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Glossary

Sea Surface Temperature (SST) / Température de surface de la mer (SST) : température
mesurée a la surface des océans, variable clé du climat et des écosystemes marins.

Earth System Model (ESM) / Modeéle du systéme Terre (ESM) : modele numérique intégrant
atmosphere, océan, glace et biosphere pour simuler le climat global.

CMIP (Coupled Model Intercomparison Project) : initiative internationale qui coordonne les
expériences de modélisation du climat afin de comparer et améliorer les modeéles.

RCP (Representative Concentration Pathway) : scénarios de concentration de gaz a effet de
serre utilisés dans le CMIP5, décrivant des trajectoires possibles du forgage radiatif.

SSP (Shared Socioeconomic Pathway) : scénarios socio-économiques développés pour le
CMIP6, combinés avec les RCP pour explorer les futurs climatiques possibles.

Bias correction / Correction de biais : méthode statistique visant a corriger les écarts
systématiques entre les sorties de modeles climatiques et les observations.

Downscaling / Descente d’échelle : techniques (statistiques ou dynamiques) permettant de
passer de projections climatiques globales a des résolutions régionales/locales plus fines.
ENSO (El Nifilo—Southern Oscillation) / Oscillation australe El Nifio : phénoméne climatique
majeur du Pacifique tropical qui influence la température, les précipitations et les
écosystemes mondiaux.

Quantile mapping / Cartographie de quantiles : technique de correction de biais consistant
a ajuster la distribution statistique d’une variable simulée pour qu’elle corresponde a celle
observée.

Overshoot scenario / Scénario de dépassement : scénario climatique ou la température
dépasse temporairement un seuil (ex. +2 °C) avant de redescendre grace a des réductions
fortes d’émissions ou a des techniques d’élimination du carbone.

List of abbreviations

SST : Sea Surface Temperature
ESM : Earth System Model
CMIP : Coupled Model Intercomparison Project

RCP : Representative Concentration Pathway

SSP : Shared Socioeconomic Pathway

OISST : Optimum Interpolation Sea Surface Temperature

GAM : Generalized Additive Model / Modéle additif généralisé
ENSO : El Nifio—Southern Oscillation

MAE : Mean Absolute Error

CTE : Conditional Tail Expectation

RAM : Random Access Memory
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Introduction

Climate change is one of the most pressing global challenges, with widespread impacts on both
environmental and socio-economic systems. It drives rising temperatures, more frequent extreme
events, sea level rise, and ocean acidification, all of which pose significant risks to ecosystems and
human societies (Guinotte, Fabry, 2008; Christensen et al., 2011; Calvin et al., 2023). Among the
drivers of interannual variability, the El Nifilo—Southern Oscillation (ENSO) is particularly influential in
the Pacific, shaping ocean temperature, precipitation, and ecosystem dynamics (Brown et al., 2020).

In the South Pacific, these pressures directly affect marine-based economies, especially fisheries,
which are vital for food security, livelihoods, and export income across island nations. Climate-driven
increases in sea surface temperature (SST) can push species beyond their thermal limits, disrupt life-
history processes, and trigger local stock declines or collapses with cascading socio-economic
consequences (Hastings et al., 2020; Vogel et al., 2023; Xu et al., 2024). At the same time, warming
waters drive poleward shifts in distribution, potentially moving valuable resources across
jurisdictional boundaries or into international waters, complicating access rights and management
frameworks. This vulnerability is amplified for small island communities highly dependent on climate-
sensitive sectors such as fisheries, tourism, and coastal resources (Pacific Community Results Report,
2023). Anticipating where and when such shifts will occur requires reliable, spatially explicit climate
projections that can support adaptive strategies, whether through adjusting quotas, relocating fishing
effort, or redesigning management boundaries (Heenan et al., 2015).

While Earth System Models (ESMs) provide valuable large-scale climate projections, their typical
resolution (around 1° or 100 km) is too coarse to resolve the fine-scale features critical in island-rich
and topographically complex regions (Xu et al., 2019; Kristiansen et al., 2024). Moreover, raw ESM
outputs often exhibit systematic biases due to limitations in physical representations, which reduces
their reliability for localized climate assessments (Cannon et al., 2020; Pozo Buil et al., 2023). These
coarse and biased outputs are often insufficient for impact models that require local accuracy,
especially in narrow shelf zones or nearshore environments (Drenkard et al., 2021). A way to make
these outputs more reliable and useful at the regional scale is through downscaling, the process of
translating coarse-resolution climate information into finer-scale projections. Two main approaches
exist: dynamical downscaling, which uses regional climate models but is computationally expensive
and still subject to biases, and statistical downscaling, which builds empirical relationships between
large-scale model outputs and local observations. Statistical downscaling is computationally efficient
and allows the production of high-resolution, bias-corrected projections, but it relies on the
assumption that the statistical relationships established from the past and present remain valid in the
future (Fowler et al., 2007; Ahmed et al., 2013; Oliveros-Ramos et al., 2025). By refining ESM outputs
in this way, statistical downscaling produces climate inputs that are both realistic and ecologically
relevant, where even a 1 °C bias can critically alter predictions of species distributions or ecosystem
stress.

However, most downscaling studies have focused on continental regions, with only limited efforts
addressing the unique climatic and geographic characteristics of the South Pacific, a region
dominated by small islands and complex land—ocean interactions (Kristiansen et al., 2024). Despite
the ecological importance of the tropical Pacific, downscaled marine datasets remain scarce and
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fragmented (Ruti et al., 2016; Drenkard et al., 2021). This persistent data gap contributes to global
inequities in climate impact research and adaptation planning, as small island states and marine-
dependent economies are often left out of scenario-based assessments due to a lack of tailored
environmental inputs (Barsugli et al., 2013; Drenkard et al., 2021).

This need becomes even more critical when climate data are used to feed ecological and fisheries
models. In the context of marine ecosystem modelling, coarse-resolution climate projections from
ESMs are often insufficient to capture the fine-scale environmental gradients that structure marine
biodiversity, especially in complex coastal and island-rich regions like the South Pacific. This spatial
mismatch can compromise the accuracy of ecological models, which require localized inputs to
simulate biological responses such as species distribution, habitat suitability, and trophic interactions.
High-resolution, bias-corrected data are therefore critical to resolve sub-regional heterogeneity,
especially in regions where mesoscale processes (e.g., eddies, upwelling, and shelf dynamics) have
disproportionate ecological effects.

For instance, models such as OSMOSE, Atlantis and Ecospace rely on environmental drivers including
SST, salinity, and productivity to simulate key life-history processes such as movement, growth,
reproduction, and mortality. If these variables are biased or too coarse, the ecological model may
either misrepresent species’ thermal envelopes or fail to detect critical habitat shifts under climate
stress. Thus, robust statistical downscaling and bias correction pipelines are essential to provide input
variables that are both realistic in amplitude and locally resolved, enabling reliable assessments of
climate impacts and informing the spatial design of marine protected areas or dynamic fisheries
management strategies.

High-resolution, bias-corrected SST projections are therefore invaluable: they pinpoint where thermal
thresholds are exceeded and where habitat suitability is shifting, informing stakeholders where
impacts are likely to intensify and where conservation and adaptation actions should focus. By
supplying finely resolved SST projections, this study aims to equip fisheries with the environmental
foresight needed for proactive, spatially targeted decision-making under climate change. However,
the ability of fisheries science to anticipate these changes depends directly on the accuracy and
spatial relevance of the underlying climate data.

Building on recent methodological advancements, we hypothesize that tailoring statistical
downscaling and bias correction techniques to the South Pacific's geographic complexity can
significantly improve the representation of climate dynamics, particularly in regions characterized by
a mix of continental landmasses and small island systems. By aiming to produce high-resolution, bias-
corrected climate projections, this study explores whether such refinements can enhance the
relevance and usability of climate information for practical applications, such as fisheries
management, coastal infrastructure planning, and disaster risk reduction (Teutschbein, Seibert, 2012;
Oliveros-Ramos et al., 2025). Despite their importance, statistical downscaling products remain
scarce for the South Pacific, and most existing studies have focused on continental regions or have
relied on dynamical downscaling techniques (Lal et al., 2008; Chattopadhyay, Katzfey, 2015). The
limited availability of regionally tailored downscaling frameworks highlights the need for further



exploration of statistical methods that can capture both the spatial heterogeneity and climate
variability unique to small island and coastal systems (Fowler et al., 2007; Xu et al., 2019).

To address the current gap, we build on the methodological framework developed by Oliveros-Ramos
et al. (2025), which provides a structured approach for statistical downscaling and bias correction of
Earth System Model outputs. We extend this framework by incorporating seasonal predictors and
additional environmental covariates such as bathymetry and distance to the continental shelf break.
These additions are expected to improve the model’s ability to capture fine-scale differences between
continental and island climates and possible seasonal trends—an essential distinction for ecological
and fisheries applications in the South Pacific, yet often overlooked in large-scale climate models
(Drenkard et al., 2021).

The primary objective of this work is to evaluate and compare statistical bias correction and
downscaling models for SST in the South Pacific, with a particular focus on the impact of introducing
seasonal predictors into the modelling framework. Accurate representation of SST extremes is vital,
as these events can cause bleaching, mortality, or reproductive failure in marine organisms (Stoklosa
et al., 2015; Oliveros-Ramos et al., 2025). A second objective is to assess progress between
successive CMIP rounds (CMIP5 vs CMIP6), highlighting the implications of using the most recent
model generation for regional climate applications.

To do so, we implement a multi-step statistical downscaling and bias correction pipeline on a
selection of ESMs from both CMIP5 and CMIP6. This design enables us to assess whether CMIP5
models remain competitive for regional applications or if CMIP6 provides substantial improvements.
We also compare the legacy RCP scenario framework to the more recent SSP structure (Riahi et al.,
2017; Hildén et al., 2018). The choice of climate scenario is itself critical, since it directly frames how
future risks are perceived and what types of adaptation strategies are prioritized (Burgess et al.,
2023).

