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INTRODUCTION

four aspects of climate-smart conservation planning: (1) climate model
ensembles; (2) multiple emission scenarios; (3) climate metrics; and
(4) approaches to identifying climate refugia. We illustrate this framework in
the Western Pacific Ocean, but it is equally applicable to terrestrial systems.
We found that all aspects of climate-smart conservation planning considered
affected the configuration of spatial plans. The choice of climate metrics and
approaches to identifying refugia have large effects in the resulting climate-
smart spatial plans, whereas the choice of climate models and emission scenar-
ios have smaller effects. As the configuration of spatial plans depended on
climate metrics used, a spatial plan based on a single measure of climate
change (e.g., warming) will not necessarily be robust against other measures of
climate change (e.g., ocean acidification). We therefore recommend using
climate metrics most relevant for the biodiversity and region considered based
on a single or multiple climate drivers. To include the uncertainty associated
with different climate futures, we recommend using multiple climate models
(i.e., an ensemble) and emission scenarios. Finally, we show that the
approaches we used to identify climate refugia feature trade-offs between:
(1) the degree to which they are climate-smart, and (2) their efficiency in
meeting conservation targets. Hence, the choice of approach will depend on
the relative value that stakeholders place on climate adaptation. By using this
framework, protected areas can be designed with improved longevity and thus
safeguard biodiversity against current and future climate change. We hope that
the proposed climate-smart framework helps transition conservation planning
toward climate-smart approaches.

KEYWORDS
climate resilience, environmental decision making, Marxan, MPAs, prioritizr, spatial
prioritization, systematic conservation planning

Climate-smart conservation planning is a relatively
new concept that deals with the design of protected

Climate change is a major threat to biodiversity
(IPCC, 2021). Although protected areas have long been
used to safeguard biodiversity (Bates et al., 2019), climate
change reduces their effectiveness by exposing biodiversity
to a suite of environmental changes, including warming,
changes in rainfall, increasing ocean acidification, and
deoxygenation (Bruno et al., 2018). Climate warming
primarily drives species range shifts (Chaudhary et al,
2021; Lenoir et al., 2020; Parmesan & Yohe, 2003) and
changes in communities (Burrows et al., 2019), which can
cause species to move beyond boundaries of protected
areas (Heikkinen et al., 2020; Loarie et al., 2009). Thus,
protected area design needs to explicitly account for
climate exposure and species retention (Doxa et al., 2022;
Harris et al.,, 2019). However, there is currently little
consensus on how to implement this goal (Tittensor et al.,
2019; Wilson et al., 2020).

area systems robust to climate change (Jones et al., 2016;
Santos et al., 2020; Tittensor et al., 2019). It could
be achieved with a range of different approaches
(Reside et al., 2018; Santos et al., 2020; Wilson et al., 2020)
that use climate projections or cover risk and uncertainty
(Figure 1). Examples include: (1) protecting ecologically-
and economically-important species (Green et al., 2009;
Lombard et al.,, 2007; Patrizzi & Dobrovolski, 2018); (2)
conserving heterogeneous environments to hedge against
uncertainty in climate change predictions (Green et al.,
2009; Walsworth et al., 2019); and (3) ensuring redun-
dancy in preserved areas to minimize risk (Green et al.,
2009; Magris et al., 2014). Although these approaches can
protect important species and critical habitats, protection
against current threats does not equate to protection
against impacts of climate change (Bates et al., 2019;
Bruno et al., 2018).
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FIGURE 1
conservation planning framework explored.

To explicitly address impacts of climate change, future
climate projections are now used to identify important
areas to consider in planning for climate change
(Figure 1). These important “climate-smart” areas are
defined differently across varying approaches. Climate-
smart areas could refer to areas of high chronic but low
acute thermal stress (Magris et al., 2015; Mumby et al.,
2011). Others propose to ensure representation and protec-
tion of a range of areas, from low to high climate exposure
(Jones et al., 2016; McLeod et al., 2019). Stepping-stone
protected areas (Burrows et al., 2014; Hannah et al., 2014;
Kujala et al, 2013) and/or dynamic closures (D’Aloia
et al., 2019; Rayfield et al., 2008) could be designed and
established to improve current protected area systems by
making them more robust to climate change. Here, we
define climate-smart areas as areas where climate is
projected to remain relatively stable or where climate
change might pose less of a threat to biodiversity.
These areas are considered climate refugia (Chollett et al.,
2022; Keppel et al, 2015; Morelli et al., 2016, 2020;
Queirds et al., 2021; Rilov et al., 2020).

The most common approach to identifying climate-
smart areas is to use species distribution models to
approximate distribution shifts under climate change
and incorporate these into the design of protected areas
(Araujo et al., 2011; Combes et al., 2021; Kujala et al.,
2013; Pacifici et al., 2015; Pinsky, Selden, & Kitchel,
2020). By using species distribution models, conservation
practitioners can couple changes in climate to the biolog-
ical response of organisms when identifying priority
areas (Kujala et al., 2013; Thuiller et al., 2005). While this

22 Combes et al. (2021) Front. Mar. Sci.

Range of approaches to climate-smart conservation planning. Highlighted route in orange represents the climate-smart

approach can account for species-specific responses to cli-
mate change, it can be time-consuming and data-intensive
to incorporate species distribution models for thousands of
species into large-scale conservation planning (e.g., regional
or global) (Bellard et al., 2012; Pacifici et al., 2015) and it
works best for well-studied species (Guisan et al., 2013;
Porfirio et al., 2014; Robinson et al., 2011, 2017).

Climate metrics offer a simple and tractable alternative
for incorporating the potential impacts of climate change
into the design of protected area systems (Brito-Morales
et al, 2018; Garcia et al.,, 2014; Nadeau et al., 2015;
Stralberg et al., 2020). Although this approach does not
explicitly link organismal response to the changing envi-
ronmental conditions brought about by climate change
(Garcia et al., 2014), climate metrics serve as robust generic
proxies for species-specific responses (Burrows et al., 2019;
Lenoir et al., 2020; Pinsky, Selden, & Kitchel, 2020). These
proxies could inform a pragmatic approach to designing
regional and/or global climate-smart spatial plans that
consider hundreds to thousands of species, especially
where species-specific information is lacking. Climate
metrics are based on projected changes in environmental
conditions, including temperature (e.g., Garcia Molinos
et al., 2016), rainfall (e.g., Wu et al.,, 2011), or dissolved
oxygen concentration (e.g., Bopp et al., 2013; Bruno et al.,
2018). Such metrics can be used to identify climate
refugia (Sandel et al., 2011) that can be incorporated in
spatial prioritization—the structured process of identifying
protected areas for conservation (Harris et al., 2019). By
designing protected area systems that safeguard climate
refugia, conservation efforts can help ensure protection of

85UBD 1T SUOWILLOD S8 3 |gedi|dde auy Ag psusenob ae sajole YO ‘8sn Jo sanl Joj Aelq 1T auluQ AS|IAA UO (SUOIIIPUOD-PUR-SWIBYWLOD AS | IMAle.q 1 pulJUO//:Sd)Y) SUO1IPUOD pue SWLB | 8Y} 88S *[£202/90/90] Uo AkliqiauluQ AB|IM eweIsIS azusll4 Id eISIoAIUN AQ 2682 des/z00T 0T/I0p/wod A8 |IM Afeiq 1puI|UO'S feuno fess//:sdny wouy pepeojumoq ‘v ‘€202 ‘28SS6E6T



40f29 |

BUENAFE ET AL.

biodiversity in future (Brito-Morales et al., 2022; Doxa
et al., 2022; Jones et al., 2016).

