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Abstract 

We present a structured multi-criteria framework for the sub-selection of CMIP6 global climate 
models (GCMs) to support CORDEX-CORE2 dynamical downscaling. The framework integrates 
five key criteria: historical performance, model independence, regional temperature sensitivity, 
precipitation spread, and data availability, and is designed to identify a single, consistent subset of 75 

GCMs across all CORDEX domains to improve the comparability and interpretability of regional 
projections. A total of 45 GCMs are evaluated over the historical period (1981–2014), with 31 
models further assessed for projected changes over 2015–2100. Application of the framework 
shows that model performance is systematically higher for large-scale circulation and 
thermodynamic fields than for precipitation seasonality and monsoon-related processes, which 80 

remain a dominant source of uncertainty across regions. Despite the diversity of climates 
represented across CORDEX domains, model rankings are broadly consistent, with top-
performing models exhibiting stable performance across both tropical and extratropical regions, 
while lower-ranked models show more pervasive deficiencies rather than region-specific 
weaknesses. Sensitivity analyses demonstrate that rankings are largely insensitive to the choice of 85 

aggregation method but depend strongly on the breadth of evaluation metrics, with robust and 
reproducible rankings emerging only when a large fraction of the full metric suite is retained. 
Assessment of model independence reveals substantial clustering within the ensemble, indicating 
that many models share similar performance characteristics, while a smaller subset provides 
distinct and complementary information. Regional temperature sensitivity exhibits a coherent 90 

ordering across domains, suggesting that differences in projected warming are primarily governed 
by intrinsic model characteristics rather than region-specific effects. In contrast, precipitation 
spread shows strong regional variability, with both the magnitude and temporal structure of 
precipitation change differing widely across models. The relationship between precipitation and 
warming further highlights that, in some regions, precipitation responses scale with temperature, 95 

while in others they are dominated by circulation variability. By combining these criteria with data 
availability constraints, the framework identifies a reduced set of models that retains key aspects 
of performance, diversity, and projected change. This approach provides a transparent and 
reproducible basis for GCM selection within CORDEX-CORE2 and offers a generalizable 
strategy for coordinated regional climate modeling efforts. 100 
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1. Introduction 
The growing diversity and complexity of global climate models (GCMs) present both 
opportunities and challenges for regional climate analysis and impact studies (Collins et al., 2018). 
Multi-model ensembles, such as those produced under the Coupled Model Intercomparison Project 105 

Phase 6 (CMIP6), provide a broad sampling of plausible future climates (Khan et al., 2025); 
however, their utility in downstream applications is constrained by both practical and scientific 
considerations (Brands, 2022a). At regional scales, many GCMs struggle to reproduce key features 
of the observed climate due to coarse spatial resolution and structural model biases (Hasson et al., 
2018; Iles et al., 2020; Desmet and Ngo-Duc, 2022; Holtanova et al., 2024; Rampal et al., 2024; 110 

Arias et al., 2025; Toolan et al., 2025). Regional climate downscaling offers a pathway to address 
these shortcomings and improve representation of regionally relevant processes (Prein et al., 2016; 
Coppola et al., 2021). However, the substantial computational demands make it impractical to 
employ the full ensemble of available GCMs for dynamical downscaling (McSweeney et al., 2013; 
Longmate et al., 2023). Consequently, regional modeling efforts rely on a subset of GCMs selected 115 

from the broader ensemble. Despite its central role in shaping regional projections, this GCM 
selection process remains largely ad hoc, lacks standards of practice, and is often guided by 
subjective or pragmatic considerations (Raju and Kumar, 2020). At the same time, growing 
scientific evidence indicates that projection uncertainty can be reduced by identifying and 
prioritizing models that credibly reproduce key climate feedbacks evident in the present and past, 120 

which are physically linked to future climate responses. This “emergent constraints” approach has 
brought increased attention to process-based and targeted model evaluation as a means of 
producing more robust climate projections and actionable climate information (Hall et al., 2019; 
Brient, 2020;  Shiogama et al., 2022).  
 125 

The need for model selection is particularly pressing in the context of the CORDEX (Coordinated 
Regional Climate Downscaling Experiment) CORE-2 (COmmon Regional Experiment - CORE, 
Phase 2) experiments, in which modeling centers worldwide will produce a new generation of high-
resolution regional simulations, at 12.5 and/or 25 km horizontal resolution, using CMIP6 GCMs 
as boundary conditions. Because each modeling group can only afford to downscale a limited 130 

number of GCMs, model choice becomes a critical step in the workflow. However, no consensus 
currently exists on how to select these subsets. In practice, decisions have often been based on 
informal factors and subjective criteria such as data availability, institutional preferences and 
model compatibility, or qualitative judgments of performance in specific regions (Evans et al., 
2014; McSweeney et al., 2015; Parding et al., 2020; Di Virgilio et al., 2022; Nguyen et al., 2024; 135 

Sobolowski et al., 2025). 
 
In this study, we present a structured, multi-criteria framework for GCM sub-selection aimed at 
informing downscaling choices for CORDEX CORE-2. However, the approach is broadly 
applicable to any coordinated regional modeling effort where GCM ensemble sub-selection is 140 

required. The framework balances physical credibility, ensemble diversity, and practical 
feasibility by evaluating models across five criteria: historical performance, model independence, 
regional temperature and precipitation spread, and data availability (Sobolowski et al., 2025). 
 
Historical performance is assessed using quantitative metrics that measure each model’s ability to 145 

simulate observed regional climate worldwide. To ensure consistency, a core set of metrics is 
applied uniformly across all CORDEX domains, while additional region-specific metrics capture 
climatic features unique to individual regions. Model independence is considered through inter-
model similarity metrics, which reduce the risk of overrepresenting structurally similar models 
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and help to ensure that the selected ensemble reflects a set of relatively unique models, addressing 150 

the often overlooked issue of model interdependence in multi-model ensembles (Knutti et al., 
2013; Sanderson et al., 2017, Merrifield et al., 2023). Regional temperature projections are 
incorporated to preserve the range of warming responses within each CORDEX domain, 
maintaining the ability to explore plausible futures that reflect different levels of system response. 
Regional precipitation spread is retained to capture the diversity of hydrological projections within 155 

each domain, particularly in regions where uncertainty in rainfall constitutes a dominant 
contributor to climate risk. Finally, data availability is evaluated to confirm that each model 
provides the required variables and output frequency to support dynamical downscaling in 
practice. Together, these criteria help produce GCM subsets that combine scientific credibility, 
structural diversity, and practical feasibility, while capturing a representative range of plausible 160 

regional future climates. As such, this work represents a practical and more comprehensive 
implementation of the principles suggested by Sobolowski et al. (2025). 

An additional design constraint in our framework is the requirement to identify a single, shared 
subset of GCMs that can be used across all CORDEX domains. This cross-domain consistency 
enhances the interpretability and intercomparison of CORDEX CORE-2 downscaling experiments 165 

by minimizing differences in ensemble composition across domains and ensuring that regional 
differences in projections are not confounded by variations in the driving model ensemble. A 
different set of GCMs downscaled for each domain makes it difficult to disentangle regional 
climate signals from model-specific effects, as variations in projected change may arise not only 
from genuine regional climate responses but also from structural differences among the selected 170 

models, including differences in climate sensitivity, feedback representation, and large-scale 
circulation biases. Such heterogeneity in driving ensembles complicates physically meaningful 
comparisons across domains and limits the robustness of coordinated impact assessments. By 
using the same GCMs across all domains, we ensure that inter-regional differences in downscaled 
projections reflect genuine climatic contrasts rather than inconsistencies in the driving models, 175 

while providing a consistent large-scale forcing framework for regional downscaling and cross-
domain comparison. 

This framework does not prescribe a universal set of “best” models; rather it offers a transparent, 
reproducible process for evaluating and selecting GCMs based on scientific and practical 
considerations. In addition to facilitating the sub-selection of CMIP6 GCMs to be downscaled 180 

within CORDEX CORE-2, it is designed to support modeling centers and climate service 
organizations across regions worldwide in identifying model subsets that are both credible and 
usable for regional downscaling and climate impact applications. 
 