This comparative and scenario-diverse approach allows for a more nuanced understanding of future
climate risks and their implications across different development trajectories. Global initiatives such
as FishMIP have demonstrated how ensembles of ESM-driven scenarios can be operationalized to
evaluate marine ecosystem responses and forecast biomass changes (Tittensor et al., 2021).
Ultimately, this study tests and refines the statistical downscaling workflow developed by Oliveros-
Ramos et al., (2025), applying it in a novel regional context to assess its transferability and enhance
its relevance for ecological forecasting and adaptation planning in the tropical Pacific. By delivering
operationally relevant, bias-corrected SST products, the project aims to provide the South Pacific
fisheries sector with a concrete decision-support tool for managing resources under changing
climatic conditions.



2 Materials and Methods
2.1. Observational Data

To serve as the observational baseline for bias correction and statistical modelling, we used the
Optimum Interpolation Sea Surface Temperature (OISST) dataset, developed by NOAA and
distributed by the National Centers for Environmental Information (NCEI). OISST provides global daily
fields of sea surface temperature (SST) and sea ice concentration from January 1981 to the present at
a spatial resolution of 0.25° x 0.25° (Huang et al., 2021). The product relies on an optimized
interpolation method that blends multiple observational sources, including satellite sensors such as
the Advanced Very High Resolution Radiometer (AVHRR), drifting buoys, ships, and coastal stations.

This blending ensures continuous, spatially consistent, and accurate SST coverage at both global and
regional scales, which is particularly important in data-sparse areas like the South Pacific. Compared
to ocean reanalyses such as GLORYS, OISST does not assimilate data into a circulation model, but
rather provides a direct observation-based estimate of SST. This characteristic makes it especially
robust as a reference for bias correction, since it minimizes dependence on model dynamics while
maintaining global consistency and long-term temporal coverage.

Thanks to its fine spatial resolution, global extent, and continuity over more than four decades, OISST
represents a well-established and defensible choice for use as the observational baseline in statistical
downscaling frameworks aimed at supporting climate and fisheries research.

2.2. Selection of Earth System Models (ESMs)

Earth System Models (ESMs) are comprehensive numerical models that simulate the interactions
between the atmosphere, oceans, land surface, cryosphere, and biogeochemical cycles. They are used
to project the evolution of the Earth's climate under various forcing conditions, including greenhouse
gas emissions and land-use change. ESMs are extensions of General Circulation Models (GCMs),
incorporating not only physical processes but also biological and chemical feedback such as the carbon
cycle and ocean productivity (Calvin et al., 2023).

To illustrate their internal structure, Figure 1 presents a simplified diagram of ESM components and
their interactions. Physical modules (e.g., ocean circulation, atmospheric dynamics) are coupled with
biogeochemical components (e.g., nutrient cycling, carbon fluxes), allowing these models to simulate
both climatic and ecological variables such as SST, salinity, pH, and chlorophyll.

In this study, we selected ESMs developed by two major climate modelling centres: the Institut
Pierre-Simon Laplace (IPSL, France) and the Geophysical Fluid Dynamics Laboratory (GFDL, United
States). Each contributed one model to CMIP5 and one to CMIP6 (Eyring et al., 2016). Specifically, we
used IPSL-CM5A-LR (Dufresne et al., 2013) and IPSL-CM6A-LR (Bonnet et al., 2021), together with
GFDL-ESM2M (Dunne et al., 2012) and GFDL-ESM4 (Dunne et al., 2020a). These models were
selected for their consistent lineage across CMIP generations, their established use in marine
applications such as FishMIP and regional impact studies (Eddy et al., 2025), and the availability of
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both historical and future scenario runs under the RCP and SSP scenarios. Although not exhaustive,
this targeted selection allows us to compare the performance and biases of CMIP5 versus CMIP6
frameworks in the South Pacific, particularly for SST, a key driver of ecological and fisheries models.
The climate scenarios associated with these models are introduced in Section 2.3.

Figure 1. Simplified schematic of Earth System Model components and interactions, including
physical climate, carbon, ocean, and atmospheric systems (Dunne et al., 2020a).

2.3. Climate Scenarios : RCPs and SSPs

To explore a range of future climate trajectories, Earth System Models (ESMs) are run under different
climate forcing scenarios. These scenarios provide the greenhouse gas concentration pathways that
drive simulations of temperature, precipitation, ocean chemistry, and other key variables.

Two main frameworks are used: the Representative Concentration Pathways (RCPs), developed for
CMIP5, and the more recent Shared Socioeconomic Pathways (SSPs), used in CMIP6.

RCPs represent different levels of radiative forcing by the year 2100, ranging from strong mitigation
(RCP2.6) to high emissions (RCP8.5). They are primarily defined by climate outcomes, without explicit
socio-economic context (Van Vuuren et al., 2011).

In contrast, SSPs combine radiative forcing targets with detailed socioeconomic narratives. Each
pathway reflects a storyline of global development, integrating factors like inequality, policy
implementation, energy use, and land management, which in turn shape both emissions and adaptive
capacity (Riahi et al., 2017a; Hildén et al., 2018). The main features of each SSP scenario are
summarized in Figure X, which illustrates the different global development trajectories and their
implications for mitigation and adaptation. For example, SSP1-2.6 corresponds to a sustainable world
with strong mitigation, while SSP5-8.5 assumes development driven by fossil fuels with limited climate
action.



In this study, we selected scenario—-model combinations that enable a direct comparison between the
RCP and SSP frameworks. For CMIP5, we used RCP2.6 and RCP8.5, while for CMIP6 we used SSP1 2.6
and SSP5 8.5.

In addition to the standard RCP—SSP scenario pairs, the IPSL model was also run under the overshoot
scenario SSP5-3.40S. This scenario assumes a temporary exceedance of a 2°C global warming
threshold before returning to lower temperature levels by the end of the century through aggressive
mitigation efforts. Although SSP5-3.40S is not yet available for GFDL models, it represents an
important addition to fisheries and ecological research, as overshoot trajectories may induce
temporary but severe thermal stress events before long-term conditions stabilise. Understanding such
transient extremes is essential for designing adaptive strategies that account for both short-term
shocks and long-term trends.

This comparative and scenario-diverse approach enables a more nuanced understanding of potential
climate futures and their implications for marine ecosystemes, fisheries, and adaptation planning in the
South Pacific.

A
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Figure 2. Overview of Shared Socioeconomic Pathways (SSPs), highlighting key narrative features
such as policy orientation, inequality, economic growth, and population trends. Adapted from the
IPCC SSP framework.

2.4. Methodogy

2.4.1 Downscaling and Bias Correction Workflow

This study applies a multi-step statistical downscaling and bias correction framework adapted from
Oliveros-Ramos et al. (2025), with several enhancements tailored to the South Pacific context. The
general goal is to produce high-resolution, bias-corrected sea surface temperature (SST) projections
from coarse Earth System Model (ESM) outputs, using a combination of empirical distribution mapping
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and generalized additive models (GAMs). The approach integrates spatial and seasonal covariates to
improve performance in areas with strong coastal gradients and seasonal dynamics, features often
poorly captured by global models.

The downscaling and correction process follows a structured eight-step protocol (Figure 3) :

Step 1 : Data Subsetting
Model outputs are cropped to the geographic area of interest (South Pacific / SPRFMO area) to
reduce computational load and focus on ecologically relevant regions.

Step 2 : Regridding and Harmonization
All model and observational datasets are interpolated to a common spatial resolution of 0.25° x 0.25°,
matching the target observational grid (OI-SST).

Step 3 : Quantile Mapping and Bias Characterization

Quantiles of SST distributions are computed for each pixel in both observed and model datasets. This
approach captures the structure of bias across the entire distribution, not just the mean, allowing for
a more robust correction, especially of extreme values.

Step 4 : Covariate Construction

Spatial and temporal predictors are added to the database. Static variables include bathymetry,
expressed as the logarithm of depth, and distance to the shelf break, which is transformed as the sign
of the distance multiplied by the logarithm of its absolute value, preserving negative values inside the
shelf and positive values outside. Temporal variables include season and month.

Step 5 : Model Training and Cross-Validation

GAM:s are trained using subsets of the data following a spatio-temporal cross-validation scheme. Each
fold is defined to ensure independence in both space and time, limiting overfitting and allowing a fair
evaluation of model skill.

Step 6 : Model Predictions
Once the models were fitted, predictions were generated only on continuous historical and future time
series rather than on quantile distributions.

Step 7 : Model Evaluation and Selection
Models are evaluated using a set of indicators grouped into three categories.

Step 8 : Final Model Fitting and Projection
The best-performing model is retrained on the full dataset and used to generate bias-corrected, high-
resolution SST projections across the full time period and scenario range (same as step 6).



ESM

Historical X2

period OBSERVED

v

0.25°x 0.25° Projections
Time-series

selection

Figure 3. Schematic representation of the statistical downscaling and bias correction workflow, from
data extraction and subsetting to database construction, modelling, prediction, evaluation, and final
production of bias-corrected SST projections. (adapted from Oliveros-Ramos et al., 2025).

2.4.2 Database Construction and Processing

Spatial Subsetting and Harmonization

To reduce computational costs and focus on ecologically relevant areas, all datasets were spatially
restricted to the South Pacific, specifically within the SPRFMO convention area (see Table4). This
subsetting allowed the study to target a complex but coherent oceanic zone, while minimizing
unnecessary processing outside the region of interest.

Because the observational and model datasets originated from different sources and spatial
resolutions, a regridding step was required. All model outputs were interpolated to a common spatial
resolution of 0.25° x 0.25° using bilinear interpolation, aligning them with the observational OI-SST
grid. This harmonization ensured pixel-level comparability between sources, allowing consistent
quantile transformation and modelling procedures across all datasets.

In addition, special care was taken to harmonize longitudinal reference systems. Since some datasets
use a —180° to 180° longitude system and others 0° to 360°, all inputs were converted to a common
frame to prevent spatial mismatches during interpolation, nearest-neighbour searches, and quantile
estimation.

