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EC Summary Requirements

1. Changes with respect to the DoA

Although integration with the climate and physical impact module was not foreseen in the OPEN-PROM model
within the DoA, such a linkage was subsequently judged beneficial and therefore implemented.

No other changes with respect to the work described in the DoA.

2. Dissemination and uptake

This deliverable explains the structure, purpose, and use of various tools and pipelines to enable climate modelling
feedback into IAMs. It can hence be used as a starting point to understand how coupling of a climate emulator
with IAMs helps to incorporate climate impacts in the pathways modelled with IAMs. This approach can be used
by IAM modellers inside and outside the DIAMOND consortium to couple an open-source climate emulator with
IAMs. It also describes complexities faced and avenues for future developments and work (even beyond the scope
of the project). All tools are open and links to open versions with persistent identifier versions are available, so
uptake and use should be possible starting from this document.

3. Short summary of results (<250 words)

The assessment of climate impacts and adaptation options relies heavily on resolved spatial information from
climate change projections. Current methods for generating these projections, particularly with the use of Earth
System Models (ESMs), face challenges due to extensive computational and human resources requirements. To
enhance the exploration of diverse societal outcomes and incorporate climate impacts into broader societal and
economic models, rapid spatial emulation of ESM responses is essential. Existing linear scaling techniques often
assume that spatial climate signals scale linearly with global temperature change, where the pattern of response
is independent of the nature and timing of emissions. To address these issues, we developed the METEOR novel
emulation system, representing multi-timescale climate responses to various climate forcers. On top of the
description of the core METEOR model, we also expand on v1.5, which introduces a monthly climate variability
system that accurately generates sub-annual climate sequences reflecting realistic seasonal cycles and interannual
variability. This integrated framework enhances climate risk assessments by enabling extensive ensemble
generation and supporting accurate sub-annual impact evaluations. Its open-source design allows for rapid
development of sector-specific calculators, bridging the gap between global climate data and local decision-
making. Future enhancements can expand the system'’s capabilities into sectors such as agriculture and health,
along with improved analysis of compound events and seasonal effects under extreme warming conditions.

4. Evidence of accomplishment

This report along with:
- A scientific publication describing the METEOR model, which is published in the GMD journal.
- The code of the model, which is available on GitHub, and the latest version (v1.5) available here.
- Input data preparation to map IAMC formatted output to METEOR runnable inputs, which are available
on GitHub as well.
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Preface

DIAMOND will update, upgrade, and fully open six Integrated Assessment Models (IAMs) that are emblematic in
scientific and policy processes, improving their sectoral and technological detail, spatiotemporal resolution, and
geographic granularity. It will further enhance modelling capacity to assess the feasibility and desirability of Paris-
compliant mitigation pathways, their interplay with adaptation, circular economy, and other SDGs, their
distributional and equity effects, and their resilience to extremes, as well as robust risk management and
investment strategies. This will be done via integration of tools and insights from psychology, finance research,
behavioural and labour economics, operational research, and physical science. The project will develop a
transdisciplinary scientific approach to legitimise the implementation process and co-create research questions
that stretch the frontiers of climate science, as well as establish vibrant communities of practice to transparently
open model enhancements and to develop capacities, thereby lowering the entrance barriers to the established
IAM community.
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Executive Summary

Resolved spatial information for climate change projections is critical to any robust assessment of climate impacts
and adaptation options. However, the range of spatially resolved future scenario assessments available is limited,
due to the significant computational and human resource demands of Earth System Model (ESM) pipelines. To
explore a wider variety of societal outcomes and to enable coupling of climate impacts into societal and economic
modelling frameworks, rapid spatial emulation of ESM response is therefore necessary. Existing linear pattern
scaling methods assume that spatial climate signals scale linearly with global temperature change, where the
pattern of response is independent of the nature and timing of emissions. However, this assumption may introduce
biases in emulated climates, especially under net negative emissions and overshoot scenarios.

To address these biases, we introduce and present a novel emulation system, METEOR, which represents multi-
timescale spatial climate responses to multiple climate forcers. The mapping of emissions to forcing is provided
by the CICERO Simple Climate Model, combined with a calibration system that can be used to train model-specific
pattern response engines using only core training simulations from CMIP.

We then proceed to the presentation of METEOR v1.5, which introduces two major extensions.

First, a monthly climate variability system generates realistic sub-annual climate sequences with proper seasonal
cycles and interannual variability. The system uses Principal Component Analysis (PCA) to decompose monthly
climate anomalies into spatial modes, then models their temporal evolution using Vector Autoregressive with
exogenous variables (VARX) processes that capture both internal climate dynamics and external forcing responses.
Seasonal cycles are represented through harmonic analysis with temperature-dependent parameterisation,
enabling realistic simulation of seasonal timing shifts and amplitude changes under warming.

Second, a modular impact assessment framework translates climate projections into societally relevant metrics
through an extensible system of impact calculators. The framework standardises interfaces for ensemble
processing and uncertainty quantification while allowing custom implementations. The initial system includes a
comprehensive degree days calculator for energy applications, providing ensemble-based uncertainty
quantification that propagates climate uncertainties through to impact projections.

The integrated framework offers key advantages for climate risk assessment: computational efficiency enables
large ensemble generation; monthly resolution supports sub-annual impact assessments; and modular
architecture facilitates rapid development of sector-specific calculators. The system bridges the gap between
global climate projections and decision-making needs, enabling applications in climate risk analysis, planning, and
sectoral impact evaluation. Hence, in the final part of the report, we elaborate on the pipeline set to establish
coupling mechanisms between physical climate change and the economy, towards linking METEOR with
integrated assessment models (IAMs) to enhance the representation of climate impacts in emissions mitigation

scenarios.

Future developments include expansion to additional sectors (agriculture, water resources, health), compound
event analysis capabilities, and enhanced seasonal representation for high warming scenarios. The open-source
framework provides a foundation for operational climate services and supports growing demands for decision-
relevant climate information.
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1 Introduction

One-way coupling of integrated assessment models (IAMs) to simple climate models provides a generally
deterministic climate outcome of emissions and land use allocation that is used to iterate IAMs in finding least-
cost solutions to climate targets. In reality, the climate mitigation nexus will likely be more complex: (i) the
outcome of a given emissions pathway is associated with fundamental uncertainty, so representing the relative
confidence of the climate outcome of mitigation strategies is critical; (ii) climate impacts can also affect the
economy via modifications of land use productivity, human health, ecosystem damages, habitability, and socio-
political conflict—i.e. feedbacks that are limited or non-existent in current IAMs; and iii) second order climate
impacts driven by shifts in energy and land-use emissions resulting from mitigation or adaptation measures
implemented in response to climate impacts. Climate change-related impacts, such as increasingly frequent
climate and weather extremes, have led to widespread consequences for ecosystems, people, the economy,
settlements, and infrastructure. Specific sectors such as agriculture, forestry, fisheries, energy and tourism - all with
high direct climate exposure - are at risk of larger economic losses than other sectors, but many industrial and
service sectors will suffer indirect effects through supply disruptions, especially from extreme events. These
adverse consequences to the society and economy could slow down the speed of transition to reach net zero
target. Detailed process Integrated assessment models (IAMs) that are widely assessed in the IPCC reports don't
fully represent socioeconomic climate damages and consequently their impact on the speed and magnitude of
the modelled pathways (P. Forster et al., 2018; Peters et al., 2023). Numerous studies have examined the impact
of climate change on different sectors including the energy system, agriculture, and the financial sector but few
studies using process detailed IAM have assessed the changes in emissions from energy and land system after
considering climate impacts (Schoenberg et al., 2025; Schultes et al., 2021).

Spatially resolved information is essential for informing robust assessments of mitigation and adaptation
strategies in response to global climate change (IPCC, 2021; IPCC, 2022). Accurate and detailed regional
projections enable policymakers and stakeholders to understand potential impacts and to plan accordingly (Ipcc,
2022). The Coupled Model Intercomparison Project (CMIP) aims to deliver this information, and is increasingly
moving towards an operational procedure, wherein CMIP7 Earth System Models will be run on a semi-regular
frequency, allowing updates of model complexity, historical forcing and future scenarios (Dunne et al., 2024).
However, these pipelines are time-consuming and computationally intensive, resolving numerous physical,
chemical, and biological processes at high spatial and temporal resolutions such that a modest number of scenario
simulations with multiple models takes years to achieve (Eyring et al, 2016). Demand for regional climate
information increasingly requires more frequent updates for a wider range of policy-relevant future scenarios.
Limitations on time, computational and human resources needed for ESM simulations constrain the range of future
scenarios and models that can be feasibly explored (Nicholls et al., 2021). In addition, there is an increased need
for fast spatial modelling frameworks where regional climate impacts are resolved to allow for the simulation of
risks, inequalities, impacts on and interactions between social, economic and natural systems under climate change
(Dietz et al., 2021; Kikstra et al., 2021).

To address these needs, spatial emulation techniques have been developed to rapidly approximate the output of
ESMs under various scenarios (Zelazowski, Huntingford, Mercado, & Schaller, 2018). Linear pattern scaling is one
such approach, which assumes that spatial patterns of climate response scale linearly with global mean
temperature change (Lea Beusch, Lukas Gudmundsson, & Sonia I. Seneviratne, 2020; Mitchell, 2003) . This method
allows for quick estimations of regional climate change by scaling predefined spatial patterns according to
projected global temperature changes (B. Zhao, Reichler, Strong, & Penland, 2017).

Several models have exploited pattern scaling techniques in climate research. The SCENGEN tool, for instance,
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generates regional climate change scenarios by scaling standardised patterns derived from General Circulation
Models (GCMs) (Hulme et al., 2000). Similarly, the MESMER framework employs pattern scaling to efficiently

emulate temperature and precipitation fields from ESMs (L. Beusch, L. Gudmundsson, & S. |. Seneviratne, 2020;
Beusch et al., 2022). Likewise, the PRIME framework makes use of pattern scaling and subsequently provides the
spatial climate information as input for a land surface model (Mathison et al., 2024), allowing more direct
simulation of terrestrial ecosystems and downstream human and economic impacts. The STITCHES model uses a
different approach, by splicing together portions of existing simulations with global mean temperature and its
derivative corresponding to the desired prediction to emulate scenarios which have not yet been simulated
(Tebaldi, Snyder, & Dorheim, 2022). This allows the model to represent, for example, differences between resolved
patterns under warming and cooling climate states but is limited by the finite number of climate analogues in the
training dataset - which in CMIP is relatively sparse and requires concatenation of segments of simulations which
may produce unphysical discontinuities in the emulated climate. Further, the ESEm framework (Watson-Parris,
Williams, Deaconu, & Stier, 2021) provides options to build various types of more process agnostic machine
learning based emulators for spatio-temporally resolved data, using approaches such as Random Forest, Gaussian
Process and Neural Network regressions. Comparison of these methods to traditional linear pattern scaling shows
good performance (Watson-Parris et al., 2022), but the setup used requires output from experiments which have
only been run by a smaller subset of the CMIP6 ESMs. Similarly, Mansfield et al. (2020) utilised the specific-per-
species modelling intercomparison setup and output in PDRMIP (Myhre et al., 2017), to define short- and long-
term ESM responses using Gaussian Process regression, which can then in turn be used to emulate long-term
responses to new scenarios from short-term responses. Due to the data requirements for training to new models,
this setup, though potentially powerful, is not immediately applicable to CMIP6 or new emerging ESM datasets.

While each of these methods have increased capacity to produce regional climate projections with reduced
computational demands, questions remain on how to emulate hysteresis, forcing dependency and nonlinear
responses in future climate, which have been demonstrated to exist in Earth System Models (Sanderson et al,
2024) but can be precluded by emulator assumptions. Pattern scaling models such as MESMER rely on the
assumption that spatial patterns of climate response are a singular function of global mean temperature,
insensitive to the forcing history and the emission trajectory (Collins et al., 2013; B. Zhao et al.,, 2017) . Patterns of
warming in PRIME are also subject to this linearity assumption, though its process-based land surface model
component could potentially represent memory in slow-timescale terrestrial processes if feedbacks were included.
STITCHES can potentially resolve non-linear and time-emergent behaviour to the degree that behaviour is
represented in the training scenarios but is limited to the degree it can generalise hysteresis and climate
reversibility dynamics. This linearity assumption allows reasonable performance under scenarios of gradual and
monotonic climate change but can introduce significant biases under strong mitigation scenarios or scenarios
involving overshoots in greenhouse gas concentrations (Good et al., 2015; Herger, Sanderson, & Knutti, 2015;
Tebaldi & Knutti, 2007). Additionally, non-linearities in the climate system, such as feedback mechanisms and
varying climate sensitivities over time (Jonko, Shell, Sanderson, & Danabasoglu, 2013) , can lead to time-evolving
and forcing-dependent spatial patterns that are not adequately captured by traditional pattern scaling approaches
(Huntingford, 2000; Shiogama et al., 2010).

To address these limitations, we propose METEOR (Multivariate Emulation of Time-Evolving and Overlapping
Responses), a novel emulation framework that accounts for spatial climate responses to a range of climate forcers
emerging over different timescales by using impulse response assumptions applied to a spatially resolved basis
set. After describing the core structure and functionalities of the model, we delve into specific features included
in the latest v1.5, while finally elaborating on a pipeline set to establish coupling mechanisms between physical
climate change and the economy, towards linking METEOR with integrated assessment models to enhance the
representation of climate impacts in emissions mitigation scenarios.