2. Data and Methods 185 

The implementation of the GCMs evaluation framework requires different data periods for its key 
components. Model performance and independence are assessed using simulations from the 
historical period, while model climate sensitivity and precipitation spread are analyzed using 
projections from the future period. A total of 45 GCMs from the Coupled Model Intercomparison 
Project Phase 6 (CMIP6; Eyring et al., 2016) archive are evaluated for the historical period 190 

spanning 1981–2014 (see Table 1), with ERA5 reanalysis (Hersbach et al., 2020) serving as 
reference. The historical evaluation is based on metrics derived from monthly zonal and 
meridional winds, atmospheric specific humidity, sea level pressure, sea surface temperature, 
precipitation, and near-surface air temperature. 
 195 
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Future climate projections are analyzed under the SSP3-7.0 forcing scenario for the period 2015–
2100 (O’Neil et al., 2016). SSP3-7.0 is the forcing scenario of choice for CORDEX-CORE2. 
These simulations are used to assess regional climate sensitivity, derived from projected changes 
in near-surface air temperature, and precipitation spread, which represents inter-model variability 
in projected changes in total precipitation. Among the 45 GCMs, only 31 provide the required 200 

variables for the SSP3-7.0 scenario (see Table 1); therefore, the assessment of the spread of future 
outcomes is restricted to this subset. All ERA5 and model outputs are regridded to a common 1° 
× 1° spatial grid to ensure consistency across datasets. 
 
The analysis covers the nine CORDEX-CORE domains: Africa (AFR), Australasia (AUS), 205 

Central America (CAM), East Asia (EAS), Europe (EUR), North America (NAM), South America 
(SAM), South Asia (WAS), and Southeast Asia (SEA). Each CORDEX domain is subdivided into 
IPCC AR6 regions following the IPCC AR6 regional framework. Model evaluations are conducted 
within each AR6 region to ensure regionally consistent assessment. Figure 1 shows the 
geographical coverage of the nine CORDEX domains and the AR6 regions. 210 

 
Model Institution Variant 

Label 
Model References 

ACCESS-CM2 CSIRO (Australia) and Bureau of Meteorology (Australia) r1i1p1f1 Dix et al. (2019) 
ACCESS-ESM1-5 CSIRO (Australia) r1i1p1f1 Ziehn et al. (2020) 
AWI-CM-1-1-MR Alfred Wegener Institute (Germany) r1i1p1f1 Semmler et al. (2020) 
AWI-ESM-1-1-LR Alfred Wegener Institute (Germany) r1i1p1f1 Sidorenko et al. (2015) 
BCC-CSM2-MR Beijing Climate Center (China) r1i1p1f1 Wu et al. (2019) 
BCC-ESM1 Beijing Climate Center (China) r1i1p1f1 Wu et al. (2020) 
CAMS-CSM1-0 Chinese Academy of Meteorological Sciences (China) r1i1p1f1 Rong et al. (2019) 
CanESM5 Canadian Centre for Climate Modelling and Analysis (Canada) r1i1p1f1 Swart et al. (2019) 
CESM2 National Center for Atmospheric Research (NCAR, USA) r1i1p1f1 Danabasoglu et al. (2020) 
CESM2-FV2 NCAR (USA) r1i1p1f1 Danabasoglu et al. (2020) 
CESM2-WACCM NCAR (USA) r1i1p1f1 Danabasoglu et al. (2020) 
CESM2-WACCM-FV2 NCAR (USA) r1i1p1f1 Danabasoglu et al. (2020) 
CIESM Tsinghua University (China) r1i1p1f1 Lin et al. (2020) 
CMCC-CM2-SR5 Euro-Mediterranean Centre on Climate Change (Italy) r1i1p1f1 Cherchi et al. (2019) 
CNRM-CM6-1 CNRM, Météo-France / CNRS (France) r1i1p1f2 Voldoire et al. (2019) 
CNRM-CM6-1-HR CNRM, Météo-France / CNRS (France) r1i1p1f2 Voldoire et al. (2019) 
CNRM-ESM2-1 CNRM, Météo-France / CNRS (France) r1i1p1f2 Séférian et al. (2019) 
E3SM-1-0 Department of Energy (USA) r1i1p1f1 Golaz et al., (2019) 
EC-Earth3 EC-Earth Consortium (Europe) r1i1p1f1 Döscher et al. (2021) 
EC-Earth3-Veg EC-Earth Consortium (Europe) r1i1p1f1 Döscher et al. (2022) 
EC-Earth3-Veg-LR EC-Earth Consortium (Europe) r1i1p1f1 Döscher et al. (2022) 
FGOALS-f3-L Chinese Academy of Sciences (China) r1i1p1f1 He et al. (2020) 
FGOALS-g3 Chinese Academy of Sciences (China) r1i1p1f1 Li et al. (2020) 
GFDL-CM4 NOAA Geophysical Fluid Dynamics Laboratory (USA) r1i1p1f1 Held et al. (2019) 
GFDL-ESM4 NOAA Geophysical Fluid Dynamics Laboratory (USA) r1i1p1f1 Dunne et al. (2020) 
GISS-E2-1-G NASA Goddard Institute for Space Studies (USA) r1i1p1f1 Miller et al. (2021) 
GISS-E2-1-H NASA Goddard Institute for Space Studies (USA) r1i1p1f1 Miller et al. (2021) 
HadGEM3-GC31-LL UK Met Office Hadley Centre (UK) r1i1p1f3 Andrews et al. (2020) 
HadGEM3-GC31-MM UK Met Office Hadley Centre (UK) r1i1p1f3 Andrews et al. (2020) 
INM-CM4-8 Institute for Numerical Mathematics (Russia) r1i1p1f1 Volodin et al. (2017) 
INM-CM5-0 Institute for Numerical Mathematics (Russia) r1i1p1f1 Volodin et al. (2017) 
IPSL-CM6A-LR Institut Pierre-Simon Laplace (France) r1i1p1f1 Boucher et al. (2020) 
KACE-1-0-G National Institute of Meteorological Sciences (South Korea) r1i1p1f1 Byun et al. (2019) 
MIROC-ES2L Japan Agency for Marine-Earth Science and Technology 

(Japan) 
r1i1p1f1 Hajima et al. (2019) 

MIROC6 Japan Agency for Marine-Earth Science and Technology 
(Japan) 

r1i1p1f1 Tatebe et al. (2019) 

MPI-ESM-1-2-HAM Max Planck Institute for Meteorology (Germany) r1i1p1f1 Neubauer et al. (2019) 
MPI-ESM1-2-HR Max Planck Institute for Meteorology (Germany) r1i1p1f1 Gutjahr et al. (2019) 
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MPI-ESM1-2-LR Max Planck Institute for Meteorology (Germany) r1i1p1f1 Giorgetta et al. (2013) 
MRI-ESM2-0 Meteorological Research Institute (Japan) r1i1p1f1 Yukimoto et al. (2019) 
NESM3 Nanjing University of Information Science and Technology 

(China) 
r1i1p1f1 Cao et al. (2018) 

NorCPM1 Norwegian Climate Centre (Norway) r1i1p1f1 Bethke et al. (2019) 
NorESM2-LM Norwegian Climate Centre (Norway) r1i1p1f1 Seland et al. (2020) 
NorESM2-MM Norwegian Climate Centre (Norway) r1i1p1f1 Seland et al. (2020) 
SAM0-UNICON Seoul National University (South Korea) r1i1p1f1 Park et al. (2019) 
UKESM1-0-LL UK Met Office Hadley Centre (UK) r1i1p1f2 Mulcahy et al. (2023) 

 

Table 1. The list of 45 CMIP6 models evaluated in this study. Models available for both historical (1981–2014) and future SSP3-
7.0 (2015–2100) periods are shown in bold. 