Here, we provide a framework for designing climate-
smart spatial plans based on climate metrics. We begin by
describing the framework, detailing four key climate-smart
aspects that could influence spatial plans: viz. climate
models; emission scenarios; climate metrics; and
approaches to identifying climate refugia. We then apply
the framework to the Western Pacific and compare the
resulting climate-smart spatial plans. Finally, we provide
recommendations for practitioners to apply our framework
to terrestrial, freshwater, estuarine, and marine systems.

THE CLIMATE-SMART
FRAMEWORK

Our framework comprises three steps (Figure 2): (1)
selecting climate projections, which involves deciding on
the climate models, emission scenarios, and climate vari-
ables; (2) calculating climate metrics from model outputs;
and (3) choosing an approach to identifying refugia based
on climate metrics. Climate refugia could then be incorpo-
rated into a spatial prioritization using a range of decision-
support tools (Moilanen et al., 2009), including Marxan
(Ball et al., 2009), Zonation (Moilanen et al., 2009), and
the prioritizr R package (Hanson et al., 2021). Although

Metric-based climate-smart
conservation planning framework

Step 1: Select climate projections

» Climate models
+ Emission scenarios

» Climate variables

Step 2: Calculate climate metrics

Step 3: Identify climate refugia

» Feature
* Percentile
+ Climate-priority-area

+ Penalty

FIGURE 2 Climate-smart conservation planning framework.
Model outputs are extracted based on the selected climate
projections (Select climate projections) and are used to calculate
climate metrics (Calculate climate metrics based on climate model
outputs) to identify climate refugia (Identify climate refugia). These
climate refugia can then be incorporated in a spatial prioritization,
generating climate-smart spatial plans.

each decision-support tool uses different algorithms, they
share several characteristics, including requiring: (1) a
planning domain; (2) a cost layer; (3) conservation features
with corresponding representation targets; and (4) an
objective function (Moilanen et al, 2009). We next
discussed the three steps in our framework.

Select climate projections

Climate-smart conservation planning first requires
selecting climate variables based on outputs from climate
models under different emission scenarios.

Climate models

There are dozens of global climate models available
(CMIP6; https://esgf-node.llnl.gov), each with slightly dif-
ferent approaches to modeling underlying physical, chemi-
cal, and biological processes. This variation will produce
different future projections for environmental variables
under any particular emission scenario (Gu et al., 2015;
Radisadnen, 2007). Therefore, using a single model in
climate-smart reserve design will not adequately encom-
pass uncertainties in future conditions (Makino et al.,
2015). A common solution is to use multiple models, creat-
ing a model ensemble (Porfirio et al., 2014; Tegegne et al.,
2020), in one of two ways: (1) a multi-model-ensemble
using outputs of individual models separately; and (2) an
ensemble mean (or median) that represents all models
with a single layer. Temperature is the most-used variable
to describe impacts of climate change because it is the pri-
mary climate driver in many ecosystems (Lenoir et al.,
2020; Pinsky et al., 2019; Poloczanska et al., 2013), and
there is higher confidence in its projection than for other
climate variables (Raidisadnen, 2007). Rainfall (Wu et al.,
2011), dissolved oxygen (Bopp et al., 2013; Pinsky, Selden, &
Kitchel, 2020), net primary production (Wu et al., 2011),
and ocean pH (Kroeker et al., 2013) are other variables
used to describe impacts of climate change on biodiversity.

Emission scenarios

Climate models project different climate futures when
forced under different emission scenarios (Makino et al.,
2015). Climate futures range from scenarios assuming
low emissions of greenhouse gasses such as SSP1-2.6
(an optimistic future that successfully limits warming to
2°C compared to pre-industrial temperatures) to high-
emission scenarios such as SSP5-8.5 (a pessimistic future
where the world continues to require more fossil fuels)
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(O’Neill et al., 2017). As our climate future is uncertain,
it is best practice to include multiple emission scenarios
(Harris et al., 2014; Makino et al., 2015).

Calculate climate metrics based on climate
model outputs

Projections from climate models can then be used to cal-
culate climate metrics. Depending on how the climate
metrics are defined and calculated, they can measure
acute exposure, chronic exposure, relative exposure, bio-
diversity retention, and/or effects of multiple climate
drivers on ecosystems. Here we presented some examples
of metrics that fall under these categories.

Metrics of chronic exposure

Projected rates of change in temperature, precipitation,
ocean acidification, and oxygen can all be considered
metrics of chronic exposure, reflecting the degree of expo-
sure to gradual climate change (IPCC, 2021; Wilson
et al., 2020). Although temperature-derived metrics are
the most commonly used (Wilson et al., 2020), other met-
rics could be more pertinent for particular ecosystems,
such as changes in precipitation for tropical forests
(Cornelissen, 2011; McCain & Colwell, 2011), rates of
ocean acidification for coral reefs (McLeod et al., 2013),
and rates of ocean deoxygenation for shallow benthic
areas or hypoxic areas (Breitburg et al., 2018).

Metrics of acute exposure

Acute-exposure metrics provide insight into discrete
anomalous events, such as wildfires, cyclones, and
heatwaves (e.g., Foresta et al., 2016; Magris et al., 2015).
Heatwaves are prolonged anomalously warm events
(Hobday et al., 2016), increasing in severity with climate
change (Oliver et al., 2019). On land, heatwaves and
drought decrease photosynthetic activity and induce plant
stress (Wang et al., 2019). In the ocean, marine heatwaves
(MHWs) cause coral bleaching, species migrations, and
mass mortalities (Eakin et al., 2019). There are many met-
rics describing heatwave frequency, intensity, effect, and
duration (Hobday et al., 2016; Wohlfahrt et al., 2018).

Metrics of relative exposure

Relative-exposure metrics scale the change in the climate
variable relative to its variation. For example, the relative

climate exposure index scales the change in a climate vari-
able such as temperature to its seasonal range (Brito-
Morales et al., 2022) and the climate hazard metric scales it
to its historical variability (Levin et al.,, 2020). Relative-
exposure metrics are different from simple-exposure
metrics because they consider that species inhabiting more
variable environments might be less susceptible to gradual
environmental change.

Metrics of retention

Metrics that infer the retention of biodiversity describe
range shifts in response to climate change and are often
temperature-derived (Chen et al., 2011; Lenoir et al.,
2020; Pinsky et al., 2013). In terrestrial ecosystems, other
drivers can influence range shifts (Mair et al., 2014;
McCain & Colwell, 2011; Sunday et al., 2012). Thermal
affinities and thermal tolerance limits have been used to
infer species and community shifts (Burrows et al., 2019;
Sunday et al., 2014, 2012). Climate velocity also serves as
a proxy for shifts in species distributions (Loarie et al.,
2009; VanDerWal et al., 2013) because it relates to the
speed and direction that a species at a given point in
space would need to move to remain in the same thermal
conditions as the climate changes (Burrows et al., 2011;
Loarie et al., 2009). Areas of slow climate velocity are
expected to have high biodiversity retention (Brito-
Morales et al., 2018; Burrows et al., 2011; Loarie et al.,
2009; Sandel et al., 2011).

Combining multiple climate metrics

Climate refugia can be identified using information from
multiple metrics (Carroll et al., 2017; Garcia et al., 2014;
Rojas et al., 2022). One approach would be to define climate
refugia separately for each climate metric (Brito-Morales
et al., 2022). Other studies use an array of climate variables
and indices to define a single metric used to identify
climate-smart areas (Boyce et al., 2022; Rojas et al., 2022).
For example, the climate risk index proposed by Boyce
et al. (2022) incorporates several indices based on current,
future, and innate responses of species to climate change
into a single metric that can also be used to define areas of
high climate risk.