Input Data and Scenario Scope

All Earth System Model (ESM) outputs and observational fields (OISST) were interpolated to a
common 0.25° x 0.25° grid to ensure pixel-level comparability. For bias correction, we used historical
simulations over 1982-2005 (CMIP5) and 1982-2015 (CMIP6), and future projections under
RCP2.6/RCP8.5 (CMIP5) and SSP1-2.6/SSP5-8.5 (CMIP6) (see Table 1 for a summary of input data).
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Dist. to Shelf

i SST (°C Bathymetry (m
Source Model & Period Native # Data (°C) (km) y y (m)
Scenario Resolution Points . . .
Min Max Min Max Min Max

oBS |o1sST 1982- 2022 obzgsox 2088 M -1.80 36.15 -798 5278 -10,315 5685

IPSL-CM5A-LR 3.75° lon x

(historical period) 19822005 7ol 2" gogyy L98 3306 798 5278 -10315 5685

IPSL-CM5A-LR 3.75° lon x 193 33.72

(RePos 55y | 20062100 ol N 2183M Tyl S200 798 5278 10315 5685
CMIP5

GFDL-ESM2M 40, o005 25710NX oot 190 3481 -798 5278 -10.315 5685

(historical period) 2.0° lat

GFDL-ESM2M 2.5° lon x 189 3632

(RCP26 85 20062100 oo Bl 2183M gl jotc 798 5278 10315 5685

IPSL-CMBA-LR 1 ach o014 ~100KM oo oM 202 3512 -798 5278 -10,315 5685

(historical) ocean grid

IPSL-CMBA-LR ~100 km 202 3712

(53P1-26, 585 20152100 CCb R, 1976M 0 397, 798 5278 -10315 5685
CMIP6

GFDL-ESM4 10000014 05°x05° 76.6M -227 3631 -798 5278 -10,315 5685

(historical)

GFDL-ESM4 o 222 3709 ]

(GSPL26 bgg 20152100 05°x05° 1976M 570 Sic -798 5278 -10315 5685

Table 1. Summary of Observational and Model Datasets Used in This Study

Main characteristics of the input data, including period, native resolution, and covariate ranges. All

datasets were regridded to a common 0.25° x 0.25° resolution for analysis.

Quantile Computation and Multi-Temporal Databases

Direct chronological comparison between modelled SST from ESMs and observed SST from OI-SST is

not possible, because the two time-series are not temporally aligned. While modelled outputs

reproduce the seasonal and interannual patterns observed in reality, their time axis represents a

alternative climate trajectory within the model rather than true hindcast. This means that comparing

SST values at each individual time step would be misleading.

To address this, the comparison between modelled and observed SST was carried out in a distributional

framework, using quantiles computed for each grid cell within defined temporal subsets. This approach

ensures that bias correction targets the statistical properties of SST mean, variance, and extremes

without being affected by temporal phase mismatches.

To explore how temporal structure influences SST modelling, three distinct databases were
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constructed. The first was a constant database, in which quantiles were computed for each grid cell
over the entire historical period without temporal stratification, representing a constant bias structure.
The second was a seasonal database, where quantiles were calculated separately for each of the four
climatological seasons (JFM, AMJ, JAS, OND), increasing the size of the dataset by a factor of four. The
third was a monthly database, in which quantiles were computed by calendar month, increasing the
data volume by a factor of twelve while also preserving the cyclic nature of monthly variability.Each
database includes 141 quantiles per pixel, spaced more densely near the distribution tails (0.5th to
99.5th percentile in 0.5% steps), capturing detailed SST distribution shapes. The monthly database also
includes season labels, allowing flexible modelling with both effects (Figure 4).

Lon | LAT | Qt | OBS | ESM [Ibathy|Ishelf

CONSTANT DB

SEASOMAL DB

MONTHLY DB

Figure 4. Structure of the constant, seasonal, and monthly databases, showing the addition of time-
related covariates and changes in dataset size. Adapted from internal presentation.

Covariates

Covariates were added to all databases to account for spatial and temporal heterogeneity in sea
surface temperature. Bathymetry was expressed as the logarithm of depth, while distance to the
continental shelf break was calculated as the shortest distance to the 200-metre isobath and
transformed as the sign of the distance multiplied by the logarithm of its absolute value, resulting in
negative values inside the shelf and positive values offshore.

In addition to these static variables, temporal predictors were introduced in the seasonal and monthly
databases. Season and month were represented either as categorical factors, allowing fixed effects, or
as cyclic smooths to capture gradual transitions over the annual cycle.

Cross-Validation Design

To assess model robustness and avoid overfitting, each database was split into six non-overlapping
folds for spatiotemporal cross-validation. This approach ensured independence in both space and
time: five folds were used for training, and one for testing, rotating through all configurations.
Although cross-validation was initially included in the methodological design, it could not be
implemented in practice due to lack of storage on the full South Pacific domain. As a result, final model
fitting was performed on the complete datasets after CV testing, and a summary of the estimated
storage costs with and without CV is provided in Annex Ill.
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Use of Multi-Database Framework

This framework allowed us to test different hypotheses regarding the role of temporal detail in
downscaling performance. Because the covariate structure was held constant across all datasets, we
could directly assess the added value of seasonal and monthly granularity under identical spatial
conditions. This flexibility is crucial for understanding how temporal dynamics influence the reliability
of bias correction and SST projections.

2.4.3. Statistical Model Design and Implementation

For this study, we focused on a structured family of statistical models derived from Model 4, which
balances interpretability and flexibility. Conceptually, Model 4 represents the statistical relationship
between simulated and observed SST quantiles: it is essentially a regression where the slope of the
predictor (simulated SST) is allowed to vary spatially and temporally. This formulation makes it the
simplest possible bias-correction model while already accounting for key sources of heterogeneity.

The baseline formulation (Model 4.0) includes spatially varying slopes across longitude and latitude,
with a smooth offset term. From this foundation, additional predictors were progressively included:
bathymetry, distance to the shelf break, and their interaction. Temporal stratification was introduced
in two alternative forms, with slopes varying by season (Models 4.1a—d) or by month (Models 4.2a—d).
This incremental structure allowed us to evaluate the contribution of each covariate and temporal
resolution to model skill while maintaining a parsimonious and consistent framework.

Applied systematically across the three database structures (constant, seasonal, monthly), this resulted
in a total of 30 fitted models (5 for the constant database, 10 for the seasonal database, and 15 for the
monthly database). By restricting the analysis to this model family, we emphasize the use of a
transparent, regression-based approach while still exploring meaningful ecological and physical drivers
of SST bias.

More complex nonlinear structures were not retained here but are presented in the Perspectives as

avenues for future work. For clarity, a detailed summary of all model formulations (4.0—4.2 with
covariate variants a—d) is provided in Table 2, with explicit equations and covariate descriptions.
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Model |

Equation

Description

4.0

4.0a

4.0b
4.0c

4.0d

4.1

4.1a

4.1b
4.1c

4.1d

4.2

4.2a

4.2b
4.2c

4.2d

xobs = ag(lon, lat)-x + b(lon,lat)

xobs = ap(lon, lat)-x + b(lon,lat) +f(Ishelf)

xobs = ap(lon, lat)-x + b(lon,lat) +f(lbathy)
xobs = ap(lon, lat)-x + b(lon,lat) +f(Ibathy) +
f(Ishelf)

xobs = ag(lon, lat)-x + b(lon,lat) + f(lbathy) +
f(Ishelf) + f(Ibathy,Ishelf)

xobs = ap(lon, lat, season)-x + b(lon,lat)

xobs = ap(lon, lat, season)-x + b(lon,lat) +f(Ishelf)

xobs = ap(lon, lat, season)-x + b(lon,lat) +f(lbathy)
xobs = ap(lon, lat, season)-x + b(lon,lat) +f(lbathy)
+ f(Ishelf)

xobs = ap(lon, lat, season)-x + b(lon,lat) + f(Ibathy)
+ f(Ishelf) + f(Ibathy,Ishelf)

xobs = ap(lon, lat, month)-x + b(lon,lat)

xobs = ag(lon, lat, month)-x + b(lon,lat) +f(Ishelf)

xobs = ap(lon, lat, month)-x + b(lon,lat) +f(Ibathy)
xobs = ap(lon, lat, month)-x + b(lon,lat) +f(Ibathy)
+ f(Ishelf)

xobs = ag(lon, lat, month)-x + b(lon,lat) + f(Ibathy)
+ f(Ishelf) + f(Ibathy,Ishelf)

Baseline model : Spatially varying slope (ao)
over lon/lat. Captures broad-scale spatial
heterogeneity.

Adds effect of distance to shelf (coastal vs open
ocean)

Adds bathymetry (depth related gradients)
Both shelf + bathymetry = simultaneous
effects)

Same as 4.0c + interaction between shelf and
bathymetry

Seasonal variation in spatial slope (one slope
per season). Extension of 4.0

Seasonal model with additional shelf-distance
effects.

Same as 4.1a but with bathymetry.

Seasonal model combining both bathymetry
and shelf distance.

Seasonal model with both covariates and their
interaction.

Monthly variation in spatial slope (one slope
per month). Extension of 4.0

Monthly model with additional shelf-distance
effects

Same as 4.2a but with bathymetry.

Monthly model combining both bathymetry
and shelf distance.

Most complex model: monthly stratification
plus bathymetry, shelf distance, and their
interaction.

Table 2. Mathematical formulation and interpretation of the 30 variants of Model 4 used in this
study. These models include progressively more complex spatial covariates (bathymetry, shelf
distance, and their interaction) and temporal structures (constant, seasonal, monthly).

Model Naming Convention and Structure

To facilitate systematic comparison, each model was labelled using a standard code that combined the
database type (c, s, or m), the model structure number (4.0, 4.1, or 4.2), and, when relevant, a covariate
suffix (a—d). The database prefix indicated whether quantiles were computed at the constant, seasonal,
or monthly scale. The model number referred to the temporal structure of the slope, with 4.0 denoting
constant slopes, 4.1 seasonal slopes, and 4.2 monthly slopes. Finally, the covariate suffix specified the
progressive addition of bathymetry, distance to the continental shelf, or their interaction. The naming
scheme is summarized in Figure 5.

