species or stocks. Presently, Fisheries New Zealand manages ~98 species and
~642 stocks. The CRIB-NZ framework can assess vulnerability for most of these species at the adult
life stage, and, to be equally effective, any CVA for early life stages would require input data or
information from a similar proportion of species and stocks. Two avenues for achieving this were
explored:

1. CRIB analysis: The most straightforward way to assess the vulnerability of species’ early life
stages would be to conduct an independent CRIB-NZ analysis specific to larvae and/or juveniles.
This would require several life-stage-specific input data layers, including estimates of
distribution, thermal niches, conservation status, vertical habitat use, and size, along with
corresponding climate time series. Global species distribution modelling initiatives such as
AquaMaps (Kaschner et al. 2019) and AquaX (Reygondeau et al. 2026) provide estimates of the
present-day distributions of more than 30 000 marine species, but do not produce such estimates
for larvae or juveniles due to data limitations. NABIS contains estimates of the annual geographic
distribution for 47 species at the juvenile stage and 39 species at the spawning (larval) life stage in
New Zealand waters (NABIS Layer Index). These distributions are produced by first constructing
distributional maps of where juveniles are captured in research bottom trawl records available
between October 1, 1961 and August 25, 2005. Subsequently, expert scientists integrate this
information with literature data (e.g. New Zealand fishing news, unpublished electronic
bibliographies, scientific papers and abstracts) and their expert judgment to produce hand-drawn
distributional maps, which are then digitised. Thus, the distributions are subject to shifts in the
distribution of fishing effort and in research trawl survey data, as well as to the expert assessor's
judgment. However, these distributional estimates are only available for less than half of the ~98
harvested species in New Zealand and are thus not yet a viable option.

In the CRIB analysis for adults, species thermal niches are publicly available from AquaMaps and
have been validated against independent estimates from studies and experiments. However, to
date, publicly available databases of thermal niche for a large number of species at the larval or
juvenile stages do not exist. Although more labour-intensive, we also explored the feasibility of
deriving thermal tolerances from scientific studies. We searched the published literature in
SCOPUS and Google Scholar for studies on thermal tolerance and preferences for the species of
interest at early life stages, but could not locate any information. However, even if this route were
fruitful, extracting thermal niche information from published studies for 98 species would be
time-consuming and likely beyond the scope of the work.

In addition to the lack of crucial distributional and thermal niche information for juveniles, other
requisite information for their conservation status, body size, and vertical habitat preferences was
also lacking. In light of this, applying a separate CRIB analysis to early life stages is impossible
until this information becomes more widely available.

Expert assessment: As an alternative, we also explored an expert-assessment approach to evaluate
species vulnerability during early life stages. Expert assessment approaches benefit from not relying
on the availability of input data; however, they still require studies, reports, and analyses to support
the expert assessments, as well as a clear, structured approach to assessment. We searched the
published literature in SCOPUS and Google Scholar for studies using the keywords “climate”,
“temperature”, and “New Zealand”, combined with the name of our species of interest. Even omitting
the key search terms “larvae”, “juvenile”, or “spawning”, our search returned few results, indicating a
limited understanding of climate impacts on marine species in New Zealand, particularly those at

early life stages. Lacking such baseline information and given the time required for experts to
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complete assessments for 97 species, an expert-assessment CVA was outside the scope of this work
but could be explored in the future, especially if additional information became available.

Appendix B: Extended data
B.1 Species geographic distributions

Occurrence data undergo extensive preprocessing, including coordinate cleaning, removal of
impossible locations, duplicate resolution, and the application of quality flags that reconcile the
reliability indicators of AquaMaps, OBIS, and GBIF. Ecological and life-history traits—for example,
depth range, habitat preferences, pelagic versus benthic affinity, and vertical occupancy—are
compiled from FishBase and SealifeBase and used to populate the D3-Ocean System, which
characterises species' three-dimensional habitat affinities. These traits, combined with biogeographical
information from the Pelagic Provinces of the World (PPOW), Benthic Provinces of the World
(BPOW), and the Circumpolar Biodiversity Monitoring Program (CBMP) Arctic units, are used to
generate spatially realistic species-specific range maps.

When International Union for Conservation of Nature (IUCN) expert range maps (ERMs) exist, they
are buffered, clipped to ocean basins, and intersected with land masks to define biogeographical (BR)
and potential (PR) ranges, which in turn serve as constraints for SDM training. For species lacking
ERMs, AquaX derives bounding boxes from cleaned occurrence data, removes remaining spatially
implausible records, and further refines them using ecological traits, thinning procedures, and
biogeographical filtering. Spatial and environmental thinning procedures ensure that the training set
captures the full breadth of ecological conditions while minimizing bias from uneven sampling effort.

To construct the modelling dataset, verified occurrences within the BR are matched to corresponding
Bio-ORACLE v3.0 environmental variables at 0.05° resolution, selecting appropriate depth layers
based on whether a species is pelagic or benthic. For species with limited observations within ERMs,
pseudo-occurrences are generated across environmentally plausible portions of the range to reduce
niche truncation and improve model calibration. Pseudo-absences are produced differently for pelagic
and benthic species, using a Surface Range Envelope approach for pelagic taxa and a distance-based
habitat-informed method for benthic taxa, with all absences restricted to each species’ PR.

Species distribution model predictions employ an ensemble of 10 algorithms—Generalised Linear
Model (GLM), Generalised Additive Model (GAM), Random Forests (RF), Artificial Neural
Networks (ANN), Flexible Discriminant Analysis (FDA), Classification Tree Analysis (CTA),
Gradient Boosting Machine (GBM), Maximum Entropy (MaxNet), Extreme Gradient Boosting
(XGBoost), and Multivariate Adaptive Regression Splines (MARS); each method is optimised
separately for each species. Cross-validation is conducted in environmental space rather than
geographic space, generating up to 300 individual model runs per species and ensuring that evaluation
reflects ecological gradients rather than spatial sampling patterns. Model performance is assessed
using threshold-dependent (TSS, CSI) and threshold-independent area under the curve (AUC) metrics,
with only models achieving TSS > 0.6 retained for ensemble formation. Ensemble outputs include
mean suitability, committee averaging, and the coefficient of variation, enabling quantification of
spatial uncertainty and model agreement. Environmental extrapolation is mapped to identify locations
where projected conditions fall outside the training domain, further enhancing interpretability.

Of critical value to the CRIB, the AquaX process can empirically determine species presence/absence
using species-specific thresholds calculated within the modelling framework. These thresholds are
derived during model calibration and evaluation using model performance criteria implemented in the
ensemble species distribution models, allowing the suitability cutoff to vary among species based on
model performance and species-specific environmental relationships. Consequently, species presence
was inferred only in grid cells where predicted habitat suitability exceeded the species-specific
optimised threshold.
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All outputs are rendered at 0.05° resolution, representing a ten-fold improvement over the resolution
of traditional AquaMaps products and enabling ecologically meaningful mapping in coastal and
topographically complex regions. Multiple validation layers—occurrence quality filtering, range-
based exclusion of implausible points, environmental thinning, cross-validation, and ensemble-level
uncertainty estimates—ensure high-confidence predictions for each species. These quality-control
steps collectively reduce common SDM biases such as sampling heterogeneity, basin-mirror artifacts,
and environmentally suitable but ecologically impossible projections. Compared with earlier
AquaMaps approaches, AquaX incorporates a richer taxonomic backbone, integrates expert-verified
ERMs, and uses a much broader set of ecologically relevant environmental predictors. It also
incorporates biogeographical boundaries to ecologically constrain projections, eliminating spurious
predictions across realms, basins, and depth strata. The ensemble machine-learning design captures
more complex nonlinear species—environment relationships than the previously used trapezoidal
environmental envelopes. This results in substantially improved predictive accuracy, as demonstrated
through case studies comparing AquaX outputs with expert maps, high-resolution coral richness
datasets, and AquaMaps products. The AquaX framework is transparent, reproducible, and based on
open-source data, thereby advancing global marine biodiversity research.

Appendix C: Extended methods
C.1 Climate Sensitivity

C.1.1  Thermal safety margins

The standardization function allowed climate sensitivity to increase exponentially as the TSM
declined as

STSM, . = e ATSMsc, Equation 1

where TSM; . is the thermal safety margin (°C) for species s in grid cell ¢, and 4 is the rate parameter
(0.33).

C.1.2 Vertical habitat use

The indices were calculated according to the specifications outlined by Boyce et al. (Boyce et
al. 2022, 2024; Boyce et al. 2024b), whereby climate sensitivity to ocean warming declined
exponentially, with both the maximum distance of the species occupancy to surface or bottom
warming, respectively, and the vertical range of each species as

SVR, = e ~AVRs Equation 2

S Mdeps, = e~AMdeps Equation 3

where VR; is the total realised vertical range for species s in meters and Mdep; is the realised
proximity of species s to the sea surface (for surface-associated species) or to the sea bottom (for
bottom-associated species) in meters. A is the rate parameter (0.05). Estimates of the minimum and
maximum depths of occupancy, associated vertical habitat range, and vertical habitat categorization
were retrieved from AquaMaps (Kaschner et al. 2019) and FishBase (Froese & Pauly, 2014).