Funded by

the European Union




D4.4 - Climate uncertainties and carbon-climate feedbacks / D"Hm‘ (??l_l D

2 Climate feedbacks with spatial emulation: The METEOR
Model

2.1 Uncertainty propagation from emissions to climate outcomes

Figure 1 illustrates how METEOR can produce non-linear and hysteresis responses to an idealised forcing
trajectory. METEOR builds on the emissions-forcing engine from the CICERO Simple Climate Model (C-SCM,;
Sandstad et al.,, 2024), and can represent the temporal evolution and forcing dependency of spatial patterns,
providing regional climate projections which preserve the hysteresis and time-evolving response to forcing
present in the target Earth System Model, allowing more consistent representation of scenarios involving
overshoots or pathways with diverse mixes of short- and long-lived climate forcers.
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Figure 1. METEOR pattern scaling hysteresis.

Note: lllustration of the emulated METEOR ensemble response showing a) global mean temperature (GMST) and b) precipitation
(GMP) response to an idealised radiative forcing with a Gaussian ramp-up to 1 W/m? and subsequent ramp-down within 500
years. ¢) shows the emulated relationship between GMST and GMP, compared with common pattern scaling, which various
patterns scaling approaches are based on. METEOR (grey), trained by CMIP6 models (see Methods), is able to emulate hysteresis
behaviour, compared to a common pattern scaling (blue) that uses linear regression of the relationship between GMST and GMP.
Each individual grey line shows the response of METEOR trained to emulate a specific CMIP6 model.

In the following sections, we present the structure and validation of METEOR. We demonstrate how this approach
can capture nonlinear and time-dependent aspects of regional climate change. As such, METEOR offers a practical
tool for researchers to rapidly explore a wide variety of societal outcomes and to assess mitigation and adaptation
options informing policymakers with greater confidence.

2.2 Development of an open-source forcing- and timescale-dependent pattern
scaling module (METEOR)

The methodology for METEOR is illustrated in Figure 2, and described below. The framework of METEOR is based
on the assumption that a step change in a given climate forcer can induce a number of time-evolving patterns for
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a predicted output variable, each of which emerges on a specific timescale. The METEOR framework allows groups

of climate forcers to be associated with a number of time-evolving pattern responses, which in the current version
then combine linearly to give the total climate response.

The primary forcer component of climate change is the greenhouse gas (GHG) signal due to well-mixed
greenhouse gases, which exert a forcing on the climate system. For METEOR, we assume that the time-evolving
pattern of response to GHG forcing can be approximated by the response of the climate system to a step change
in CO, concentrations. This is practical given the ready availability of abrupt4x-CO, simulations (in which
atmospheric carbon dioxide levels are instantaneously quadrupled from pre-industrial levels and the system is
allowed to evolve for at least 140 years) for all Earth System Models in the CMIP archive, and was found to be a
reasonable approximation in prior process modelling studies which considered the pulse-response to a number
of different greenhouse gases (Myhre et al., 2017) .

METEOR assumes that the response to a step change in forcing from a given source can be represented by the
sum of one or more impulse response patterns, each with its own timescale of emergence as represented by a
decaying exponential timeseries for pattern saturation. Each timescale and corresponding pattern can capture
elements of the physical response that emerge at different timescales, such that different spatial patterns can be
associated, for example, with the warming of the shallow and deep ocean. Similarly, some forcing agents such as
sulfate aerosols and black carbon are associated with markedly different warming patterns and timescales to those
of well-mixed greenhouse gases (Myhre et al., 2017) . The METEOR framework allows for individual forcers, or
groups of forcers, to be associated with their own set of time-emergent patterns, allowing for the model to
simulate and distinguish between the spatial pattern of climate change associated with different forcer types. As
such, METEOR can be trained employing only steps 1-4 (Figure 2), for a single forcer version, or steps 1-4 can be
repeated for multiple forcers for which abrupt step-change forcing experiment data are available.

In practice, METEOR uses outputs of the abrupt4x-CO; experiment to fit the GHG response. Then, as separate step-
change experiment data is not generally available in CMIP for other forcers, a residual signal from a historical and
single future scenario run (O'Neill et al., 2016) is used for inverse estimation of patterns and timescales for a sulfate
aerosol response. We choose this technique to distinguish sulfate aerosol only, as this is the most different and
impactful non-GHG forcer (Forster et al., 2025; Forster et al., 2024; Myhre et al., 2022). See also Figure 7.7 of (Forster
et al, 2021) where the aerosol forcing is currently the most uncertain and largest non-GHG contribution (though,
this may change in the future (Adams et al., 2001; Bauer et al., 2007; Hauglustaine et al., 2014; Liao & Seinfeld,
2005; Liao et al,, 2009), which is a source of structural uncertainty in the setup of METEOR demonstrated here). In
the setup we use here, the totality of the aerosol-cloud-interactions are represented as a function of sulfate aerosol
forcing, and a substantial part of the aerosol radiation forcing comes from sulfate forcing. All other forcer
responses including tropospheric and stratospheric ozone, BC- and OC- aerosol direct forcing, and stratospheric
water vapour forcing are mapped from forcing strength using the GHG-response patterns and timescales. A
further breakdown of forcer types requires additional dedicated experiments. For convenience, we will denote this
part of the pattern simply as aerosol patterns, although it is both more specific (only fitted for sulfate aerosol) and
less so (as it is a residual pattern, and will naturally also pick up other non-sulfate or even non-aerosol patterns).
The responses and patterns obtained can then be used to emulate the spatial response to a previously unseen
experiment for which there is emissions (or concentrations) data available.

As emissions or concentration inputs, rather than forcing inputs, are available for both training and emulated
scenarios, METEOR uses the emissions-forcing engine from C-SCM (Sandstad et al., 2024) to map from emissions
or concentration inputs to forcing signals. For each modelled forcer type, the forcing input signal is scaled by C-
SCM's own forcing strength in the training scenario.
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This METEOR code framework is available at https://github.com/benmsanderson/METEOR and is importable as a
Python library. The methodology does not come pre-trained but includes tools to read local model output training
data, and supporting functionality to download data on appropriate formats. In this article, we present results for
a selection of CMIP6 models applied to yearly temperature and precipitation, but the methodology is not limited
to these variables, or to the set of ESM model output used here. Indeed, any yearly variable output can in principle
be emulated. Though, the reliability of the fit must be assessed by the user. The computational time for training is
relatively fast (order of minutes on a laptop), but performance depends on the resolution of the ESM model target
for emulation, and local machine specifications including memory limitations. Overall, the code allows for efficient

emulation of models in the CMIP6 archive and computation and application to a variety of climate scenarios.
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Figure 2. METEOR flowchart.

Note: Illustration of the concept and sequence of METEOR and its integration with the CICERO simple climate model. Note that
the side panels represent the necessary preparatory steps for the creation of GHG (left) and aerosol (right) transient spatial climate
response pattern. Here, the aerosol pattern calculations, specifically step 7, requires input from the GHG pattern calculation steps
3 and 4 (dotted grey line). Hence, steps 1-10 are required to train METEOR (centre panels). Their outcome is used in step C in
METEOR. Note that METEOR partly integrates the C-SCM as it makes use of its emissions-to-forcings module.

2.3 Training the model: Construction of transient spatial response patterns

In this section we describe how we use the abrupt4xCO, experiment to find impulse response timescales and
patterns for CO, that can be used to recreate and model GHG forcing response in various experiments. A
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combination of historical and scenario data is then employed to estimate separate timescales and patterns for

sulfate aerosol forcing. These estimates are then added linearly to the GHG forcing and patterns to provide the
composite response.

2.3.1 Greenhouse gas response estimation

We begin by obtaining the annual mean outputs for the target ESM we wish to emulate. The variables of interest
in this study are surface air temperature (tas) and precipitation (pr). To obtain a greenhouse gas response signal,
we use the abrupt4x-CO; experiment, in which atmospheric CO, concentrations are instantaneously quadrupled
relative to pre-industrial levels, and the piControl (pre-industrial control) simulation (Eyring et al., 2016) (Figure 2,
step 1). We obtain the radiative forcing time series for GHGs from the abrupt4x-CO; emissions by using the C-
SCM emission-to-forcing module that converts carbon emissions into climate forcing (Figure 2, step 2).

For the given target variable, we estimate the gridded climate response to increased CO, by calculating the
anomaly, subtracting the piControl climatology (full time-series mean) from the abrupt4xCO, simulation to yield
X, a matrix of dimensions s x t, with s being the number of spatial grid points (of the input ESM resolution as
METEOR works on the input data resolution with no regridding included) and t the number of years in the
simulation with the values for the variable of interest in each point in space and time as its data. From X, we
calculate the global mean anomaly time series Xg0p01(t) by performing an area-weighted average (weighting by
cos(lat)) over all spatial grid points:

Eq. 1
S
1
Xglobal(t) = Ez w; - Xi,t:
i=1

where w; is the area weight for pixel i, with a total number of pixels s.

We then find an approximate representation of this global mean response as a sum of n exponential decay
functions, representing different climate response timescales:

Eq. 2
n
Xglobal (t) ~ Z a, (1 —e /™),
k=1
where a; are amplitudes and 7, are the decay timescales to be determined for mode k. Note thatFreese,
Giani, Fiore, and Selin (2024) present a related approach to emulate from forcing to temperature using a
Green-functions mapping which includes per grid-point impulse response functions, rather than METEOR's
global impulse response functions.

METEORvV1.0 can decompose the global mean response into a user-defined number of timescales, with each
added timescale fitted in an exponentially longer and non-overlapping time range so that 7, € (10%, 10%*1),
minimised from an initial guess of 7} < = 5 - 10¥. This allows for a structured separation of the timescales. Three
timescales (n = 3), which will be referred to as inter-annual mode (1-10 years), inter-decadal mode (10-100 years)
and inter-centennial mode (100-1000 years) response, is the configuration we will describe here. Note that choice
of number of timescales (n) can be practically informed by assessing the point at which there is no further

improvement in performance in the approximation detailed in Eq. 2 (see Section 2.4 for an illustration).

For the timescale decomposition, we construct a matrix Tgyg of dimensions n x n,, where each row n corresponds
to an exponential decay function with a specific timescale, and n, refers to the number of simulation years (Figure
2, step 3). T represents the temporal evolution of the global mean climate response across different timescales:
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Eq. 3

T, =1— e/, fork=12,..,n.

Assuming that the spatiotemporal response can be represented as a sum of patterns which each emerge as a
saturating exponential decay, we express the anomaly matrix X as a product of spatial patterns and temporal basis
functions, where B is the spatial pattern matrix of dimensions s x n:

Eq. 4
X = Bghc * TeHe-

This assumption allows the calculation of the spatial response matrix B (Figure 2, step 4), given that we have a
prior estimate of the timescale matrix T and the full time-evolving output from the target model, X. Hence, we
solve for B with a least-squares estimate T* (Moore-Penrose Pseudoinverse) of the matrix T. Consequently, the
derived values of B minimise the residuals between the observed and reconstructed anomalies:

Eq. 5
_ +
B = X - Tghe -

Finally, we normalise the spatial patterns by the effective radiative forcing F,y associated with the quadrupling of
BGHe
Faxco,

CO; concentrations in the C-SCM, yielding a spatial pulse-response function Bgyg = that represents the

spatial climate response pattern per unit forcing.

Estimating the climate response of any forcer species for METEOR in the way described here for CO; is possible,
but direct estimation requires a species-specific forcing step-change experiment equivalent to the abrupt4xCO,.
Such experiments have only been performed for a limited number of CMIP5 generation of models (Myhre et al.,
2017).

2.3.2 Aerosol response estimation

To construct the aerosol response patterns in the CMIP6 emulation, we instead make use of transient experiments
to inversely calculate the aerosol spatial pulse response functions, constructing a residual between the ESM output
for an all-forcing (Fa ) experiment (where both greenhouse gases and aerosols are varying) and a synthetic GHG
forcing (Fgug) experiment, the response for which we estimate using the METEOR GHG pattern response above.
This assumes that such a residual is primarily explained by the aerosol climate response. In Section 2.4 we verify
that this assumption yields reasonable results in the scenarios considered for CMIP6.

Similarly to how we found X for the abrupt4xCO,, we obtain the full ESM scenario response S .+ (dimensions s X n’,
where n’ is now the number of years in the scenario) from the CMIP model output corresponding to the emission
scenario which will be used in the training process. For the all-forcing scenario, we utilise a combination of the
historical experiment and the Shared Socioeconomic Pathway SSP2-4.5 from CMIP6 ESM output (Figure 2, step
5), though any experiment including all forcers could in principle be used. Here again, we obtain the aerosol
forcing time series from the historical and SSP2-4.5 emissions by using the C-SCM emission-to-forcing module
(Figure 2, step 6).

Further, let Fgpg(t") and F,e (t") denote the GHG and aerosol forcings at time t' = 1,2, ..., n, respectively. From the
SSP2-4.5 scenario, we compute the incremental changes in GHG forcing AFgug(t') = Fopg(t') — Foug(t' — 1), with
AFghg(1) = Fghg(1). We can then calculate the time-evolving coefficients by convolving the incremental GHG
forcings with the exponential decay functions:
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Eq. 6

t
Coheye = Z A Fgug(t') - (1 — e~ 8)/m),

t'=1
or in matrix notation:
Eq. 7
Cehe = {AFgnc * Tenc(t)},

where ({}) indicates a convolution over the time dimension. From that, the estimated GHG-induced spatial
response is then:

Eq. 8
N
SahHG, 1 = z Bahc,; * CoHa, -
i=1

Using the total scenario response S,/ from the ESM simulations of SSP2-4.5, the aerosol-induced response can
be estimated from the residual of subtracting the GHG response from the total response (Figure 2, step 7):

Eq. 9
Sresidsrt’ =S¢ — SGHGS,t’-
As was done for the GHG response, we here assume the aerosol response can be represented with n,, = 3

timescales 7, for the inter-annual, inter-decadal and inter-centennial responses, respectively. The time response
matrix T,e, for each timescale j for a step change in aerosol forcing is constructed as (Figure 2, step 8):

Eq. 10

— _t’/Taer'
Taerj,t’ =1—-e 7,

The time-evolving coefficients for the aerosol pattern response in the scenario can then be calculated by
convolving the aerosol forcing difference time series with the synthetic pulse response time series:

Eq. 11

t
Caer ; £ A For(t ) Tger ; —t"
I I

t'=1
or in matrix notation:
Eq. 12
Coer = {AFper * Toer (1)}.