Identify climate refugia
There are several ways of identifying climate refugia by

creating climate layers and including them in spatial prior-
itization. We described four different approaches below:
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(1) feature; (2) percentile; (3) climate-priority-area; and
(4) penalty approaches. The first three approaches yield
binary climate layers across the planning domain, while
the fourth approach preserves the continuous nature of
the metrics (Figure 3). To convert continuous climate met-
rics to binary layers, percentile thresholds should be cho-
sen by practitioners, depending on the local context and
objectives of their conservation plan.

The feature approach

The simplest approach is to consider climate refugia
based only on climate variables, ignoring biodiversity
(Arafeh-Dalmau et al., 2021). Areas of low exposure
and/or high retention can be determined by setting a
threshold for identifying the range of climate metric
values used to classify areas as climate refugia
(Figure 3). Using the threshold, the climate refugia of
the entire planning domain are identified. This contrib-
utes a single additional layer to the spatial prioritization
for each climate metric considered (a total of J + 1 fea-
tures in the prioritization, where J = number of biodi-
versity features).

The percentile approach

The percentile approach identifies climate refugia for
each biodiversity feature (Brito-Morales et al., 2022).
The distribution of each biodiversity feature is
intersected with the climate metric layer. Using the cho-
sen threshold, the distribution available for protection is
restricted to solely its climate-smart areas (i.e., climate
refugia) in the prioritization (a total of J features, with
each biodiversity feature intersected with the same cli-
mate metric; Figure 3).

The climate-priority-area approach

This approach identifies the most stable climate refugia
for each biodiversity feature (i.e., climate-priority areas)
and gives it higher prioritization by setting a higher
target than the remainder of the distribution range of
a species (Figure 3). The climate-priority-area approach
is thus a variant of the percentile approach that
focuses protection on high-value climate refugia and
enables key areas outside of climate refugia to be
included in the solution (a total of 2J features in the
prioritization). This approach also results in the
conservation of a greater diversity of future climate
conditions.

The penalty approach

The penalty approach seeks to minimize climate expo-
sure and/or maximize biodiversity retention while still
minimizing the cost of the solution. This approach treats
the climate metric as a linear penalty in the spatial priori-
tization (Figure 3), where solutions that have higher
(or lower, depending on the climate metric) total penal-
ties are penalized to discourage the selection of less
climate-smart areas.

I
Penalty = ZPxDi X X, (1)
i=1

i=

where P is the penalty scaling, D; is the penalty data per
planning unit i in the planning domain I, and X; is the
decision variable (i.e., selected or not selected in the spa-
tial plan) per planning unit i.

Choosing thresholds

Choosing percentile thresholds, akin to assigning repre-
sentation targets for the biodiversity features, could be
done through area-based policy targets (e.g., 30% follow-
ing the 30 X 30 international targets set by the CBD;
CBD, 2020, 2022; Zhao et al., 2020), expert-based thresh-
olds (e.g., following IUCN conservation status; Brito-
Morales et al., 2022), or population-viability analyses
(e.g., Taylor et al., 2017). The chosen percentile thresh-
olds determine how strict the definition of a climate refu-
gium is. More-demanding thresholds (e.g., lowest 5th
percentile of climate warming, highest 5th percentile of
ocean acidification) restrict climate refugia to the most
climate-smart areas, whereas less-demanding thresholds
(e.g., lowest 40th percentile of climate warming, highest
40th percentile of ocean acidification) include moderately
climate-smart areas.

Depending on the approach, the chosen threshold
can influence: (1) the allowable targets for the biodiver-
sity features; (2) the number of selected areas; and
(3) how climate-smart the spatial plan would be. It will
be impossible to have targets greater than the threshold.
For example, by defining climate refugia as areas within
the lowest 30th percentile of climate warming, the distri-
butions of the biodiversity features are now limited to
only 30% of the original distribution (i.e., the top 30%
climate-smart areas). Hence, when applying this thresh-
old, it would not be possible to protect more than 30% of
the biodiversity features’ distribution. Choosing more-
demanding thresholds will also lead to larger but more
climate-smart spatial plans (Appendix S2). Therefore, if
protecting against climate change is considered a high
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Legends and footnotes:

° details steps in addition to assigning targets to
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*see "Climate refugia" in "Case Study: Application to the
Western Pacific" section and Appendix S2 for a detailed
calculation of targets
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PENALTY
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and targets of 30% to
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FIGURE 3 Workflows of the different approaches to identifying climate refugia. Feature, percentile, and climate-priority-area
approaches use the climate metric data to create binary layers using a percentile threshold. The feature approach creates a single layer. The
percentile and climate-priority-area approaches consider each of the biodiversity features’ distributions. The penalty approach maintains the
continuous nature of the climate metric data and retains the original distributions of the biodiversity features.
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priority, practitioners should consider choosing more-
demanding thresholds at the expense of selecting more
areas for protection. Notably, choosing a higher penalty
scaling puts more weight on avoiding areas of higher
penalties (i.e., less climate-smart areas) and will thus lead
to more climate-smart but more costly spatial plans when
using the penalty approach (Appendix S2: Section S1).

CASE STUDY: APPLICATION TO
THE WESTERN PACIFIC

We used the case study to: (1) illustrate the utility of the
proposed climate-smart framework in spatial prioritiza-
tion; (2) assess the relative effect on spatial plans of vary-
ing the climate models, emission scenarios, climate
metrics, and approaches to identifying climate refugia;
and (3) develop key recommendations. Although this is a
marine application, our methodology could also be
applied to other systems.

Spatial prioritization

The planning domain was the epipelagic layer of the
Western Pacific, with 42,543 planning units, each cover-
ing 670 km®, using the Mollweide equal-area projection
(Appendix S3: Figure S1A). We used current distribution
maps from AquaMaps (Kaschner et al., 2019) with uni-
form representation targets of 30%, resulting in 8716 bio-
diversity features in the region. Although our framework
can be applied using various decision-support tools, we
used the prioritizr R package (Hanson et al., 2021). All
analyses were undertaken in the R statistical computing
environment (version 4.1.1; R Core Team, 2022)
(Appendix S3: Section S1).

Climate projections

Historical daily temperature data (1982-2015) were
downloaded from the National Oceanographic and
Atmospheric Administration (NOAA) 4° Daily Optimum
Interpolation Sea Surface Temperature (OISST; Huang
et al., 2020). Projections (2015-2100) from the climate
models forced by several emission scenarios were
downloaded at daily or monthly resolution (depending
on the climate metric) from the Coupled Model
Intercomparison Project Phase 6 (CMIP6; https://esgf-
node.llnl.gov/). We re-gridded and reprojected all climate
projections using area-weighted bilinear interpolation
(Brito-Morales et al., 2022) with the Climate Data Opera-
tors (CDO) software (Schulzweida, 2022) and the R

statistical computing environment (version 4.1.1; R Core
Team, 2022).

Emission scenarios

To test how using climate projections forced under differ-
ent emission scenarios influenced the resulting spatial
plans, we created and compared spatial plans using three
emission scenarios (Shared Socioeconomic Pathways or
SSPs; SSP1-2.6, SSP2-4.5, and SSP5-8.5; O’Neill et al., 2017).

Climate models

As different climate models suggest different environmen-
tal futures, the aim here was to highlight methods of
including multiple climate models in spatial prioritization.
We used five climate models: (1) CanESM5 (Swart et al.,
2019a, 2019b, 2019¢c); (2) CMCC-ESM2 (Lovato et al.,
2021a, 2021b, 2021c); (3) GFDL-ESM4 (John et al., 2018a,
2018b, 2018c); (4) IPSL-CM6A-LR (Boucher et al., 2019a,
2019b, 2019¢c); and (5) NorESM2-MM (Bentsen et al.,
2019a, 2019b, 2019c). We created spatial plans using both
a model ensemble comprising outputs from individual
models (Appendix S3: Figure S2) and an ensemble mean
(Appendix S3: Figure S1C-T).