For vertically mobile surface-associated species (e.g. tuna, herring, etc.), Mdepg was set to the lesser
of the minimum occupancy depth or 100 m. For vertically immobile, bottom-associated species
Mdep, was set to 0 for sessile species (e.g. tunicates, etc.), or 0.5 m for non-sessile species (e.g.
crabs, lobsters, etc.). For vertically mobile bottom-associated species (e.g. cod, halibut, etc.), Mdep
was set according to the vertical habitat classification of each species as follows:
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Benthic: 2 m
Reef-associated: 5 m
Demersal: 2 m
Bathydemersal: 5 m
Benthopelagic: 10 m
Bathypelagic: 100 m

AR

For vertically mobile species, VR; is calculated as the difference between the deepest and
shallowest occupancy depth of the species. For vertically immobile bottom-associated species VR
was set to O for sessile species or 1 for non-sessile species.

VR and Mdep, were truncated by the maximum bathymetry in each grid cell within each species'
native geographic distribution to obtain realised rather than theoretical estimates. Bathymetry values
were extracted from the Copernicus Marine Data Store at the same resolution as the analysis.
Cumulative climate sensitivity was then calculated as the mean of the species’ standardised vertical
range (Equation 2) and the maximum depth of occupancy (Equation 3) indices. Refer to Boyce et al.
(Boyce et al. 2022) for an evaluation of how the vulnerability calculations are affected by the
specification of A.

The rate parameter, A, corresponds to the rate of decline in climate sensitivity over depth range and
proximity to the sea surface or bottom and was empirically derived as the exponential rate of change
in the difference between surface and subsurface temperatures across depths between 0 and 1000 m
globally.

C.1.3  Cumulative impacts
Climate sensitivity as a function of HII was standardised, as

SHII, = 1— e M, Equation 4

where HII, is the HII in cell ¢, and A is the rate parameter, set to 0.6. The equation standardises the
index (0-1), normalises its distribution and ensures that S HII, falls between 0 and 1 and is nearly
uniform for values above 5 (Figure 18). Refer to Boyce et al. (2022) for an evaluation of how the
vulnerability calculations are affected by the specification of A.

C.2 Climate Exposure

C.2.1  Time of climate emergence
The ToEs were standardised according to

E ToE,, = e *TOoEsc Equation 5

where ToE; . is the ensemble projected year of climate emergence from the thermal niche for species
s in grid cell ¢, and A is the rate parameter (0.033). The equation was chosen to ensure that E ToEj .
ranges between 0 and 1, and increases more rapidly as it approaches 0 and declines more slowly as it
increases (Figure 20). Maximal exposure occurs for species inhabiting waters that are already
thermally hazardous (e.g. ToE=0). Refer to Boyce et al. (2022) for an evaluation of how the
vulnerability calculations are affected by the specification of A.

C.2.2  Ecosystem disruption
Ecosystem disruption was standardised according to
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EToEE. = 1 — e ATOEE. Equation 6

where ToEE, is the proportion of all species in grid cell ¢ that emerge from their thermal niche by
2100, and 4 is the rate parameter, set at 4. The equation was chosen to standardise the index (0-1),
normalise its distribution, and ensure that a species’ exposure increases asymptotically with the
fraction of species lost in its ecosystem, with the greatest exposure occurring for species inhabiting
ecosystems with the greatest loss of species. Refer to Boyce et al. (2022) for an evaluation of how the
vulnerability calculations are affected by the specification of 1. ToEE, was estimated individually for
each ESM using the approach described in Trisos et al. (2020) and then averaged across all ensemble
models.

C.23 Loss of suitable thermal habitat
Thermal habitat loss was standardised according to

ETHL; = 1-— e ~ATHLs Equation 7

where THLj is the proportion of all grid cells across the native geographic distribution of species s
that are projected to become thermally hazardous by 2100, and A is the rate parameter, set at 5. The
equation standardises the index (0-1) and specifies that a species’ exposure increases asymptotically
with the fraction of thermal habitat loss, with the most significant exposure occurring for species that
lose all of their present-day suitable thermal habitat. The maximum exposure occurs for species
projected to lose all suitable habitats. Refer to Boyce et al. (2022) for an evaluation of how the
vulnerability calculations are affected by the specification of 1. THL was estimated individually for
each ESM and then averaged across all ensemble models.

C.24 Marine heatwaves

Methods for calculating MHW properties—frequency, duration, and intensity—vary, yet the
use of daily temperature observations is exceedingly common (Hobday et al. 2016). For instance,
operational systems, such as the NOAA National Centers for Environmental Information, use daily
SST products at high spatial resolutions to evaluate MHWs globally®. Yet, the requirement for daily
observations creates computational challenges when calculating MHW indices over long projection
horizons (e.g. to 2100) and/or at high spatial resolutions (e.g. 0.08 degrees), as considered here.
However, Oliver et al. (2018) tested eight candidate monthly proxies against daily-based MHW
metrics derived from high-resolution satellite and in situ temperature series. They found that the
number of months with anomalously warm temperatures (NT) closely predicted the annual frequency
of daily MHWSs, whereas the maximum annual difference between the monthly mean temperature and
the average monthly temperature (TAX) was the best predictor of MHW duration; both indices (NT
and TAX) exhibited strong, statistically significant correlations across multiple long-term global
stations. These findings suggest that monthly proxies can approximate key MHW characteristics when
daily data are unavailable and that while daily data remain ideal for detecting short, transient events,
monthly proxies can capture longer, large-scale variability in marine heatwaves and trends.

Accordingly, a climate exposure index (EMHW ) as a function of the duration and
magnitude of species exposure to hazardous temperature was calculated using projected monthly sea
surface and bottom temperatures as

6 Marine Heatwaves | National Marine Ecosystem Status
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Durationg . + Magnitudes . Equation 8
2

EMHW, =

In this formulation, Durationg is a standardised measure of the proportion of time a species is
exposed to hazardous temperatures in each cell, calculated as

1 N Equation 9
Duration, . = N_Z I (TS‘C‘m > Tmaxs)
M=

where T . ., is the monthly temperature experienced by species s in grid cell ¢ at month m, Tmax; is
the maximum temperature tolerance for species s, Ny, is the number of non-missing months in the
temperature series for cell ¢, and / is the indicator function.

Magnitude . is a standardised analogue to Oliver et al.’s TAX, calculated as

ZItV:1(Ts,c,m — Tmaxg Equation 10
Ry ¥V I(Tscm > Tmax)

Magnitudeg . =

Where T . ,, is the monthly mean temperature experienced by species s in cell ¢ and month m, Tmaxg,

and Trange, are the maximum thermal tolerance and range for species s, and R; is the species-
specific thermal niche range.

C.3 Adaptive capacity

C.3.1  Geographic range extent

Adaptivity to climate change increased exponentially with the geographic range area of each species
as

AC Rareag = 1 — e *Rareas, Equation 11

where Rareas is the geographic range area (km?) of species s, and A is the rate parameter, set at 20.
The equation standardises the index (0-1), normalises its distribution and specifies that adaptivity
increases asymptotically with geographic range area, with the greatest adaptivity occurring for species
with the largest geographic range areas. Adaptivity was virtually uniformly high among species
inhabiting >20% of the global ocean area. Refer to Boyce et al. (2022) for an evaluation of how the
vulnerability calculations are affected by the specification of A.

The latitude range of species was calculated as the difference between the highest and lowest
latitude occupied by a species across its native geographic distribution. The ranges were standardised
on a 0-1 scale by the maximum possible latitude range (90 degrees) as

Lranges

AC Lranges = 0 Equation 12

A standardised index of adaptivity as a function of the geographic range extent (AC Grange,) was
then calculated for each species as the mean of the standardised geographic range area (AC Rareay)
and latitude spanned (AC Lrangey).
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C.3.2 Habitat fragmentation

The extent of geographic habitat fragmentation for each species across the spatial domain
here (i.e. the New Zealand EEZ) was calculated from their native geographic distribution. Habitat
fragmentation was calculated using the largest patch index (LPI) as

LPL. = 1 — P4 Equation 13
S TOAS

where LPA, is the area of the largest patch in the geographic distribution of species s, and TOA; is the
total occupied geographic distribution of species s. Patches were identified as distinct clusters of
occupied grid cells, where patches must be connected in eight directions (queen’s case=8 cells
surrounding). LPI values of O represent contiguous habitat (e.g. one patch) and those near 1 represent
highly fragmented habitat. Using the LPI, a standardised habitat fragmentation index was then
calculated as

AC Hfrags = e MPIs, Equation 14

where Hfrag, is the geographic habitat fragmentation of species s, and A is the rate parameter, set to
8. The equation standardises the index (0—1), normalises its distribution and specifies that adaptivity
due to habitat fragmentation declines asymptotically with geographic range fragmentation, with the
lowest adaptivity occurring for species with highly fragmented habitats. Adaptivity was uniformly
low across species in which a single large patch comprised <50% of their present-day distribution.
Refer to Boyce et al. (2022) for an evaluation of how the vulnerability calculations are affected by the
specification of A.