 215 

 
Figure 1. CORDEX domains and IPCC AR6 regions used in GCMs evaluation. Red dashed lines indicate the boundaries of each 
CORDEX domain, while green polygons denote the AR6 continental and oceanic regions used to evaluate GCMs within each 
domain. 

 220 

2.1 Evaluation Metrics 

The evaluation metrics used to assess GCMs across CORDEX domains in the historical period fall 
into two categories. The first set consists of common metrics that are applied uniformly across all 
CORDEX domains. These metrics represent fundamental climate characteristics of precipitation, 
temperature, winds, humidity, and sea surface temperature, and include measures of amplitude, 225 

seasonal means, annual variability, timing of peaks, and indices such as seasonality and relative 
entropy of precipitation.  

The second set consists of region-specific metrics that capture unique dynamical and 
climatological processes important for individual CORDEX domains. Examples of these include 
the timing of monsoon onset and withdrawal, the position and strength of jet streams, vertical wind 230 
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shear in monsoon regions, the mean latitude of the Intertropical Convergence Zone (ITCZ), and 
the representation of circulation features such as the South Pacific High, the Aleutian Low, and 
the Azores High. Because these processes are only relevant for certain regions, a single skill score 
is computed for each metric and then distributed equally across all AR6 regions in the 
corresponding CORDEX domain to ensure fair weighting.  235 

 
Across all nine CORDEX domains, a total of 98 evaluation metrics is used, combining both the 
common and region-specific categories (see Table 2). The number of metrics varies by domain 
depending on regional processes represented. For example, the African (AFR) domain includes 57 
metrics, the largest number among all domains, reflecting its diverse climate regimes and the 240 

inclusion of diagnostics for West African, East African and Southeast African monsoons.  
 
 
 

African Easterly Jet HUS850 DJF SAM MTG TAS Peak Month 
Atlantic ITCZ1 HUS850 JJA SAM U_SHEAR TAS Standard Deviation 
AUS2 Monsoon Demise Indian Ocean Dipole  SAM V_SHEAR TAS SON 
AUS Monsoon Onset Mascarene High SAS12 Monsoon Demise TOS16 DJF 

AUS MTG3 Mozambique Channel 
Trough 

SAS Monsoon Lows 
Index 

TOS JJA 

AUS U4_SHEAR NAM9 Monsoon Demise SAS Monsoon Onset TOS SON 
AUS V5_SHEAR NAM Monsoon Onset SAS MTG U200 DJF 
Azores High NAM MTG SAS U_SHEAR U200 JJA 
Central America PR6 
Bimodality 

NAM U_SHEAR SAS V_SHEAR U850 DJF 

Caribbean Low-level Jet NAM V_SHEAR SEA13 Monsoon Demise U850 JJA 

EAF7 Low-level Jet NAO10 SEA Monsoon Onset V200 DJF 
EAF Monsoon Demise North Atlantic Polar Jet SEA MTG V200 JJA 
EAF Monsoon Onset PR Amplitude SEA U_SHEAR V850 DJF 
EAF MTG PR DJF SEA V_SHEAR V850 JJA 
EAF U_SHEAR PR Hovmöller SEAF14 Monsoon Demise WAF17 Monsoon Demise 

EAF V_SHEAR PR JJA SEAF Monsoon Onset WAF Monsoon Onset 
EAS Monsoon Demise PR MAM SEAF MTG WAF MTG 
EAS8 Monsoon Onset PR Peak Month SEAF U_SHEAR WAF U_SHEAR 
EAS MTG PR Relative Entropy SEAF V_SHEAR WAF V_SHEAR 
EAS Subtropical Westerly Jet PR Standard D South Atlantic High Wang Index 

EAS U_SHEAR PR Seasonality Subtropical Westerly Jet Western Pacific Subtropical 
High 

EAS V_SHEAR PR SON TAS15 Amplitude ZG18500 DJF 
EAS Winter Monsoon Index Southern Annular Mode TAS DJF ZG500 JJA 

ENSO Niño-3.4 SAM11 Monsoon Demise TAS JJA  
Guo Index SAM Monsoon Onset TAS MAM  
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ITCZ1 = Intertropical Convergence Zone, AUS2 = Australasian, MTG3 = Meridional Temperature Gradient, U4=Zonal 
Winds, V5 = Meridional Winds, PR6 = Precipitation,  EAF7 = East African, EAS8 = East Asian, NAM9 = North American, 
NAO10 = North Atlantic Oscillation, SAM11 = South American, SAS12 = South Asian, SEA13= Southeast Asian, SEAF14 = 
Southeast African, TAS15 = Surface Air Temperature, TOS16 = Sea Surface Temperature, WAF17 = West African, ZG18 = 
Geopotential Height  

 245 

Table 2. The list of 98 metrics used in GCMs evaluation 

Although the evaluation suite is extensive, potential concerns about over-complexity are addressed 
in two ways. First, pairwise dependence among metrics is quantified within each AR6 region to 
identify redundancy and assign weights according to each metric’s uniqueness (explained later in 
Metrics Weighting Subsection). Second, the sensitivity of model rankings to the number of 250 

included metrics is examined using a Monte Carlo convergence experiment. For each domain, 
subsets of metrics are progressively expanded to the full suite, repeatedly sampling orders 
(weighted by uniqueness) and tracking how model rankings deviate from the reference ranking 
obtained with all metrics. This analysis, described in detail in the Results section, illustrates how 
rapidly or slowly rankings stabilize as additional metrics are included, clarifying the practical 255 

benefit of using a broad metric set after redundancy has been accounted for. 
 
2.2 Skill Quantification 

Model skill for each metric is evaluated using up to three complementary statistical measures that 
capture different aspects of model performance. These include spatially centered pattern 260 

correlation (PC), which quantifies spatial agreement between simulated and observed fields; 
normalized bias, which measures systematic offsets in magnitude relative to observed variability; 
and normalized spatially centered root mean square error (RMSE), which estimates total spatial 
deviation relative to observed spatial variability. For spatial RMSE, normalization is based on the 
spatial standard deviation of the reference dataset, whereas for bias, normalization is based on the 265 

temporal standard deviation unless otherwise specified.  

In most cases, all three measures are applied to provide a comprehensive evaluation of model skill. 
However, for some metrics, particularly those based on climatological values or single time series, 
only a subset of measures is used due to limitations in the dimensionality or structure of the 
underlying data. Metric-specific details, including which measures are applied, are provided in the 270 

Appendix. 

Each statistical measure is transformed to a 0–100 scale. For this purpose, we introduce penalty-
based exponential functions: 

Pattern correlation: 𝑃𝐶₍₀₋₁₀₀₎	 = 	𝑚𝑎𝑥	(0, 100	 × 	𝑃𝐶) 

Normalized bias: 𝐵𝑖𝑎𝑠₍₀₋₁₀₀₎	 = 	100	 × 	𝑒𝑥𝑝	(−|𝐵𝑖𝑎𝑠|	/	𝑁) 

Normalized RMSE: 𝑅𝑀𝑆𝐸₍₀₋₁₀₀₎	 = 	100	 × 	𝑒𝑥𝑝	(−𝑅𝑀𝑆𝐸	/	𝑁) 

(1) 

(2) 

(3) 

Pattern correlation is scaled using a linear function because it is already a bounded, dimensionless 
measure of spatial similarity (−1 to 1). Its values directly reflect proportional differences in pattern 275 

agreement, so a linear transformation preserves this interpretation while simply rescaling it to 0–
100. Negative correlations are set to zero because they indicate an opposite spatial pattern and are 
treated as no skill rather than negative skill. An exponential penalty is unnecessary for PC and 
would artificially compress differences among high-correlation values, particularly near 1 where 
most well-performing models cluster. In contrast, bias and RMSE are unbounded error measures 280 
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in physical units. They are normalized by the reference standard deviation to express errors relative 
to natural variability, and an exponential function is applied to penalize large deviations more 
strongly while maintaining a smooth decline in skill. 