In order to find optimal values for 7, (introduced in Section 2.3.1), we use an optimization algorithm to search
for values of 7., which minimise the error in the projection of the global mean target field residual timeseries (e.g.
temperature, precipitation) onto the basis defined by C,, (Figure 2, step 9). Once C,, is known, we can create a
least-squares estimate of the spatial patterns of aerosol response B, as the product of the residual matrix with
the Moore-Penrose Pseudoinverse (Barata & Hussein, 2012) C,,* of the coefficients matrix C,q,:

Eq. 13
Baer = Sresid - Caer+-

The emulated spatial aerosol response S,., for a novel forcing timeseries AF can then be computed by convolving
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with the timescale response matrix T,., and taking the dot product with the aerosol spatial response patterns B,

(Figure 2, step 10):
Eq. 14
Saer = Baer - Caer = Baer - {AF * Taer(t)}

2.3.3 Applying the model: Multi-forcer multi-timescale pattern scaling in out-of-sample
scenarios

The calculations of the transient spatial climate response patterns for GHG and aerosol forcing outlined in
the previous sections can now be used to emulate the spatio-temporal climate response of any climate
scenario. For the application in a new (out-of-sample) emissions scenario, METEOR converts any given
emission scenario (Figure 2, step A) into forcing time series using the emissions-to-forcings module of the
C-SCM (Figure 2, step B). Convolving these time series with the GHG and aerosol patterns (Figure 2, step
C) can then be utilised to reconstruct the total multi-forcer multi-timescale emulated climate response by
linearly combining the GHG and aerosol responses (Figure 2, step D):

Eq. 15
Semuls_t’ = SGHGS't' + Saerslt’:

where Sgpg,,r and S,/ are obtained according to equations (Eq. 6, Eq. 8) and (Eq. 11, Eq. 14)

respectively, with forcing timeseries AFgg(t") and AE,..(t") calculated for the emissions scenario of interest.

2.4 METEOR evaluation

To evaluate the performance of METEOR, we have trained the model on CMIP6 data for a large number of CMIP6
models (see Tab. 4 for a full list) using a training dataset that consists of abrupt4x-CO, piControl, historical and
SSP2-4.5 modelling output in each case. Comparing to CMIP6 output from these experiments, we show the in-
sample accuracy. Furthermore, we have applied the resulting emulation models to a number of additional
scenarios from ScenarioMIP: SSP1-2.6, SSP3-7.0, SSP5-8.5 and SSP5-3.4-over to consider the out-of-sample
performance (note that SSP5-3.4-over was only performed by a limited number of models).

Additionally, in the Annex we explore the effect and performance of the model for the abrupt4x-CO, experiment
and the historical and SSP2-4.5 experiment combination depending on the number of timescales used, showing
that three timescales seem to yield good performance. The Annex shows per model results including Figure B1
which lists the values for the timescales obtained for GHG and aerosol response for Surface Air Temperature (tas)
and Precipitation (pr) for each model and thus also serves as a reference of which models were included in the
analysis.

2.4.1 GHG and aerosol multi-timescale pattern of climate change

Starting with the GHG response, Figure 3 shows the full emulation and contributions from the different timescale
patterns obtained from the abrupt4x-CO;, experiment for temperature and precipitation. Panels a and f show the
CMIP6 multi-model mean outputs averaged over years 80-120 for the experiment. Panels b and g show the multi-
model mean average of the METEOR emulations for the same models and time period. Below in panels c and h,
d and i and e and j, of Figure 3 decomposes the model mean emulation into components associated with the
inter-annual, inter-decadal and inter-centennial responses for temperature (c, d and e) and precipitation (h, i and
). The patterns show Arctic amplification (temperature) in both inter-annual and inter-decadal modes. In the inter-
decadal temperature mode (d) METEOR picks up on a North-Atlantic relative cooling anomaly, which is induced
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by the nonlinear response of the Atlantic Meridional Overturning Circulation in some CMIP6 models. The fast

mode response for precipitation is dominated by diverse responses over the tropical Pacific, with more widespread
changes in the slower modes.

Figure 4 similarly shows multi-model mean CMIP6 data (panels a and g) and emulation (panels b and h), and the
split into contributions from the various timescales and patterns. Here the average has been taken over years
1980-2020 in the combined historical and SSP2-4.5 experiment. Panels c and i show the combined GHG responses
for temperature and precipitation, whereas panels d and j, e and k, and f and | show the inter-annual, inter-decadal
and inter-centennial aerosol contributions. Broadly speaking, the inter-annual aerosol timescale provides an
overall cooling or drying effect. The inter-decadal aerosol signal dampens the Arctic amplification and counteracts
the spatial pattern of the precipitation signal. The inter-centennial patterns are largely weaker but negative
versions of the inter-decadal patterns. For the net effect of all timescales, comparing the CMIP6 model output to
the emulation output in Figures 3 and 4 show good agreement with the strength and spatial distribution of the

signals.
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Figure 3. METEOR GHG pattern from CMIP6.

Note: GHG patterns obtained from the abrupt4xCOZ2 scenario (CMIP6 model average) for temperature (left column)
and precipitation (right column). Panels a and f show the CMIP6 model average in the 40-year average of the run
between years 80 and 120. Panels b and g show the corresponding multi-model mean of the METEOR emulations
for the scenario averaged over the same time period. Panels c and h, d and i and e and j show the contributions to
the full emulations shown in b and g from the inter-annual, inter-decadal and inter-centennial modes, respectively.
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Figure 4. METEOR aerosol residuals pattern from CMIP6.

Note: Residuals patterns obtained from the histroical+SSP2-4.5 scenario (CMIP6 model average) for temperature
(left column) and precipitation (right column). Panels a and g show the CMIP6 model average in the 40-year average
of the run between years 1980 and 2020. Panels b and h show the corresponding multi-model mean of the METEOR
emulations for the scenario averaged over the same time period. Panels ¢ and i show the combined emulated GHG
forcing pattern from all non-sulfate aerosol forcing. Panels d and j, e and k and f and [ show the contributions to the
full emulations shown in b and h from the inter-annual, inter-decadal and inter-centennial sulfate aerosol driven
modes, respectively.
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The global mean timeseries of the multi-model mean emulated fit is shown alongside the global mean timeseries
of each ESM and the multi-model mean outputs in panels b (temperature) and d (precipitation) of Figure 5. The

multi-model global mean response shown in panels a and b of Figure 5 matches the model mean calculated from
the modelling output fairly well for both precipitation and temperature. As such, the multi-model mean of CMIP6
METEOR emulations is able to capture the global mean time evolution of the original ESM multi-model mean
output well until 2100.
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Figure 5. METEOR GHG and aerosol residual reconstructions from CMIP6 models.

Note: METEOR reconstruction for abrupt4x-CO; (a, ¢) and historical+SSP2-4.5 (b,d) for global mean temperature (GMST, top row)
and precipitation (GMP, bottom row) for each model (grey), the model mean (black) and the mean of the METEOR reconstructions
(red for temperature and teal for precipitation). Panels b and d also include the mean reconstruction timeseries obtained using
only the GHG pattern (stippled lines), the abrupt4xCO: reconstructions in panels a and c are identical with and without the aerosol
pattern as only CO; is changing in this experiment.

2.4.2 Climate response reconstruction in out-of-sample scenarios

In the main study detailed here, only the future SSP2-4.5 scenario is used in the training of METEOR, so other
scenarios can be used as out-of-sample test cases. Figures 6, 7, 8, and 9 show the global mean and spatial pattern
performance of the emulation applied to the ScenarioMIP scenarios. The timeseries plots Figure 6,Figure 7) show
both the response from greenhouse gas forcing alone (technically all forcers apart from sulfate aerosol), and the
response from the model which includes the calibrated sulfate aerosol signal. The results demonstrate good
performance of METEOR in out-of-sample scenarios, both in terms of the global mean and spatially resolved
output for the multi-model mean of METEOR emulations compared to the CMIP6 multi-model mean. In the Annex
we also show similar global mean fits for each model included, and overall, per model fidelity, though the time
evolutions of some models are less well captured than others. In the global mean, the aerosol modes can capture
the broad temporal dynamics of the global mean aerosol effect: cooling in the late 20th Century, and a reduced
effect in the future in all scenarios except SSP3-7.0.

Panel f of Figures 6 and 7 shows year 2100 temperature and precipitation change mean and model spread for all
SSPs included. For each scenario, METEOR can capture the future spread, though multi-model mean end of 21st
century warming is slightly underestimated in the high mitigation SSP7-2.6 experiment. Panels a-e in both figures
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include dashed lines showing the METEOR reconstruction results obtained using only the GHG patterns and

forcing.
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Figure 6. Global mean temperature reconstruction from METEOR vs CMIP6 data for various SSP scenarios.

Note: Panels a—f show global mean tas (GMST) change for each model (grey), the model mean (black) and the mean of the
METEOR reconstructions using GHG only (red dashed), and the combined GHG and aerosol patterns (red solid). The red plume
shows the distribution of the full METEOR reconstructions. Panel f shows the year 2100 tas change with mean and modelling
spread for the CMIP6 models (grey) and full METEOR reconstruction (red).
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Figure 7. Global mean precipitation reconstruction from METEOR vs CMIP6 data for various SSP scenarios

Note: Panels a—f show global mean pr (GMP) change for each model (grey), the model mean (black) and the mean
of the METEOR reconstructions using GHG only (teal dashed), and the combined GHG and aerosol patterns (teal
solid). The teal plume shows the distribution of the full METEOR reconstructions. Panel f shows the year 2100 pr
change with mean and modelling spread for the CMIP6 models (grey) and full METEOR reconstruction (teal).

We can illustrate this visually by considering the multi-model mean spatial patterns of change in CMIP6 and the
out-of-sample METEOR reconstructions, where the emulated amplitude and patterns of temperature and
precipitation change are highly consistent for each scenario considered (Figures 8, 9). The spatial bias is largest
for SSP5-8.5 (the highest emissions scenario) for both temperature and precipitation. In the case of temperature
there is cold bias for SSP5-8.5 and more of a warm bias for the low emissions and overshoot scenarios (SSP7-2.6
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and SSP5-3.4-over). This may be an imprint of, or slight over-fitting to, the SSP2-4.5 scenario, which is colder than

the former, and hotter than the two latter scenarios at the end of the century. Note also that the colour scale in
the bias plots (¢, f and i) for temperature in Figure 8 has a smaller range, than the absolute value plots (a, b, d, e,
g and h), whereas the scales are the same in Figure 9 mainly due to a stronger localised bias in the tropical pacific,
especially for the SSP5-85 scenario for precipitation. These patterns can also be seen in the spatial RMSE maps of
Figure 13. In addition, in the Annex we compare single model emulation for all the standard SSP scenarios for one
of the models with the best METEOR emulations (NorESM2-MM) and one of the models with the worst METEOR
emulations (CMCC-ESM2). Per model emulation to CMIP6 comparison maps for the SSP5-3.4-over scenarios for
all models that we considered for that scenario are also shown in the Annex.

For a more regional breakdown, Figures 10 and 11 include CMIP6 regional averages for the last two decades of
the 21st century for each of the SSP scenarios for 9 regions: Europe (0-45E, 37-75N), High Arctic (0-360E, 70-90N),
Antarctic + Southern Ocean (0-360E, 55-90S), Tropics (0-360E, 20S-20N), South America (275-330E, 60S-15N),
North America (200-310E, 10-70N), East Asia (65-150E, 5-60N), South East Asia and Australia (95-165E, 455-5N),
and Africa (0-60E, 40S-37N). METEOR's regional emulation of individual CMIP6 models is generally good for
temperature across all regions (Figure 10). Polar amplification is captured well, and, despite larger absolute
differences, the relative performance of METEOR is best in the High Arctic region, while the fit is worse for the
Southern Hemisphere high latitudes. Scenario-differences tend to remain constant regardless of their forcing
strength, which increases METEOR's emulation skill for scenarios with higher forcings. For precipitation, the results
are a bit more diverse, albeit consistent across all regions (Figure 11). Again, the High Arctic region shows the best
agreement between METEOR and CMIP6, while other regions show larger differences. For some regions and
models, there is a contrasting direction of the precipitation response (i.e., opposite drying or wetting between
METEOR and CMIP6), but this tends to be limited to low-magnitude precipitation changes.
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Figure 8. METEOR temperature reconstruction pattern vs CMIP6 data for various SSP scenarios.
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Note: Panels in the first (a, d and g) and second (b, e and h) column show the the difference between the mean of the first 50
years of the historical experiment (1850-1900) and the last two decades of the SSP1-2.6, SSP5-8.5 and SSP5-3.4-over scenarios
for the mean of the METEOR reconstructions and the CMIP6 model output, respectively. Panels in the third column (c, f and i)
show the difference between the second and first column, illustrating the difference between the CMIP6 projections and the
METEOR reconstruction.

a METEOR b CMIP6 c METEOR-CMIP6

SSP-1.26

SSP-5.85

SSP-5.34-over

T T T T T T T T
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Figure 9. METEOR precipitation reconstruction pattern vs CMIP6 data for various SSP scenarios.

Note: Panels in the first (a, d and g) and second (b, e and h) column show the the difference between the mean of the first 50
years of the historical experiment (1850-1900) and the last two decades of the SSP1-2.6, SSP5-8.5 and SSP5-3.4-over scenarios
for the mean of the METEOR reconstructions and the CMIP6 model output, respectively. Panels in the third column (c, f and i)
show the difference between the second and first column, illustrating the difference between the CMIP6 projections and the
METEOR reconstruction.
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Figure 10. Regional CMIP6 vs. METEOR end of century temperature change.