C.3.3 Thermal habitat variability and use

Historical thermal habitats were characterised using monthly sea temperature data from
GLORYS (1993-2025). For each grid cell, a count (count;) of the frequency of SST values in each
0.2°C bin was obtained; each temperature distribution (Tdist) characterises the range and frequency of
historical temperatures at each location across the species geographic range. For each species s in
each grid cell ¢, the environmental temperature distribution was restricted to bins within the species’
thermal niche. Let count; . ¢ denote the number of observations in bin i within the species niche, and
Tcount, s the total number of observations within the niche. The relative frequency of temperatures
within the niche is then:

count;q ¢ Equation 15

Pisc Tcount

The distribution of temperatures within the niche was quantified using Shannon entropy:

Ns Equation 16

Hs,c = Z Pic,s ln(pi,s,c)
i=1

Entropy was exponentiated to obtain an interpretable measure of effective niche breadth; this
transformation yields the effective number of temperature bins occupied, equivalent to the number of
equally frequent bins that would produce the observed distribution (Hill, 1973; Jost, 2006). To
standardise this metric across species with different niche widths, the effective number of occupied
bins was divided by the total number of bins in the species’ niche:
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exp(H; ) Equation 17

TNCse = —
S

Equation 17 produces a dimensionless index bounded between 0—1 that captures both the breadth of
temperatures experienced within a species’ niche and the evenness of exposure across that range.
When TNCj . is close to 1, temperatures are broadly and evenly distributed across the species’ niche,
indicating high thermal niche coverage and strong potential for thermal pre-adaptation. Low TNC; .
means that temperatures are concentrated in a narrow portion of the niche, indicating limited exposure
to the full range of thermal conditions (reduced evidence for pre-adaptation). A standardised
adaptivity index was then calculated as

ACTNC,, = 1— e 3TNCsc, Equation 18

The equation specifies that adaptivity due to thermal habitat pre-adaptation increases with the
proportion of the thermal niche covered by the environment and the evenness of that coverage.
Species that inhabit thermal habitats that occupy a greater proportion of their thermal niche are,
theoretically, more pre-adapted to climate change than those that inhabit less.

The variability of a species' thermal environment is another crucial characteristic of pre-adaptation.
Species inhabiting more thermally variable environments are believed to be more adaptable to thermal
environmental changes. Accordingly, the temperature variability experienced by each species at each
location across its geographic range was calculated as

AC Trange, = Tmax, — Tming, Equation 19

Where Tmax. and Tmax, are the maximum and minimum monthly temperatures in grid cell c over
the previous 32 years (1993-2025).

C.3.4 Maximum body length

A standardised index of adaptivity as a function of the maximum possible body length of each species
was calculated as

AC Mleng = 1 — MlenSTD;, Equation 20

where MlenSTD; is calculated as

log10(Mleng+1)

MlenSTDs = 10g10(3000 +1)°

Equation 21

Mleng is the maximum estimated length of species s (cm), and 3000 is a scaling factor corresponding
to the approximate maximum length that the largest oceanic species (i.e. blue whale) could
conceivably reach.

C.4 Discount rates
Discount rates are calculated as

_ Years Models
~ 1000 200

+ 9, Equation 22
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where Years is the number of years in the climate projection, Models is the number of climate
projections in the ensemble, 6 is a scaling factor set to 40, and 9 is 0.026 to yield a maximum
discount rate of 5% when projections are made for >100 years from a single projection, and are 0%
when projections are made for <5 years from >19 projections. The case study presented here
evaluated climate projections from 3 models over 80 years, yielding a discount rate of 4.1%. To
conserve the vulnerability scaling to between zero and one, discounts applied to exposure are credited
to sensitivity (e.g. the current state), such that the maximum total adjustment is 10%.

Discount rate

Discount rate
[proportion]
0.05

Number of climate projections [n]

Figure C1: Discount rates. The discount rate on future exposure,
credited to the present state, is a function of the length of
the climate projection(s) and the size of the climate
ensemble.

For each species within each grid cell across its native geographic distribution, the discount rate was
applied to the estimated exposure and sensitivity as

Es,c =[(1-9)(Eso)], Equation 23
Sec = [(1+8)(Ss0)], Equation 24

Where S, s,c and E s,c are the discounted sensitivity and exposure estimates for species s within cell c.
Through this equation, the future exposure of species to climate change was discounted relative to
their current sensitivity. The discounting was applied to sensitivity, rather than adaptivity, as there is a
broad consensus that it is better understood (e.g. Thurman et al. 2020).

C.5 Spatially explicit vulnerability

Unweighted vulnerability is calculated as the average of adaptivity, discounted sensitivity, and
discounted exposure, providing a simple, straightforward interpretation of vulnerability.

Alternatively, weighted climate vulnerability was calculated from adaptivity, discounted sensitivity
and exposure as
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. [Ssc X 0Ssc] + [Ese X wEs ]+ [(1— ACs.) X wACs ] Equation
e wSs ¢ + WEs . + wACs 25

where I . is the vulnerability, S s,c and E s,c are the discounted sensitivity and exposure, respectively,
and ACj . is adaptivity for species s within cell ¢. WS, WE; ., and wAC; . are the statistical reliability
weights for the estimated sensitivity, exposure, and adaptivity, calculated from their scaled variances.
For example, the weights for estimated sensitivities were calculated as the inverse of their coefficients
of variation as

-1
S L Equation 26
W =(—=
RV
where
1 —n
USsc = _Z Ssc.i Equation 27
Niaj=1 "
and

Z?=1(Ss,c,i - ﬂSs,c)z
NS, .

Equation 28

0Ss. =

where wS; - is the reliability weight and oS . and uS . are the standard deviation and mean,
respectively, of the four indices, i, that define sensitivity for species s within cell c. NS; .. is the
number of climate indices, i, that define sensitivity for species s within cell c.

C.6 Spatially implicit vulnerability

Alternatively, weighted vulnerability for each species was calculated as a variance-weighted
mean of the vulnerabilities in each grid cell across its geographic distribution as

n
_ Lic=1 wv.'s,c V:s,c

Vs Equation 29
s ?:1 wI/S,C
while their variance-weighted standard deviations were calculated as
2 N .
oVs = z—z WVs,c(Vs,c = Vs c)? Equation 30
V1" = Vpldc=1
where,
N
V= Z wVs ¢ Equation 31
c=1
and
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N
V, = Z wl{g‘cz Equation 32
c=1

and

-1

oD .

wVs e = <uD_> , Equation 33
s,c

In this manner, greater statistical weight is given to vulnerability estimates in grid cells where their
variance (e.g. across the indices used to calculate them) is lower, and vice versa. Species
vulnerability estimates will be more variable when vulnerability differs more across the grid cells that
comprise its geographic distribution, and vice versa.

Appendix D: Practical applications of vulnerability from Canada

The CRIB and CRIB-NZ operate hierarchically, providing climate vulnerability information that can
be tailored to a spectrum of users, from those who seek high-level summary information (e.g.
rankings and scores of overall vulnerability or risk) as well as those wanting more detailed technical
information about how and why species are at high or low risk (e.g. spatially resolved climate
vulnerability and risk indices). In this section, case studies illustrate how different output types from
the CRIB can inform pathways to climate resilience in marine fisheries and spatial planning.

D.1 Marine fisheries

(Boyce et al. 2024) used the CRIB to estimate climate vulnerability and risk for 90 fish stocks across
Atlantic Canada under contrasting emission scenarios to 2100. In this study, the 4T southern Gulf of
St. Lawrence (sGSL) smooth skate stock, a bycatch fishery, had the highest climate vulnerability.
This fishery is at high risk because it is critically exposed to projected climate change, is highly
sensitive to it, and has moderate adaptability. Smooth skate is globally endangered (IUCN, 2021), and
the Committee on the Status of Endangered Wildlife in Canada (COSEWIC) has assessed populations
in the Laurentian-Scotian region, including the 4T stock, as a species of special concern (COSEWIC,
2012).

When determining which Atlantic Canadian stocks most require climate adaptation, 4T smooth skate
would be a high priority. Resources that could further climate adaptation could potentially include
pragmatic approaches that integrate climate change considerations into stock assessments, harvest
advice, and decision-making (Pinsky & Mantua, 2014; Boyce et al. 2020b; Duplisea et al. 2020;
Boyce et al. 2021). Such approaches can range from using climate risk as a modifier of harvest advice
to more detailed quantitative integration of climate variables into the stock assessment process
(Holsman et al. 2019; Duplisea et al. 2021). For instance, management strategy evaluations (MSE)
can find candidate management strategies that are potentially robust to future climate scenarios,
population and ecosystem dynamics and other uncertainties (M. A. Haltuch et al. 2019; Melissa A.
Haltuch et al. 2019; Merino et al. 2019), whereas dynamic management can set harvest rates based on
climate forecasts or respond in real-time to changing conditions (Dunn et al. 2016). Adaptation
resources could also include instituting flexible spatial protections where the stock is particularly at
risk (Tittensor et al. 2019), targeted ecosystem monitoring for changes in climate vulnerability, and
addressing factors affecting the sensitivity and adaptivity of smooth skate (e.g. reducing directed and
ecosystem overfishing, bycatch, habitat destruction, and pollution); (Bryndum-Buchholz et al. 2021).
Since high natural mortality in the GSL is also thought to impair species recovery (COSEWIC, 2012),
understanding the influence of bycatch on their mortality and reducing any fisheries-induced mortality
through bycatch reduction (e.g. targeted gear regulations and/or seasonal fishery closures, protected
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areas) could improve the climate adaptivity potential for 4T smooth skate, and species with similar
climate risk.