To optimize computational efficiency, we implemented parallel processing for model fitting. Each
database was processed separately using a dedicated script, and each modelling task was submitted
using 24 cores per run. Within each run, we set nthreads = 4 in the bam() function after initial testing
showed this provided the best trade-off between memory usage and speed. This parallelization
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allowed each model to be fitted across multiple subsets concurrently and significantly reduced
computation time compared to using gam() without parallelization, especially for the monthly
database.

While the exact internal distribution of parallel tasks across folds is handled automatically by bam(),
our tests confirmed that this configuration consistently produced stable and fast results.

Prefix = c < m
DATABASE
Model Number 4 4 4
Seasonality 2 c4.0 s4.0 m4.0
i v eda s4.1 ma.1
. €42 542 m4.2
c4.0a s4.0a m4.0a
Covariates ? c4.0b s4.0b m4.0b
(a:d) c4.0c s4.0c m4.0c
c4.0d s4.0d m4.0d

Figure 5. Model naming convention used throughout the study. Prefixes refer to the database type (c
= constant, s = seasonal, m = monthly), followed by the model number and optional covariate
configuration suffix (a—d).

2.4.4 Model predictions

The prediction stage was adapted to ensure comparability across all database structures (constant,
seasonal, monthly). Instead of predicting quantile distributions directly, an approach initially
considered but computationally prohibitive at the scale of the South Pacific, models were only applied
to the complete historical and future time series for each grid cell. From these predicted time series,
the relevant statistical properties (mean, 5th, and 95th percentiles) were recomputed a posteriori.

These recomputed quantiles provided the necessary inputs for the evaluation indicators, including
residuals, explained deviance, and future bias. This adjustment preserved the statistical basis of the
evaluation framework, ensured that results were comparable across databases, and significantly

reduced both computational costs and storage demands.

2.4.5. Model Evaluation and Selection

Model evaluation was conducted using a structured set of indicators, adapted from Oliveros-Ramos et
al. (2025), and grouped into three categories (Table 3): (A) future bias indicators, (B) residual and
present bias indicators, and (C) explained deviance indicators. These were computed not only across
the full South Pacific but also within ecologically or climatically relevant subregions (e.g., Nifio3.4,
Nifio1+2, shelf vs offshore zones, warm vs cold sectors). This regional breakdown allowed us to detect
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spatial variation in model skill, particularly in sensitive areas such as ENSO hotspots or narrow shelf
systems.

To facilitate understanding of the evaluation framework, schematic maps of some subregions are
provided in Annex V. These maps illustrate the spatial boundaries of each subset (e.g., Nifio regions,
continental shelf, upwelling zones), complementing the indicator definitions presented in Table 3.

Category Indicators Purpose

Future Bias A1-A70 (cold/hot range, mean, spread, change) Test model realism in future SSTs
Residuals & Bias B1-B16 (MAE, asymmetry, tails, Nifio bias) Evaluate fit under observed SSTs
Explained Deviance |C1 + regional subsets (e.g., shelf, ENSO zones)  Assess variance explained

Table 3. Summary of model evaluation indicators by category. For full definitions, spatial coverage,
and equations, see Annex V.

A. Future Bias Indicators

Future bias indicators assess errors under future conditions by comparing corrected projections with
raw ESM outputs. Since no observations exist for the future, these metrics focus on internal
consistency rather than direct fit. They evaluate model reliability under different climate scenarios
(RCP2.6/SSP1-2.6 and RCP8.5/SSP5-8.5), focusing on changes in the range and mean of cold and warm
SST extremes across the global domain, as well as regional biases in Nifio3.4 and Niflo1+2. They also
include scenario deltas, which highlight differences between mitigation and high-emission futures.
Together, these indicators help detect structural overfitting to historical SST and provide insight into
the stability of models when exposed to strong warming or mitigation scenarios.

B. Present Bias and Residual Indicators

Present bias and residual indicators evaluate direct comparisons between corrected models and
observations in the historical period. They capture both global properties such as mean absolute error,
residual range, asymmetry, and conditional tail expectations, as well as regional residuals in Nifio3.4
and Nifio1+2 that emphasize biases and asymmetry in ENSO-sensitive zones. These are true residuals,
since they are based on observed versus simulated SST. Together, they ensure that central tendencies
and distribution tails are represented, while also revealing whether models drift consistently in
sensitive regions.

C. Explained Deviance Indicators

Explained deviance indicators quantify the proportion of variance explained relative to a null model
(mod0.0), providing an overall measure of model skill. They were computed not only for the full dataset
but also for subregions, including cold and warm temperature zones, shallow versus deep waters, shelf
versus open ocean, and key sectors such as the Nifio regions, Australia, and the South American coast.
This approach made it possible to identify models that perform well overall but fail in specific ecological
hotspots, which is particularly important for fisheries applications. For consistency, deviance was
transformed so that a value of 0 represents the best performance and 1 the worst (i.e., 1 — deviance
explained).
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Together, these three categories provide a comprehensive evaluation framework: A tests stability and
plausibility in the future, B measures fit against observations in the present, and C captures variance
explained across scales.

Indicator Normalization and Ranking Procedure

To ensure comparability across indicators of different scale and units, all metrics were first aligned so
that lower values consistently represent better performance. This harmonization avoids contradictory
directions between categories (e.g., some indicators increasing with performance and others
decreasing).

Once aligned and after subsetting them for each ESM, the indicators were normalized using the scale
function, which centers and scales values across models so that they fall within a comparable range
(approximately —2 to 2). This transformation standardizes the relative variation of each indicator
without altering their relative ranking within a given model subset.

Rather than computing a composite score or ranking, the normalized indicators were retained for
multi-criteria evaluation. They were used to generate heatmaps and spatial diagnostics, allowing us to
identify strengths and weaknesses of each model across categories (bias, residuals, explained
deviance).

The full list of indicators, their formulas, units, and spatial definitions is available in Annex V.

2.5. Final Downscaling and Projections

Following the model evaluation and ranking process (Section 2.4.4), the best-performing model from
each database (constant, seasonal, and monthly) was retrained on the full dataset to maximize
information use and statistical power. These final models were then used to produce bias-corrected
SST projections over the full future period (2006—2100).

The bias correction was applied to monthly SST outputs from each selected Earth System Model (ESM),
under the following climate scenarios:

e CMIP5: RCP2.6 and RCP8.5

e CMIP6: SSP1-2.6, SSP5-8.5, and SSP5-3.40S (for IPSL)
The models were applied to each scenario separately using the same spatial and covariate structure
used in training, ensuring consistency between observed and projected domains. Future ESM SST
values were input into the trained models, which returned corrected SST estimates at 0.25° resolution
for each pixel and month.

All predictions were stored in NetCDF format with standardized metadata, compatible with
downstream ecological modelling tools such as Ecospace, or OSMOSE, and formatted to facilitate
mapping, indicator computation, or integration into fisheries risk assessments.
The projections produced include:

e Bias-corrected SST time series (2006—2100) for each ESM x scenario combination,

e Outputs from three modelling strategies (constant, seasonal, monthly) for comparison,
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e Full spatial coverage of the SPRFMO region and surrounding South Pacific zones.
These outputs allow future analyses to explore spatial SST trends, detect extreme events, and compute
indicators of climate vulnerability or ecological risk.
Although this phase focused primarily on SST projections, the downscaling framework developed is
flexible and can be applied to other variables (e.g., salinity, oxygen, pH) if reanalysis data are available.

2.6. Methodological Challenge : Model Comparison and Visualisation

Comparing the performance of 30 statistical models against more than 100 indicators quickly posed a
significant visualization and interpretation challenge. With such a large number of metrics, traditional
approaches such as spider plots became impractical and unreadable. This difficulty was amplified by
the fact that models differed in their covariate structure and temporal formulation (constant, seasonal,
monthly), making direct comparisons even harder.

To address this issue, we reorganized the evaluation framework around heatmaps, which allow
performance to be compactly summarized across indicators, scenarios, and subregions. This
visualization strategy highlights trade-offs between metrics (e.g., bias, residual spread, explained
deviance) and makes it easier to detect anomalous cases that warrant further investigation.

The scale of the South Pacific application also required workflow and memory optimisations, including
parallelisation and modular scripting, which are discussed in Section 4 (“Synthesis of Challenges”,
“Synthesis of Contributions”).