Note: Regionally averaged temperature change (tas) since pre-industrial for CMIP6 output and METEOR per emulation for each
model. Panels show average end of century temperature change for Europe (a), High Arctic (b), Antarctic + Southern Ocean (c),
Tropics (d), South America (e), North America (f), East Asia (g), Southeast Asia and Australia (h) and Africa (i). Each circle shows
the CMIP6 model result (y-axis) as function of the METEOR emulation (x-axis) for one model and scenario combination averaged
over the region. Blue points show results for SSP1-2.6, green for SSP2-4.5, orange for SSP3-7.0, red for SSP5-8.5 and purple for
SSP5-3.4-over. The black diagonal shows the line where model result and emulations are equal, and dashed lines show 12
distances from the linear regression per scenario.
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Figure 11. Regional CMIP6 vs. METEOR end of century precipitation change.

Note: Regionally averaged precipitation change (pr) since pre-industrial for CMIP6 output and METEOR per emulation for each
model. Panels show average end of century precipitation change for Europe (a), High Arctic (b), Antarctic + Southern Ocean (c),
Tropics (d), South America (e), North America (f), East Asia (g), Southeast Asia and Australia (h) and Africa (i). Each circle shows
the CMIP6 model result (y-axis) as function of the METEOR emulation (x-axis) for one model and scenario combination averaged
over the region. Blue points show results for SSP1-2.6, green for SSP2-4.5, orange for SSP3-7.0, red for SSP5-8.5 and purple for
SSP5-3.4-over. The black diagonal shows the line where model result and emulations are equal, and dashed lines show 12
distances from the linear regression per scenario.

2.5 Emulation of overshoot

The main motivation for the multiple timescale impulse response structure of METEOR is to allow for better
emulation of overshoot including hysteresis behaviour in joint emulation of temperature and precipitation. We
will therefore show some more detailed and per model results of the overshoot joint emulation through the
example of the SSP5-3.4-over scenario.

Figure 13 shows the precipitation change as function of the temperature change globally and in each of 8 regions
(Europe, High Arctic, Tropics, South America, North America, East Asia, Southeast Asia and Australia, and Africa).
Globally, the emulation represents hysteresis effects evident in the CMIP6 ESMs well. At the regional scale, noise
in the ESM simulations make this harder to assess, particularly in regions where the precipitation signal is relatively
small. Nonetheless, in some regions such as the Tropics and South America, hysteresis features matching those of
the ESMs are captured by METEOR.
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Figure 13 show the end of century average maps of precipitation changes as function of temperature change in

the SSP5-3.4-over scenario for each of the models. The results further illustrate METEOR's performance for the

joint emulation on a per model basis. For some models like CESM2-WACCM and CanESM5, the regional co-

evolution patterns seen in the emulation and the true model data are very similar, whereas for others there is a

larger discrepancy. However, strong changes in the tropical Pacific are the dominant features in both models and

emulation. The similarity of regional patterns of the temperature-dependent evolution of precipitation provides

physics-based confidence in the joint evolution of temperature and precipitation in METEOR.
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Figure 12. SSP5-3.4-over regional precipitation versus temperature.
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Note: Global and regional results for precipitation change as a function of temperature change in the SSP5-3.4-over scenario.
Each dot represents results for a specific model in a specific year averaged over the regions Global (a), Europe (a), High Arctic (b),
Tropics (d), South America (e), North America (f), East Asia (g), Australia (h) and Africa (i) for the SSP5-3.4-over scenario. Lines
show the trajectory of emulation results over the same regions for each of the models CESM2-WACCM (blue), CMCC-ESM2
(orange), CNRM-ESM2-1 (green), CanESM5 (red), MIROC-ES2L (grey) and MRI-ESM2-0 (purple).
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Figure 13. SSP5-3.4-over spatial precipitation versus temperature.

Note: Spatial maps of end of century precipitation change as function of end of century temperature change for each model for
the SSP5-3.4-over scenario. The left column (q, c, e, g, i and k) shows results of the METEOR emulation while the right column (b,
d, f, h, j and 1) shows the CMIP6 outputs directly.

2.6 Performance and error metrics

Here we show some selected error and performance metrics for the METEOR evaluation to scenarios.

Table 1 shows the Pearson’s correlation coefficient and Root Mean Square Error (RMSE) for temperature and
precipitation between the METEOR pattern reconstruction and CMIP6 end of century (2080-2100) change for each
of the SSPs. In general, out-of-sample performance is better for temperature than for precipitation. Note that
limited ESM simulations are available for the SSP5-3.4-over scenario. Performance in-sample (for SSP2-4.5) is better
than out-of-sample performance, with the largest errors indicated in the high emission SSP5-8.5 scenario - but for
all scenarios and variables considered, the correlation between spatial patterns of change exceeds 0.94. These fits
are comparable to those reported for PRIME (see table 1 of Mathison et al., 2024).
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Table 1. Root Mean Square Error (RMSE, in K for tas and in kg m-2 s-1 for pr) and Pearson correlation coefficient (Pearson)

between the METEOR pattern reconstruction and CMIP6 end of century (2080-2100) change.

Metric Variable SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5 SSP5-3.4-over
Pearson tas 0.99 0.99 0.99 0.99 0.99

Pearson pr 0.97 0.99 0.99 0.96 0.94

RMSE tas 0.13 0.15 0.34 0.50 0.32

RMSE pr 5.7e-7 3.4e-7 7.1e-7 8.4e-7 13.1e-7

Table 2 shows comparisons to the ClimateBench evaluation suite, which combines temporal and spatial NRMSE
values for emulations to the SSP2-4.5 run of NorESM-LM specifically for several different emulation techniques.
Results show that METEOR emulations are on par with the other emulation techniques. Note that NorESM-LM is
not part of the CMIP6 multi modelled ensemble considered in the rest of this article, as it did not have available
outputs for the SSP5-8.5 scenario. Similar metrics for the models used in our CMIP6 model ensemble are listed in
annex tables B2-B5. As overshoot is a special focus for METEOR, Table 3 shows the ClimateBench results for each
of the models we have considered that ran the SSP5-3.4-over scenario.

Table 2. METEOR performance on NorESM-LM evaluated using and compared to the ClimateBench evaluation suite.(Watson-
Parris, 2021; Watson-Parris et al., 2022).

NRMSE, tas NRMSE, tas NRMSE; tas NRMSE; pr NRMSE, pr NRMSE, pr
METEOR ssp126 0.165 0.161 0.969 1.978 0.100 2.480
METEOR ssp245 0.053 0.042 0.262 2.041* 0.111* 2.594*
METEOR ssp370 0.118 0.082 0.527 2.139 0.133 2.804
Gaussian Process CB 0.109 0.074 0.478 2.341 0.341 4.048
Neural Network CB  0.107 0.044 0.327 2.128 0.209 3.175
Random Forest CB 0.108 0.058 0.400 2.524 0.502 5.035
Pattern Scaling CB 0.080 0.048 0.320 2.006 0.331 3.662
Variability CB 0.052 0.072 0414 1.350 0.268 2.691
CMIP6 CB 0.258 0.177 1.141 1.994 0.389 3.940

Note: They compare normalised RMSE values obtained from comparing the average climate response over years 2080-2100 in
model output and emulation (NRMSE;), normalising RMSE in the spatially averaged timeseries over the same years NRMSE
and taking the linear combination between the two, dubbed the total NRMSE (NRMSE, = NRMSE; + 5 - NRMSE ;). *The exact
methods used to derive the ClimateBench provided output for precipitation proved hard to replicate and hence to compare to our
output, only the temperature outputs for SSP2-4.5 are compared directly to the ClimateBench output data itself. However, results
were computed using the same metrics to the output for the ensemble member used for emulation taken from the CMIP6 database
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directly. Results for METEOR emulation errors for SSP1-2.6 and SSP3-7.0 were obtained in the same manner. The results for other

emulations, internal variability and CMIP6 variability are taken directly from(Watson-Parris et al, 2022) . Note that the
ClimateBench results are compared to the mean between three ensemble member outputs, hence some errors stemming from
natural variability are dampened in the ClimateBench results and the result for SSP2-4.5 for METEOR compared to the other
METEOR results.

Table 3. METEOR performance for all models evaluated using the Climate bench evaluation metrics.

NRMSE, NRMSE,

tas pr
CESM2-WACCM ssp534- 0.229 0.207 1.264 0.074 0.009 0.117
over
CMCC-ESM2 ssp534-over  0.144 0.120 0.743 0.058 0.009 0.104
CNRM-ESM2-1  ssp534- 0.289 0.251 1.542 0.070 0.013 0.137
over
CanESM5 ssp534-over 0.205 0.180 1.107 0.098 0.010 0.150
MIROC-E2SL ssp534-over  0.271 0.212 1.331 * * *
MRI-ESM2-0 ssp534-over  0.170 0.075 0.543 0.069 0.010 0.119

Note: The comparison is to single ensemble members, so variability driven errors are included. *Precipitation metrics for MIROC-
E2SL had issues.

Finally, Figure 14 shows the maps of spatial RMSE for the end of the century emulation of CMIP6 models for four
scenarios: SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5. The SSP2-4.5 scenario overall shows the smallest RMSE,
which is expected as it is METEOR's training scenario. For the higher emission scenarios SSP3-7.0 and SSP5-8.5,
the high Arctic and the Southern Ocean show larger RMSE for temperature, while for precipitation, largest RMSE
are found over the tropical oceans. In the SSP7-2.6 scenario, the RMSE for temperature shows overall the same
pattern both for temperature and precipitation, but the former is much attenuated over the high Arctic. This
indicates that, by training to SSP2-4.5, some non-linear Arctic ocean or sea-ice dynamics are not captured by
METEOR in the higher emission out-of-sample scenarios for temperature, while the differences tend to scale more
linearly for precipitation.
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Figure 14. Spatial RMSE.

Note: End of century spatial RMSE for temperature (top row) and precipitation (bottom row) in each of the standard scenarios
SSP1-2.6 (a, e), SSP2-4.5 (b, f) SSP3-7.0 (c, g) and SSP5-8.5 (d, h).

Here, we have presented the METEOR (Multivariate Emulation of Time-Evolving and Overlapping Responses) v1.0
emulator framework for spatially resolved climate impacts. The framework allows for the reproduction of time-
evolving response to a range of radiative forcers, allowing for the simulation of hysteresis dynamics and forcer-
dependent responses.

We showed results of its training and application to CMIP6 models for experiments abrupt4x-CO;, piControl,
historical, SSP2-4.5, SSP1-2.6, SSP3-7.0, SSP5-8.5 and SSP5-3.4-over for annual mean temperature (tas) and
precipitation (pr). METEOR displays good overall performance for both in- and out-of-sample applications and
though performance is (unsurprisingly) slightly worse for out-of-sample applications (particularly for
precipitation), the amplitude and spatial pattern of multi-model response is well captured for all scenarios
considered. Beyond the demonstrations here, the model can easily be trained on new modelling output and to
emulate new and unknown scenarios and reasonable accuracy can be expected.

The model is structured as an importable Python library with example Jupyter notebooks that demonstrate basic
usage and reproduce the figures in this article. This should make the model accessible, useful and extendable for
new uses for the wider climate research community.

2.7 Discussion

Though METEOR shows good fits, including the ability to fit hysteresis, it has limitations. For instance, the model
assumes that increasing patterns and timescales are associated with increasingly longer and non-overlapping
timescales. In practice, there might be several pattern effects occurring on more closely related timescales, or on
timescales which are shorter or longer than those considered here. Allowing for additional modes in testing did
not lead to notable increases in performance. This is partly a function of data limits in training data. In particular,
the number of models which have the shortest possible timescale of 1 year indicate that a shorter mode might
yield better results. However, timescales of less than 1 year cannot be represented given the annual mean data
used for training in this study, and training simulations are generally run for 150-250 years, hence shorter or longer
timescales cannot be meaningfully fitted with these data. As with any emulator, performance is limited by the
availability of training data; capturing multi-millennial timescale responses requires training data to
unambiguously simulate those timescales. Fitting shorter (sub-annual) timescales requires an extension of the
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methodology considered here and any meaningful approach would require a treatment of the seasonal cycle and
internal variability, which is planned for future releases of METEOR. Further, gaining high confidence in shorter

timescale responses would require large initial condition ensembles, which would allow the assessment of forced
response given presence of internal variability with large impacts on the estimation of faster response timescales.
In general, the number of independent forcer responses and timescales could be improved with ESM datasets
which isolate the effect of independent forcers.

In METEORV1.0, we assume that the anomaly between the full target model response and the synthetic simulated
greenhouse gas only response is due to sulfate aerosol forcing. However, in practice, anomalies will also be caused
by any errors in the reconstruction of the synthetic GHG response, by other forcers which are not explicitly
represented or by potential nonlinear interactions between forcers. The model framework is sufficiently flexible to
test these possibilities, but data from current CMIP archives is too limited to conduct these refinements for the
full range of models considered here. There exist experiments which could be used to provide additional
information for some models, such as the DAMIP experiments: ssp245-aer ssp245-GHG, ssp245-CO2, ssp245-
stratO3, which we wish to exploit in the future. However, for this demonstration, we prioritise showing METEOR's
performance using only experiments which have been performed by most CMIP6 models, and therefore
demonstrating METEOR's versatility. Hence, we isolate the effect of GHG and sulfate aerosol forcing leaning on
results from the literature (Myhre et al., 2017; Persad et al., 2023; Samset et al.,, 2019; B. H. Samset et al., 2018;
Wilcox et al.,, 2023; Zhao et al.,, 2019) including the assessments of the last IPCC cycle, which highlight the strength,
peculiarity and uncertainty of the aerosol and specifically sulfate aerosol forcing as a first order modifier from the
pure GHG-driven response.