Climate metrics

To investigate the effect of using different climate metrics
on spatial plans, we developed separate plans based on
five climate metrics that are considered relevant for the
marine planning domain: (1) rate of climate warming;
(2) rate of ocean acidification; (3) rate of ocean deoxygen-
ation; (4) climate velocity (based on temperature); and
(5) sum of annual cumulative MHW intensity. Examples
of appropriate terrestrial metrics could be temperature-
and precipitation-derived metrics (Aradjo et al., 2011;
Heikkinen et al., 2020).

Rates of climate warming, ocean acidification, and
ocean deoxygenation are chronic-exposure metrics. For
each, we defined and prioritized protection of areas char-
acterized by low exposure to climate impacts (i.e., climate
refugia as areas of low rates of warming, acidification,
and deoxygenation). These metrics were calculated as the
slope of the linear regression of projected mean annual
values from each climate model output (A magnitude
year ', 2015-2100).

Despite climate warming, climate velocity, and the
sum of annual cumulative MHW intensity all being cal-
culated from temperature, they are fundamentally
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different metrics. Areas of slow climate velocity are areas
of high biodiversity retention and were prioritized for
protection (Arafeh-Dalmau et al., 2021; Stralberg et al.,
2020). These climate refugia are more likely to retain
their current environmental conditions, and conse-
quently, their biodiversity (Brito-Morales et al., 2018).
Climate velocity (km year ') was calculated as the ratio
of the temporal gradient (°C year™", 2015-2100) to the
spatial gradient (°C km™', 2015-2100) of temperature
using the VoCC R package (Garcia Molinos et al., 2019;
Appendix S3: Section S2). However, climate velocity can
be calculated based on other variables such as rainfall
(Brito-Morales et al., 2018; Heikkinen et al., 2020).

We used the sum of cumulative MHW intensity to
measure long-term exposure to acute warming events
(Hobday et al., 2016). As the frequency and magnitude of
temperature anomalies vary non-linearly through time
depending on the emission scenario (Frolicher et al.,
2018; Oliver et al., 2019), impacts are better represented
by the sum of intensities than by the rate of change. We
calculated this metric using the heatwaveR R package
(Schlegel & Smit, 2021) following MHW equations
(Hobday et al., 2016; Appendix S3: Section S3) and
expressed it as total degree days, representing the sum of
the annual temperature anomalies.

To demonstrate the use of different climate metrics in
the climate-smart spatial plan, for each planning unit, we
calculated the geometric mean of all five climate metrics
to derive one combined climate-smart metric. This
approach assumes equal weighting among the different
metrics. Each metric was rescaled to 0-100 where higher
values represent more climate-smart areas.

Climate refugia

Our aim was to demonstrate the use of each of the four
approaches in identifying climate refugia and investigate
whether these yielded different climate-smart spatial
plans. Comparable 30% representation targets were
assigned to all biodiversity features, regardless of approach
(CBD, 2020, 2022).

For the spatial plans designed using the feature
approach, we included climate refugia as an additional fea-
ture. These refugia are identified by selecting climate-smart
areas of the entire planning domain. Selected areas within
the lower 35th percentile represent: (1) slow warming;
(2) low MHW intensity; and (3) slow velocity, and those
within the upper 35th percentile represent: (1) low rate
of change in ocean acidification (i.e., smallest decreases
in ocean pH); (2) low rate of ocean deoxygenation
(i.e., smallest decreases in ocean deoxygenation); and
(3) high combined climate-smart metric scores (Figure 3).

Since we are restricting the original area of a particular
layer, its representation target of 30% is expected to change:

R=1, @

where R is the new representation target and is depen-
dent on T—the original representation target—and P—
the proportion identified as climate-smart areas. To
maintain the original representation target of 30%, we
used Equation (2) to calculate the target of the additional
feature representing the climate-smart areas of the entire
planning domain (i.e., upper or lower 35th percentile of
the chosen climate metric; Appendix S2: Section S2).

We used the same 35th percentile thresholds for spa-
tial plans designed using the percentile approach. How-
ever, unlike the feature approach, the climate refugia
identified using the percentile approach are specific to
each feature. This means that the original area of each
feature is restricted to the distribution of their climate
refugia (Figure 3). We modify Equation (2) to:

T; .
R,-:F; vjel, (3)

where R is the new representation target of feature
Jj (in the set of all features J) and is dependent on T—the
original representation target of feature j—and P—the
proportion identified as climate-smart areas. We calcu-
lated R for each feature using Equation (3) to maintain
the original representation target of 30% for all features
(Appendix S2: Section S2).

The climate-priority-area approach splits each biodi-
versity feature into two: (1) high-value climate-smart
areas (i.e., climate-priority areas); and (2) non-climate-
priority areas (Figure 3). Since climate-priority areas
(CPA) and non-climate-priority areas (NCPA) of the
same feature are considered separately, the number of
biodiversity features included in the prioritization is dou-
bled. Climate-priority areas and non-climate-priority
areas of the same feature have different targets:

Trotalj = (Pcpag X Tepay ) + (Pncpay X Tnepay) Vi€ J,

(4)

where Tro,; represents the total target assigned to
feature j (in the set of all features J). Tro; depends on
the targets and proportions of feature j identified as
climate-priority areas (Tcpa; and Pcpa j, Tespectively) and
non-climate-priority areas (Tncpa; and Pycpa j, respectively).
Here, we assigned higher targets (i.e., 100%) and more-
demanding thresholds (i.e., 5th percentile) to climate-
priority areas to prioritize their protection. To maintain
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the original representation target of 30% (Tro) for all fea-
tures, we rearranged Equation (4) to calculate the target
(Tncpa) for non-climate-priority areas (i.e., 95th percentile)
of each feature (Appendix S2: Section S3):

Tiotaly — (Pcpag X Tcpay)
Pycpaj

T'nepaj = Vjeld. (5)

The penalty approach utilizes the same biodiversity
features and their 30% representation targets. Instead, the
climate metric is included in the prioritization as a linear
penalty. We used the median of the climate metric as the
penalty scaling, P (see Equation 1).

Comparing spatial prioritizations

To illustrate differences among the climate-smart solu-
tions, we used a simplified configuration for comparison
(unless otherwise specified), viz. the ensemble-mean for
warming forced under SSP 5-8.5 using the percentile
approach. We used the Cohen’s Kappa Coefficient
(McHugh, 2012) to quantify the degree of agreement
between designs. We also reported how well these
approaches met the target of 30% protection for each of
the biodiversity features.

To identify how different options affected the resulting
climate-smart spatial plans, we also completed prioritiza-
tions for every possible combination of the climate-smart
aspects (three scenarios, five models and the ensemble-
mean, five metrics and the combined climate-smart met-
ric, and four approaches). We compared all 432 plans by
extracting the solutions (selected/not selected data across
all planning units), creating a Jaccard dissimilarity matrix,
and visualizing the matrix wusing a non-metric
multidimensional scaling (nMDS) ordination following
Dexter et al. (2018) to interpret the results of the ordina-
tion despite the high stress value (Appendix S4: Figure S2).

RESULTS

Spatial plans for the Western Pacific Ocean varied sub-
stantially, depending on the chosen climate models,
emission scenarios, climate variables, climate metrics,
and approach used to identify climate refugia.