3 Results

3.1 Reduction/ Distribution of the Bias

To illustrate the effect of statistical correction, we first examine spatial bias maps for each ESM
generation. These maps compare raw simulations against two representative downscaling models,
across the 5th, 50th, and 95th quantiles. They provide a spatially explicit perspective on whether
downscaling reduces systematic errors and how these improvements vary across model generations
and quantiles.
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Figure 6. Bias map of GFDL CMIP5 (compares the raw ESM biases with those corrected by two
representative models ;m4.0c and c4.0c; for the 5th, 50th, and 95th quantiles over the historical
period 1981-2005)

GFDL CMIP5 (Figure 6) shows a strong warm bias in the raw simulation, particularly at high quantiles
(Q95), where anomalies exceed +5 °C in parts of the equatorial Pacific. These errors are most
pronounced in ENSO-sensitive regions and eastern boundary upwelling zones, consistent with known
CMIPS5 limitations. Both corrected models (m4.0c and c4.0c) substantially reduce these biases across
quantiles, bringing values close to zero except for localized residuals. Importantly, improvements
extend beyond the mean state (P50) to extremes (Q05, Q95), confirming the value of a quantile-
based approach.
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Figure 7. Bias map of GFDL CMIP6 (compares the raw ESM biases with those corrected by two
representative models ;m4.0 and s4.0c; for the 5th, 50th, and 95th quantiles over the historical
period 1981-2005)

GFDL CMIP6 (Figure 7) already performs better than its CMIP5 predecessor, with reduced basin-wide
warm anomalies, especially at Q95. This reflects advances in model physics and resolution (Dunne et
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al., 2020b). Nonetheless, residual errors persist in equatorial and coastal regions. Downscaling (m4.0
and s4.0c) further improves these fields, effectively correcting both mean and extreme values.
Differences between monthly and seasonal formulations are subtle, aligning with heatmap results
that showed only marginal added value of temporal stratification for this model.
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Figure 8. Bias map of IPSL CMIP5 (compares the raw ESM biases with those corrected by two
representative models ;m4.0d and s4.1c; for the 5th, 50th, and 95th quantiles over the historical
period 1981-2005)

IPSL CMIP5 (Figure 8) displays widespread cold biases, especially at Q05 and P50, with localized warm
anomalies near the eastern boundary. Correction with m4.0d and s4.1c reduces these systematic
errors, but residual anomalies remain in equatorial and coastal regions. Seasonal predictors appear to
offer slight benefits, echoing indicator results that suggested modest gains for IPSL CMIP5 when
seasonality is included.
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Figure 9. Bias map of IPSL CMIP6 (compares the raw ESM biases with those corrected by two
representative models ;m4.1c and c4.0c; for the 5th, 50th, and 95th quantiles over the historical
period 1981-2005)

IPSL CMIP6 (Figure 9) shows clear improvements relative to CMIP5, with weaker cold anomalies and
closer agreement with observations. However, equatorial and nearshore biases remain. Among the
corrected models, c4.0c provides consistently stable results across quantiles, while m4.0 introduces
localized inconsistencies despite correcting some large-scale errors. This highlights that even within
improved CMIP6 models, the stability of statistical correction can vary depending on the formulation.

Taken together, these maps demonstrate three key points: (i) bias correction strongly improves both
mean and extreme SST estimates relative to raw ESMs; (ii) CMIP6 generally outperforms CMIP5 at the
raw stage, reducing the scale of errors before correction; and (iii) downscaling formulations differ in
their stability, with some leaving localized inconsistencies in sensitive regions such as the equator and
coastal upwellings. These observations motivate a more systematic comparison using indicator-based
evaluations, to assess whether visual improvements in maps align with quantitative measures of
performance across regions and scenarios.

Despite the overall improvements, the corrected models still exhibit localized issues. Residual warm
and cold anomalies remain particularly in equatorial ENSO regions (Nifio3.4, Nifio1+2) and along the
Peruvian coast, where strong upwelling makes SST patterns difficult to reproduce. These areas are
ecologically and climatically critical, meaning that even small biases may have disproportionate
consequences for fisheries and ecosystem projections.

Because such differences are not always evident from visual inspection alone, we next turn to a
systematic indicator-based evaluation. The heatmaps presented in Section 3.2 quantify model skill
across bias categories (future errors, present residuals, explained deviance) and across regions,
allowing us to test whether the visual improvements seen in the maps are consistent, robust, and
ecologically meaningful.
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3.2 Indicator-Based Evaluation

The bias maps highlighted strong large-scale improvements after correction, but also persistent bias
in ENSO regions and upwelling zones. To analyse these differences more systematically, we used
indicator heatmaps (Figure 10). For readability, we grouped the indicators into three categories: A
(future bias errors, by subset: all, q05, q95, Nifio3.4, Nifio1+2), B (residuals, present vs observations),
and C (unexplained deviance).
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Figure 10. Heatmap of indicators for GFDL CMIP5 Earth System Model

Because the full heatmaps are dense, we interpret them here through three complementary “levels
of reading”: (i) the role of covariates, (ii) the effect of database structure, and (iii) the added value of
seasonality in the correction formula. The complete set of heatmaps is provided in Annex VI.
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The role of covariates
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Figure 11. Zoom on Heatmap of indicators for GFDL CMIP5 Earth System Model

Looking first at the role of geographic covariates, the full heatmap (Figure 10) shows that
performance varies strongly depending on whether bathymetry or shelf-related predictors are
included. To clarify this effect, we zoomed on the indicator A Nifio1+2 subset (Figure 11), which is
particularly sensitive to equatorial and coastal biases. The zoom reveals that the best-performing
formulations are those including distance to the continental shelf (covariate set a), with further
improvements when combined with bathymetry (set c). By contrast, models using only bathymetry
(b) or the full interaction between shelf and bathymetry (d) consistently perform worse.

This first level of analysis indicates that distance to the shelf break is a key predictor for improving
statistical correction, particularly when combined with bathymetry, while more complex interaction
terms tend to introduce instability.
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Figure 12. Zoom on Heatmap of indicators for GFDL CMIP6 Earth System Model

An additional nuance emerges when comparing different A-type indicators (Figure 12). While
covariates such as shelf distance and bathymetry often improve average bias metrics (e.g. A4, A5),
their effect is less consistent for worst-case indicators (A6, A7). In several cases, the inclusion of
covariates reduces the mean magnitude of outliers but simultaneously introduces localized
instabilities, which worsen the maximum residuals detected by A6—A7. This discrepancy highlights the
trade-off between optimizing overall model stability and minimizing extreme deviations.

From a practical perspective, this means that the choice of covariates, and more broadly, of “best”
models, depends on the intended application. If the objective is to reduce mean bias across the
basin, geographic covariates provide clear benefits. However, if the priority is to avoid large localized

-21-



errors that could drive ecological thresholds, simpler models may sometimes be preferable. This
reinforces the idea that indicator selection should be aligned with research objectives: whether the
focus is on average conditions or on extremes that can trigger ecological impacts.

The effect of database structure
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Figure 13. Zoom on Heatmap of indicators for GFDL CMIP5 Earth System Model

The second level of interpretation concerns the impact of database stratification (constant vs
seasonal vs monthly). The full heatmaps show that simply splitting the database into seasonal (s4.0)
or monthly (m4.0) subsets rarely improves performance relative to the constant database (c4.0). In
some cases, stratification even degrades results (Figure 13), particularly in ENSO-sensitive regions.
This pattern suggests that, in models such as GFDL CMIP5 and IPSL CMIP5, the raw seasonal cycle is
not sufficiently well captured by the ESMs to benefit from stratification alone.

However, a closer look reveals that for nearly every red line (poor score) in the constant-database
models, performance improves when the database is stratified, and the best scores are often found in
the monthly database formulations. This is especially visible for type A indicators, where structuring
the data by month (or season) captures certain aspects of variability more effectively. In particular,
constant models perform poorly for minimum SST indicators (A3, A5, A7), which are biologically
critical extremes, while stratified models better represent these conditions. Similarly, residuals remain
high in ENSO subsets (B indicators) and unexplained variance is elevated outside those zones (C
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indicators), confirming that constant-database models are insufficient to capture the complexity of
South Pacific variability.

In other words, database stratification alone is not a guarantee of improvement, but it can add

meaningful information for extremes and ENSO-sensitive dynamics, with monthly stratification often
providing the clearest gains.

The added value of seasonality in the correction formula
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Figure 14. Heatmap of indicators for GFDL CMIP6 Earth System Model

The third level of interpretation examines whether including seasonality directly in the correction
function improves performance. To explore this, we focused on CMIP6 results (Figure 14), where the
raw ESMs already capture the seasonal cycle more realistically than CMIP5. Zooms on ENSO regions
(Nifio3.4, Nifio1+2) and on distribution tails (Q05, Q95) confirm that models explicitly including
seasonality as a covariate (s4.1, m4.1, m4.2) often outperform their counterparts based only on
database stratification (s4.0, m4.0). These formulations tend to reduce errors in extreme quantiles
and improve stability in ENSO-sensitive regions, both of which are critical for ecological applications.

However, the gains remain heterogeneous, and their impact depends on the indicator family
considered. In several cases, seasonal models improve the representation of extremes and ENSO
subsets (higher A scores) but do so at the expense of overall deviance explained (lower C scores).
Conversely, models that maximize deviance explained may leave substantial residual errors in
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extremes or sensitive regions. This creates a clear trade-off between correcting future bias errors (A)
and optimizing global model fit (C).

Overall, this third level of reading suggests that including seasonality in the formula can bring added
value, especially for newer ESM generations such as CMIP6, where seasonal dynamics are better
resolved. Yet, the effect is context-dependent and does not remove the need for spatial diagnostics.
In practical terms, a model with excellent deviance scores but poor ENSO correction may not be
ecologically reliable, while a model that reduces extremes but explains less variance globally may still
be valuable for fisheries-focused applications where thermal thresholds drive impacts.

Therefore, no single formulation emerges as universally optimal across all indicators. The choice of a
“best” model depends on the intended application: models emphasizing extremes and ENSO may be
preferable for ecological risk assessments, whereas those maximizing explained deviance may be
more suitable for general climate projections. This trade-off justifies complementing indicator
heatmaps with spatial bias maps, which provide a direct view of where residual errors remain and
whether they overlap with ecologically critical areas.

3.3 Best model?

At this stage, it is difficult to single out a “best” model across the ensemble. With 30 candidate
structures and over a hundred indicators, visualization remains a key challenge: while heatmaps
highlight relative strengths and weaknesses, they do not provide a straightforward way to rank or
classify models in a consistent manner. This limitation will be discussed further in Section 4, where
we consider possible strategies for model grouping or selection.

Rather than attempting to force a final choice here, we turn to complementary diagnostics : time-
series comparisons, to specifically assess how downscaling affects long-term SST trajectories under
different climate scenarios. These plots provide a more intuitive view of whether correction schemes
align historical simulations with observations and how they propagate into future projections.

3.4 Time series

While indicator heatmaps and bias maps provide insight into spatial patterns and model
performance across categories, they do not show how corrections affect the temporal evolution of
SST. To address this, we next compare time series of non bias-corrected and bias-corrected SST for all
selected ESMs under two climate scenarios: RCP2.6/SSP1-2.6 (strong mitigation) and RCP8.5/SSP5-
8.5 (high emissions). For consistency, the same statistical model was applied across all ESMs,
allowing differences between scenarios and model generations (CMIP5 vs. CMIP6) to emerge more
clearly.