The strength and usefulness of an emulator such as METEOR lies particularly in its ability to produce impact results
rapidly. In this paper we have focused on annual mean values of temperature, but for impact studies, seasonal
cycle and extreme value data might be more useful, and some emulators already have extensions that allow for
monthly or seasonal output (Nath et al., 2024; Nathet al., 2022; Tebaldi et al., 2022). Future versions of METEOR
will seek to represent these additional dimensions, noting that METEOR's variable agnostic setup can facilitate, for
example, training on seasonally varying data, i.e. building separate patterns for January temperatures, February
temperatures, summer temperatures or maximum yearly temperatures.

As capturing hysteresis for modelling overshoot scenarios is an explicit motivation for the METEOR methodology,
the apparent success of its fit to the SSP5-3.4-over scenario is reassuring. However, as only very few models have
full available training data for this scenario, the robustness of METEOR for overshoot scenarios should be explored
further. We note in particular that the experiment used to identify GHG timescales and patterns (abrupt4x-CO.)
only simulates the effects of a permanent increase in concentrations, so that in specific timescales associated with
negative emissions from processes such as Carbon Dioxide Removal might differ. Experiments in CMIP7, such as
flat1OMIP (Sanderson et al., 2024) will provide assessments of potential asymmetries between responses to
positive and negative emissions in Earth System Models, which could be used as additional training data for
METEOR.

For the modelling presented in this paper, we chose a combination of historical and SSP2-4.5 to fit the residual
sulfate aerosol patterns. In Figure 8, though quite small, we note a slight hot bias for SSP7-2.6 and a slight cold
bias for SSP5-8.5. This makes sense as the SSP2-4.5 temperature trajectory lies between the two. This implies that
there may be, on average, some nonlinear temperature response in CMIP models which is not captured in the
pulse-response logic exploited here, and will likely also mean that fits are probably slightly more accurate when
applied to scenarios that are not too far off from the scenario used for the residual fitting. In practice the biases
here are small, and fits overall are good in the range considered, but if the intended application of METEOR is to
scenarios in a very particular temperature trajectory range, choosing a residual to fit to that is relatively centrally
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located for that range is advisable. For the purposes of this paper as well as most ordinary applications to CMIP6
data, we consider that SSP2-4.5 is a reasonable choice. Similarly, the aerosol profile in the future may have low
emissions of sulfate aerosol, while nitrate aerosol emissions might increase (Adams et al., 2001; Bauer et al., 2007,
Hauglustaine et al,, 2014; Liao & Seinfeld, 2005) . The forcing responses to nitrate aerosols are currently not well
constrained, and can be highly dependent on the location and height of the emissions source (Aamaas et al.,
2016). In addition to possible biases from all non-CO2 forcers that are treated as GHG, but which may in practice
feed into the residual pattern, nitrate aerosol effects might be a particular bias to look out for in future projections.
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3  METEORv1.5 - expanding the METEOR framework to produce
climate impacts

The version of METEOR documented in Sandstad et al. (2025) emulated gridded, annual mean variables — and is
unique in pattern scaling models for differentiating between the spatial climate effects of aerosols and greenhouse
gases, for resolving the emergence of signals on multiple timescales, and for its capacity to represent irreversible
climate impacts during an overshoot scenario.

While useful for representing climate evolution and indicators, many climate impacts require resolution of shorter
time intervals, and simulation of stochastic variability (or weather). With this in mind, METEORV1.5 builds on the
climate patterns simulated by METEOR to represent the seasonal cycle and weather variability, together with a
modular climate impacts representation (Sanderson et al., 2025). These additions enable METEOR to generate
realistic monthly climate projections with proper seasonal cycles and short-term variability, while providing tools
to translate these climate outputs into societally relevant impact metrics. The framework maintains computational
efficiency while adding the temporal resolution and impact assessment capabilities necessary for many climate
risk applications.

3.1 Seasonal model

METEORV1.5 represents seasonal cycles through a combination of harmonic analysis and temperature-dependent
parameterization. Annual and semi-annual harmonic components are extracted from the monthly climate data
and modelled as functions of the evolving global temperature trajectory, allowing seasonal amplitudes and phases
to shift under warming scenarios.

The seasonal model captures both the mean seasonal cycle and its variability, including changes in seasonal timing
(such as earlier spring onset) and amplitude modifications (such as reduced winter-summer temperature contrasts
in polar regions). Temperature-dependent seasonality parameters are derived from the CMIP6 training data by
fitting relationships between seasonal characteristics and background climate state. This enables the model to
generate monthly climate sequences where seasonal patterns evolve consistently with the underlying warming
trajectory, rather than simply imposing fixed seasonal cycles onto annual projections.

The seasonal component at each spatial location can be represented as:

Eq. 16

4dm

S(m,T) = A, (T)cos (2% + (T)) + A45(T) cos ( Tt qbg(T))

where S(m,T) is the seasonal anomaly for month $m$ given global temperature T, A1(T) and $Ax(T) are the
temperature-dependent amplitudes of the annual and semi-annual harmonics respectively, and ¢+(T) and ¢2(T)
are the corresponding temperature-dependent phase shifts. The temperature dependencies are parameterized in
a linear regression framework as:

Eq. 17

A(T)=Aip+a;-T and ¢i(T) = ¢io+5i-T

where the coefficients ai and Bi are derived from the CMIP6 training data by fitting relationships between seasonal
characteristics and background climate state. This enables the model to generate monthly climate sequences
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where seasonal patterns evolve consistently with the underlying warming trajectory, rather than simply imposing

fixed seasonal cycles onto annual projections.

3.2 Noise Model

The monthly climate variability model employs a two-stage approach combining Principal Component Analysis
(PCA) with Vector Autoregressive with eXogenous variables (VARX) modelling (Penm et al., 1993). The system first
decomposes monthly climate anomalies from CMIP6 training data into spatial modes using PCA, typically retaining
8-12 dominant modes that capture the majority of spatial variance. These spatial modes represent the dominant
patterns of climate variability and reduce the dimensionality of the problem while preserving the essential spatial
structure.

The temporal evolution of these modes is then modelled using a VARX process, which extends traditional Vector
Autoregressive (VAR) models to include external forcing variables. A VARX model captures both the internal
dynamics of the climate system (through autoregressive terms) and the response to external forcing (through
exogenous variables). For a system with p spatial modes, the VARX(k,s) model can be written as:

Eq. 18

k s
Zi=c+Y AZi i+ BXi;+e
i=1 =0

where Zt is the p-dimensional vector of principal component scores at time t, (Principal components are the
coefficients of orthogonal spatial patterns which can be used to approximate the gridded variability of a climate
model using a reduced basis). Xt represents the exogenous forcing variables (typically global temperature
trajectory), Ai are p by p autoregressive coefficient matrices capturing lagged climate dependencies between
principal components, Bj are p by q coefficient matrices relating external forcing to the modes, and (et) is a vector
of white noise. The lag orders k and s are by default chosen to be 1 and 3 months, capturing the memory of the
climate system

This approach preserves the spatial-temporal covariance structure of natural climate variability while allowing the
seasonal cycles to evolve with changing background climate states. The VARX framework naturally handles the
interaction between internal climate dynamics and external forcing, enabling realistic simulation of how natural
variability patterns change under different warming scenarios. METEORv1.5 represents seasonal cycles and noise
for both temperature and precipitation by default, though any CMIP6 variable can be added through configuration
changes (however, performance will need to be assessed on a variable-by-variable basis).

3.3 Ensemble Generation and Uncertainty Quantification

The fitted climate, noise and seasonal models allow for the rapid generation of large ensembles of climate futures
for any given scenario. The noise model generates multiple realizations of monthly climate by sampling from the
fitted VARX process, providing ensemble-based uncertainty quantification that complements METEOR's existing
multi-model and multi-scenario capabilities. Users can generate ensembles with potentially hundreds of members
using full climate realizations that include both the forced response and natural variability. The synthetic climate
preserves key statistical properties of the original Earth System Model climates including spatial correlations,
temporal persistence, and seasonal amplitude variations. This ensemble capability enables probabilistic impact
assessments and risk analysis applications that require characterisation of climate uncertainty ranges.
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3.4 Modular Impact Assessment Framework

METEOR 1.5 introduces an extensible ‘ImpactCalculator’ base class that standardizes the interface for converting
climate data into impact metrics, allowing for easy construction of additional climate impact parameterisations for
either direct assessment or for incorporation into integrated assessment modelling frameworks. This modular
design allows users to implement custom impact calculations while benefiting from common infrastructure for
ensemble processing, metadata handling, and statistical analysis. The framework includes an ‘ImpactEnsemble’
class that provides ensemble statistics and tools for comparing impact distributions across scenarios or time
periods. The system handles both deterministic calculations from single climate realizations and probabilistic
assessments from climate ensembles, with automatic propagation of uncertainty from climate inputs through to
impact outputs.

3.5 Degree Days Application and Validation

The initial implementation of the impacts framework includes a comprehensive degree days calculator that
demonstrates the framework's capabilities for energy-sector climate impacts. The calculator implements both
heating degree days (HDD) and cooling degree days (CDD) with configurable base temperatures and seasonally
varying standard deviations that account for sub-monthly temperature variability. The implementation follows
established methodologies for translating monthly temperature data into degree day accumulations while
preserving the statistical properties necessary for energy demand modelling. This application serves as both a
practical tool for energy impact assessment and a template for developing additional impact calculators within
the framework. The degree days calculator has been validated against observational data and demonstrates the
system's ability to produce realistic impact projections that capture both long-term trends and year-to-year
variability.

Together these additions allow for modelling of monthly data which can then be used to model impact related
variables such as HDD (Heating Degree Days) and CDD (Cooling Degree Days) using one or more stochastic
realisations for the noise (Figure 15).
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Figure 15. METEOR-Impacts demonstration for Oslo region under SSP2-4.5 scenario using METEOR's ensemble emulation of
CanESM5, a CMIP6 Earth System Model used in training.

Note: This four-panel figure illustrates the complete METEOR-Impacts workflow combining pattern scaling, monthly climate
variability, and impact assessment. (a) Temperature Evolution: Monthly temperature projections (°C) showing ensemble spread
(light blue lines) and ensemble mean (dark blue) from 2000-2100. The noise model generates realistic inter-annual variability
around the forced warming trend. (b) Monthly Heating Degree Days: Monthly HDD accumulation (base temperature 18°C) with
individual ensemble members (light red) and ensemble mean (dark red). HDD decreases over time as winters warm, with
substantial month-to-month and year-to-year variability preserved. (c) Monthly Cooling Degree Days: Monthly CDD
accumulation showing increasing summer cooling demand as temperatures rise above the 18°C threshold. Individual
realizations (light green) capture natural variability while the ensemble mean (dark green) shows the forced trend. (d) Annual
Degree Days Summary: Annual totals for both HDD (red) and CDD (blue) illustrating the long-term energy sector implications -
declining heating demand and increasing cooling demand under warming. The methodology demonstrates how METEOR's
pattern scaling combined with the new noise generator produces climate projections with realistic seasonal cycles and natural
variability, enabling probabilistic impact assessment through ensemble analysis.
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4 Linking METEOR with IAMs

4.1 Coupling mechanisms between physical climate change and the economy

METEOR can aid in the establishment of a coupling framework between physical climate change and the economy
in IAMs by providing regionally resolved inputs of physical climate variables. METEOR is explicitly motivated by
the need to improve climate-economy feedback integration. While current IAMs often neglect impacts such as
land-use productivity shifts, human health damages, or socio-political conflicts, METEOR offers a scalable bridge:
by rapidly generating probabilistic regional climate information, it allows IAMs to systematically explore feedback
pathways. The open-source implementation of METEOR ensures accessibility and interoperability. As such
METEOR helps bridging the gap between ESM-scale outputs and IAM input needs. In practice, this means IAMs
could integrate regionally-resolved climate projections to better capture climate-economy feedbacks. This
enables rapid, computationally efficient production of spatially explicit climate information and directly tackles the
limitations of one-way deterministic coupling by embedding uncertainty, non-linear dynamics, and forcing-
dependent responses into the climate-economy interface.

The proposed pipeline establishes a two-way, templated process for coupling IAM scenarios with regionalised
climate impacts via the open-source METEOR model. The idealised process pipeline is described as followed:

1. Scenario generation in IAMs: An IAM produces emissions trajectories using the IAMC standard format.

These scenarios define (and quantify) the underlying socio-economic and policy assumptions.

2. Preprocessing for SCMs: A dedicated repository (Sandstad 2025) converts IAMC-formatted emissions into

a format compatible with the CICERO Simple Climate Model (C-SCM). This ensures smooth translation of
IAM outputs into the climate emulator framework. The repository is being documented and updated,
ensuring visibility in project workflows.

3. Running METEOR: METEOR, either newly trained or using an existing trained version—depending on the

use case and set of available scenario training data—receives the emissions input (via C-SCM'’s emissions-
to-forcing engine) and produces gridded climate outputs. These include temperature and precipitation
fields with timescale- and forcing-dependent patterns and can be extended to additional impact-relevant
variables (see Section 2.2).

4. Processing to IAM-readable format: The gridded outputs are translated back into a format suitable for

IAMs. Depending on the specific model, this may involve applying region masks, aggregating variables,
or reducing dimensionality to quantities directly usable by the IAM (e.g., regional averages, impact
indices). While the details are model-dependent, this step generally requires applying common post-
processing routines.

5. Feedback to IAMs: The processed impact data is fed back into the IAM, which can then rerun the scenario

under the new information.

This loop can be repeated iteratively to capture feedbacks between climate impacts and socio-economic pathways.
Each step of the pipeline is open-source and accessible, enabling users to reproduce and adapt the workflow. In
practice, however, the complexity of handling formats, dependencies, and documentation means that guidance
and active support will be required to ensure smooth uptake across the IAM and SCM communities.