Here, N determines the rate of decay and is set to 2 for most metrics, corresponding to twice the 
reference standard deviation used in the normalization. Because the errors are already expressed 285 

in normalized variability units, dividing by 2 effectively represents a threshold of two standard 
deviations in physical terms. This choice moderates the rate at which the penalty increases with 
error, avoiding overly harsh penalization of moderate deviations while still strongly down-
weighting large departures. For example, a bias equal to twice the standard deviation results in a 
score of approximately 37. Under a Gaussian assumption, about 95 percent of values lie within ± 290 

two standard deviations of the mean, so a bias or RMSE exceeding this level represents a deviation 
larger than what is typically observed in the reference climate. This is noted only to illustrate the 
scale of the threshold. Even for variables that are not strictly Gaussian, such as precipitation, the 
two standard deviations level provides a practical, variability-based benchmark for identifying 
substantial deviations. For a few metrics with a low temporal coefficient of variation, bias 295 

normalization is based on the range rather than the standard deviation, and the division by N is 
omitted (see Appendix for details).  

When multiple statistical measures are available for a given metric, their component scores (Eq. 
1-3) are averaged to obtain a composite skill score (S) ranging from 0 to 100. 

 300 

2.3 Metrics Weighting  
 
To minimize redundancy among metrics and ensure that correlated measures do not 
disproportionately influence model evaluation, each metric is assigned a uniqueness weight based 
on its independence from other metrics. The weighting approach follows the method developed 305 

by Ashfaq et al. (2022). 

Pairwise Pearson correlations are first computed among all metrics within each AR6 domain, and 
these correlations are converted into a correlation-based distance measure. Smaller distances 
indicate stronger relationships between metrics. A similarity score (𝑆𝑆) is then calculated for each 
metric pair as:  310 

𝑆𝑆!" = 𝑒𝑥𝑝	 @	−
A	1	 −	 B𝐶!"BC

𝐷#
	E	 

(4) 

 

where 𝐶!" is the Pearson linear correlation between metrics 𝑖 and 𝑗, A	1	 −	 B𝐶!"BC is the correlation-
based distance, and 𝐷# is similarity radius. For this study, 𝐷# is set as 0.2. This threshold focuses 
on high inter-metric relationships while allowing for the moderate correlations expected in 
interconnected climate variables. For each metric 𝑖, the effective redundancy (𝐸𝑅!) is defined as 315 

the sum of its similarity scores with all other metrics: 

𝐸𝑅! = 	1	 +	H𝑆𝑆!"
"$!

 

 

(5) 

The uniqueness weight (𝑊!) is then the inverse of this redundancy: 
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𝑊! =
1
𝐸𝑅!

 (6) 

 

Metrics that are largely independent from others receive higher weights, while those showing 
strong interdependence are proportionally down weighted. Weighted skill scores are subsequently 
averaged across all metrics to obtain regional and domain-level performance scores. 320 

Figure 2 illustrates the weighting framework, showing how metric correlations, similarity scores, 
and resulting weights are related. The top panel (Fig. 2a) presents an example from one AR6 region 
in South America. The left triangle shows pairwise Pearson correlations among all metrics, while 
the right triangle shows the corresponding similarity scores. The line plot above displays the 
resulting weights of individual metrics within that AR6 region. For instance, high correlations 325 

among models’ performances in capturing seasonal magnitudes of temperature, precipitation and 
humidity in the lower troposphere results in high similarity scores and reduces their weights to 
less than one third of their actual performance scores. We have provided the individual illustrations 
for all AR6 regions across CORDEX domains in the Supplementary Material (Figs. S1). The 
Supplementary Material is archived in a public repository (Ashfaq et al., 2026; 330 

https://doi.org/10.5281/zenodo.19556090).  Figure 2b summarizes the global distribution of 
pairwise Pearson correlations, similarity scores and weights across all AR6 regions in nine 
CORDEX domains. Pairwise correlations range from −0.73 to 0.98, indicating that metric 
relationships span from moderately negative to very strongly positive. In this framework, 
redundancy is determined by the strength of the linear relationship between two metrics. Since the 335 

similarity score is calculated from the correlation distance A	1	 −	 B𝐶!"BC, both strong positive and 
strong negative correlations reduce this distance and therefore produce high similarity values. The 
similarity score is scaled by the prescribed radius 𝐷#  = 0.2. Because 𝐷#  is small, only correlations 
with large magnitudes produce sufficiently small distances to generate substantial similarity 
values.  340 

Moderate and weak correlations fall outside this radius, causing their similarity scores to decay 
rapidly toward zero and limiting their contribution to redundancy (Eq. 5). The resulting similarity 
scores range from 0 to 0.99, but most metric pairs yield values close to zero, showing that only a 
limited subset of strongly related pairs contribute meaningfully to redundancy. The corresponding 
raw pairwise weights span from 0.50 to 1.00. Weights near 1 dominate, reflecting that most metric 345 

pairs provide largely unique information. The lower bound of 0.5 occurs when two metrics are 
perfectly correlated in magnitude, meaning they contain the same information. Even in this case, 
each metric retains half of its contribution, so no single pairwise relationship can completely 
suppress a metric’s influence. At the aggregate level, a metric’s final uniqueness weight is obtained 
by summing its similarity scores across all its pairs to estimate effective redundancy (Eq. 5) )and 350 

then taking the inverse of that total (i.e., Eq 6), so substantial down-weighting arises only when 
strong relationships persist across multiple pairings, indicating systematic redundancy within the 
metric set. 
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 355 

Figure 2 Illustration of the metrics weighting methodology. (a) Pairwise correlations between metrics (bottom triangle) and their 
corresponding similarity scores (top triangle) for the SWS AR6 region within SAM domain, with the line plot above showing the 
overall weight of each metric. (b) Three-dimensional scatter plot showing the relationship between correlation, similarity, and 
pairwise weight for all metric pairs across all AR6 regions in nine CORDEX domains. The dotted colored lines with labels on each 
axis represent the global minimum and maximum of each measure. Colorbar indicates the weight magnitude. 360 
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2.4 Models Independence 

     Model independence is evaluated to quantify the structural diversity of the GCM ensemble. 
Independence reflects how distinct models are in their performance across metrics and regions: 
high independence indicates distinct skill patterns that likely arise from differences in process 365 

representation or model structure, whereas low independence suggests redundancy due to shared 
components, parameterizations, or model lineage. Balancing model skill and independence helps 
avoid overrepresentation of structurally similar models as input for regional downscaling. 
 
Several approaches have been proposed to quantify model independence, including methods based 370 

on model genealogy, structural similarity, and performance-based distance metrics (e.g., Knutti et 
al., 2013; Sanderson et al., 2015a,b; Abramowitz et al., 2019; Brunner et al., 2019; Brands 2022b). 
Here, we adopt the performance-based framework of Ashfaq et al. (2022), in which independence 
is evaluated using similarity in model skill patterns.  
 375 

Independence is quantified using pairwise cosine similarity computed from skill scores across all 
metrics and AR6 regions within the nine CORDEX domains. For each model, a multidimensional 
vector is created by combining its scores. The cosine similarity between two models, A and B, is 
defined as: 
 380 

𝐶𝑜𝑠𝑆𝑖𝑚(𝐴, 𝐵) =
∑ 𝑆%,'𝑆(,')
'*+

M∑ 𝑆%,',)
'*+  M∑ 𝑆(,',)

'*+

 
(7) 

 
where 𝑆%,' and 𝑆(,' are the metric skill values and n is the total number of metrics. A cosine 
similarity of 1 indicates identical skill patterns across all regions and metrics, 0 indicates no linear 
alignment. Because all skill scores are defined on a 0–100 scale and are therefore non-negative, 
cosine similarity values in this framework are bounded between 0 and 1. Independence is 385 

represented as cosine distance, Dcos = 1 – 𝐶𝑜𝑠𝑆𝑖𝑚. 
 