Alternatively, the sole Canadian Atlantic mackerel (Scomber scombrus) stock is at moderate climate
risk, rendering it a medium priority for climate adaptation. However, because the stock is climate-
sensitive, it also has high latent climate risk, meaning it is likely to become at risk, particularly as its
exposure increases. Mackerel is in the critical zone of Canada’s Precautionary Approach Framework
(DFO, 2021) and is of high ecological importance, supporting numerous dependent species, including
valuable upper-trophic fisheries (Pikitch et al. 2014). Thus, reducing its latent climate risk would
enhance ecosystem resilience. Monitoring the stock’s environment for any changes in climate exposure
that could push its cumulative climate risk to high or critical could be undertaken, for instance, by
tracking species’ thermal safety margins over time or its projected year of climate emergence.
Additional actions could be taken to reduce the stock’s high climate sensitivity, such as developing and
prioritizing interventions that minimise abatable stressors (e.g. directed and ecosystem overfishing,
bycatch, pollution, habitat or ecosystem disruption) or through fisheries closures or climate-integrated
marine spatial planning (Tittensor et al. 2019). For example, in 2022, commercial and bait fisheries for
Atlantic Mackerel and spring-spawning Atlantic herring in the southern GSL were placed under a
moratorium to allow stocks to recover from decades-long declines and current low abundance. These
measures can reduce stress and promote the recovery of these species, serving as one example of
interventions to mitigate stressors.

The 12 indices that define CRIB risk can also be helpful. For example, the timing of climate emergence
from species’ thermal niches (Trisos et al. 2020; Xu et al. 2020) can provide a chronology of when a
stock will first become exposed to hazardous climate conditions across its management area. While the
4T smooth skate stock is projected to be exposed to a hazardous climate in 32 years (by 2052) on
average (range=0-80 yrs.), the ATLSA3-4 Atlantic mackerel stock is not expected to be exposed for
another 75 years (by 2095) on average (range: 41-80 yrs.). Such information can aid the proactive
development of timelines for implementing adaptation measures before those impacts occur and help
assess the pace of climate change on fisheries.

D.2 Conservation and marine spatial planning

The CRIB can also be used to assess climate risk in marine spatial planning. Lewis et al. (2023) used
the CRIB to predict the Time of Emergence (ToE) for 30 species in the draft network of conservation
areas on the Scotian Shelf-Bay of Fundy. The study revealed a strong latitudinal gradient in climate
impacts, with species associated with colder waters experiencing earlier ToEs—especially in more
southwesterly areas. With high emissions, 51% of the habitat and up to 42% of the species were
projected to be lost.

The study highlighted that the ability of marine protected areas (MPAs) to safeguard biodiversity will
likely be undermined by climate change—even with strong mitigation efforts—and that significant
impacts are expected within 30 to 50 years. Climate change is expected to reduce the effectiveness of
the proposed network of conservation areas and influence conservation priorities for species on the
Scotian Shelf, a region projected to warm considerably.

This means planning and managing sites, particularly in the southern region, should integrate climate
change adaptation into their design, management, and monitoring. Adaptation strategies could
include, for instance, setting flexible conservation goals and objectives that can be revised over time;
conducting climate vulnerability or risk assessments to identify how sites might be affected in the
future; designing the network to account for climate risks by prioritizing lower-risk sites, areas with
high carbon sequestration potential, and locations that are projected to provide future habitat for high-
risk species.

Sites expected to undergo rapid shifts in species composition could benefit from flexible boundary
design or even a reconfiguration of the network. This is because the current distribution of priority
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species may not align with future conditions, potentially reducing long-term conservation
effectiveness (Tittensor et al. 2019). Incorporating climate change projections into the planning of
conservation areas in the Scotian Shelf-Bay of Fundy Bioregion can help improve network design
and make it more resilient—or “future-proofed”—in the face of ongoing environmental change.

In another study, Keen et al. (2024) used the CRIB to assess the climate vulnerability of marine
ecosystems within the Canadian Marine Conservation Network (CMCN). Their study found that
climate risk representativity across Canada’s marine protected area network was highly variable
across space. In particular, MPAs with lower climate vulnerability were disproportionately
overrepresented in the network. However, the broad-scale geographic targets used in the Scotian
Shelf-Bay of Fundy network planning process achieved over 90% representativity of climate
vulnerabilities. This highlights the importance of including habitat diversity and broad geographic
coverage in conservation planning to build climate resilience—even when climate was not an explicit
priority.

The study suggested that prioritizing protection in currently underrepresented, climate-vulnerable
regions could strengthen the CMCN's resilience to climate change. Using the CRIB, the study offers
practical guidance for Canadian marine conservation practitioners on incorporating climate resilience
into planning. Placing greater emphasis on biogeographic representativity—particularly by improving
protection for vulnerable coastal and shelf ecosystems- could enhance the effectiveness of the CMCN
under climate change. CRIB’s vulnerability data can also support site-level design, where areas with
higher climate vulnerability could be given stronger protective measures to boost resilience to change.

Appendix E: CRIB-NZ technical workflow

The CRIB-NZ analysis is conceptually and statistically straightforward, yet the workflow is
moderately complex due to the multiple input data layers, their volume, and the analysis's hierarchical
nature. Figure E1 illustrates the technical workflow for implementing CRIB-NZ for the case study
species presented here. Several of the input data layers are pre-processed to format them. Following
this, the 12 climate indices are calculated using a separate R script; the exception is
09_E_ToESpecies_NZ.r, which calculates 3 separate exposure indices. R files are named according to
the indices they calculate: AC=adaptivity, S=sensitivity, and E=exposure. The 12 indices are saved as
separate files (one per index), which are then imported into 11_Comb_indices_NZ.r, where they are
combined, standardised, and used to calculate vulnerability and its dimensions. This script also
calculates species-level vulnerability. The function of each of the individual R scripts is described
below (Statistical computing and R code section) and the files themselves are extensively annotated to
enhance reproducibility. The order of operations is specified numerically in the file naming.
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Figure E1: Overview of the CRIB-NZ technical workflow. Red depicts input and output data layers,
and blue the R code files used to process them. Arrows show the ordering of the workflow
from raw input data to index calculation to the final integration and calculation of the
vulnerability outputs.

E.1 Data extractions

E1.1

AquaX species traits and distributions

Species distribution estimates and associated trait information (thermal niches and vertical habitats)
from AquaX were provided by G. Reygondeau. The methodology is described in Reygondeau et al.
(2026) and the data therein are available on Figshare (https://doi.org/10.6084/m9.figshare.30754358).
The code used to generate the AquaX ensemble habitat suitability projections can be requested
directly through the AquaMaps website (https://www.aquamaps.org) in accordance with their data-use
and code-access policies. For each species, the current geographic distributions were imported into R,
converted to binary presence-absence values using the empirical threshold values, harmonised to a
global 0.08° grid, and clipped to the New Zealand EEZ; distributions for all species inhabiting the
EEZ were then exported as individual TIFF files and consolidated into a 3D raster object.

E.1.2

GLORYs temperature data

Monthly temperature estimates for the surface and bottom between 1992 and 2025 were extracted
from GLORYS on a global 0.083° grid using the Copernicus Marine Toolbox in Python’. These data
were then imported into R, and for each time step, surface and bottom temperature values were
extracted over New Zealand's EEZ. For thermal safety margin calculations, the maximum daily
temperature in each grid cell over the past decade (2015-2025) was computed separately for surface
and bottom temperatures. For thermal variability calculations, we computed the frequency of
temperature occurrences in each 0.2 °C temperature bin between -3° and 40°C for each cell, from

1993 to 2025.

7 Copernicus Marine Toolbox API - Subset | Copernicus Marine Help Center
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E.1.3 CMIP 6 temperature projections

Monthly temperature projections under SSP2-4.5 and SSP3-7.0 between 2015 and 2100 were
extracted from the Earth System Grid Federation (ESGF) web platform?® using GNU Wget software”.
Projections were extracted at 25 km? resolution and harmonised to the template 0.08° grid using
inverse distance weighting. Sea surface temperatures were extracted using CMIP6 variable ID=tos
(CF standard name=sea_surface_temperature). Sea bottom temperatures were extracted using CMIP6
variable ID=thetao (CF standard name=sea_water_potential_temperature). Sea water potential
temperatures were downloaded as 3D potential temperature profiles and processed by first calculating
the maximum depth at which temperature was estimated, then extracting the potential temperature at
that depth.

E.2 Statistical computing and R code

CRIB-NZ is a quantitative workflow implemented in the R statistical computing environment. The
case study analyses were conducted in R version 4.5.0 running on a Dell Workstation with 256 GB of
RAM, dual-core (2.60 GHz) processors, and 56 logical cores. Much of the R code is optimised for this
hardware, but can be adapted to other systems. The output variables produced by the code are
described in Table F4. The following R code files are used in the CRIB-NZ case study analyses.