The advances made with the development of METEOR mark a substantial step toward risk-informed, feedback-
inclusive IAM-SCM coupling. METEOR can enable IAMs to move from targeting single climate outcomes (i.e.,
temperature for use in damage functions) to assessing the risk distribution of climate outcomes. In addition to
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probabilistic outcomes from the parameter space of the training data, METEOR can be used to generate ensembles

of plausible configurations, providing |IAMs with risk-based climate information rather than deterministic
projections.

4.2 Overview of impacts that can be represented in IAMs

Numerous analyses have examined the impacts of climate change on the energy system including impacts on
residential and commercial heating and cooling demand, capacity factors of power plants, and potential of
different energy sources (Byers et al., 2024; Isaac & van Vuuren, 2009; Yalew et al., 2020; Zapata et al., 2022).
Additionally, a substantial body of literature has explored how climate change effects may influence the economy
at a macroeconomic level. This includes both sector-by-sector analyses (e.g., Takakura et al., 2019) and broader
empirical studies that assess the entire economy (e.g., Burke et al,, 2015; Burke et al., 2023), highlighting that
different types of climate change impacts influence the economy through various channels.

In this section, we conducted a survey to understand the types of impacts that can be included in the DIAMOND
models and modules, through a pipeline such as the one presented in Section 2.9. Our sample included 9 models—
including the six core IAMs (i.e, OMNIA, GCAM-Europe, OPEN-PROM, GEMINI-E3-EU, CLEWs-EU, NEMESIS-
World), openTEPES, MIO-ES (a macroeconomic input-output model, which, although not directly part of
DIAMOND, has influenced other project activities (e.g., the development of the household heterogeneity
database), and NEMESIS-EU (since it constitutes a separate version from the global one)—with one response being
collected per model. Figures 16, 17, 18 and 19 show the response to questions on whether various impacts can be
included in the models.

Reponses show that impacts on heating and cooling degree days followed by those on crop yields are the ones
that can be represented by most models, hence we have focused our efforts on these variables. There are several
impact equations in the literature that utilise mean temperature and precipitation to assess the impact of climate
change on overall GDP, which can be included in all the models (Burke et al., 2015; Kalkuhl & Wenz, 2020). This
resultant target GDP can be achieved by including supply side or demand side shocks in the economic models
similar to the methodology adopted by the Network for Greening the Financial System (NGFS) studies (Richters
et al., 2024).

Population is an exogenous variable in the model and the dynamics of population—including migration, fertility,
and mortality—are not included in the models involved in the consortium. This makes it challenging to assess the
impact of climate change on human migration and its impact on the regional energy needs in the models, despite
a couple of theoretical "Yes"” responses, indicating a possibility to do so under strict assumptions.

1%

’ 22%

® Yes 2
@® No 6
® Other 1

67%

Figure 16. Responses from the survey indicate whether models involved in DIAMOND can include the impact of climate change
on human migration in their models.

Most models that have detailed representation of energy technologies can incorporate the effects of climate
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change on heating and cooling energy demands. In these models, climate parameters such as heating degree

days and cooling degree days are taken into account when estimating heating and cooling demand. This approach
helps to establish a connection between the physical emulator and integrated assessment models (IAM). In CGE
models cooling and heating degree days are not disaggregated, potentially requiring short- and long-term
temperature elasticities (e.g., De Cian et al. 2012) to be used to assess the impact of temperature on the fuel mix.

22%
® Yes 7
® No 0
® Maybe 2

78%

Figure 17. Responses from the survey indicate whether models involved in DIAMOND can include the impact of climate change
on heating and cooling in their models.

Temperature and Precipitation at the spatial scale can be utilised in the CLEWs-EU land and water module. A
simple water balance is included in the land and water module of the model, which allows the assessment of water
availability impact on crops. For the baseline scenario, inputs for the model include precipitation,
evapotranspiration, crop yield, and water deficit (crop and country specific), taken from the GAEZ database. Any
change in the precipitation due to climate change from METEOR can be included in the model which would lead
to lower water availability for crops. Lower availability of water in some regions can also result in increasing energy
demand for desalination. OMNIA and OPEN-PROM model are linked with the land use model MAgPIE. The MAgPIE
model of agriculture and land use simulates investments in agricultural research and development (R&D)
endogenously, with R&D levels determined by both the degree of warming and the crop model used within the
MAGgPIE framework. Currently, only the impact of increased CO, concentrations on crop yields is included in the
crop model, while the impact of temperature is not. This might result in the underestimation of adaptation
spending on the agricultural system to protect crop yields as the world warms, or the impact on food prices due
to food storages. To overcome this limitation, the generated climate data from METEOR model can be used, along
with empirical assumptions to scale agricultural and forestry yields within MAgPIE, analysing resulting shifts in
land use, production costs, bioenergy potential, and land-related emissions (CO,, CH4, N.O). Several statistical
models for assessing the impacts of climate on crop yields have been highlighted in the work of Roberts et al.,
(2017). However, the crop model linked to MAgPIE does not incorporate other climate stressors, such as beetles,
drought mortality, and interactive fire, which makes it challenging to have a comprehensive representation, despite
significant improvements offered through the METEOR link.
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1%

@ Yes 5
@® No 3

33% 56%
® May be 1

Figure 18. Responses from the survey indicate whether models involved in DIAMOND can include the impact of climate change
on crop yield in their models.

Due to higher temperatures and rising humidity caused by climate change, workers are increasingly susceptible
to illnesses and more likely to make errors and have accidents. This is largely a result of decreased concentration
(OECD, 2024), which ultimately leads to reduced productivity. The thermal comfort of workers, along with their
physical and physiological limits, determines work ability and directly influences labour productivity. In a CGE
model, specific amounts of labour, capital, and resources are required to produce one unit of output. If climate-
change-induced stress reduces productivity, then, for example, more labour per unit of output would be required.
This can be represented in the CGE model by multiplying labour input by a factor greater than 1. We take the
same approach as in Knittel et al 2020 to assess the impact of climate change on labour productivity and therefore
on overall economy of the region. The relationship between wet bulb temperature and work ability is estimated
by Brode et al. (2017):

WA =014+09/(1+ (WBGT/a;)*?)

Depending on the work intensity, (@, a,) can take the values of (34.64, 22.72) for light work, (32.93, 17.81) for
medium work and (30.94, 16.64) for heavy work. Wet bulb temperature can be calculated using the temperature
and relative humidity from the METEOR model that can be used to derive the work ability of labour in different
scenarios.

® Yes 5
44%
@® No 4
56%
@ Other 0

Figure 19. Responses from the survey indicate whether models involved in DIAMOND can include the impact of climate change
on labour productivity in their models.

Davidson and Janssens (2006) shows that carbon stored in the soil is released into the atmosphere due to
accelerated decomposition caused by warming, which can create a positive feedback loop that exacerbates climate
change. On the other hand, if the increase in plant-derived carbon inputs to the soil surpasses the rise in
decomposition rates, the feedback would be negative. Despite extensive research, there is still no consensus on
how temperature affects the decomposition of soil carbon and not many models can represent these dynamics,
going beyond the focus on this task.

Funded by

the European Union




D4.4 - Climate uncertainties and carbon-climate feedbacks / DI\HFFII (??l_l D

1% 1%

@ Yes 1
® No 7
® Other 1

78%

Figure 20. Responses from the survey indicate whether models involved in DIAMOND can include the impact of climate change
on soil organic carbon in their models.

4.3 lllustration of coupling between METEOR and OPEN-PROM

In this section, we describe a workflow using global greenhouse gas (GHG) emissions from the OPEN-PROM model
under a no-policy scenario to estimate annual precipitation and temperature (Figure 21). This workflow can be
used for other IAM models too. These estimates can then be used to assess various impacts that can be
incorporated into the model.

METEOR

GHG emissions

Annual
OPEN-PROM temperature and
Precipitation

Impact module

Figure 21. Generalised workflow diagram to showcase the coupling between the spatially resolving emulator METEOR and
IAM model (example using OPEN-PROM)

Figure 22 shows the emissions for the baseline scenario from the OPEN-PROM model, while Figure 23 illustrates
the projected changes in temperature and precipitation for the years 2050 and 2100 as estimated by the METEOR
model at grid level. Impacts can then be incorporated back into the IAM based on the processes described in
Section 3.1.
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OpenPROM Baseline Emissions
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Figure 22. Emissions trajectories for CO,, CH4, N,O and Sulfur from the OpenPROM baseline DIAMOND run.
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Figure 23. METEOR prediction maps of annual mean change.
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Note: This map showsannual mean change since 1850-1900 average in the 20-year period from 2040-2060 (i.e. 2050) in a and
¢, and in 2080-2100 (end of century) in b and d, using forcing from OPEN-PROM'’s baseline DIAMOND run and emulating to the
CanESM5 CMIP6 climate model. Colourscales are symmetrical ranging from -10 to 10 degrees K in temperature change, and from
-3 x 1075 to -3 x 1075 kg m-2 s-1 for precipitation changes.

4.4 Heating and Cooling demand

Several papers have looked at the impacts of variations in heating and cooling of buildings due to future
temperature changes (Byers et al., 2024; Colelli & Cian, 2020; Yalew et al., 2020). The seasonal and variability
enhanced version of METEOR-Noise can be used to generate such estimates to feed into IAM models to provide
climate feedbacks. Figure 24 shows the METEOR generated cooling degree days, estimated for a single stochastic
realisation of a grid cell over Oslo for the SSP2-4.5 scenario using the HDD and CDD parametrisation described in
Isaac and van Vuuren (2009) to go from local monthly temperature outputs from METEOR-Noise to monthly HDD
or CDD predictions. At the global level, the climate change impact on heating and cooling service demand and
additional investments requirements to adapt to these changes might not be significant, but at the regional level
including such dynamics helps adapt electricity planning to the high peak demand period. In the NEMESIS-World
model, there is no representation of total energy consumption in households by its uses (heating, cooling and
lighting etc), so this issue needs to be addressed by fixing the share of different end uses from a technologically
detailed model for the baseline scenario. The variation of HDD and CDD in the GEMINI-E3-EU model can be
incorporated by adjusting technical progress associated with fossil energy and electricity consumption for
residential purpose. This adjustment is based on the assumption that changes in HDD and CDD are equivalent to
a decrease or increase in the energy required to maintain the same level of comfort for heating and cooling.

Figure 25 shows the linkages between different models (a link to NEMESIS-World may still be possible but would
require a three-way connection with a technologically detailed model).
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Figure 24. Simulated stochastic cooling degree days for Oslo, generated from a single stochastic realisation of METEOR-Noise.
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Figure 25. Illustration demonstrates the flow of emissions data from IAMs (Integrated Assessment Models) to METEOR and
how this data can be used to compute regional Heating Degree Days (HDD) and Cooling Degree Days (CDD) values for different
scenarios that these values are used to estimate the changes in heating and cooling end-use demand feeding back to IAMs.

4.5 Outlook

The potential applications of METEOR are not limited to mean temperature and precipitation. The model can be
trained and used to model climate change response in any variable for which a strong connection between climate
change forcing and variable evolution can be assumed. Examples of such expansions can include estimating the
impact from variables such as extreme value impact indicators or other climatological variables such as humidity,
radiative balance or soil moisture. Further development would extend the model to more directly resolve impacts
such as crop yields, human heat stress and sea level rise. Although, we expect such indicators to require additional
modules, such advancements may further assist towards capturing climate change implications on mitigation
pathways in IAMs.

The scheme used to obtain the GHG response from abrupt4x-CO, can be employed in the same way for any forcer
for which there is data for an abrupt step-change response. A collection of such experiments is contained in
PDRMIP. However, PDRMIP was performed with older versions of modelling frameworks. METEOR can be applied
to that dataset, or similar updated ones, to obtain separate per forcer timescales and patterns, allowing for further
decomposition of spatial forcer response as a function of a wider range of species.

The scheme for anomaly calculations that we employed to obtain the aerosol signal may also be performed for
multiple forcers, if data from experiments where only a single forcer is changed are available. For instance, the
DAMIP (The Detection and Attribution Model Intercomparison Project) (Gillett et al., 2016) and RAMIP (Regional
Aerosol Model Intercomparison Project) (Wilcox et al., 2023) datasets offer such data, the latter of which can even
separate the forcing response from aerosols depending on their region of origin, which may in fact produce
different results both in terms of spatial pattern and strength of climate results (Wilcox et al.,, 2023) .

The timescales and patterns that METEOR obtains for any particular model, though mostly operational and for
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emulation purposes, may also indicate aspects of the underlying physics of the model, and comparison between

parameters obtained for emulation of different models may itself provide indicators for understanding ESM
differences (such as the role of fast and slow feedback processes in observed climate and implications for future
climate commitments).

The emissions-to-forcing pipeline from the C-SCM is currently an integral part of METEOR. However, coupling
METEOR to a similar pipeline from a different simple climate model, or allowing it to run directly from input forcing
data is a logical future development goal, allowing uncertainty in the emissions-forcing pipeline to be decoupled
from the forcing-pattern component. An alternative would be a higher level of integration within a simple climate
model, such that the METEOR forcing-pattern mapping becomes an integral part of a wider model, including, for
example, ecosystem components which could evolve as a function of regional climate as simulated within
METEOR.

Currently, METEOR does not have any representation of natural variability, nor is there native support for
producing probabilistic output which spans uncertainty in either ESM training model, or in fitting uncertainty for
a single model. Each of these would be useful for impact applications and would be logical extensions for future
development. Probabilistic spatial information is implemented using various techniques from the MESMER
framework ( Beusch et al., 2020; Quilcaille et al., 2022; Quilcaille et al., 2023). Goals for future versions of METEOR
include probabilistic implementations in which a set of plausible METEOR configurations can be produced for a
given ESM emulation, such that an ensemble of simulations can then provide risk guidance for climate impacts.
Testing the robustness of timescales and patterns across ensemble runs of the same model would be beneficial
in achieving this goal. Using emulations based on existing ensemble spread as in Schwaab et al. (2024) or including
some variability into the emulator process pipeline itself similar to what has been done on a global scale for the
FAIR simple climate model (Bouabid, Sejdinovic, & Watson-Parris, 2024) are both possible approaches to this.