Since cosine similarity measures the alignment of full skill vectors, very high values indicate that 
two models exhibit nearly proportional performance across all metrics and AR6 regions. Such 
strong similarity is unlikely to arise from incidental agreement and more plausibly reflects closely 390 

related structural characteristics or shared model development pathways, although the metric itself 
is based solely on evaluated performance. Pairwise distances are computed for all model pairs to 
form an M × M matrix, where higher Dcos values denote greater dissimilarity and thus higher 
independence. A high CosSim threshold is used to identify pairs of models exhibiting very strong 
similarity and potential redundancy. The rationale for the specific threshold choice is discussed in 395 

the Results section. 

2.5 Global Aggregation and Ranking of Models 

To identify models that perform consistently well across all CORDEX domains, a form of global 
aggregation of metric scores is required. However, the choice of aggregation strategy could 
potentially influence the resulting rankings. To assess this sensitivity, four approaches were tested. 400 

These approaches represent a subset of possible aggregation strategies and are designed to retain 
all models in the ranking process without imposing additional exclusion or penalty criteria based 
on performance in a single domain. 
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Method 1 averages all metric skill scores across all CORDEX domains and AR6 regions to obtain 
a single global score for each model. This approach is simple and transparent but implicitly 405 

overweights domains or regions with a larger number of available metrics. Method 2 first 
aggregates metric skill scores at the AR6-regional level by averaging all metrics for each model 
within each AR6 region and then ranks models within each region based on these mean scores. 
The resulting AR6-regional ranks are subsequently averaged to obtain a global rank. This approach 
ensures equal weighting of AR6 regions but collapses metric-level information into a single 410 

regional score prior to ranking. Method 3, the preferred approach, aggregates metric skill scores 
within each CORDEX domain to form domain-level mean scores, ranks models within each 
domain, and then averages these domain ranks globally. By preserving CORDEX domains as an 
explicit intermediate aggregation level, this approach provides a balanced and interpretable 
framework that is consistent with CORDEX’s spatial structure. Method 4 distinguishes between 415 

metrics that are common across all CORDEX domains and metrics that are defined only for 
specific domains. Common metrics and domain-specific metrics are combined at the domain level 
prior to ranking, with domain-specific metrics contributing individually to the domain-level score. 
Domain-level ranks are then averaged globally, increasing the influence of metrics that are unique 
to individual CORDEX domains relative to the other approaches.  420 

3. Results 
3.1 Unweighted Skill Scores 
 
Africa is selected in Fig. 3 as an illustrative example to describe the domain-level evaluation in 
detail, while results for the remaining eight CORDEX regions are provided in the Supplementary 425 

Material (Figs. S2) and summarized collectively in the radial dashboard (Fig. 3b). Models show 
moderate overall performance skill over Africa, with median values near 70 and interquartile 
ranges (IQRs) around 15–20, indicating reasonable model agreement across metrics and AR6 
regions. Circulation- and thermodynamics-related metrics, such as upper-tropospheric winds, 
humidity, and large-scale pressure systems, are generally well captured, reflecting the models’ 430 

ability to reproduce the broad dynamical structure of the African climate. In contrast, precipitation- 
and monsoon-timing metrics (for example, seasonal rainfall peaks, monsoon onset and demise) 
exhibit weaker performance and larger inter-model spread, underscoring persistent uncertainty in 
simulating regional hydrological processes and seasonal transitions. Overall, the models 
demonstrate robust skill for large-scale circulation but limited consistency for metrics tied to 435 

monsoon variability and precipitation seasonality. 
 
When extended across all CORDEX domains (Fig. 4), the radial dashboard reveals that these 
patterns are broadly consistent worldwide with metrics related to regional hydrological cycles, 
such as precipitation peak month, monsoon onset and demise, and precipitation amplitude, are 440 

among the worst performers. The dashboard provides a compact comparison of model 
performance across regions by summarizing the distribution of metric-level skill within each 
domain and highlighting the subset of metrics with the lowest mean skill. Differences among 
domains are expressed both through the position and width of the IQR. The IQR is represented by 
the radial thickness of the colored annulus for each domain. The inner and outer edges of this band 445 

correspond to the 25th and 75th percentiles of mean model skill across all metrics in that domain, 
respectively, while the median is shown as a solid line within the band. A narrow annulus indicates 
that most metrics have similar skill values, reflecting relatively uniform model performance across 
processes, whereas a wider annulus signifies greater variability among metrics. Because the radial 
distance from the center corresponds to increasing skill, outward-shifted IQR bands denote higher 450 

overall performance, while inward-shifted bands indicate lower typical skill. 

https://doi.org/10.5194/egusphere-2026-2649
Preprint. Discussion started: 21 May 2026
c© Author(s) 2026. CC BY 4.0 License.



 15 

 
Temperate and subtropical CORDEX domains, including EUR, EAS, AUS, display higher median 
model skill (>73) and narrower IQRs (13–17), indicating relatively stronger and more uniform 
performance across metrics. Conversely, tropical regions such as WAS, SEA, CAM, and SAM 455 

exhibit comparable median skill but substantially wider spreads (about 17–23), reflecting greater 
metric-to-metric variability and higher model uncertainty. NAM stands out with the lowest and 
most uniform skill (median ≈ 61, IQR ≈ 11), suggesting generally weaker yet more homogeneous 
model behavior. 
 460 

 
Figure 3 Climate models unweighted metrics skill score. Individual metrics skill scores (heatmap) and its spread across models 
(bars) over Africa (AFR) domain. Models are ordered from top to bottom according to overall skill, and metrics are arranged from 
left to right based on average performance across models.  

 465 
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Figure 4 Climate models unweighted metrics skill score. Summary statistics of climate model skill across CORDEX domains for 
unweighted metrics. The colored annulus shows the interquartile range of mean model skill across all metrics, with the median 
marked as a solid line. Outer radial spokes highlight the ten metrics with the lowest mean skill. The dot position denotes the mean 
model skill for that metric, the spoke length represents its deviation from the domain median (|mean−median|), and the dot size 470 
indicates inter-model standard deviation (spread in skill). Reference circles and N correspond to skill values of 0 and 100, and the 
number of evaluated metrics, respectively. 

 
3.2 Metrics Weights 
 475 

To ensure that correlated metrics do not bias the multi-metric assessment of model skill, a 
correlation-based weighting scheme was applied (See Methods). Metric covariance was quantified 
by correlating the skill scores of the 45 GCMs for every pair of metrics within each CORDEX 
domain; metrics showing similar model-to-model performance patterns were considered 
interrelated and were therefore down-weighted. The resulting weights vary across domains (Fig. 480 

5), from mean values of about 0.83 in SAM and 0.86 in CAM to approximately 0.90 in AFR and 
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SAS, indicating stronger inter-metric correlations in the American domains and greater metric 
independence in AFR, SAS, and EAS. Metrics representing large-scale circulation and dynamical 
features, including jet streams, vertical wind shear, monsoon onset and demise, and pressure 
systems such as the Mascarene (in the southern Indian Ocean) and Western Pacific highs, retain 485 

high weights (≈0.98–1.00) across regions, reflecting their distinct and non-redundant information 
content. In contrast, precipitation- and temperature-based metrics, particularly those describing the 
seasonal cycle (e.g., precipitation amplitude, seasonality index, and relative entropy), are 
consistently down-weighted (≈0.4–0.8) due to their strong inter-correlations among the 45 GCMs. 
This pattern is most pronounced in SAM, CAM, and EUR, whereas tropical domains such as AFR, 490 

SAS, and SEA show higher effective weighting across metrics, indicating greater diagnostic 
diversity among the evaluated variables. 
 