00_GParams_NZ.r: Contains code required across most code files. Loads required set of R
packages, defines file paths to input/output data files, and reads a New Zealand candidate species list
that is then joined to a metadata table to attach AphialDs and drop unmatched species. It loads and
cleans a New Zealand EEZ polygon (including a dateline-safe “0-360" version). It defines multiple
transformation/standardization functions for vulnerability index components (sensitivity, exposure,
adaptivity, etc.) as well as a discount-rate function. Finally, it constructs lookup tables that map
internal index variable names to human-readable labels for both standardised and raw metrics.

01_Hist_Temp_Extract_NZ.r: Extracts and formats historical monthly sea surface and bottom
temperatures from high-resolution GLORYS ocean reanalysis NetCDF datasets for the New Zealand
region at the native 1/12° (~0.08°) spatial resolution. It establishes the New Zealand analysis domain
by creating a 0.083° template raster at the scale of the GLORYS temperature data and saving it for
regridding other input data layers. For each monthly time step, the workflow reads surface and bottom
temperature fields, converts coordinates to a 0-360° longitude system, crops the data to the New
Zealand domain, and writes compressed GeoTIFF layers for efficient storage and downstream
processing. The script then stacks all monthly rasters, calculates cell-wise maximum temperatures for
selected time periods, and exports spatial summaries as both raster products and tabular datasets, each
linked to a unique grid-cell identifier. In addition, it computes full temperature-frequency distributions
for every grid cell across the historical time series, producing high-resolution histograms of thermal
exposure conditions through time. The workflow is heavily optimised for large-data processing using
parallel computation, on-disk raster operations, compressed outputs, and high-memory hardware to
efficiently manage several hundred gigabytes of global ocean climate data.

02_Proj_Temp_Extract NZ.r: Extracts and formats projected monthly sea surface and bottom
ocean temperatures from multiple CMIP6 and NZESM climate models for the New Zealand region
under SSP2-4.5 and SSP3-7.0 climate scenarios. For each model and time step, the workflow reads
large NetCDF temperature outputs, identifies bottom temperatures where needed by selecting the
deepest valid water layer, converts longitudes to a 0-360° coordinate system, and regrids the data to a
common 0.08° spatial template using nearest-neighbour or inverse-distance interpolation. The

8 ESGF MetaGrid

9 Weet - GNU Project - Free Software Foundation
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resulting rasters are masked to the New Zealand EEZ, written as compressed GeoTIFF files, and then
combined into multilayer monthly raster stacks. The script subsequently converts monthly projections
into annual maximum-temperature datasets and exports them as compact raster and R data objects for
downstream climate vulnerability and exposure analyses. The workflow is highly optimised for large-
data processing using extensive parallelization, temporary scratch storage, memory management, and
tiled compressed raster outputs to efficiently handle multi-decadal climate projections on high-
performance desktop hardware.

03_MetaFile_Create_NZ.r: Creates the primary species metadata database used for the New
Zealand AquaX climate vulnerability assessment by integrating thermal niche estimates, species
distribution model outputs, taxonomy, habitat classifications, and biological trait information into a
unified analytical framework. The workflow imports multiple thermal niche datasets derived from
pelagic and seafloor temperature environments, links them to species with valid SDM outputs,
retrieves and standardises common names from FishBase, Seal.ifeBase, and WoRMS, and classifies
species as surface- or bottom-associated based on habitat, taxonomy, and depth-use characteristics. It
then selects the most appropriate thermal niche estimates for each species, calculates thermal ranges
and representative depth-use metrics, and derives estimates of vertical habitat position relative to the
sea surface or seafloor for use in climate exposure analyses. Additional processing identifies strictly
bottom-associated taxa using ecological keywords and higher-level taxonomy, corrects problematic
metadata values for selected species, and assigns species-specific depth-use rules for benthic,
demersal, pelagic, and bathypelagic organisms. The workflow is designed for large-scale marine
biodiversity analysis and uses parallelised data import and memory-efficient data.table operations, and
standardised spatial templates to efficiently process thousands of marine species and associated
environmental datasets.

04_SpecDist_Extract_NZ.r: Extracts and processes AquaX species distribution model (SDM)
outputs to generate standardised marine species distribution datasets for the New Zealand region on a
common 0.08° spatial grid. For each species with valid SDM predictions, the workflow loads habitat
suitability outputs, converts them to binary presence/absence rasters using species-specific thresholds,
masks them to the New Zealand EEZ, aligns them to a common template raster, and exports both
compressed raster files and flat tabular representations of occupied grid cells. The script then
combines thousands of individual species rasters into a multilayer raster stack and merges all species
occurrence records into a single cell-by-species database linked to habitat-association and thermal-
niche metadata. Additional processing assigns unique spatial cell identifiers, summarises species
richness across the region, and filters distributions to species with known vertical habitat associations
for downstream climate vulnerability analyses. The workflow is highly optimised for large-scale
biodiversity data processing through parallel computation, compressed on-disk raster operations, and
memory-efficient flat-file storage, enabling efficient handling of tens of thousands of marine species
distributions.

01_AC_hfrag NZ.r: Calculates habitat fragmentation metrics for marine species distributions across
the New Zealand region using high-resolution AquaX species distribution rasters on a common 0.08°
grid. For each species, the workflow identifies occupied habitat cells, estimates the total occupied
area, delineates spatially connected habitat patches, and quantifies fragmentation characteristics,
including the number of fragments, the largest patch index, and the effective number of habitat
patches. It then standardises fragmentation relative to occupied area and cell counts to create
comparable habitat-fragmentation indicators suitable for adaptive capacity and climate vulnerability
analyses. The script combines outputs from all species into a consolidated metadata table linked to
species identifiers and common names, and generates exploratory summaries and visualizations of
fragmentation patterns. The workflow is optimised for large-scale biodiversity analyses through
parallelised raster processing, on-disk storage of species rasters, and memory-efficient spatial
calculations, enabling efficient processing of thousands of marine species distributions.

02_AC_hrange_NZ.r: Calculates geographic range-size and latitudinal distribution metrics for
marine species occurring within the New Zealand region using high-resolution AquaX species
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distribution rasters aligned to a common 0.08° grid. For each species, the workflow estimates the total
occupied area in square kilometres, standardises range size relative to the total ocean area within the
New Zealand EEZ, and calculates the minimum and maximum latitudes and the overall latitudinal
span from occupied grid cells. The script constructs ocean masks from global land polygons, aligns all
calculations to a standardised raster framework, and processes thousands of species simultaneously
from a multilayer raster stack. The resulting range-size and latitude-span metrics are exported as
adaptive-capacity indicators for downstream climate vulnerability analyses. The workflow is
optimised for large-scale spatial biodiversity processing using efficient raster-based calculations and
standardised geospatial templates.

03_AC_bodylengths_NZ.r: Compiles a species-level maximum body-size database for marine
species included in the New Zealand AquaX climate vulnerability analysis by integrating observed
and imputed body-length datasets from multiple sources. The workflow imports and combines large-
body-size records from the global MOBS database, standardises taxonomy and AphialD identifiers,
averages duplicate body-length records for individual species, and supplements missing values with
imputed body-size estimates from Boyce et al. (2022). It then matches body-length data to AquaX
species metadata using crosswalk tables linking AphialDs and AquaMaps species identifiers,
retaining only accepted taxa relevant to the New Zealand analysis. Additional filtering removes
duplicate species entries and prioritises directly observed measurements, where available, before
constructing a final species-level body-length dataset. The workflow produces a standardised
maximum-length database used as an adaptive-capacity trait metric for downstream marine climate
vulnerability analyses.

04_AC_thermal_variab_NZ.r: Calculates thermal habitat variability and thermal niche-coverage
metrics for marine species across the New Zealand region by combining species-specific thermal
tolerance limits with long-term GLORY'S ocean temperature-frequency distributions on a 0.08° grid.
For each species and occupied grid cell, the workflow evaluates how local environmental
temperatures overlap with the species’ realised thermal niche, quantifies local thermal variability, and
calculates multiple niche-coverage metrics, including temperature-range occupancy, weighted niche
breadth, Shannon entropy, and effective thermal-bin occupancy. Separate analyses are conducted for
surface- and bottom-associated species using the corresponding GLORYS surface and bottom
temperature climatologies, while species distributions and thermal limits are linked via cell-level
occurrence databases. The script uses parallel processing to efficiently evaluate thousands of species-
by-cell combinations, exporting standardised metrics that describe local thermal habitat suitability,
environmental variability, and thermal niche representation for downstream adaptive-capacity and
climate-vulnerability analyses. Additional diagnostic routines generate exploratory plots and quality-
control summaries to identify species and locations where environmental temperature distributions
poorly overlap with estimated species thermal niches.