Climate models: Multi-model-ensemble
versus an ensemble-mean

Spatial plans designed using individual climate models dif-
fered from each other and from the spatial plan designed

using the ensemble mean (Figure 4; Appendix S5:
Figure S1). Only 23.0% of the planning domain was com-
mon to all individual solutions (Figure 4b) and protecting
these common areas alone would lead to unmet targets in
19.9% of the biodiversity features (Figure 4d). The degree
of agreement between spatial plans using different climate
models was similar (Figure 4c). Although the ensemble
mean did not cover the full range of climate projections
for all models, the spatial plan of the ensemble mean cov-
ered areas of intermediate climate warming across all
models (Figure 4e).

Emission scenarios: Single versus multiple

Spatial plans created using the three emission scenarios
had similar spatial configurations but had slightly differ-
ent areas required to meet targets (Figure 5). About
33.5% of the planning domain was common to solutions
(Figure 5d) and protecting only these areas would meet
the targets for 97.1% of the biodiversity features
(Figure 5f). There was general agreement between the
different plans (Figure 5e). As expected, the climate
warming in planning units selected for conservation fell
in the slowest tail of warming in the planning domain
and was slowest in SSP1-2.6 and fastest in SSP 5-8.5
(Figure 5g).

Utility of different climate metrics

Configurations of the spatial plans created using different
metrics contrasted strongly (Figure 6), although solutions
based on warming, deoxygenation, and, to a lesser extent,
MHW were relatively similar (Figure 6h). These three
spatial plans were similar to the spatial plan designed
using a combined climate-smart metric (Figure 6h).
Unlike solutions created with different scenarios and
models, selected areas common for all metrics constituted
only 9.6% of the planning domain (Figure 6g), suggesting
the spatial plans are quite different. Protecting these
areas would result in unmet targets in 36.0% of the biodi-
versity features (Figure 6i).

Identify climate refugia: Trade-offs among
approaches

Climate-smart conservation planning was sensitive to the
approach chosen to identify climate refugia (Figure 7).
Despite using the same climate metric, only 5.9% of the
planning domain was common across all approaches
(Figure 7e). Protecting only these common areas resulted
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FIGURE 5 Incorporating different emission scenarios. Spatial plans (with % area selected in top right) designed using climate warming
forced under: (a) SSP1-2.6; (b) SSP2-4.5; and (c) SSP5-8.5. (d) Selection frequency plot showing areas selected across scenarios with an inset
histogram showing selection proportion. (e) Cohen’s Kappa coefficient matrix, showing correspondence between solutions. (f) Kernel
density estimates of the % protection of the biodiversity features across selection frequencies (dashed line represents the 30% protection
target). (g) Kernel density estimates of the degree of climate warming in the solutions. Colored polygons represent the warming in selected
planning units; gray polygons represent warming of areas not selected for protection. The dashed and dotted lines represent the mean
warming for each scenario across planning units that were selected and not selected, respectively.

FIGURE 4 Using the climate model ensemble mean or the multi-model-ensemble. (a) Spatial plan created using the ensemble mean.
(b) Selection frequency plot using the multi-model-ensemble with an inset histogram showing selection proportion across models.

(c) Cohen’s Kappa coefficient matrix, showing correspondence between solutions. (d) Kernel density estimates of the % protection of the
biodiversity features across selection frequencies (dashed line represents the 30% protection target). (e) Kernel density estimates of the
degree of climate warming in the solutions. Colored polygons represent the warming in selected planning units; gray polygons represent
warming of areas not selected for protection. The dashed and dotted lines represent the mean warming for each model across planning units
that were selected and not selected, respectively.
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in unmet targets for 98.5% of the biodiversity features
(Figure 7g). Each approach resulted in relatively dissimi-
lar spatial plans, but the climate-priority-area approach is
the most dissimilar (Figure 7f). The percentile approach
yielded a spatial plan with the most area selected. The
penalty approach yielded the smallest spatial plan, with
the climate-priority-area approach following closely. Biodi-
versity features were afforded the greatest protection in
the percentile approach and the least protection in the
climate-priority-area approach (Figure 7h). The percentile
approach was the most effective at selecting planning units
of slower rates of warming and leaving out planning units
of higher rates of warming (Figure 7i). These observations
were generally reflected in spatial designs using the other
metrics (Figures 8 and 9). For all climate metrics, the
percentile approach was the most effective at leaving
less climate-smart planning units out of the solution.
However, the approach most effective at selecting more
climate-smart planning units varied across the metrics.
The percentile approach also afforded the greatest
protection to the biodiversity features across all metrics
and the climate-priority-area approach consistently
provided the least protection.

In our sensitivity analyses for the percentile, fea-
ture, and climate-priority-area approaches, there was
an inverse relationship between the area selected in
the solution and the resulting climate warming
(Appendix S2: Figure S1). For both the feature and per-
centile approaches, choosing more-demanding thresh-
olds (i.e., lower percentile thresholds) resulted in
larger areas of protection (Appendix S2: Figure S1A-D)
because these approaches restricted the area
considered for the planning domain and for each
biodiversity feature, respectively. The opposite was
observed in the climate-priority-area approach because
the sensitivity analysis was conducted with a constant
100% target afforded to the high-value climate refugia
identified by the percentile thresholds (Appendix S2:
Figure S1E,F). Hence, higher percentile thresholds
resulted in larger areas that will always be selected for
protection. The analysis for the penalty approach did
not show an inverse relationship between cost and
climate-smart performance (Appendix S2: Section S1;
Figure S1G,H).

Overall importance of different climate-
smart aspects

The nMDS ordinations of 432 different spatial plans
showed that the chosen metric and approach to identify-
ing climate refugia influenced the resulting climate-smart
spatial plans more than the climate model or emission
scenario (Figure 10). This was evident in how metrics
(Figure 10c) and approaches to identifying climate
refugia (Figure 10d) have more distinct standard devia-
tion ellipses on ordinations. Their points were also
clumped across different regions of the two-dimensional
space. By contrast, the climate models (Figure 10a) and
emission scenarios (Figure 10b) had more overlapping
ellipses and their points were more evenly distributed
across the two-dimensional space. Solutions using the
ensemble mean reasonably represented the solutions
based on individual models (Figure 10a).

Configurations of solutions across scenarios showed
overlapping ellipses, suggesting they were similar
(Figure 10b). Of the five explored climate metrics, warming,
ocean deoxygenation, and MHW intensity were similar
(Figure 10c). Solutions designed using the combined metric
clustered closer to these three metrics. Among approaches
to identifying climate refugia, solutions using the percentile
approach were the most tightly clustered. Solutions using
the feature, penalty, and climate-priority-area were increas-
ingly dissimilar from each other and from other approaches
(Figure 10d). Within each approach, the chosen metric con-
siderably influenced the resulting spatial plan, showing that
approaches were sensitive to the metrics (Appendix S4:
Figure S1). Although ordination stress exceeded 0.20, the
structure we observed is significantly different from the
structures of 1000 independent permutations of the dataset
(p < 0.05; Appendix S4: Figure S2).

DISCUSSION

We developed a climate-smart framework for designing
protected areas, focusing on climate refugia and account-
ing for uncertainty associated with climate models and
emission scenarios. By applying this framework to our
case study, we found that among all aspects of designing

FIGURE 6 Using different climate metrics. Spatial plans (with % area selected in top right) designed with the percentile approach
using: (a) Climate warming (A°C year™"); (b) Ocean acidification (ApH year™); (c) Ocean deoxygenation (A[O,] year™); (d) Climate
velocity (km year™); (e) Marine heatwave (MHW) intensity (total degree days); and (f) Combined climate-smart metric. (g) Selection
frequency plot showing areas selected across different metrics with an inset histogram showing selection proportion. (h) Cohen’s Kappa

coefficient matrix, showing correspondence between solutions. (i) Kernel density estimates of the % protection of the biodiversity features

across approaches (dashed line represents the 30% protection target).
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FIGURE 7 Legend on next page.
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climate-smart protected area systems, the choice of cli-
mate metrics, and approaches to identifying climate
refugia had the largest impact on the configuration of
spatial plans. The choice of climate models and emission
scenarios had smaller impacts on the resulting climate-
smart spatial plan. Based on the strengths and weak-
nesses of the options explored for each aspect of the
framework (Table 1), we outline core recommendations
for climate-smart conservation planning.