3.3 Models Ranking 
 495 

The weighted metrics are used to distinguish between better-performing and worse-performing 
models. Models are ranked both within each CORDEX domain and globally across all nine 
domains. Regional rankings are derived by averaging all weighted metrics across the AR6 regions 
within a given CORDEX domain. As noted earlier, unique metrics contribute equally to each AR6 
region to ensure unbiased weighting. By default, the global ranking is obtained by averaging ranks 500 

across the nine domains; however, we also assess the sensitivity of global rankings to the 
aggregation method used. In addition to the default method (Method 3 in Fig. 6, which first 
computes regional rankings within each CORDEX domain and then averages these regional ranks 
to obtain the global ranking), three alternative aggregation approaches are tested (described in the 
Methods section), and their results are illustrated in Fig. 5. Rankings remain largely consistent 505 

across methods, indicating that the choice of aggregation scheme has minimal influence on the 
overall conclusions. However, Method 4, which places greater emphasis on metrics unique to 
individual CORDEX domains, produces noticeably larger deviations for a subset of models. These 
differences highlight the sensitivity of some models to domain-specific performance 
characteristics. The relative insensitivity of model rankings to the choice of aggregation method 510 

otherwise reflects the general consistency of their performance across domains.  
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Figure 5 Metric weights for the nine CORDEX domains. Each panel shows weights assigned to all metrics within a domain; grey 
concentric rings represent the weight values; thin colored lines represent individual AR6 regions and the thick black line denotes 515 
the median weight across regions. 
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Figure 6. Comparison of global model rankings obtained using different aggregation methods. The top fifteen models exhibiting 
the most noticeable changes in rank across methods are highlighted in colors other than gray and shown in the list at the bottom. 520 

We present the outcome of weighted model ranking using a heatmap of regional and global  ranks 
to illustrate the degree of consistency in climate model performance across CORDEX domains 
(Fig. 7). Several key highlights emerge from this analysis, illustrated by the following examples. 
Models such as HadGEM3-GC31-MM, GFDL-ESM4 and EC-Earth3-Veg rank high across all 
domains, with relatively small inter-domain rank spread, indicating robust and geographically 525 

transferable performance across both tropical and extratropical regions. NorESM2-MM also 
shows generally strong performance but with noticeable degradation in EUR and AUS, reflecting 
moderate regional dependence. In contrast, several models exhibit pronounced inconsistency. 
CMCC-CM2-SR5 and CNRM-CM6-1 perform reasonably well in selected domains but rank 
poorly in others, particularly AFR, resulting in substantially lower global ranks despite strengths 530 

in some domains. The MPI family (MPI-ESM1-2-HR and MPI-ESM1-2-LR) displays relatively 
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stable mid-range performance, with stronger ranks in EUR and NAM and weaker performance in 
monsoon-dominated domains, while UKESM1-0-LL performs better in tropical regions than in 
midlatitudes, especially EUR and NAM, which limits its global ranking. At the lower end, models 
such as INM-CM4-8 and MIROC-ES2L rank consistently poorly across all domains, indicating 535 

systematic deficiencies rather than region-specific weaknesses. Overall, the global ranking is 
largely determined by cross-domain consistency: models that maintain solid performance across 
all domains rank higher than those that perform very well in only a few regions but poorly in 
others. 
 540 

3.4 Need for Large Suite of Evaluation Metrics 
 
To assess the robustness of model rankings to the number of metrics used, we perform a Monte 
Carlo convergence analysis (Fig. 7). The goal is to determine how large a fraction of the available 
metrics is needed for rankings to remain consistent with those obtained from the full suite. For 545 

each CORDEX domain, we generate up to 5,000 random realizations, each representing a unique 
random order in which metrics are added. In the initial steps, when only a few metrics are available, 
the total number of possible combinations is smaller than 5,000, so fewer realizations contribute 
to the statistics. Once the number of metrics exceeds twelve, the number of possible subsets 
becomes larger than 5,000, and from that point onward the full ensemble of 5,000 realizations is 550 

used for all subsequent steps. For reference, with 13 metrics, there are 8,191 possible subsets, and 
with 40 metrics, the number exceeds one trillion (≈1.1×10¹²), illustrating how rapidly the 
combination space expands as metrics are added. Metrics are sampled once per realization 
(without repetition), with selection probabilities weighted by their influence, defined as the 
product of the metric’s assigned weight and the inter-model standard deviation of scores. This 555 

weighting favors metrics that both carry greater importance and better discriminate among models. 
A fixed random seed ensures reproducibility. 
 
Each realization begins with a single metric, after which metrics are added sequentially according 
to the randomized order until the full set is included. After each addition, model scores are 560 

recomputed, domain ranks are recalculated, and a global rank is derived as the mean of the domain-
specific ranks. The absolute deviation of this global rank from the reference global ranking 
(computed using all metrics) is then recorded. This procedure tracks how the global ranking 
converges as progressively more metrics are incorporated. 
 565 

The results are summarized using probability density functions of global rank deviation as a 
function of the fraction of metrics included. Rankings derived from small metric subsets exhibit 
large variability across realizations, indicating poor robustness. Convergence improves steadily as 
additional metrics are included, with the median global rank deviation falling below ±2 ranks once 
approximately 75% of the metrics are used, and below ±1 rank only after more than 90% are 570 

included. These results demonstrate that a large fraction of the full metric suite is required to obtain 
a stable and reproducible global ranking, and that rankings based on limited metric subsets are 
highly sensitive to metric selection, highlighting the importance of comprehensive evaluation 
approaches in climate model assessment (Sa’adi et al., 2026). 
 575 

https://doi.org/10.5194/egusphere-2026-2649
Preprint. Discussion started: 21 May 2026
c© Author(s) 2026. CC BY 4.0 License.



 21 

 
Figure 7 Global and regional ranks of models. Heatmap of regional and global ranks for 45 CMIP6 models across nine CORDEX 
domains. 
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 580 
 

Figure 8. Sensitivity of ranking to the number of evaluation metrics. Probability density of global rank deviation as a function of 
the fraction of metrics included, based on Monte Carlo convergence analysis. 

Pairwise cosine similarity across the GCM ensemble is generally high, with values ranging from 
approximately 0.68 to 0.99 and a mean near 0.85, but this overall similarity masks clear structure 585 

within the ensemble (Fig. 8). Several closely related model configurations exhibit extremely high 
similarity, for example HadGEM3-GC31-LL / HadGEM3-GC31-MM (≈0.96) and CESM2 / 
CESM2-WACCM (≈0.97), indicating near-identical behavior across the evaluated metrics. At the 
same time, other model pairs show substantially lower similarity, reflecting meaningful divergence 
in regional or process-level responses despite comparable large-scale behavior. This spread in 590 

similarity values indicates that, while many models share strong common structure, others retain 
distinct signatures that are not captured by ensemble-mean agreement alone. To identify pairs of 
models that are effectively redundant in a multi-metric sense, a cosine similarity threshold 
corresponding to approximately the 97th percentile of the pairwise similarity distribution (Fig. 9a; 
grey line), thereby retaining only the top ~3% of the most similar model pairs. For an ensemble of 595 

45 models, this criterion isolates roughly 30 out of 990 unique model pairs, ensuring that only 
near-collinear behaviors in the high-dimensional metric space are classified as strongly similar. 
Model pairs exceeding this threshold are thus considered highly redundant, while those below it 
retain sufficient independence to contribute distinct information to the ensemble. 
 600 

The hierarchical clustering dendrogram translates pairwise cosine similarity into a structured 
representation of ensemble organization, revealing clusters of closely related models as well as 
more weakly connected models (Fig. 9b). Based on the dendrogram, applying the top 3% threshold 
(grey line) isolates a small set of highly redundant configurations. The EC-Earth variants (EC-
Earth3, EC-Earth3-Veg, EC-Earth3-Veg-LR) form a tight cluster, as do CNRM-CM6-1/CNRM-605 

ESM2-1, CESM2/CESM2-WACCM, and GFDL-CM4/GFDL-ESM4, indicating near-collinear 
behavior across the full multi-metric space. Strong links are also evident among HadGEM3-GC31-
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LL/MM and between HadGEM3-GC31-LL and UKESM1-0-LL, reflecting closely aligned 
responses despite nominal model differences, which are likely due to use of the same atmospheric 
general circulation model. In contrast, models such as GISS-E2-1-G, INM-CM4-8, and INM-610 