These plots serve two purposes: first, to check whether bias correction successfully aligns the
historical period with observations, and second, to highlight how future SST trajectories diverge
under mitigation versus high-emission pathways. This temporal perspective complements the
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indicator- and map-based diagnostics by showing how differences in bias correction propagate
through time.
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Figure 15. Time series of SST (IPSL CMIP5) for the South Pacific from 1982 to 2100, comparing
observed OISST, raw ESM simulations (historical and future under RCP2.6 and RCP8.5), and
downscaled projections.

The time series (Figure 15) illustrates the impact of statistical downscaling and bias correction for IPSL
CMIPS5 across the historical and projected periods. The raw IPSL simulation (black) shows a
pronounced warm bias relative to observations (red), with historical SSTs consistently overestimated.
The corrected historical series (orange) substantially reduces this offset, aligning the climatological
baseline much more closely with observations.

It is important to note that corrected simulations cannot reproduce the exact year-to-year observed
variability, since ESM historical runs represent internally generated “fictive” timelines. Comparisons
are therefore valid in terms of statistical properties (mean, variance, extremes) rather than exact
chronology.

The corrected projections (blue: RCP2.6, green: RCP8.5) retain alighnment with the observed baseline
while diverging strongly depending on the emissions pathway. Although the corrections appear
modest in absolute terms, even shifts on the order of 1 °C are ecologically significant: many marine
species show nonlinear responses near thermal thresholds, with consequences for recruitment,
distribution, and life-history processes (Johansen et al., 2024; Lindmark et al., 2022).

Interestingly, the bias structure is not the same across modelling centres: while IPSL CMIP5 is too
warm, GFDL CMIP5 (shown in Annex VII) is systematically too cold in the historical period. These
opposite raw biases highlight the importance of comparing multiple ESMs and correcting them before
use in ecological applications.
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This figure underlines the dual role of downscaling: correcting systematic model biases in the
historical baseline, and ensuring that projected warming trajectories are framed against ecologically
meaningful reference conditions.
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Figure 16. Time-series for GFDL CMIP6 ESM (historical + future scenario) raw and downscaled
projections.

In contrast to the strong warm bias seen in IPSL CMIP5, the CMIP6 version shows markedly reduced
historical errors (Figure 16), with raw simulations already closer to observations. Bias correction
therefore requires smaller adjustments, and the corrected trajectories remain more stable through
time. Under RCP2.6/SSP1-2.6, SST increases moderately before stabilizing after mid-century, whereas
under RCP8.5/SSP5-8.5, a steep upward trend persists. The clearer alignment of IPSL CMIP6 with
observations highlights the generational improvement between CMIP5 and CMIP6 and demonstrates
how newer models provide a more robust foundation for statistical downscaling.
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Figure 17. Time series of sea surface temperature (SST) for the South Pacific from 1982 to 2100,
comparing observed OISST and all ESM downscaled projections (historical and future under
RCP/SSP2.6 and RCP/SSP8.5) for model c4.0c.

Figure 17 presents the aggregated downscaled time series for all ESMs. Under RCP2.6/SSP1-2.6, SST
increases moderately before stabilizing after mid-century, with models converging toward a narrow
band. This stabilization illustrates the potential of strong mitigation to limit warming, although
ecosystems remain exposed to sustained pressure compared to the historical baseline. In contrast,
under RCP8.5/SSP5-8.5, SST rises steeply throughout the century, diverging by several degrees
relative to the low-emission case by 2100. Model spread also increases, reflecting larger uncertainty
under high warming. This trajectory pushes South Pacific SST far outside its historical envelope,
amplifying risks such as coral bleaching, fish distribution shifts, and declines in fisheries yields.

Although the numerical corrections appear modest (often <1 °C), these differences are ecologically
significant. Marine fish and invertebrates exhibit strong thermal sensitivity, with nonlinear responses
of metabolism, growth, and recruitment near threshold temperatures (Johansen et al., 2024;
Lindmark et al., 2022). The corrected projections therefore provide a more realistic baseline against
which to assess ecological vulnerability.

The comparison between IPSL and GFDL further highlights the importance of model generation. In
CMIPS5, IPSL simulations are systematically too warm in the historical period, while GFDL simulations
are too cold. These opposite biases propagate into the future, complicating direct scenario
comparisons and making raw outputs unsuitable for ecological analyses.
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By contrast, CMIP6 shows clear improvements. Historical SSTs are much closer to the observed
climatology, reducing the correction needed and producing more stable projections. This is
particularly evident for IPSL CMIP6 (Figure 17), where downscaled historical SST aligns closely with
observations, and future trajectories remain consistent with scenario expectations. For GFDL CMIP6
(see Annex VII), improvements are also visible, although some discrepancies remain in the
representation of the seasonal cycle.

These results confirm that bias correction is more effective when applied to newer ESM generations,
as the raw inputs already provide a realistic climatological baseline. At the same time, differences
between modelling centres persist even within CMIP6, underlining the importance of using multiple
ESMs rather than relying on a single source for regional climate assessments.

4 Discussion

Synthesis of Challenges

The scale of this project, covering the entire South Pacific, multiple climate scenarios, and large SST
databases, required several workflow adaptations to make the analysis feasible on HPC infrastructure.
Many computational challenges only became apparent after moving from the small, localised domain
used during the initial methodology familiarisation phase to the full South Pacific domain. The larger
domain greatly increased data volume, spatial heterogeneity, and processing time, exposing
bottlenecks in RAM usage, I/O speed, and model storage that were not encountered at smaller scales.
The most significant of these were:

e Memory-efficient processing : Removing intermediate objects (rm(), gc()), subsetting datasets
in chunks, and avoiding unnecessary storage of large temporary files.

e Parallelized GAM/BAM fitting : Using bam() with nthreads = 4 and distributing subsets across
24 cores to dramatically reduce runtime (Oedekoven et al., 2023), with gam() used only when
necessary for null models.

e Model object compression : Implementing a compact gam() function to strip unnecessary
elements from fitted models, reducing .rds size by up to two orders of magnitude.

e Switch from CSV to Parquet (arrow package): Using a compact, compressed columnar format
for climate datasets, reducing file size, speeding up read/write operations, and allowing
selective loading of variables (Abdelaziz et al., 2024).

e Modular and reproducible code structure : Standardizing naming conventions, separating
scripts by workflow stage (import, processing, fitting, evaluation), and ensuring traceability
across all models and scenarios.

e Storage space limitations : Unlike RAM or runtime, which could be managed with workflow
optimisations, storage space remained a hard limitation (Schnase et al., 2016). The size of the
South Pacific domain and the need to run multiple model variants generated terabytes of
outputs, preventing us from systematically storing cross-validation runs and quantile
predictions.

While most of the above challenges were addressed through workflow optimisation, the storage issue
required a methodological adjustment (Schnase et al., 2016). Specifically, predictions were carried out
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on full time series rather than on quantiles, with quantiles recomputed a posteriori for indicator
evaluation. This change ensured comparability across databases while reducing storage demands to a
manageable level.

Full descriptions, implementation details, and performance gains for each of these strategies are
provided in Appendix VII.

Synthesis of Contributions
This study advances statistical downscaling and bias correction for marine climate applications in the
South Pacific through the following contributions:

e Adaptation of an existing downscaling framework ; The methodology of Oliveros-Ramos et
al. (2025) was adapted to the South Pacific, a geographically complex and data-sparse region
dominated by small islands, steep bathymetry, and diverse oceanographic conditions.

e Integration of seasonal predictors : Seasonal and monthly predictors were incorporated into
the modelling framework to explicitly evaluate the added value of temporal structure in bias
correction, enabling systematic comparison of models with varying temporal granularity.

e Model comparison across CMIP generations : Paired models from CMIP5 and CMIP6 (IPSL
and GFDL) were used to directly assess progress between model generations, providing
evidence on whether newer ESMs offer measurable improvements for regional-scale
applications.

o Application to fisheries-relevant climate indicators : A tailored suite of indicators was
developed to evaluate model performance with a focus on metrics directly relevant to
fisheries management, such as shifts in extreme SST events and biases in key ecological
regions (e.g., Nifio boxes, coastal areas).

By combining these methodological advances, the study delivers high-resolution, bias-corrected SST
projections tailored to the South Pacific. These outputs provide fisheries managers and other
stakeholders with actionable information on where and when critical thermal thresholds may be
exceeded, helping to anticipate shifts in fish distribution, identify areas at risk of stock decline, and
design spatially targeted adaptation and conservation strategies (Hobday et al., 2018). This aligns with
recent efforts to integrate climate scenarios into fisheries and aquaculture management (Hollowed et
al., 2025), underlining the value of downscaled SST products as operational inputs for developing
climate-informed strategies in marine resource governance.

Challenges in model identification

A central difficulty highlighted by this study is the challenge of identifying a single “best” model. With
103 indicators evaluated across 30 model structures, no candidate consistently outperformed the
others across all categories and regions. Some models showed strong results for broad-scale indicators
but weaknesses in ENSO-sensitive zones, while others performed well in Nifio regions but introduced
residual biases elsewhere. This heterogeneity reflects both the complexity of the South Pacific domain
and the limitations of individual indicators, which often emphasize different aspects of model skill.
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Rather than selecting one optimal model, our results underscore the need for multi-criteria
evaluation frameworks and complementary diagnostics (heatmaps, bias maps, time series) that can
highlight trade-offs. This approach provides a more transparent view of strengths and weaknesses,
and it avoids the pitfalls of over-reliance on a single ranking metric. Future work could explore formal
strategies for model classification or weighting, but for now the main outcome is a framework that

helps reduce the model space while retaining flexibility for ecological applications.