05_S_cum_impacts_NZ.r: Processes the Halpern et al. cumulative human impacts dataset to
generate a standardised Human Impact Index layer aligned to the New Zealand climate-vulnerability
analysis grid. The workflow imports the global cumulative human impacts raster, converts it to a
consistent WGS84 geographic coordinate system and 0-360° longitude framework, crops the data to
the New Zealand region, and resamples it to the project’s common 0.08° spatial template using area-
weighted averaging. It then converts the raster to a tabular format with associated longitude, latitude,
and unique grid-cell identifiers for integration with species-level vulnerability datasets. The resulting
Human Impact Index values provide a spatially explicit measure of anthropogenic pressure used in
downstream sensitivity and climate-risk analyses. The workflow is optimised for efficient large-scale
spatial processing using terra-based raster operations and standardised geospatial templates shared
across the broader New Zealand climate-vulnerability framework.

06_S_cons_status_NZ.r: Creates a spatially explicit fisheries stock-status sensitivity layer for New
Zealand marine species by integrating fisheries stock-assessment data, quota management area
(QMA) polygons, species taxonomy, and species distribution datasets. The workflow cleans and
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standardises fisheries stock-status tables from the New Zealand Ministry for Primary Industries,
resolves inconsistencies in stock-area and species naming conventions, links common names to
accepted scientific names and AphialDs, and assigns overfishing likelihood categories to individual
fish stocks. It then converts stock-management polygons into raster layers aligned to the project’s
0.08° GLORY S-based analysis grid, producing spatially explicit stock-status surfaces for each
managed stock across the New Zealand EEZ. These stock-level overfishing estimates are merged with
species distribution data to generate species-by-cell sensitivity metrics representing local fisheries
pressure and stock depletion risk. The workflow combines extensive spatial raster processing,
polygon rasterization, taxonomy harmonization, and cell-level joins to efficiently integrate fisheries
management information into the broader marine climate vulnerability assessment framework.

07_S_vrange_NZ.r: Calculates vertical habitat and depth-related sensitivity metrics for marine
species across the New Zealand region by integrating species distribution data, species-specific depth
limits, habitat classifications, and high-resolution GLORYS bathymetry on a common 0.08° analysis
grid. The workflow extracts and formats bathymetry from Copernicus GLORYS static fields, links
local seafloor depth to each occupied species grid cell, and estimates species-specific vertical
positioning metrics, such as minimum depth occupancy, maximum vertical extent, and realised
vertical habitat range, relative to either the sea surface or the seafloor. Different calculation rules are
applied for pelagic, benthic, demersal, reef-associated, bathypelagic, and sessile organisms to account
for differences in mobility and habitat association, while all depth estimates are constrained by local
bathymetry. The script also develops standardised transformation functions describing how vertical
habitat depth and vertical range contribute to species sensitivity and adaptive capacity under climate
change. Additional diagnostic analyses and exploratory plots are used throughout the workflow to
identify biologically unrealistic depth relationships, evaluate bathymetric truncation effects, and refine
vertical habitat assumptions for thousands of marine species and spatial grid cells.

08_S_TSMs_NZ.r: Calculates thermal safety margins (TSMs) for marine species across the New
Zealand region by comparing species-specific upper thermal tolerance limits with recent historical
ocean temperatures derived from GLORYS surface and bottom temperature climatologies. The
workflow imports AquaX species distribution data and corresponding maximum historical sea surface
and bottom temperatures from 2015-2025, then links these environmental temperatures to each
occupied species grid cell using a common 0.08° spatial framework. For each species-by-cell
combination, it computes the remaining thermal buffer between observed environmental temperatures
and the species’ upper thermal limit, truncating values to zero where local temperatures already
exceed the species' tolerance thresholds. Separate analyses are conducted for surface-associated and
bottom-associated species so that pelagic and benthic organisms are evaluated against the most
ecologically relevant temperature layer. The resulting thermal safety margin datasets provide spatially
explicit measures of present-day thermal sensitivity and exposure for downstream climate
vulnerability analyses.

09_E_ToESpecies_NZ.r: Calculates species-level and ecosystem-level climate exposure metrics
based on the projected time of emergence (ToE) of ocean temperatures beyond species-specific
thermal tolerance limits across the New Zealand region. The workflow combines AquaX species
distributions and thermal maxima with annual maximum sea surface and bottom temperature
projections from multiple CMIP6 climate models and emissions scenarios, then identifies the first
year in which local temperatures exceed each species’ upper thermal limit for consecutive years
within occupied grid cells. For each species and climate model, the script estimates projected native-
range loss over time and calculates ecosystem-level species-loss metrics that represent the proportion
of species projected to experience thermal exceedance in each spatial grid cell. Separate analyses are
conducted for surface-associated and bottom-associated species using ecologically appropriate surface
and bottom temperature projections under SSP2-4.5 and SSP3-7.0 climate scenarios. The workflow is
heavily parallelised across species and climate models using distributed processing and memory-
efficient list-based operations to efficiently analyze thousands of species distributions and multi-
decadal ocean climate projections on a high-resolution 0.08° spatial grid.
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10_E_HeatWaves_NZ.r: Calculates marine heatwave exposure metrics for marine species across
New Zealand by comparing projected monthly ocean temperatures with species-specific upper
thermal tolerance limits within occupied habitat cells. The workflow combines AquaX species
distributions and thermal niche estimates with monthly sea surface and bottom temperature
projections from multiple climate models and emissions scenarios, then identifies the proportion of
months in which local temperatures exceed each species’ thermal maximum. For each species-by-cell
combination, it estimates both marine heatwave duration (frequency of exceedance) and heatwave
magnitude (severity of thermal exceedance, scaled relative to the species' thermal niche width),
separately for surface-associated and bottom-associated organisms. Results from multiple climate
projections are averaged to produce spatially explicit exposure metrics that describe chronic thermal
stress and extreme-warming risk across species ranges on a common 0.08° analysis grid. The
workflow is heavily optimised for large-scale climate exposure analysis using parallelised species-
level computations, memory-efficient raster-to-matrix processing, and multi-model aggregation to
efficiently evaluate thousands of marine species under future ocean warming scenarios.

11_Comb_indices_NZ: Combines all standardised adaptive-capacity, sensitivity, and exposure
indicators into final spatially explicit climate-vulnerability indices for marine species across the New
Zealand region under multiple climate-change scenarios. The workflow imports and joins species
distributions with a large suite of environmental, ecological, and fisheries-related metrics—including
thermal safety margins, marine heatwave exposure, time-of-emergence projections, habitat
fragmentation, body size, human impacts, stock status, and projected ecosystem change—using a
common 0.08° analysis grid. It then applies custom transformation functions to standardise all
component indicators onto comparable scales, calculates dimension-level adaptive capacity,
sensitivity, and exposure scores with associated uncertainty estimates, and derives multiple
vulnerability metrics, including discounted, weighted, and unweighted vulnerability indices.
Additional processing incorporates uncertainty-weighted averaging using inverse coefficients of
variation, quantifies missing-data completeness across species ranges, and combines outputs across
SSP2-4.5 and SSP3-7.0 climate scenarios into a final formatted vulnerability database linked to
species taxonomy and common names. The workflow is highly optimised for large-scale biodiversity
and climate-risk analysis using memory-efficient data.table joins, parallelised preprocessing routines,
standardised spatial templates, and modular integration of thousands of species-level and cell-level
climate exposure metrics.
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Appendix F: Supplementary Tables

Table F1: Indices used in the CRIB framework (Boyce et al. 2022, 2024).

Index Description

Sensitivity (S)

Thermal  The difference

safety between the maximum

margin environmental
temperature and the
species' upper
temperature tolerance.

Conserva  Assessed species

tion extinction risk

status (categorical).

Cumulati  Multivariate index of

ve human impacts.

impacts

Vertical A bivariate function of

habitat maximum depth of

variabilit  occupancy and vertical

y and use range of species.

Data

AquaMaps,
Reynolds
daily
OISST

IUCN Red
List status

Human
impact
index

AquaMaps
FishBase
SealifeBas
e

Rationale

Species inhabiting waters at their
upper thermal limits are more
vulnerable to further warming. The
thermal safety margin has been
extensively used in climate
vulnerability assessments to
measure species sensitivity and
tolerance to further warming.

Climate effects on species can be
more severe when species are or
have been impacted by additional
stressors (e.g. fishing, pollution,
and nutrient loading) and are at
low conservation status.

Species exposed to multiple
impacts are more sensitive to
additional stressors, tipping points,
and synergistic impacts.

Habitat generalist species are more
adapted to climate variability and
change than are specialist species
due to their ability to occupy a
greater variety of habitats. Species
inhabiting the upper ocean and
having narrow vertical habitat
ranges are more sensitive to upper-
ocean warming.