There may be indications that extremely fast (sub-yearly, near instantaneous), and very slow timescales (millennial)
are not captured by the current setup. Aiming to fit the former could be a targeted extension, but the latter might
require output from longer runs than are currently available for most models. The assumptions made of
exponentially longer timescale lengths might also not be ideal, as local optima for several shorter or comparable
timescales may not be found. A more thorough investigation of this may be needed.

We provide METEOR as an open tool which we hope can be of wider benefit to the community, contributing to a
wider body of emulation tools, each of which provides unique advantages with ample scope for intercomparisons,
coupling and ensemble studies. This on top of the envisaged use of the model in project activities as part of the
link with IAMs (see WP5 activities). Finally, we look forward to community development of the METEOR platform
to provide better integration into ecosystems of fast climate modelling tools which can be increasingly used in
applications which require rapid turnaround, such as simulating regional climate impacts in societal models.
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ANNEX

Fitness depending on number of timescales

The METEOR model can be trained with an arbitrary number of timescales 7. In this paper we have shown results
for a setup which assumes three timescales for each forcer. However, the user can specify to train and use an
arbitrary number of timescales and corresponding spatial patterns. Figure 15 shows the effect of increasing the
number of timescales on the emulation fits. Panels a and d show each model’s results as connected points, the
RMSE of the fit to the abrupt4x-CO; as the number of timescales increase. Panels b an e show these values only
for the multi model mean. The fitness increases substantially for both temperature and precipitation when going
from one to two timescales, and a further slight increase is observed when increasing to three timescales.

Panels c and f of Figure A 1, show the RMSE model mean fit for temperature and precipitation with varying
numbers of both GHG and residual aerosol timescales to the SSP2-4.5 experiment. Annual values per model for
global mean reconstruction versus model output for each combination of GHG and aerosol timescales are shown
in Figure A 2 (temperature) and Figure A 3 (precipitation). From this, we observe that a combination of three
timescales for both aerosols and GHG provides a reasonable balance. When a single aerosol timescale is used, we
observe that the fit actually deteriorates as GHG timescales are increased from two to three. We believe that this
is a consequence of the range constraints for timescales. With one or two very slow GHG timescales, the residual
pattern includes timescale signals which do not quite fit the SSP2-4.5 scenario. With only one very short timescale
with which to compensate for this, the residual cannot compensate. This does not mean that sulfate aerosols have
very long timescale mechanisms but rather should serve to caution the user on the interpretability of the emulator
outputs. Since the sulfate aerosol timescales and patterns are based on residual signals, they also include and have
in them information which is just to do with the lack of accuracy of the abrupt4x-CO, based GHG patterns and
timescales to accurately map the effect of everything else that happens in the model in the historical and SSP2-
4.5 scenario runs. This compensating factor lead us to find it reasonable to use three timescales also for the aerosol
patterns, and this shows the best overall fits by these measures.

Figure A 4 shows the contributions of the different timescales and how they combine. Panels a (temperature) and
¢ (precipitation) show the global mean time evolution of the reconstruction associated with each timescale, and
we can see that all GHG patterns are associate with positive contributions, whereas the aerosol residual patterns
on inter-annual and inter-decadal scales have negative contributions, with the inter-centennial pattern giving a
positive contribution. Panels b (temperature) and d (precipitation) show how the total reconstruction changes as
subsequent patterns are added starting with the shortest timescale for GHG, adding longer GHG timescales first,
before adding the aerosol patterns in order of timescale length.
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Figure A 1: Evaluation of METEOR reconstruction as function of number of timescales. Panels a and d show the
evolution of the RMSE parameter for temperature and precipitation respectively in the reconstruction of the abrupt4x-
CO: experiment as a function of increased number of timescales for each individual CMIP6 model. Panels b and e
show mean of the same numbers. Panels ¢ and f show the same mean RMSE but applied to the reconstruction of the
SSP2-4.5 experiment and including a varying number of aerosol timescales modelled from residual.
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Figure A 2: Evaluation of tas for varying number of timescales. Columns left to right show increasing numbers of aerosol
timescales from O to 4, while rows from top to bottom show increasing numbers of GHG timescales from 1 to 4. Each point
represents a global mean value for temperature for one model in the original CMIP6 data versus the METEOR reconstruction for
SSP2-4.5. Model mean overall RMSE and mean absolute error (MAE) are displayed for each timescale combination.
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Figure A 3: Evaluation of pr for varying number of timescales. Columns left to right show increasing numbers of aerosol timescales
from 0 to 4, while rows from top to bottom show increasing numbers of GHG timescales from 1 to 4. Each point represents a
global mean value for temperature for one model in the original CMIP6 data versus the METEOR reconstruction for SSP2-4.5.
Model mean overall RMSE and mean absolute error (MAE) are displayed for each timescale combination.
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Figure A 4: Multi-model mean per timescale contributions. With a model trained with three GHG and three aerosol timescales,
we show the model mean global reconstruction contributions from each timescale pattern when emulating SSP2-4.5. Panels a
(temperature) and c (precipitation) show the separate contributions from the inter-annual GHG (red), inter-decadal GHG (orange),
inter-centennial GHG (green), inter-annual aerosol (dark blue), inter-decadal aerosol (medium blue) and inter-centennial aerosol
(turquoise) overlayed on top of the original CMIP6 multi model data (grey). Panels b (temperature) and d (precipitation) show the
result of summing the patterns in this order.

Results for single model emulation

Here we include results per individual model emulated. Table B 1 lists all models included and the timescales
obtained for the main emulations of them. The model selection criteria was mainly one of convenience, including
models that had data available from zarrr store CMIP6 google-api (https://storage.googleapis.com/cmip6/cmip6-
zarr-consolidated-stores.csv) for all of the experiments piControl, abrupt4x-CO,, SSP1-2.6, SSP2-4.5, SSP3-7.0 and
, SSP5-8.5. From this set, some models were excluded for various issues with the data available. Table B 2, Table

B 3, Table B 4 and Table B 5 show ClimateBench-style error scores for all model and experiment combinations.

Global mean reconstructions per model for each of the four SSP experiments are shown in Figures B1-B3
(temperature) and Figures B5-B7 (precipitation). In addition, a smaller selection of models which also had data
for SSP5-3.4-over were used to evaluate the performance of the emulation in overshoot scenarios. Global mean
reconstruction results for these are shown individually in B3 (temperature) and B8 (precipitation).

We also show plots that illustrate the single model spatial performance of METEOR, by comparing end of 21st
century emulation and CMIP6 data for all the standard scenarios for one model for which METEOR had some of
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the overall best performance (NorESM2-MM) in Figs. B9 and B11 and for one for which METEOR had someofthe
overall worst performance (CMCC-ESM2) in Figs. B10 and B12. For the SSP5-3.4-over scenario, we display the end
of century emulation map comparison for all models in Figs. B13 and B14, showing more of a spread in
performance.

Table B 1: METEOR pattern scaling timescales T split into inter-annual (0-10 years), inter-decadal (10-100 years) and inter-
centennial (100-1000 years) timescales provided for each CMIP6 mode|, for temperature and precipitation and greenhouse gas
(GHG) and residuals (aer) responses, respectively. Note that in METEORv1.0.1, the respective timescales are forced to fit within the
specified ranges.

Precipi
tation

GHG aer GHG aer

T1 T2 T3 T1 T2 T3 T1 T2 T3 T1 T2 T3
ACCES 1.0 12.7 100.0 1.1 73.4 998.1 6.4 100.0 1000.0 1.2 954 719.1
S-CM2
ACCES 1.2 12.9 100.0 1.8 100.0 1000.0 1.0 10.0 996.0 24 100.0 1000.0
S-
ESM1-
5
AWI- 1.0 10.0 490.0 2.3 18.9 102.8 3.0 10.0 1000.0 2.0 10.0 163.4
CM-1-
1-MR
BCC- 1.0 10.0 974.1 1.0 10.0 100.0 1.0 10.0 1000.0 1.0 11.3 100.0
CSM2-
MR
CAMS- 1.0 10.9 980.2 1.0 10.0 100.0 2.0 12.0 1000.0 1.0 100.0 1000.0
CSM1-
0
CAS- 1.0 12.2 298.0 1.4 100.0 1000.0 4.7 31.6 837.3 1.0 100.0 1000.0
ESM2-
0
CESM2 1.1 10.0 9934 2.3 100.0 1000.0 1.0 10.0 995.4 3.9 100.0 1000.0
CMCC- 1.0 10.0 123.3 1.0 100.0 538.3 6.9 100.0 1000.0 8.6 59.5 1000.0
CM2-
SR5
CMCC- 1.0 10.0 2129 1.0 59.7 221.6 7.2 100.0 1000.0 10.0 41.0 179.6
ESM2
CNRM- 1.0 15.0 100.0 1.0 100.0 1000.0 7.7 100.0 1000.0 1.0 100.0 1000.0
CM6-1
CNRM- 1.1 15.1 1000.0 1.0 100.0 1000.0 1.0 10.5 687.8 1.0 100.0 1000.0
CM6-1-
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HR

CNRM- 1.2 10.0 999.9 1.0 100.0 1000.0  10.0 99.0 7113 1.0 100.0 1000.0
ESM2-

1

CanES 1.2 13.0 429.9 5.7 100.0 1000.0  10.0 12.8 10000 4.5 99.1 281.6
M5

EC- 1.0 10.9 100.0 1.0 100.0 1000.0 49 100.0 1000.0 1.0 100.0 1000.0
Earth3-

Veg

FGOAL 1.0 10.0 975.6 1.6 10.0 100.0 6.7 100.0 116.8 7.2 16.9 100.0
S-f3-L

GFDL- 1.0 10.0 999.9 1.6 100.0 1000.0 10.0 100.0 791.5 1.0 100.0 1000.0
ESM4

GISS- 1.0 10.0 9394 2.5 100.0 1000.0  10.0 24.0 100.0 13 100.0 1000.0
E2-1-H

INM- 1.0 14.2 964.7 1.0 10.0 1000.0 8.1 100.0 1000.0 93 100.0 1000.0
CM4-8

INM- 1.0 10.7 1000.0 1.0 100.0 1000.0  10.0 49.5 100.0 10.0 100.0 1000.0
CM5-0

KACE- 1.0 10.0 939.4 2.5 100.0 1000.0 10.0 24.9 100.0 13 100.0 1000.0
1-0-G

MCM- 1.0 10.0 759.0 1.0 45.0 1000.0 29 18.9 999.9 43 100.0 1000.0
UA-1-0

MIROC 1.0 14.2 964.7 1.0 10.0 1000.0 8.1 100.0 1000.0 93 100.0 1000.0
-ES2L

MPI- 1.0 10.7 1000.0 1.0 100.0 1000.0  10.0 49.5 100.0 10.0 100.0 1000.0
ESM1-

2-HR

NorES 1.0 10.0 10000 1.2 100.0 1000.0 4.2 133 10000 1.0 15.1 100.0
M2-

MM

UKESM 1.6 100.0 1000.0 25 99.9 999.1 10.0 16.1 100.0 5.2 100.0 1000.0
1-0-LL

Table B 2: METEOR performance for all models (A—-CE) evaluated using the Climate bench evaluation metrics. Note that
comparison is to single ensemble members, so variability driven errors are included.

NRMSE; tas NRMSE, tas NRMSE, tas NRMSE; pr NRMSE, pr NRMSE, pr

ACCESS-CM2 0.114 0.037 0.298 0.079 0.003 0.096
ssp126
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ACCESS-CM2 0.027 0.017 0.113 0.024 0.003 0.041
ssp245

ACCESS-CM2 0.087 0.068 0.429 0.097 0.004 0.118
ssp370

ACCESS-CM2 0.080 0.018 0.171 0.122 0.007 0.155
ssp585

ACCESS-ESM1-5  0.176 0.090 0.624 0.076 0.005 0.101
ssp126

ACCESS-ESM1-5  0.033 0.025 0.159 0.029 0.003 0.045
ssp245

ACCESS-ESM1-5  0.080 0.043 0.294 0.113 0.003 0.130
ssp370

ACCESS-ESM1-5  0.069 0.034 0.237 0.101 0.005 0.128
ssp585

AWI-CM-1-1- 0.121 0.054 0.392 0.057 0.002 0.069
MR ssp126

AWI-CM-1-1- 0.032 0.042 0.240 0.038 0.003 0.051
MR ssp245

AWI-CM-1-1- 0.058 0.036 0.239 0.067 0.005 0.090
MR ssp370

AWI-CM-1-1- 0.092 0.047 0.325 0.105 0.011 0.161
MR ssp585

BCC-CSM2-MR 0.133 0.072 0.492 0.067 0.003 0.085
ssp126

BCC-CSM2-MR 0.050 0.037 0.236 0.040 0.003 0.053
ssp245

BCC-CSM2-MR 0.159 0.114 0.727 0.065 0.006 0.094
ssp370

BCC-CSM2-MR 0.087 0.037 0.272 0.079 0.005 0.106
ssp585

CAMS-CSM1-0 0.152 0.126 0.785 0.060 0.007 0.094
ssp126

CAMS-CSM1-0 0.078 0.062 0.388 0.024 0.008 0.065
ssp245

CAMS-CSM1-0 0.080 0.062 0.390 0.064 0.007 0.101
ssp370

CAMS-CSM1-0 0.153 0.135 0.830 0.098 0.016 0.177
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ssp585
CAS-ESM2-0 0.112 0.051 0.366 0.058 0.005 0.083
ssp126
CAS-ESM2-0 0.025 0.031 0.180 0.020 0.004 0.040
ssp245
CAS-ESM2-0 0.081 0.050 0.329 0.060 0.015 0.136
ssp370
CAS-ESM2-0 0.065 0.042 0.273 0.080 0.010 0.129
ssp585
CESM2 ssp126 0.146 0.055 0.421 0.077 0.005 0.100
CESM2 ssp245 0.033 0.040 0.232 0.026 0.005 0.051
CESM2 ssp370 0.120 0.047 0.357 0.076 0.014 0.145
CESM2 ssp585 0.087 0.019 0.182 0.079 0.005 0.102

Table B 3: METEOR performance for all models (CM-Can) evaluated using the Climate bench evaluation metrics. Note that
comparison is to single ensemble members, so variability driven errors are included.