Capturing model and emission uncertainty

Our results show that using different model outputs and
emission scenarios influenced spatial plans in a modest
way. Some conservation studies use outputs from a single
model (e.g., Magris et al., 2015; Patrizzi & Dobrovolski,
2018) and a single scenario (e.g., Stralberg et al., 2020),
but these designs underestimate the uncertainty inherent
in planning for climate change. Thus, unless there are
compelling reasons—that is, a particular climate model is
known to perform particularly well in the region and
there is more certainty about our climate future—we sug-
gest using a model ensemble (e.g., Chollett et al., 2022;
Martins et al., 2021; Nadeau et al., 2015; Tegegne et al.,
2020) and incorporating multiple emission scenarios
(e.g., Araujo et al., 2011; Brito-Morales et al., 2022;
Chollett et al., 2022).

Using the ensemble mean is less onerous (Oliver
et al., 2019; Stralberg et al., 2020) than using multiple
models directly (Gu et al., 2015; Porfirio et al., 2014),
although an ensemble median might be more appropri-
ate to avoid potential bias from models with higher cli-
mate sensitivity (Hausfather et al., 2022). Using the
multi-model-ensemble increases complexity of the prior-
itization dramatically but would be more suitable for
regions characterized by extreme or conflicting climate
projections from models included in the ensemble. Since
the spatial plan created using the ensemble mean cap-
tured most of the areas selected using the multi-model-
ensemble, capturing the generic climate signal using the
ensemble mean appeared reasonable for our case study.

Selecting climate metrics

We found that different climate metrics result in mark-
edly different spatial plans. Consideration of climate
change in conservation planning has typically focused
on temperature (Magris et al., 2015; Nadeau et al., 2015;
Wilson et al., 2020). However, we show that protecting
areas exposed to high climate warming does not always
result in protecting climate refugia defined by other
variables (Bruno et al., 2018). In fact, even different cli-
mate metrics derived from the same variable
(e.g., climate velocity calculated from temperature) pro-
duce different results. We found that climate warming
solutions were most similar to those for ocean deoxy-
genation, presumably because of the temperature
dependence of gas solubility (Deutsch et al., 2015;
Portner & Knust, 2007). Warming also exacerbates neg-
ative effects of ocean deoxygenation by increasing met-
abolic demands (Portner & Knust, 2007), suggesting
synergistic impacts.

Given the influence of the climate metrics on the
resulting spatial plan, the metrics used to define cli-
mate refugia should be carefully considered based on
their unique attributes and relevance to the ecosystem
(e.g., Table 2 summarizes this for the case study). Using
a climate metric based on a single climate variable may
not sufficiently account for how climate change will
affect some ecosystems (Reside et al., 2018). Further,
incorporating multiple metrics in climate-smart con-
servation planning may be useful (Harvey et al., 2013;
VanDerWal et al.,, 2013) in protecting a system of
climate-smart areas that will be more resilient to differ-
ent aspects of climate change (Garcia et al.,, 2014;
Magris et al., 2015).

In our case study, we chose to create a combined met-
ric, weighing the five individual metrics equally. Since
the spatial plans designed using climate warming, ocean
deoxygenation, and—to some extent—MHW intensity
were similar, this resulted in the spatial plan designed
using the combined metric resembling those three spatial
plans. We chose this method to demonstrate how infor-
mation from different climate variables and/or metrics

FIGURE 7 Exploring approaches of identifying and protecting climate refugia. Spatial plans (with % area selected in top right)
designed using the following approaches: (a) Feature; (b) Percentile; (c) Climate-priority-area; and (d) Penalty. (e) Selection frequency plot
showing areas selected across approaches with an inset histogram showing selection proportion. (f) Cohen’s Kappa coefficient matrix,

showing correspondence between solutions. (g) Kernel density estimates of the % protection of the biodiversity features across selection
frequencies (dashed line represents the 30% protection target). (h) Kernel density estimates of the % protection of the biodiversity features
across approaches (dashed line represents the 30% protection target). (i) Kernel density estimates of the degree of climate warming in the

solutions. Colored polygons represent the warming in selected planning units; gray polygons represent warming of areas not selected for

protection. The dashed and dotted lines represent the mean warming for each approach across planning units that were selected and not

selected, respectively.
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FIGURE 8 Performance of different approaches across metrics. (a, b) Ocean acidification (ApH year™"); (c, d) Ocean deoxygenation (A[O,]
year™); and (e, f) Climate velocity (km year™"). The plots on the left of each of the metrics show the kernel density estimates of the metric values
in the solutions. Colored polygons represent values of different climate metrics. Grayed polygons represent values for areas not selected for
protection. The dashed and dotted lines represent the mean and median (for velocity) values across planning units that were selected and not
selected, respectively. The plots on the right of each of the five metrics show the kernel density estimates of the % protection of the biodiversity
features (dashed line represents the 30% protection target). CPA, climate-priority-area; FEAT, feature; PEN, penalty; PERC, percentile.
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FIGURE 9 Performance of different approaches across metrics. (a, b) Marine heatwave (MHW) intensity (total degree days); and (c, d)
Combined metric. The plots on the left of each of the metrics show the kernel density estimates of the metric values in the solutions. Colored
polygons represent values of different climate metrics. Grayed polygons represent values for areas not selected for protection. The dashed and

dotted lines represent the mean values across planning units that were selected and not selected, respectively. The plots on the right of each of the
five metrics show the kernel density estimates of the % protection of the biodiversity features (dashed line represents the 30% protection target).

CPA, climate-priority-area; FEAT, feature; PEN, penalty; PERC, percentile.

can be incorporated into a conservation plan. However,
for particular ecosystems, practitioners might suggest that
some metrics should have greater weights as they may
represent more important environmental drivers. A more
practical solution may be to explore how using a few rele-
vant climate metrics would be included in the analysis
(Garcia et al., 2014). Then, when possible, explore ways
of condensing these into a metric that incorporates infor-
mation from multiple climate variables or climate metrics
(e.g., Boyce et al., 2022).

Prioritizing protection of climate refugia

Each of the four ways of identifying climate refugia and
prioritizing their protection has its advantages and disad-
vantages (Table 1), resulting from the trade-off between
climate-smart performance and efficiency of meeting bio-
diversity targets. The better the climate-smart perfor-
mance of the approach (i.e., likely increased climate
resilience), the less efficient the spatial plan will be in
meeting representation targets and thus the larger
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options considered. Solutions by (a) scenario, (b) individual climate models and the ensemble-mean, (c) climate metrics, and (d) approaches

to identifying refugia. Stress = 0.27. Number of iterations = 1000. Ellipses represent the standard deviation of the solutions.

protected area needed. Since each of the approaches
requires carefully selecting thresholds or scaling penalty
values to parameterize the trade-offs (Appendix S2), we
recommend consulting with stakeholders and conducting
calibration and sensitivity analysis to identify spatial
plans that strike the right balance. To help understand
trade-offs between each of the four approaches, we syn-
thesize our findings below.