CM5-0 do not form high-similarity links beyond their immediate counterparts, indicating more 
independent behavior relative to the tightly clustered groups. This dendrogram-based view 
clarifies which models are effectively interchangeable and which contribute distinct information, 
directly supporting redundancy-aware model sub-selection. 
 615 

 

 
 

Figure 9 Model redundancy in the CMIP6 ensemble. (a) Pairwise cosine similarity heatmap for all GCM pairs, with warmer 
colors indicating higher similarity. 620 
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Figure 10. Model redundancy in the CMIP6 ensemble. (a) Probability density distribution of cosine similarity values for the 990 
unique model pairs. (b) Hierarchical clustering dendrogram constructed using average linkage and cosine distance; merge 625 
distance denotes the cosine distance at which clusters are joined. Models labeled in black do not have SSP3-7.0 output. 
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3.5 Regional Climate Sensitivity 630 

 
We use regional effective climate sensitivity to assess CMIP6 GCMs across CORDEX domains, 
analyzing projected annual temperature changes over 2015–2100 relative to the 1995–2014 
reference period using 31 GCMs with available SSP3-7.0 future projections. This analysis is 
illustrated for the EUR domain by a heatmap showing mean annual warming for each year during 635 

2071–2100 and the linear warming trend over 2015–2100, while broader tendencies across 
domains and models are summarized using a heatmap of projected temperature change for the 
final 30 years of the 21st century (Fig. 11). Corresponding heatmaps for the remaining CORDEX 
regions are provided in the Supplementary Material (Figs. S3) 
 640 

Projected temperature changes over EUR during 2015–2100 exhibit substantial inter-model spread 
in both the magnitude of warming and its late-century amplification. Models such as UKESM1-0-
LL and CanESM5 occupy the upper end of the ensemble, combining strong full-period trends with 
the largest late-century warming, indicating persistently high warming rates throughout the 
century. IPSL-CM6A-LR, EC-Earth3 and its variants also project strong warming, although with 645 

greater contrast between full-period means and late-century behavior. 
 
Differences in temporal evolution further distinguish model behavior. Several models show 
relatively steady warming, with late-century trends comparable to or only modestly higher than 
full-period trends. For example, AWI-CM-1-1-MR, CESM2, MIROC6, and NorESM2-MM 650 

exhibit moderate late-century warming without pronounced amplification relative to their full-
period behavior. In contrast, a subset of models shows clear late-century strengthening. UKESM1-
0-LL, IPSL-CM6A-LR, EC-Earth3, and EC-Earth3-Veg exhibit substantially higher warming 
rates during the final 30 years than implied by their full-period trends, resulting in larger late-
century mean warming. This contrast indicates that inter-model spread in end-of-century warming 655 

arises not only from differences in mean warming rates but also from differences in how warming 
accelerates or persists during the latter half of the century. 
 
At the lower end of the ensemble, models such as MRI-ESM2-0, CAMS-CSM1-0, FGOALS-g3, 
and NorESM2-LM project weaker warming, with both full-period means and late-century 660 

warming remaining near or below 3 °C. Some of these models, including MRI-ESM2-0 and AWI-
CM-1-1-MR, also exhibit relatively weak late-century trends, consistent with limited amplification 
toward the end of the century. Overall, the EUR results show that differences in late-century 
temperature projections reflect a combination of spread in full-period warming and systematic 
differences in the temporal evolution of warming across models. 665 

 
Across domains (Fig. 11b) models largely preserve their relative position in terms of late-century 
warming compared to EUR. Models such as UKESM1-0-LL and CanESM5 consistently project 
the strongest late-century warming in all CORDEX regions, with last-30-year anomalies 
exceeding 5 °C in AFR, EUR, and EAS and remaining among the highest in SEA and AUS. IPSL-670 

CM6A-LR and EC-Earth3, EC-Earth3-Veg, and EC-Earth3-Veg-LR also consistently project high 
late-century warming across regions, occupying the upper portion of the ensemble in most 
domains, with particularly strong warming over EUR and EAS. 
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 675 
Figure 11 Projected temperature anomalies across CORDEX regions under the SSP3-7.0 scenario. (a) Annual temperature 
anomalies for EUR (2015–2100) with decadal trend in the rightmost column. (b) Mean temperature anomaly for the last 30 years 
across all nine CORDEX domains. 

 

At the lower end of the ensemble, CAMS-CSM1-0, MRI-ESM2-0, NorESM2-LM, and MPI-680 

ESM1-2-LR consistently remain among the coolest models across all domains, with late-century 
warming generally near or below 3 °C, mirroring their behavior over EUR. A smaller set of models 
exhibits clearer regional variation. For example, MIROC6 and FGOALS-f3-L project moderate 
late-century warming over EUR and EAS but substantially weaker warming over SEA and AUS, 
while CESM2 and CESM2-WACCM remain near the ensemble median across most regions. 685 

Overall, these results show that inter-model differences in late-century temperature projections are 
primarily controlled by intrinsic model sensitivity that is consistent across domains, with regional 
processes modulating the magnitude of warming without substantially altering the relative 
ordering of models. 
 690 
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3.6 Spread in Precipitation Projections 
 
In Fig. 12, we analyze projected annual precipitation changes over 2015–2100 relative to the 
1995–2014 reference period to assess projections spread among CMIP6 GCMs across CORDEX 695 

domains. This analysis is illustrated for the CAM domain by a heatmap showing mean annual 
changes during 2015–2100. Corresponding heatmaps for the remaining CORDEX regions are 
provided in the Supplementary Material (Figs. S4). Additionally, broader tendencies across 
CORDEX domains and models are summarized using the Wet–Dry Dominance Index (WDI), 
which quantifies the cumulative imbalance between positive (wet) and negative (dry) precipitation 700 

anomalies over the analysis period.  
 
 

𝑊𝐷𝐼 = H 𝑃-
.!/0

−	H|𝑃-|
.!10

	 (8) 

 

where 𝑃- represents the precipitation anomaly in year 𝑡. Positive WDI values indicate that wet-
year anomalies dominate over dry-year anomalies, whereas negative values indicate dominance of 705 

dry anomalies. 
 
Projected precipitation changes over CAM during 2015–2100 exhibit substantial inter-model 
spread in both long-term trends and temporal evolution. Full-period trends range from weak to 
moderate drying across most models, but the temporal consistency of these trends varies markedly, 710 

indicating that differences among models arise not only from trend magnitude but also from how 
precipitation anomalies evolve through time. 
 
Some models display coherent wet–dry dominance behavior despite overall drying. For example, 
EC-Earth3, EC-Earth3-Veg, and EC-Earth3-Veg-LR show similar drying trends together with 715 

consistently positive WDI values, indicating that wet-year anomalies dominate their long-term 
response. A similar pattern is evident in the CNRM models, which exhibit modest trends and near-
neutral to positive WDI values with limited divergence between full-period and late-century 
behavior. In contrast, CanESM5, CESM2, CESM2-WACCM, MPI-ESM1-2-HR, MPI-ESM1-2-
LR, and GFDL-ESM4 consistently show strongly negative WDI values, indicating dry-year 720 

dominance that is reflected in the prevalence of negative anomalies in the annual time series. 
Importantly, weak or modest trends do not imply uniform behavior. Models such as NorESM2-
LM and FGOALS-f3-L exhibit relatively small long-term trends but near-neutral WDI values and 
alternating wet and dry anomalies through time, demonstrating that temporal variability and 
anomaly structure can differ substantially even when mean changes are small. 725 

 
To place the CAM-specific results in a broader regional context, we further examine the WDI 
across all CORDEX domains using a summary visualization based solely on WDI (Fig. 10b). This 
multi-domain perspective reveals that several of the behaviors identified over CAM are not region-
specific but recur across domains. Models such as INM-CM5-0 and INM-CM4-8, ACCESS-CM2, 730 

EC-Earth3 and its variants, and CNRM and its variants consistently exhibit strongly positive WDI 
values across most domains, indicating systematic dominance of wet-year anomalies irrespective 
of region. In contrast, CESM2, CESM2-WACCM, and GFDL-ESM4 show persistently negative 
WDI across domains, reflecting robust dry-year dominance that aligns with their behavior over 
CAM. Other models display pronounced regional dependence. For example, ACCESS-ESM1-5 735 

and NorESM2-MM exhibit positive WDI in some domains (such as AFR and EAS) but negative 
values in others (including AUS and EUR), indicating that wet–dry dominance is sensitive to 
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regional processes even when long-term trends are comparable. Overall, comparisons of 
precipitation responses across domains (Figs. S6) and the associated WDI (Fig. 10b) values 
indicate that wet–dry dominance is not determined solely by the sign or magnitude of the mean 740 

precipitation change, but by how anomalies are distributed across wet and dry years. 