An additional implication is that the choice of indicators must be explicitly aligned with the goals of a
study. Our results show that models performing well on average bias indicators (e.g. A4—A5) do not
always achieve the best scores on extreme or worst-case metrics (A6—A7), and vice versa. This means
that selecting a “best” model depends not only on technical performance but also on the intended
application: global climate analyses may prioritize explained variance and mean errors, while
fisheries or ecological risk assessments may require a stronger emphasis on extremes and ENSO-
sensitive regions. Recognizing this trade-off is essential for tailoring downscaling outputs to the
specific needs of end-users.

Perspectives

Other model implemetation

Beyond the restricted set of Model 4 variants implemented in this study, the broader downscaling
framework originally developed by Oliveros-Ramos et al. (2025) allows for a much wider exploration
of model structures. To illustrate the potential of this framework, Table 4 presents the full catalogue
of candidate models, ranging from simple linear corrections to more complex formulations including
nonlinear corrections, interaction terms, and higher-order spatial effects. These models were not
applied here due to computational and storage constraints, but they remain part of the methodological
roadmap. With the covariates and seasonality variations it would have taken us rom 30 to 216 models.
Their inclusion highlights clear avenues for future research, where expanded model spaces could be
systematically tested to evaluate trade-offs between parsimony, flexibility, and predictive accuracy.

Bias structure study

A perspective for future work would be to study the structure of the bias itself before engaging in
large-scale model fitting. Exploring how biases vary spatially, temporally, and across covariates could
help identify systematic patterns in the raw ESM—-observation differences. Such an analysis might
allow the pre-selection of the most relevant model structures, thereby reducing both computational
cost and storage requirements by avoiding redundant model testing. Implementing this strategy
would require a dedicated methodological effort focused on bias characterization, which was beyond
the scope of this study, but could ultimately lead to more efficient and targeted downscaling
pipelines.

Modelling domain variation

Another perspective concerns the definition of the modelling domain. In this work, the South Pacific
was treated as a single coherent region, which allowed for basin-wide coverage but inevitably
reduced the capacity to capture fine-scale patterns. The results confirmed that model skill is not
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uniform across the domain: some models performed well at large scale but struggled in ENSO-
sensitive regions (e.g., Nifio regions), while others corrected biases locally but introduced
inconsistencies elsewhere. This heterogeneity, combined with the large number of indicators (103)
and model structures (30), made it difficult to identify a single “best” model and highlighted the
importance of multi-criteria evaluation.

An alternative strategy would be to subdivide the domain into smaller, ecologically or climatically
relevant subregions. For example, ENSO regions, the Peruvian upwelling system, or island-rich areas;
and either combine these together afterwards or focus corrections specifically where performance is
weakest. Such a subregional approach could balance local accuracy in complex nearshore
environments with the large-scale coherence required for basin-wide projections. A first illustration
of this strategy is provided in Annex VIII, which shows a proposed subdivision of the Pacific into
distinct zones, developed in parallel by another intern project.

Model visualization and selection

Another important challenge concerns the visualization and selection of models. With 30 model
structures and 103 indicators, identifying a single best candidate remains difficult. Heatmaps
provided a useful way to summarize this large amount of information, making trade-offs and
anomalies more visible. Although widely used in other fields (such as genetics and molecular biology,
where they support the classification of DNA sequences) heatmaps have rarely been applied to
statistical downscaling in climate sciences. Future work should therefore explore complementary
approaches, such as ranking procedures, clustering, or dendrograms, to better structure model inter-
comparisons and move toward systematic selection strategies.

Overshoot scenarios as a priority for future work

Finally, while overshoot scenarios such as SSP5-3.40S were secondary and optional in CMIP6 derived
simulation workflows, they have been made principal scenarios in CMIP7, reflecting the growing
recognition of their importance in understanding long-term climate trajectories. Overshoot pathways
are particularly relevant because they capture futures where global temperatures temporarily exceed
a critical threshold (e.g., 1.5 °C or 2 °C) before returning to lower levels, allowing assessment of both
the impacts during the overshoot and the potential for recovery. These scenarios may be among the
most informative for fisheries and ecosystem-based management, as they combine the short-term
risks of extreme warming with the long-term potential for adaptation or regeneration. Extending
statistical downscaling efforts to a broader range of overshoot scenarios, and over their longer
temporal horizons, would provide a more complete picture of future risks and resilience for South
Pacific marine systems.
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Model | Equation

Description

0.0

0.1

0.2

1.0

1.1

1.2

2.0
2.1

2.2

3.0

3.1

3.2

4.0

4.1

4.2

5.0

5.1

5.2

6.0

6.1

6.2

7.0

7.1

7.2

xobs =x + bo

xobs = x + f(season) + bo
xobs = x + f(month) + bg
xobs =x + b(...)

xobs = x + f(season) + b(...)
xobs = x + f(month) + b(...)

xobs = a;'x + b(...)
xobs = an(season)-x + f(season) + b(...)

xobs = an(month)-x + f(month) + b(...)

xobs = an(x) + b(...)

xobs = an(x) + an(season)(x) + f(season) + b(...)
xobs = an(x) + an(month)(x) + f(month) + b(...)

xobs = ag(lon, lat)-x + b(...)

xobs = ap(lon, lat, season)-x + b(...)

xobs = ap(lon, lat, month)-x + b(...)

xobs = ag(lon, lat)-x + an(x) + b(...)

xobs = ap(lon, lat, season)-x + an(x) + b(...)
xobs = ap(lon, lat, month)-x + au(x) + b(...)

xobs = am(lon)x + agaz(lat)-x + b(...)

xobs = api(lon, season)-x + apz(lat, season)-x +

b(...)

xobs = am(lon, month)-x + ao(lat, month)-x +

b(...)

xobs = (ay + az:lon + asz-lat)-x + b(...)

xobs = (an + azlon + as-lat + asg-season +
ass-lon-season + aje-lat-season)-x + b(...)
xobs = (ay; + a2 lon + asz-lat + a;g-month +
assrlon‘month + aje:lat-month)-x + b(...)

Global mean bias correction (null model); bo is a
constant offset.

Same as 0.0, but bias varies by season; by is a
constant.

Same as 0.0, but bias varies by month; b is a
constant.

Smooth spatial mean bias correction; b is a
smooth function of lon/lat.

Same as 1.0, with an added fixed seasonal effect
(season as factor).

Same as 1.0, with an added fixed monthly effect
(month as factor).

Global linear correction; as is a constant slope.
Season-specific slope and intercept; captures
seasonal amplitude and mean variation.
Month-specific slope and intercept; captures
monthly amplitude and variation.

Global non-linear correction; a;; is a smooth
function of x.

Adds season-specific smooth corrections.

Adds month-specific smooth corrections.
Spatially varying slope (ao) over lon/lat; b is a
smooth offset.

Seasonal variation in spatial slope (one slope per
season).

Monthly variation in spatial slope (one slope per
month).

Spatially varying slope (4.0) plus global non-linear
correction.

Adds seasonal variation to spatial slope (as in 4.1)
plus non-linear term.

Adds monthly variation to spatial slope (as in 4.2)
plus non-linear term.

Additive spatially varying slope components (lon
and lat treated separately).

Adds seasonal variation to each slope
component.

Adds monthly variation to each slope component.

Additive linear slope correction using lon and lat
as fixed effects.

Adds seasonal interactions with lon and lat;
captures seasonal spatial gradients.

Adds monthly interactions with lon and lat;
captures monthly spatial gradients.

Table 4. Mathematical formulation and interpretation of the 25 statistical model structures used in

this study. Models include varying levels of complexity in bias correction: global vs. spatial, linear vs.

non-linear, and temporal structures (seasonal/monthly) either as fixed effects or smooth

interactions.
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5 Conclusion

This study developed and tested a statistical downscaling and bias correction framework for sea
surface temperature (SST) in the South Pacific, comparing CMIP5 and CMIP6 models across multiple
database structures and covariates (Annex VI). With 30 models and 103 indicators, the analysis
demonstrated that no single configuration consistently outperformed the others: strengths in one set
of indicators or regions often came at the cost of weaknesses elsewhere. In other words, one size does
not fit all. This reflects both the diversity of climatic regimes in the South Pacific and the fact that
indicator choice shapes which models appear most skilful.

A key implication is that model evaluation must be goal-dependent. Indicators optimized for mean bias
may not align with those targeting extremes, and the “best” model will differ depending on whether
the focus is global climate diagnostics or fisheries-oriented risk assessments. This reinforces the need
for flexible, multi-criteria frameworks rather than a single ranking, and for tailoring evaluation to the
specific priorities of end-users.

A promising direction is therefore to build smaller, subregion-focused models. For example, targeting
ENSO hotspots, the Peruvian upwelling system, or island-rich areas and later merging them into a
basin-wide ensemble. Such an approach would capture the ecological and climatic specificities of each
area while still providing coherent projections at the scale needed for management bodies like the
SPRFMO.

In this context, future climate scenarios, particularly overshoot pathways now prioritized in CMIP7,
add urgency. These scenarios, where global temperatures temporarily exceed thresholds such as +1.5
°C or +2 °C before declining again, are likely to produce short but intense shocks. For fisheries, the
spatial unevenness of these shocks means that regionalized models are especially valuable: they allow
us to identify where impacts will be most acute, where recovery may be possible, and how
management strategies should be adapted at both local and basin scale.