The feature approach is the simplest but lacks ecolog-
ical relevance. This approach protects the climate-smart
areas of the entire planning domain regardless of
whether the area has any biodiversity value or not
(Arafeh-Dalmau et al., 2021). Choosing less-demanding
percentile thresholds decreases the area of the solution
and climate-smart performance.

The percentile approach is the most climate-smart
and provides the biodiversity features the greatest protec-
tion, but it was extremely costly in terms of the area
selected. This is because the prioritization considers only
the climate-smart areas of the biodiversity features for
protection (Brito-Morales et al.,, 2022), which limits

possible areas for selection and decreases the efficiency of
the approach. Similar to the feature approach, choosing
less-demanding thresholds decreases the area of the solu-
tion and climate-smart performance.

The climate-priority-area approach represents a modi-
fied version of the percentile approach and addresses its
limitations. It is the most ecologically relevant approach as
it prioritizes the protection of high-value climate-smart
areas (i.e., climate-priority areas) while still providing a
degree of protection to non-climate-smart areas. The
resulting climate-smart spatial plan was only slightly more
expensive than the climate-uninformed solution (i.e., a
solution that does not consider climate change;
Appendix S6: Figure S1). Additionally, this approach also
yielded the prioritization with the greatest cost-efficiency—
among all four approaches—for meeting representation
targets. This is likely because this approach ensures that
prioritizations select high-value climate refugia for different
biodiversity features (similar to the percentile approach),
without restricting their distribution (unlike the percentile
approach). As such, this approach is among the least
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TABLE 1 Overview of the options explored under each climate-smart aspect.

Climate-smart aspect Strengths

Emission Single Easy to implement and
scenarios interpret results
Multiple Produces a suite of solutions
to a conservation problem
Ensemble Multi-model Shows variability across

ensemble climate models

Ensemble-mean
(or median)

More easily used in more
elaborate analyses

Metric Based on a single Produces results that are
climate easier to interpret; Involves

variable less assumptions
Integrated Includes interactions of
different drivers
Approach Feature Adds a single layer to the

prioritization; Intermediate
in terms of climate-smart
performance and area
selected; Intermediate
protection afforded to
biodiversity features

Weaknesses

Offers a single solution but

ignores uncertainty
associated with different
futures

Involves more analyses and is

more complex

Increases complexity as the

no. climate models in an
ensemble grows

Offers one solution but loses

information from
individual climate models,
especially when there are
extreme climate
projections that can bias
the ensemble mean or
median

May not include interactions

of different variables and

their effects on the solution

Assumptions may increase

with an increasing no.
variables involved (e.g.,
using equal weighting
versus varied weighting)

Not species-specific; Uses a

binary climate layer,
leading to some loss of
information

Utility and cautions

Focuses conservation efforts

on one climate scenario

Established as “best practice”

(Harris et al., 2014; Jones
et al., 2016); Captures
variability and uncertainty
of different scenarios
(Brito-Morales et al., 2022;
Makino et al., 2015;
O’Neill et al., 2017)

Areas selected frequently

across climate models
more confidently identify
climate refugia; Captures
more uncertainty
associated with models
(Tegegne et al., 2020)

Used in indicative spatial

planning (Brito-Morales

et al., 2022; Stralberg

et al., 2020); Focuses on a
generic climate signal from
the ensemble rather than
subtle variation introduced
by each model; Provides a
reasonable representation
of the climate models in
the ensemble

Focuses conservation efforts

on a particular impact
of climate change; Can
use a well-known driver
of climate change

(e.g., temperature)
(Wilson et al., 2020)

Can use multiple, relevant

drivers of climate change,
especially when they are
not correlated or similar
(e.g., warming versus
acidification)

Protects refugia that do not

necessarily have any
biodiversity value
(Arafeh-Dalmau

et al., 2021); Requires a
user-inputted percentile
threshold to identify
climate-smart areas;
Representation target
depends on the percentile
threshold chosen

(Continues)
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TABLE 1 (Continued)

Climate-smart aspect Strengths

Percentile Identifies species-specific (or
feature-specific) climate
refugia; Most climate-

smart approach; Approach

where biodiversity features

are afforded the greatest
protection

Climate-priority- Identifies high-value species-

area specific (or feature-specific)

climate refugia;
Preferentially protects
high-value climate-smart
areas and still protects the
rest of the distribution;
Little difference in area
compared to a climate-
uninformed spatial plan;
Results in smaller spatial
plans

Penalty Does not require additional
processing of feature
distribution data;
Intermediate protection
afforded to biodiversity
features; Selects the same
total area as a climate-

uninformed spatial plan

Weaknesses

Complex approach to

implement; Restricts the
distribution of each feature
to the climate-smart areas;
Discards any part of the
distribution not considered
climate refugia; Depending
on threshold used, can
potentially result in
extremely costly solutions;
Uses a binary climate
layer, leading to some loss
of information

Complex approach to

implement; Uses a binary
climate layer, leading to
some loss of information;
Relatively low climate-
smart performance;

Utility and cautions

Protects climate refugia

only when they have
biodiversity value
(Brito-Morales et al., 2022);
Requires a user-inputted
percentile threshold to
identify climate-smart
areas; Representation
target depends on the
percentile threshold
chosen

Modified percentile approach;

Protects high-value
climate-refugia only when
they have biodiversity
value; Requires both a
user-inputted percentile

Approach where threshold to identify high-
biodiversity features are value climate-smart areas
afforded the least and a target for these areas
protection

Modifies the objective
function; Not species-
specific; By preserving the
continuous nature of the
climate metric, assumes a
linear relationship between
the climate metric and
impacts of climate change;
Relatively poor climate-
smart performance

Requires a user-inputted
penalty scaling that
requires calibration

climate-smart of the approaches. Aside from choosing a
percentile threshold to identify high-value climate refugia,
a target must also be assigned to it. Choosing more-
demanding thresholds while still assigning a 100% target to
these priority areas decreases the area of the solution and
climate-smart performance.

The penalty approach is the least climate-smart
approach because it does not account for species-specific
impacts of climate change, and—by preserving the con-
tinuous nature of climate metrics—allows the selection
of areas of intermediate climate exposure. In our case
study, it resulted in the smallest area (i.e., % of the plan-
ning domain most similar to the climate-uninformed
solution). Further, the trade-off between higher penalty
scaling and both area and climate-smart performance
was not evident in the sensitivity analysis for this
approach. This is because our case study used equal-sized

planning units and a uniform cost layer. When using
different-sized planning units or a non-uniform cost layer
(e.g., where costs are derived from land or ocean value),
conservation planning exercises will need to calibrate
trade-offs between the cost layer and the climate-smart
penalties to ensure that the resulting prioritization is not
too costly (Cohon et al., 1979).

Caveats

Our analysis has several caveats that should be noted. First,
to explore the different climate-smart aspects of spatial
planning, we simplified the spatial plans, but any real-
world application would likely include: (1) a non-uniform
cost layer representing the opportunity costs of closing an
area for protection; (2) targets reflecting the threat status or
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TABLE 2

Climate metric

Climate warming

Ocean
acidification

Ocean
deoxygenation

Climate velocity
(using
temperature)

Sum of
cumulative
MHW
intensity

Combined metric

Summary of climate metrics used in the case study.