References

(Deutsch et al. 2008; Sunday
et al. 2012; Sunday et al.
2014; Pearson et al. 2014;
Stuart-Smith et al. 2015;
Comte and Olden, 2017;
Walters et al. 2018; Vinagre
et al. 2019; Gallagher et al.
2019; Pinsky et al. 2019,
2021; Dahlke et al. 2020;
Payne et al. 2021; Molina et
al. 2025; Storm, 2025)

(Ohlemiiller et al. 2008;
IUCN, 2012; Berry et al.
2013; Pearson et al. 2014;
KEITH et al. 2014; Stanton
et al. 2015; Morrison et al.
2016; Hare et al. 2016; Foden
et al. 2019; Bateman et al.
2020; McClure et al. 2023;
Craig et al. 2025; Frawley et
al. 2025; Lettrich et al. 2025)

(Worm et al. 2002, 2006;
Worm & Duffy, 2003;
Ottersen et al. 2006; Crain et
al. 2008; Darling & Coté
2008; Halpern et al. 2008,
2012, 2015; Carilli et al.
2009; Ban et al. 2010;
Stelzenmiiller et al. 2010;
Maxwell et al. 2013; Kroeker
et al. 2013; Le Bris et al.
2018; Rogers-Bennett &
Catton, 2019; Sumaila & Tai,
2020; Butt et al. 2022; Gove
et al. 2023)

(Peters, 1985; Natori et al.
2006; Laidre et al. 2008;
Rosset & Oertli, 2011; Guest
et al. 2012; Garcia et al.
2014; Spencer et al. 2019;
Firth et al. 2021; Lettrich et
al. 2023; McClure et al.
2023; Moll et al. 2024)
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Index

Description Data

Adaptivity (AC)

Geograp
hic range
extent

Geograp
hic
habitat
fragment
ation

Maximu
m body
length

Thermal
habitat
variabilit
y and use

A bivariate function of AquaMaps
the global present-day

geographic habitat

area and the latitude

span occupied by the

species.

The proportion of
species native
geographic
distribution that is
fragmented.

AquaMaps

The maximum body FishBase
length reached SeaLifeBas
globally. e

A bivariate function of Reynolds
the fraction of total daily
historical temperature ~ OISST

habitat within the
species recorded
thermal preference and
the total temperature

Rationale

Broadly distributed species are less
susceptible to adverse climate
change events over parts of their
geographic distributions. Greater
opportunity for favourable habitat
(e.g. climate refugia) within larger
distributions.

Species with less fragmented
habitat ranges have greater access
to potentially favourable habitats
(e.g. climate refugia), migration
corridors, and larval dispersal.
Consequently, studies in terrestrial
and marine systems have reported
that species with fragmented
geographic ranges are more
sensitive to and less resilient to
climate change impacts

The maximum size is a predictor of
several life-history traits (e.g.
generation length, time to maturity,
intrinsic rate of population
increase) that cumulatively define
a species' potential reproductive
capacity and population growth
rate. The maximum size (length or
mass) reached by species has been
commonly used as a proxy of
extinction risks and vulnerability
of species to climate change.
Smaller species that tend to be r-
selected are viewed as more
resilient than larger, K-selected
ones.

Species inhabiting more variable
thermal environments, such as at
the range-edges of their geographic
distributions, are thought to have a
greater capacity to adapt to climate
change and are believed to be less
sensitive to it

References

(Cheung et al. 2007; Burek et
al. 2008; Laidre et al. 2008;
Ohlemiiller et al. 2008;
Ficetola & Denoel, 2009;
Davidson et al. 2012;
Gonzalez-Suarez, Gomez and
Revilla, 2013; Pearson et al.
2014; Dickinson et al. 2014;
Garcia et al. 2014; Runge et
al. 2015; Ofori et al. 2017;
Ducatez & Shine, 2017;
Chichorro et al. 2019;
Albouy et al. 2020; Staude et
al. 2020; Chase et al. 2020)

(Brown & Kodric-Brown,
1977; Lehtinen et al. 1999;
Warren et al. 2001; Fahrig,
2002; Kaschner et al. 2006;
Moore & Huntington, 2008;
Rueda et al. 2013; Gonzalez-
Suarez, Gomez and Revilla,
2013; Pearson et al. 2014;
MacLean & Beissinger,
2017; Crooks et al. 2017;
Rogan & Lacher, 2018;
Rogers et al. 2018; Albouy et
al. 2020; Brauer &
Beheregaray, 2020;
Palmeirim et al. 2020; Chase
et al. 2020; Fordham, 2024)

(Fenchel, 1974; Blueweiss et
al. 1978; Cheung et al. 2007;
Davidson et al. 2012;
Gonzalez-Suarez, Gomez and
Revilla, 2013; Chessman,
2013; Cheung et al. 2013;
Healy et al. 2014; Pearson et
al. 2014; Dulvy et al. 2014;
Ripple et al. 2017; Cheung &
Oyinlola, 2018; Foden et al.
2019; Donner & Carilli,
2019; Albouy et al. 2020;
Kuo et al. 2022; Bak et al.
2023; Fordham, 2024)

(Morley et al. 2009; Sunday
etal. 2011; Carilli et al. 2012;
Guest et al. 2012; Cole et al.
2014; Mora et al. 2014;
Rehm et al. 2015; Xu et al.
2016; Shah et al. 2017;
Nadeau et al. 2017; Safaie et
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Index

Description

range experienced by
the species across its
global present-day
geographic range.

Exposure (E)

Projected
climate
velocity

Projected
ecosyste
m
disruptio
n

Projected
time of
climate
emergen
ce from
species’
thermal
niche

Projected
loss of
suitable
thermal
habitat

The ratio of projected
temporal and spatial
change in thermal
isotherms within the
species geographic
distribution.

For each grid cell
across the focal
species' native
geographic
distribution, the
proportion of all
species projected to
exceed their thermal
tolerances.

The year when the
projected temperature
first exceeds the
thermal tolerance of
the focal species for at
least three years in a
row.

For each focal species,
the proportion of its
native geographic
distribution is lost due
to projected climate
change.

Data

CMIP6
monthly
SST

CMIP6
monthly
SST

AquaMaps
CMIP6
monthly
SST

AquaMaps
CMIP6
monthly
SST

Rationale

The velocity of climate change
(VoCC) represents climatic
isotherms’ geographic movement
over time and is a widely used
measure of climate exposure

Individual species will be impacted
by climate-driven ecosystem
restructuring via altered predation,
prey availability, and competition.

The timing of climate emergence
from pre-industrial temperature
variability has been widely used as
a proxy for the timing of climate
change. The time of climate
emergence from a species' thermal
tolerance range has recently been
developed as an index of when a
species is exposed to dangerous
climate conditions.

Species that are projected to lose
more of their thermal habitat are
more vulnerable.

References

al. 2018; Donner & Carilli,
2019; Albouy et al. 2020;
Bennett et al. 2021)

(Loarie et al. 2009; Burrows
etal. 2011; IPCC, 2014;
Garcid Molinos et al. 2016;
Brito-Morales et al. 2018,
2020; Li et al. 2018; English
et al. 2022)

(Frank et al. 2006; Frank et
al. 2018; Cardinale et al.
2012; Boyce et al. 2015;
Boyce et al. 2015a; Martin &
Watson, 2016; Hillebrand et
al. 2018; du Pontavice et al.
2020; Trisos et al. 2020;
Irvine et al. 2025)

(Mora, Frazier, et al. 2013;
Henson et al. 2017; Bruno et
al. 2018; Turk et al. 2019; Xu
et al. 2020; Trisos et al. 2020;
Jenouvrier et al. 2022; Lewis
et al. 2023; Pigot et al. 2023;
Meyer et al. 2024; Barrier et
al. 2025)

(Cheung et al. 2009, 2015;
Pinsky et al. 2013; Hazen et
al. 2013; Shackell et al. 2014;
MacKenzie et al. 2014;
Ochoa-Quintero et al. 2015;
Pacifici et al. 2015; Stortini
et al. 2015; Davies et al.
2017; Foden et al. 2019;
McHenry et al. 2019;
Lavender et al. 2021; Reddin
et al. 2022; Hodapp et al.
2023; Meyer et al. 2024)
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Table F2: Data sources used in the global CRIB run (Boyce et al. 2022).

Variable
Species native

geographic
distribution

Conservation status

Vertical habitat
variability and use

Maximum body
length

Thermal niche

Species taxonomy

Cumulative impacts

Bathymetry

Sea surface
temperature

Projected sea surface
temperature

Type
Taxonomic,

spatial

Taxonomic

Taxonomic

Taxonomic

Taxonomic

Taxonomic

Spatial

Spatial

Spatiotemporal

Spatiotemporal

Source

AquaMaps

TUCN Red List

FishBase, SealifeBase,
AquaMaps

FishBase, Seal.ifeBase

AquaMaps

World Register of
Marine Species

Cumulative human
impact index

General Bathymetric
Chart of the Oceans
(GEBCO)

NOAA daily Optimum
Interpolation Sea
Surface Temperature
dataset

Coupled Model

Intercomparison
Project Phase 6

(CMIP6)

Temporal

2000-
2014

2000-
2014

1981-
2020

1850-
2100

Spatial
0.5°

1km?

4km?

0.25°

10

References

(Kaschner et al. 2019)

(IUCN, 2021)

(Froese & Pauly,
2000; Kaschner et al.
2019; Palomares &
Pauly, 2022)

(Froese & Pauly,
2000; Palomares &
Pauly, 2022)

(Kaschner et al. 2019)

(WoRMS Editorial
Board 2020)

(Halpern et al. 2008,
2012, 2015)

(Gebco gridded global
bathymetry data,
2009)

(Reynolds et al. 2007)

(Eyring et al. 2016)
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Table F3: Thresholds used to define climate risk categories.
Index Tlow Tmed Thigh  Rationale

Sensitivity

Thermal 5°C 2°C 1°C Guided by warming rates. 1°C

safety and 2°C compare to the rates of

margin Warming over the past 50 and 100
years, respectively(Boyce et al.
2010). 5° to projected warming
(Gattuso et al. 2015).