By combining regional tailoring with expanded scenario coverage, statistical downscaling can provide
fisheries and conservation actors with the fine-scale, ecologically relevant climate information needed
to anticipate risks, plan adaptation, and safeguard the resilience of South Pacific marine systems.
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Appendices

Appendix I. Effect of climate change on fish stocks/niche
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Appendix Il. Information about SSP scenarios
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Figure Al. Typology of Shared Socioeconomic Pathways (SSPs) plotted by socio-economic challenges
for mitigation (y-axis) and adaptation (x-axis). (Riahi et al., 2017b)
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Figure A2. Simplified workflow from SSP narratives through emissions scenarios and Earth System
Models (ESMs) to climate output data. (ClimateData.ca, s.d)
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Appendix lll. Area of application of the SPRFMO Convention (SPRFMO, s.d)
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Appendix IV. Estimated cost of Cross-Validation

. Folds Total fitted Prediction Size per bundle Total prediction

Scenario bundles per
(k) models (4 ESMs) storage
model

No CV (all 30 1,500 GB
models) 1 30 1 150GB (1.5TB)
6-fold CV (all 9,000 GB
models) 6 180 1 per fold 150 GB (9.0 TB)
12-fold CV (all 18,000 GB
models) 12 360 1 per fold 150 GB (18.0 TB)

Note. The totals shown reflect prediction files only (historical + future per ESM). They exclude fitted
model objects (~1 GB each), cross-validation diagnostics, logs, intermediate tiles/chunks, and the
input databases themselves. In practice, end-to-end storage would therefore be substantially larger
than the figures reported here.

-42 -



Appendix V. Complete table of indicators (A) + regional subset maps (B + C)

Indicator Range Description

A. FUTURE INDICATORS

Indicators A type

Al:overlap [0, 1] Overlap of the range between future and present bias
A2 : pmax R Number of values outside the range (max SST)

A3 : pmin R Number of values outside the range (min SST)

A4 :cte_max R Average value outside of range (max SST)

A5 :cte_min R Average value outside of range (min SST)

A6 : omax R Same as A4 but taking worst value

A7 :omin R Same as A5 but taking worst value

Subsets of indicator A

Al-A7 For all quantiles

A8-Al4 For quantiles 0.5 and below
Al15-A21 For quantiles 9.5 and above
A22-A29 For El Nifio3.4

A30-35 For El Nifio1+2

B. RESIDUAL INDICATORS

Present error Indicators

B1 [0, ©) Mean absolute error (MAE) between predicted and observed SST across
the full domain. Measures overall fit.

B2 R* Range of residuals (max — min) across the full domain.

B3 [-1, 1] Mean sign of residuals, indicating global bias asymmetry (over- vs
underestimation).

B4 R Conditional Tail Expectation (CTE) between Q95 and Q05.
B5 R CTE between maximum and minimum residuals.
B6 [0, o) MAE of Q05.
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B7 [0, 0) MAE of Q95.

Residuals and biases in Nifio regions

B8 [0, o0) MAE in Nifio3.4 region.

B9 [0, o) MAE in Nifio1+2 region.

B10 R Residual asymmetry (mean positive — mean negative residuals) across the
full domain.

B11 R Residual asymmetry in Nifio3.4 region 5mean pos — mean neg)..

B12 R Residual asymmetry in Nifiol+2 5region mean pos — mean neg)..

B13 R Mean bias in hot extremes (min) in Nifio3.4 (present).

B14 R Mean bias in cold extremes (max) in Nifio3.4 (present).

B15 R Mean bias in hot extremes (min) in Nifiol+2 (present).

B16 R Mean bias in cold extremes (max) in Nifiol+2 (present).

C. EXPLAINED DEVIANCE

C1 [0,1] Deviance explained, full dataset.

C2 [0,1] Deviance explained, coldest pixels.
C3 [0,1] Deviance explained, warmest pixels.
C4 [0,1] Deviance explained, shelf regions.
C5 [0,1] Deviance explained, open ocean.

C6 [0,1] Deviance explained, shallow waters.
C7 [0,1] Deviance explained, deep waters.

C8 [0,1] Deviance explained, Nifi03.4.

C9 [0,1] Deviance explained, Nifiol1+2.

C10 [0,1] Deviance explained, outside Nifio3.4.
C11 [0,1] Deviance explained, outside Nifio1+2.
C12 [0,1] Regional deviance: Australia.

C13 [0,1] Regional deviance: South America.

A : Complete table of Indicators

-44 -




~ Zone Nifio3.4

bt
= " i )
- .- ' [ ] ; Zone Nifio1+2
: /" .

B : EL Nifo zones (for indicators subsets)

Open ocean

r ' ' Shelf
b -

C : Open Ocean vs shelf zones (for indicators subsets)

Shelf

-45 -



Appendix VI. Heatmaps for IPSL ESM (CMIP5 and CMIP6)
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Figure A. Heatmap of indicators for GFDL CMIP6 Earth System Model
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Figure B. Heatmap of indicators for GFDL CMIP6 Earth System Model
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Appendix VII. Time-series for model c4.0c for all ESM and CMIP variations + overshoot scenario (IPSL
CMIP6)

Downscaled ESM
Downscaled RCP2.6
Downscaled RCP8.5
ESM (raw)
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Figure A. Time-series for IPSL CMIP5 ESM (historical + future scenario) raw and downscaled
projections.
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Figure B. Time-series for IPSL CMIP6 ESM (historical + future scenario) raw and downscaled
projections.
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Figure C. Time-series for GFDL CMIP5 ESM (historical + future scenario) raw and downscaled

projections.
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Figure D. Time-series for GFDL CMIP6 ESM (historical + future scenario) raw and downscaled

projections.

-48 -




Historical (downscaled) = Overshoot (SSP5-34.08) =~ RCP26 — RCP85
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Figure E. Time-series for IPSL CMIP6 ESM (historical + future scenario + overshoot) downscaled
projections.
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Appendix VIII. Technical Strategies for Large-Domain Statistcal Downscaling

L. Benefit /
Strategy Description Why It Was Needed .
Performance Gain
Memory- ) ) . Prevented crashes,
. Removed intermediates (rm(), |[Full South Pacific datasets
efficient . allowed runs to
. gc()), used chunked loading. saturated RAM. .
processing finish.
Parallelized Used bam() with nthreads=4, 24 |Seasonal/monthly models .
) . Reduced runtime to
GAM/BAM cores per run; gam() only for otherwise required several
. a few hours.
fitting null model. days.

Model object
compression

Custom compact_gam()
stripped environments and
fitted values.

Default GAM objects >1 GB
each.

5-10x smaller files,
feasible storage.

CSV files were too

3—6x smaller, 2—5x

reproducible

scripts by step, consistent

made tracking outputs

Switch from  |Stored data in compressed, )
large/slow to reload faster 1/0, selective
CSV to Parquet|columnar Parquet format. )
repeatedly. loading.
Modular and |Standardized naming, split Lots of models x datasets |[Improved

traceability and

workflow covariates. messy. comparison.
- . . Faster execution,
Avoiding Replaced with data.table or dplyr was slower, high RAM
. P , lower memory
tidyverse/dplyr| base R for joins/filtering. use for multi-GB SST data.

footprint.
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Appendix IX. Possible delimitation for smaller and more regional models proposed by a fellow intern

project.

PNG
Papua New Guinea

POI
Pacific. Ocean Islands

Temperate South West

150°E

160°W
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Résumé :

Nous avons développé un cadre de descente d’échelle statistique et de correction de biais, adapté des travaux
de Oliveros-Ramos et al. (2025), afin de transformer les sorties de température de surface de la mer (SST) issues
des Earth System Models (ESMs), disponibles en basse résolution, en projections régionales haute résolution
(0,25° x 0,25°) pour le Pacifique Sud. La méthodologie combine le quantile mapping, la modélisation spatio-
temporelle a I'aide de Modeéles Additifs Généralisés (GAMs), et la validation-croisée, en intégrant des covariables
environnementales ainsi que des prédicteurs saisonniers pour améliorer la précision. Les sorties des ESMs ont
été évaluées par rapport au jeu de données observationnel Optimum Interpolation SST (OI-SST), couvrant les
périodes historique et future dans le cadre des ensembles CMIP5 et CMIP6, et sous différents scénarios de type
Representative Concentration Pathways (RCPs) et Shared Socioeconomic Pathways (SSPs).

La performance des modeles a été évaluée a 'aide d’indicateurs adaptés, mesurant la persistance des biais, la
structure des résidus et la déviance expliquée dans les climats présent et futur. Les résultats mettent en évidence
I'influence des structures temporelles (constante, saisonniére, mensuelle) et de la complexité des covariables
sur la robustesse des modeles, tout en révélant des différences entre générations successives de CMIP dans la
reproduction de la variabilité de la SST dans le Pacifique Sud. Le cadre proposé a permis d’identifier les stratégies
de correction de biais les plus efficaces a I'échelle subrégionale, produisant des projections SST corrigées et a
haute résolution. Ces produits constituent des entrées environnementales essentielles pour les applications
écologiques et halieutiques, permettant une prise de décision spatialisée et informée par le climat dans un
contexte de réchauffement et de variabilité océaniques.
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Abstract :

We developed a statistical downscaling and bias correction framework, adapted from Oliveros-Ramos et al.
(2025), to transform coarse-resolution sea surface temperature (SST) outputs from Earth System Models (ESMs)
into high-resolution (0.25° x 0.25°) regional projections for the South Pacific Ocean. The methodology combined
quantile mapping, spatiotemporal modelling with Generalized Additive Models (GAMs), and cross-validation,
incorporating environmental covariates and seasonal predictors to enhance accuracy. ESM outputs were
evaluated against the Optimum Interpolation SST (OI-SST) observational dataset, covering both historical and
future periods from CMIP5 and CMIP6 ensembles under Representative Concentration Pathways (RCPs) and
Shared Socioeconomic Pathways (SSPs).

Model performance was assessed using tailored indicators of bias persistence, residual structure, and explained
deviance across present and future climates. Results highlight how temporal structures (constant, seasonal,
monthly) and covariate complexity influence model robustness, while also revealing differences between
successive CMIP generations in reproducing South Pacific SST variability. The framework identified the most
effective bias correction strategies across subregional scales, producing high-resolution, bias-corrected SST
projections. These products provide critical environmental inputs for ecological and fisheries applications,
enabling spatially targeted and climate-informed decision-making in the context of ongoing ocean warming and
variability.

Mots clés :
descente d’échelle statistique; correction de biais; SST; CMIP5; CMIP6; scenario; changement climatique ;
pécheries
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statistical downscaling; bias correction; SST; CMIP5; CMIP6; scenario; climate change; fisheries

-B3-