Attributes

Most similar with spatial plans using ocean
deoxygenation; Selected a considerably large area
for protection

Most dissimilar to other climate metrics; Selected a
relatively large area for protection

Most similar with spatial plans using climate warming;
Intermediate in terms of total area selected for
protection

Spatial plans are dissimilar to climate warming despite
being both calculated from temperature;
Calculation involves both temporal and spatial
gradients of temperature; More computationally
complex than using climate warming

More data intensive since it requires daily data;
Measures discrete warming events; More
computationally complex than using climate
warming

Weighs all metrics equally; Most similar to climate
warming and ocean deoxygenation, and, to some

Utility
Chronic-exposure metric; Temperature is the most

common driver of climate change used in climate-
smart conservation planning (Wilson et al., 2020)

Chronic-exposure metric; Generally, negatively impacts
ecosystems; however, its impact can also be positive
or neutral for some species (Harvey et al., 2013;
Kroeker et al., 2013); Can be influenced by
anthropogenic activities other than climate change
(Harvey et al., 2013)

Chronic-exposure metric; Directly correlated with
temperature (Deutsch et al., 2015; Portner &
Knust, 2007); Some organisms may be insensitive to
small declines, but all suffer physiological stress once
oxygen levels decline past a hypoxic threshold
(Bopp et al., 2013)

Retention metric; Established as a robust proxy of
observed range shifts (Lenoir et al., 2020); Can be
calculated from variables other than temperature
(Brito-Morales et al., 2018); Could inform how long a
reserve remains effective in protecting biodiversity
within its boundaries (Loarie et al., 2009)

Acute-exposure metric of discrete warming events
(Hobday et al., 2016); Useful for protecting
species susceptible to discrete warming events
(Magris et al., 2015)

Integrated or combined metrics that involve multiple
climate drivers (e.g., Boyce et al., 2022) can be useful

extent, MHW intensity

for protecting regions against these drivers as well as
their interactions

Abbreviation: MHW, marine heatwave.

area of the distribution of a species; (3) greater emphasis on
the selection of biodiversity features; and (4) boundary pen-
alties to reduce fragmentation of the resulting spatial plans.
Second, we created spatial plans using simple climate met-
rics. However, refugia could also be identified using inte-
grated metrics calculated form multiple climate indices or
multiple climate variables (e.g., Boyce et al., 2022; Rojas
et al., 2022) that could account for species’ predicted move-
ments based on species distribution models (Kujala et al.,
2013; Pinsky, Rogers, et al., 2020 but see Lee-Yaw et al.,
2022) and could be included in a single prioritization
(Kujala et al., 2013). Last, we considered a large planning
domain and a relatively coarse spatial resolution, which
might not be applicable to conservation planning
conducted at finer spatial scales, especially on land (Bellard
et al., 2012; Wilson et al.,, 2020). Nevertheless, because
impacts of climate change on ecosystems are more evident
at larger spatial scales (Edgar et al., 2014), regional or global
spatial planning could determine climate-resilient priority
areas that then inform conservation planning at more
local scales. Thus, rather than ignoring climate change at

finer scales, successful planning could be achieved by
complementing local, bottom-up conservation planning
with regional, climate-smart conservation planning that
identifies key areas for protection (Gaymer et al., 2014).

KEY RECOMMENDATIONS FOR
CLIMATE-SMART CONSERVATION
PLANNING

1. Practitioners should use their expert knowledge of the
region and its species to choose the appropriate met-
rics and approach to identifying climate refugia
because these two choices are most influential in the
configuration of resultant climate-smart spatial plans.

2. Incorporate model outputs from an ensemble of
models to encompass model uncertainty.

3. It may be sufficient to use the ensemble-mean
(or median) to represent the generic climate signal from
the ensemble rather than subtle variation introduced by
each model—especially when the ensemble consists of
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multiple models (e.g., >5)—to greatly reduce complexity
imposed by directly using multiple models. However,
using multiple models individually (i.e., multi-model-
ensemble) would be best used if a region is characterized
by extreme or conflicting climate projections from a
model/s that could render the ensemble mean less
reliable.

4. To account for multiple climate drivers, we suggest com-
bining the selected relevant climate information into a
single climate-smart metric before including them in the
prioritization. This is especially important for conserva-
tion exercises that select climate metrics that would
result in different configurations when used individually.

5. Carefully choose the approach to identifying climate
refugia based on how important climate change is in
the prioritization, as different approaches produce
strikingly different solutions. Generally, the more
climate-smart the approach, the larger the area needed
for protection. The climate-priority-area approach rep-
resents a good tradeoff because it protects the core
high-value climate refugia while still affording some
protection for the rest of the species’ distributions and
not resulting in unnecessarily large spatial plans.

Our proposed framework identifies and prioritizes the
protection of climate refugia. This climate-smart approach
protects areas important to biodiversity today and will still
likely be important in the future (e.g., Chollett et al., 2022;
Morelli et al., 2020). Although the focus of the framework is
on climate refugia, recommendations of using a range of
emission scenarios, model ensembles, and appropriate met-
rics could just as easily be applied to other climate-smart
conservation planning methods. Instead of prioritizing pro-
tection of low-exposure and high-retention climate refugia,
our framework could be generalized in many ways to: pro-
tect areas of high chronic but low acute thermal stress
(Magris et al., 2014); ensure a range of areas, from low to
high climate exposure, are protected (Jones et al., 2016;
McLeod et al, 2019; Tittensor et al., 2019); and design
dynamic closures and stepping-stone protected areas
(D’Aloia et al., 2019; Hannah et al., 2014; Tittensor et al.,
2019). In fact, large protected areas that prioritize protection
of climate refugia can be supplemented by smaller stepping-
stone protected areas and dynamic closures to make a net-
work more climate-smart (Morelli et al., 2020; Tittensor
et al., 2019). Further, although the case study did not con-
sider connectivity, it is an important aspect to consider
when developing climate-smart spatial plans (Beger et al.,
2022; Berglund et al., 2012; Christie et al., 2010; Wilson
et al., 2020). There are different approaches developed to
promote connectivity (Beger et al., 2022) that could be
incorporated by modifying our proposed framework.

The complexity of conservation planning is increased
by adding the uncertainty of climate change into spatial

prioritization. This is one reason why there has been little
consensus on methods for climate-smart conservation
planning, and why protection against climate change has
not yet been fully incorporated in conservation planning
(O’Regan et al., 2021). Our proposed framework helps
close this gap. We suggest that using climate metrics that
identify low-exposure, high-retention climate refugia is an
informative and simpler approach than building many
species distribution models for biodiversity features to
inform a climate-smart spatial plan. We hope that this
framework will be a valuable addition to the conservation
practitioner’s toolkit in a range of ecosystems.
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The data used for the case study are available at Zenodo
(Buenafe et al, 2023). The global AquaMaps data
(Kaschner et al.,, 2019) were retrieved as described in
Appendix S1. The global daily and monthly future model
projections (Bentsen et al., 2019a, 2019b, 2019c; Boucher
et al., 2019a, 2019b, 2019c; John et al., 2018a, 2018b,
2018c; Lovato et al., 2021a, 2021b, 2021c; Swart et al.,
2019a, 2019b, 2019c) were downloaded from Coupled
Model Intercomparison Project Phase 6 (CMIP6) through
the Earth System Grid Federation (ESGF) as described in
Appendix S1. The historical sea surface temperatures were
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downloaded from the National Oceanic and Atmospheric
Administration (NOAA)'s Optimum Interpolation SST
(OISST) product (Huang et al., 2020) where the entire
global dataset from 1981-present can be downloaded as a
netCDF and must be spliced temporally and spatially as
needed. All scripts used to conduct the case study are
published at Zenondo (Buenafe et al., 2023). To ensure
that the code runs smoothly, use the updated versions of R
and all Comprehensive R Archive Network (CRAN) pack-
ages declared in the repository. We used R version 4.1.1
(R Core Team, 2022). To aid in interpretation, we have
created a Shiny App that can be accessed on Zenodo along
with the other code. This Shiny App briefly explains the
climate-smart conservation planning framework and
allows the user to compare solutions created from different
options of the climate-smart aspects explored in this paper.
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