Conservati  LC LC V,E, Defined by the [IUCN RedList

on status CR categories and criteria(lUCN,
2021): any category at or above
‘vulnerable’ is considered at high

risk.
Cumulative 0.6 1.4 2 Guided by (Halpern et al. 2008).
impacts
Vertical habitat variability and use
Maximum  200m  50m 20m Standard pelagic biogeochemical
depth divisions within the euphotic zone

categorise variation, e.g. mixing,
nutrients, photosynthetically
active radiation, and primary

production.
Vertical 200m 50m 20m Standard biogeochemical
range divisions within the euphotic zone

are used to categorise variation,
e.g. mixing, nutrients,
photosynthetically active
radiation, and primary production.

Exposure

Projected 6km 15km  30km Guided by the quantiles of the
climate yr- yr- yr- statistical distribution.
velocity

References

(Boyce et al. 2010; Gattuso et al.
2015; Stuart-Smith et al. 2015;
Gallagher et al. 2019; Pinsky et
al. 2019)

(IUCN, 2021)

(Halpern et al. 2008; Butt et al.
2022)

(Hare et al. 2016; Morrison et al.
2016; Pinnegar et al. 2019)

(Hare et al. 2016; Morrison et al.
2016; Pinnegar et al. 2019)

(Loarie et al. 2009; Burrows et al.
2011; Carroll et al. 2015)
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Index Tlow Tmed

Projected 50yrs
time of

climate

emergence

from the

thermal

niche

75yrs

Projected 5% 10%
loss of

suitable

thermal

habitat

Projected 5% 10%

ecosystem
disruption

Adaptivity
Geographic range extent

Latitude 20° 45°
span

Total 0.04% 1%
geographic

area

Geographic  20% 10%
habitat

Thigh

25yrs

20%

20%

60°

4%

1%

Rationale

Guided by the IUCN RedList
assessment criteria(IUCN, 2021).

Guided by (Homan et al. 2004;
Lange et al. 2010; Swift &

Hannon, 2010; Yin et al. 2017;
Arroyo-Rodriguez et al. 2020).

Guided by thresholds in (Hooper
et al. 2012; Newbold et al. 2016;
Trisos et al. 2020).

Based on oceanographic and
ecological domains that vary by
latitude and are defined by
biogeographic patterns in e.g.
seasonality, ocean circulation, and
climate (Mann & Lazier, 1991,
Longhurst, 2007; Boyce et al.
2017)

Referenced to the size spectrum
of large marine ecosystems (Frye,
1986).

Guided by and comparable to
those defined in (Albouy et al.

References

(Trisos et al. 2020; TUCN, 2021)

(Parker & Mac Nally, 2002;
Homan et al. 2004; Lange et al.
2010; Rompre et al. 2010; Swift
& Hannon, 2010; Liao et al.
2013; Ochoa-Quintero et al. 2015;
Yin et al. 2017; Arroyo-Rodriguez
et al. 2020; Shennan-Farpon et al.
2021).

(Scholes & Biggs, 2005; Hooper
et al. 2012; Newbold et al. 2016;
Oliver, 2016; Chase et al. 2020;
Trisos et al. 2020; Shennan-
Farpén et al. 2021)

(Mann & Lazier, 1991;
Longhurst, 2007; Rompre et al.
2010; Boyce et al. 2017)

(Frye, 1986; Parker & Mac Nally,
2002; Homan et al. 2004; Rompre
et al. 2010; Swift & Hannon,
2010; Liao et al. 2013; Yin et al.
2017; Arroyo-Rodriguez et al.
2020; Chase et al. 2020; Staude et
al. 2020)

(Andren, 1994; Hill & Caswell,
1999; Fahrig, 2002; Parker &
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Index Tlow Tmed Thigh
fragmentati

on

Maximum 100cm  30cm  10cm
body length

Thermal habitat variability and
use

Thermal 8%
habitat
occupancy

95%  99%

Thermal 5°C
habitat
variability

10°C  15°C

Rationale

2020) for the vulnerability of
cetaceans.

Empirically guided by the
relationship with the intrinsic rate
of population increase.

Guided by the quantiles of the
statistical distributions

Comparable to those defined in
(Albouy et al. 2020) for the
vulnerability of cetaceans.

References

Mac Nally, 2002; Lange et al.
2010; Rompre et al. 2010; Rueda
et al. 2013; Albouy et al. 2020;
Arroyo-Rodriguez et al. 2020;
Chase et al. 2020)

(Fenchel, 1974; Blueweiss et al.
1978; Ripple et al. 2017)

(Carilli et al. 2012; Donner &
Carilli, 2019)

(Carilli et al. 2012; Guest et al.
2012; Xu et al. 2016; Nadeau et
al. 2017; Donner & Carilli 2019;
Albouy et al. 2020)
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Table F4: Output variables produced in the CRIB-NZ framework for the case study species.

Variable
aphiaid
CRIBthab

cell
lon
lat

sens.sd

expo.sd

adcap.sd

S.HII

S.ristatus

S.TSMr

S.vind

E.nrchng

E.plost

E.mhw

E.toe

AC.hrange

AC.hfrag

AC.Imax

Type

Character

Integer

Integer
Numeric
Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Numeric

Units
None

O=surface-associated;
1=bottom-associated

Grid cell ID
Decimal degrees (°E)
Decimal degrees (°N)

Standardised score

Standardised score

Standardised score

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Standardised index
(0-1)

Description
WoRMS AphialD uniquely identifying the marine species.

Habitat classification used to determine whether climate
indices are calculated from sea-surface or bottom temperatures.

Unique identifier for the 0.083° spatial grid cell.
Longitude of the grid cell centroid.
Latitude of the grid cell centroid.

Standard deviation among the four sensitivity indices,
representing variability among sensitivity indicators.

Standard deviation among the four exposure indices,
representing variability among exposure indicators.

Standard deviation among the four adaptive capacity indices,
representing variability among adaptive capacity indicators.

Anthropogenic stressor index derived from the cumulative
human impact index. Higher values indicate greater human
pressures and greater climate sensitivity.

Conservation or stock-status index based on Fisheries New
Zealand estimates of overfishing risk. Higher values indicate
poorer conservation status and greater climate sensitivity.

Thermal Safety Margin index measuring proximity to the
species' upper thermal tolerance. Higher values indicate
smaller safety margins and greater climate sensitivity.

Vertical habitat use index describing the degree to which
species occupy thermally variable surface waters. Higher
values indicate greater climate sensitivity.

Ecosystem disruption index describing projected changes in
thermal habitat composition. Higher values indicate greater
climate exposure.

Thermal habitat loss index representing the projected loss of
suitable thermal habitat. Higher values indicate greater
exposure.

Marine heatwave index describing projected duration and
intensity of marine heatwaves. Higher values indicate greater
exposure.

Time of emergence index describing when climate change
exceeds historical natural variability. Higher values indicate
earlier emergence and greater exposure.

Geographic range extent index. Higher values indicate larger
geographic ranges and greater adaptive capacity.

Habitat fragmentation index describing the continuity of
occupied habitat. Higher values indicate less fragmented
habitat and greater adaptive capacity.

Maximum body length index used as a proxy for life-history
characteristics influencing adaptive capacity. Higher values
indicate greater adaptive capacity.
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Variable Type
AC.tvar Numeric
sens Numeric
expo Numeric
adcap Numeric
vuln.uw Numeric
vulnsd.uw  Numeric
vuln.w Numeric
vulnsd.w Numeric
ssp Character
cname Character

Units
Standardised index

(0-1)

Standardised score
(0-1)

Standardised score
(0-1)
Standardised score
(0-1)

Standardised score
(0-1)

Standardised score

Standardised score
(0-1)

Standardised score

SSP scenario

None

Description

Thermal habitat variability index describing the range of
temperatures naturally experienced by the species. Higher
values indicate greater adaptive capacity.

Mean of the four standardised sensitivity indices. Higher
values indicate greater climate sensitivity.

Mean of the four standardised exposure indices. Higher values
indicate greater climate exposure.

Mean of the four standardised adaptive capacity indices.
Higher values indicate greater adaptive capacity (lower
vulnerability).

Unweighted climate vulnerability score calculated as the
arithmetic mean of sensitivity, exposure, and reversed adaptive
capacity. Higher values indicate greater climate vulnerability.

Standard deviation among the three vulnerability dimensions
used to calculate the unweighted vulnerability score.

Weighted climate vulnerability score in which dimensions with
lower relative uncertainty receive greater weight. Higher
values indicate greater climate vulnerability.

Weighted standard deviation among the three vulnerability
dimensions, representing uncertainty in the weighted
vulnerability estimate.

Shared Socioeconomic Pathway climate scenario used to
generate future climate projections (e.g. SSP2-4.5, SSP5-8.5).

Common name of the species.

Fisheries New Zealand

Climate vulnerability and risk assessments in marine ecosystems e 113