NRMSE; tas NRMSE, tas NRMSE, tas NRMSE; pr NRMSE, pr NRMSE,; pr

CMCC-CM2-SR5 ssp126 0.133 0.063 0.449 0.066 0.004 0.088
CMCC-CM2-SR5 ssp245 0.039 0.038 0.229 0.022 0.005 0.046
CMCC-CM2-SR5 ssp370 0.271 0.151 1.023 0.096 0.021 0.199
CMCC-CM2-SR5 ssp585 0.170 0.081 0.574 0.078 0.011 0.132
CMCC-ESM2 ssp126 0.159 0.083 0.574 0.060 0.007 0.097
CMCC-ESM2 ssp245 0.045 0.033 0.211 0.024 0.005 0.049
CMCC-ESM2 ssp370 0.264 0.149 1.007 0.065 0.020 0.166
CMCC-ESM2 ssp585 0.177 0.085 0.601 0.083 0.013 0.146
CNRM-CM6-1 ssp126 0.155 0.069 0.499 0.056 0.004 0.078
CNRM-CM6-1 ssp245 0.052 0.052 0.311 0.026 0.005 0.051
CNRM-CM6-1 ssp370 0.112 0.074 0.483 0.062 0.007 0.095
CNRM-CM6-1 ssp585 0.073 0.048 0312 0.061 0.005 0.089
CNRM-CM6-1-HR ssp126 0.116 0.050 0.367 0.053 0.003 0.068
CNRM-CM6-1-HR ssp245 0.048 0.021 0.153 0.029 0.003 0.045

Funded by

the European Union




D4.4 - Climate uncertainties and carbon-climate feedbacks / DI\HWI (??l_l D

CNRM-CM6-1-HR ssp370 0.111 0.039 0.306 0.051 0.006 0.080
CNRM-CM6-1-HR ssp585 0.127 0.053 0.392 0.060 0.007 0.094
CNRM-ESM2-1 ssp126 0.139 0.064 0.460 0.061 0.004 0.082
CNRM-ESM2-1 ssp245 0.086 0.060 0.384 0.025 0.005 0.049
CNRM-ESM2-1 ssp370 0.093 0.055 0.368 0.072 0.004 0.093
CNRM-ESM2-1 ssp585 0.064 0.029 0.208 0.063 0.005 0.087
CanESM5 ssp126 0.152 0.064 0.471 0.087 0.006 0.117
CanESM5 ssp245 0.027 0.029 0.170 0.026 0.003 0.043
CanESM5 ssp370 0.102 0.076 0.480 0.099 0.003 0.115
CanESM5 ssp585 0.104 0.039 0.297 0.120 0.004 0.142

Table B 4: METEOR performance for all models (E-) evaluated using the Climate bench evaluation metrics. Note that comparison
is to single ensemble members, so variability driven errors are included.

NRMSE, NRMSE, NRMSE, NRMSE, NRMSE, NRMSE,

tas tas tas pr pr pr

EC-Earth3-Veg ssp126  0.997 0.992 5.958 0.066 0.009 0.109

EC-Earth3-Veg ssp245 0.994 0.989 5.938 0.098 0.006 0.131

EC-Earth3-Veg ssp370 0.987 0.986 5.917 0.080 0.006 0.111

EC-Earth3-Veg ssp585 0.986 0.982 5.894 0.085 0.009 0.131

FGOALS-f3-L ssp126 0.164 0.067 0.499 0.084 0.009 0.131

FGOALS-f3-L ssp245 0.034 0.061 0.339 0.022 0.009 0.068

FGOALS-f3-L ssp370 0.079 0.048 0.319 0.087 0.008 0.128

FGOALS-f3-L ssp585 0.111 0.064 0.433 0.085 0.014 0.153

GFDL-ESM4 ssp126 0.118 0.071 0.471 0.070 0.006 0.098

GFDL-ESM4 ssp245 0.044 0.052 0.303 0.036 0.006 0.064

GFDL-ESM4 ssp370 0.086 0.049 0.331 0.065 0.008 0.105

GFDL-ESM4 ssp585 0.057 0.032 0.218 0.074 0.008 0.113

GISS-E2-1-H ssp126 0.180 0.058 0.472 0.081 0.011 0.138

Funded by

the European Union




D4.4 - Climate uncertainties and carbon-climate feedbacks / DI\HFFII (??l_l D

GISS-E2-1-H ssp245 0.067 0.048 0.308 0.045 0.003 0.061

GISS-E2-1-H ssp370 0.107 0.050 0.357 0.111 0.021 0.215

GISS-E2-1-H ssp585 0.102 0.066 0.430 0.115 0.009 0.158

INM-CM4-8 ssp126 0.208 0.099 0.701 0.083 0.005 0.106

INM-CM4-8 ssp245 0.040 0.053 0.303 0.024 0.004 0.045

INM-CM4-8 ssp370 0.095 0.050 0.344 0.073 0.010 0.123

INM-CM4-8 ssp585 0.114 0.058 0.407 0.076 0.009 0.121

INM-CM5-0 ssp126 0.995 0.994 5.966 1.199 0.967 6.035

INM-CM5-0 ssp245 0.993 0.992 5.952 1.184 0.957 5.971

INM-CM5-0 ssp370 0.990 0.989 5.935 1.172 0.946 5.904

INM-CM5-0 ssp585 0.988 0.987 5.924 1.164 0.940 5.863

Table B 5: METEOR performance for all models (K-Z) evaluated using the Climate bench evaluation metrics. Note that comparison
is to single ensemble members, so variability driven errors are included.

NRMSE, NRMSE, | NRMSE, NRMSE, NRMSE, NRMSE,

tas tas tas pr pr pr
KACE-1-0-G ssp126 0.283 0.069 0.628 0.067 0.003 0.084
KACE-1-0-G ssp245 0.061 0.045 0.285 0.029 0.004 0.051
KACE-1-0-G ssp370 0.114 0.056 0.396 0.074 0.010 0.126
KACE-1-0-G ssp585 0.114 0.056 0.393 0.078 0.007 0.114

MCM-UA-1-0 ssp126 0.115 0.072 0.475 0.064 0.004 0.083

MCM-UA-1-0 ssp245 0.059 0.042 0.270 0.028 0.004 0.050

MCM-UA-1-0 ssp370 0.114 0.051 0.369 0.067 0.006 0.096

MCM-UA-1-0 ssp585 0.118 0.068 0.457 0.083 0.009 0.126

MIROC-ES2L ssp126 0.158 0.070 0.505 0.057 0.005 0.084
MIROC-ES2L ssp245 0.062 0.016 0.142 0.022 0.002 0.034
MIROC-ES2L ssp370 0.101 0.069 0.444 0.056 0.004 0.075
MIROC-ES2L ssp585 0.096 0.061 0.403 0.068 0.010 0.120
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MPI-ESM1-2-HR ssp126  0.181 0.090 0.633 0.064 0.003 0.079
MPI-ESM1-2-HR ssp245  0.041 0.030 0.189 0.022 0.003 0.037
MPI-ESM1-2-HR ssp370  0.093 0.050 0.344 0.053 0.004 0.074
MPI-ESM1-2-HR ssp585  0.075 0.023 0.188 0.060 0.005 0.085
NorESM2-MM ssp126 0.996 0.995 5.970 1.252 0.985 6.177
NorESM2-MM ssp245 0.993 0.992 5.953 1.240 0.976 6.121
NorESM2-MM ssp370 0.990 0.989 5.934 1.229 0.969 6.075
NorESM2-MM ssp585 0.987 0.986 5916 1.210 0.955 5.984
UKESM1-0-LL ssp126 0.136 0.051 0.394 0.070 0.004 0.091
UKESM1-0-LL ssp245 0.061 0.051 0.314 0.046 0.003 0.063
UKESM1-0-LL ssp370 0.076 0.028 0.217 0.102 0.005 0.125
UKESM1-0-LL ssp585 0.075 0.012 0.137 0.102 0.006 0.133
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Figure B 1: GMST original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models,
one model per row. The results were obtained using SSP2-4.5 to fit the aerosol sulfate residual. From left to right the columns
show SSP1-2.6 (out-of-sample), SSP2-4.5 (in-sample), SSP3-7.0 (out-of-sample) and SSP5-8.5 (out-of-sample) fits.
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Figure B 2: GMST original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models,
one model per row. The results were obtained using SSP2-4.5 to fit the aerosol sulfate residual. From left to right the columns
show SSP1-2.6 (out-of-sample), SSP2-4.5 (in-sample), SSP3-7.0 (out-of-sample) and SSP5-8.5 (out-of-sample) fits.
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Figure B 3: GMST original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models,
one model per row. The results were obtained using SSP2-4.5 to fit the aerosol sulfate residual. From left to right the columns
show SSP1-2.6 (out-of-sample), SSP2-4.5 (in-sample), SSP3-7.0 (out-of-sample) and SSP5-8.5 (out-of-sample) fits
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Figure B 4: GMST original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models
that had reasonable data quality for the overshoot scenario SSP5-3.4-over. The results were obtained using SSP2-4.5 to fit the
aerosol sulfate residual. Each sub-plot shows results for a single model.
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Figure B 5: GMP original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models,
one model per row. The results were obtained using SSP2-4.5 to fit the aerosol sulfate residual. From left to right the columns
show SSP1-2.6 (out-of-sample), SSP2-4.5 (in-sample), SSP3-7.0 (out-of-sample) and SSP5 8.5 (out-f-sample) fits.
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Figure B 6: GMP original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models,
one model per row. The results were obtained using SSP2-4.5 to fit the aerosol sulfate residual. From left to right the columns
show SSP1-2.6 (out-of-sample), SSP2-4.5 (in-sample), SSP3-7.0 (out-of-sample) and SSP5-8.5 (out-of-sample) fits.
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Figure B 7: GMP original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models,
one model per row. The results were obtained using SSP2-4.5 to fit the aerosol sulfate residual. From left to right the columns
show SSP1-2.6 (out-of-sample), SSP2-4.5 (in-sample), SSP3-7.0 (out-of-sample) and SSP5-8.5 (out-of-sample) fits.
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Figure B 8 GMP original data (grey), fit reconstruction for only GHG (orange) and full reconstruction (purple) for single models
that had reasonable data quality for the overshoot scenario SSP5-3.4-over. The results were obtained using SSP2-4.5 to fit the
aerosol sulfate residual. Each sub-plot shows results for a single model.
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Figure B 9: NorESM2-MM temperature emulation comparison. NorESM2-MM was found to be one of the models for which
METEOR has the best overall fit. Here we display the emulated patterns (a, d, g, j) compared to the CMIP6 data (b, e, h, k) and the
difference between them (c, f, i, |) for the temperature emulation of the standard SSP scenarios at the end of the century; SSP1-
2.6 (a, b, c), SSP2-4.5 (d, e, f), SSP3-7.0 (g, h, i) and SSP5-8.5 (j, k, ) for this model.
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Figure B 10: CMCC-ESM2 temperature emulation comparison. CMCC-ESMZ2 was found to be one of the models for which METEOR
has the worst overall fit. Here we display the emulation patterns (a, d, g, j) compared to the CMIP6 data (b, e, h, k) and the
difference between them (c, f, i, |) for the temperature emulation of the standard SSP scenarios at the end of the century; SSP1-
2.6 (a, b, c), SSP2-4.5 (d, e, f), SSP3-7.0 (g, h, i) and SSP5-8.5 (j, k, ) for this model.
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Figure B 11: NorESM2-MM precipitation emulation comparison. NorESM2-MM was found to be one of the models for which
METEOR has the best overall fit. Here we display the emulation patterns (a, d, g, j) compared to the CMIP6 data (b, e, h, k) and
the difference between them (c, f, i, ) for the precipitation emulation of the standard SSP scenarios at the end of the century; SSP1-
2.6 (a, b, c), SSP2-4.5 (d, e, f), SSP3-7.0 (g, h, i) and SSP5-8.5 (j, k, ) for this model.
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Figure B 12: CMCC-ESM_2 precipitation emulation comparison. CMCC-ESM2 was found to be one of the models for which METEOR
has the worst overall fit. Here we display the emulation patterns (a, d, g, j) compared to the CMIP6 data (b, e, h, k) and the
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difference between them (c, f, i, ) for the precipitation emulation of the standard SSP scenarios at the end of the century; SSP1-
2.6 (a, b, c), SSP2-4.5 (d, e, f), SSP3-7.0 (g, h, i) and SSP5-8.5 (j, k, ) for this model.
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Figure B 13: SSP5-3.4-over temperature emulation comparison. SSP5-3.4-over spatial temperature emulation patterns (a, d, g, J,
m, p) compared to the CMIP6 data (b, e, h, k, n, q) and the difference between them (c, f, i, |, o, r, u) at the end of the century for
each of the models that had sufficient SSP5-3.4-over data available.
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Figure B 14: SSP5-3.4-over precipitation emulation comparison. SSP5-3.4-over spatial precipitation emulation patterns (a, d, g,
j, m, p) compared to the CMIP6 data (b, e, h, k, n, q) and the difference between them (c, f, i, |, o, r, u) at the end of the century for
each of the models that had sufficient SSP5-3.4-over data available.
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