Figure 12 Precipitation anomalies and wet-dry index (WDI) across CORDEX regions. (a) Annual PR anomalies for CAM (2015–745 
2100) with model WDI values in the rightmost column. (b) WDI for all nine CORDEX domains across 31 models. 

3.7 ΔPR versus ΔTAS Relationship 

In addition to the separate assessment of temperature and precipitation responses, we examine the 750 

joint relationship between ΔPR and ΔTAS to evaluate how regional precipitation responds to 
warming (Fig. 13). Precipitation responses reflect a combination of thermodynamic effects 
associated with increasing atmospheric moisture and dynamic effects linked to circulation changes 
(Shepherd 2014). Large inter-model differences in ΔPR therefore indicate a stronger role for 
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circulation variability, whereas consistent scaling across models suggests a response constrained 755 

primarily by warming. 

Across the CORDEX domains, precipitation–temperature scaling varies substantially. Strong 
positive coupling occurs in EAS (r = 0.89) and WAS (r = 0.83), moderate coupling in EUR (r = 
0.37), weak relationships in AFR (r = 0.21), AUS (r = 0.11), SEA (r = 0.14), and NAM (r = −0.07), 760 

and negative scaling in CAM (r = −0.41) and SAM (r = −0.53). These correlations are calculated 
from the 93 model–period pairs derived from the three 25-year transitions considered in this study. 

The strong scaling in EAS and WAS indicates a precipitation response largely constrained by 
warming, with models projecting larger precipitation increases as temperatures rise. In contrast, 765 

AFR and NAM show little systematic relationship between precipitation and warming despite 
substantial temperature differences across models. This suggests that domain-mean precipitation 
responses are influenced by compensating subregional signals within the large CORDEX domains, 
heterogeneous wetting and drying patterns cancel in the domain mean. 

770 

CAM and SAM exhibit a tendency toward decreasing precipitation with increasing warming, 
indicating that circulation changes likely play a dominant role in shaping regional precipitation 
responses. Meanwhile, SEA and AUS show large inter-model spread with weak temperature 
scaling, implying strong influence from model-dependent circulation responses and regional 
feedbacks. In SEA in particular, some moderate-warming models project larger precipitation 775 

increases than models with stronger warming. 

Overall, the joint ΔPR–ΔTAS analysis highlights strong regional contrasts in precipitation 
sensitivity to warming. While thermodynamic constraints dominate precipitation responses in 
some regions, others are primarily influenced by circulation variability or compensating 780 

subregional signals. This coupled perspective therefore provides a useful diagnostic for model 
selection by identifying regions where precipitation responses are robust versus those where 
uncertainty remains dominated by dynamic processes. 
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 785 
 

Figure 13 ΔPR versus ΔTAS Relationship. Scatter plots of projected mean precipitation (PR, mm/day) versus mean near-surface 
air temperature (TAS, °C) across 31 CMIP6 GCMs for nine CORDEX domains. The last 75 years of the projection period (2026–
2100) are divided into three equal 25-year windows: 2026–2050 (blue circles), 2051–2075 (orange diamonds), and 2076–2100 
(red circles). Arrows trace each model's trajectory. Models in the top 5 and bottom 5 of the temperature change ranking are 790 
highlighted in bold purple and blue, respectively. Pearson correlation coefficients (r) between PR and TAS, computed from all 93 
data pairs (31 models × 3 periods), are shown in the upper-right corner of each panel; asterisks denote statistical significance at 
p < 0.05.  

 
 795 

4. Synthesis of Model Selection Framework 
 
The Sankey diagram (Fig. 14) is based on global aggregation across the CORDEX domains and 
summarizes the four criteria used in the model sub-selection framework: historical performance, 
model independence, climate sensitivity, and projected precipitation change. The leftmost nodes 800 

represent the full CMIP6 ensemble of 45 models, each labeled by global performance rank. The 
top 14 ranked models in the Sankey diagram do not provide SSP3-7.0 simulations and are therefore 

https://doi.org/10.5194/egusphere-2026-2649
Preprint. Discussion started: 21 May 2026
c© Author(s) 2026. CC BY 4.0 License.



 31 

used only to establish the relative ranking of the remaining models within the broader CMIP6 
ensemble. Subsequent analysis focuses on the 31 models with available SSP3-7.0 data. The 
regional Sankey diagrams are provided in the Supplementary Material (Figs. S5). An interactive 805 

HTML version is also provided to facilitate interpretation of the synthesis. 
 
For these 31 models, the intermediate nodes represent tercile bins of projected near-surface air 
temperature change (ΔTAS) over the last 30 years of the 21st century, categorized as low, mid, 
and high warming. The rightmost nodes represent precipitation change (ΔPR) categories, 810 

classified as wet (>5 mm yr⁻¹), neutral (within ±5 mm yr⁻¹), or dry (<−5 mm yr⁻¹). Model 
independence is indicated by colored rectangles adjacent to the model labels. Models exceeding a 
cosine similarity threshold of top 3% are treated as strongly similar and share the same color, 
indicating cluster membership, while models below this threshold are shown with white rectangles 
and are considered relatively independent. This structure provides a compact view of model 815 

performance, projected warming, precipitation response, and independence within a single 
summary framework. The global signal indicates that the majority of the models project on average 
wetter conditions independently of the projected warming, but as shown in Fig. 11 there are a 
variety of regional responses.  
 820 

Applying the cosine similarity threshold yields 19 clusters among the 31 models with future 
projections, comprising six multi-model clusters and 13 singleton models. Several coherent 
clusters are evident. The CESM/NorESM family, all using versions of the Community 
Atmosphere Model (Brands 2022b), forms a four-model cluster (NorESM2-MM, CESM2-
WACCM, CESM2, NorESM2-LM), largely occupying the low-to-mid warming and dry 825 

precipitation bins. The EC-Earth3 family (EC-Earth3-Veg, EC-Earth3-Veg-LR, EC-Earth3) 
consistently projects high warming and wet precipitation changes. A similar high-warming, wet-
precipitation signal is observed in the UKESM/KACE/ACCESS cluster (UKESM1-0-LL, KACE-
1-0-G, ACCESS-CM2, using Met Office UM in the atmosphere), with UKESM1-0-LL exhibiting 
particularly strong warming and precipitation responses relative to most other models. The 830 

MPI/AWI cluster (AWI-CM-1-1-MR, MPI-ESM1-2-HR, MPI-ESM1-2-LR, using ECHAM6 in 
the atmosphere) is characterized by mid-to-low warming combined with wet precipitation 
responses, while the CNRM family (CNRM-ESM2-1, CNRM-CM6-1, CNRM-CM6-1-HR) spans 
mid-to-high warming with predominantly wet outcomes. The INM models (INM-CM5-0, INM-
CM4-8) form a distinct low-warming cluster with exceptionally strong wetting signals. The GCMs 835 

precipitation responses are consistent with Fig. 10b. 
 
When interpreted in the context of historical performance, the Sankey diagram indicates that the 
set of viable candidates for sub-selection is limited to a small number of similarity clusters. 
Clusters anchored by consistently high-performing models, including the CESM/NorESM and 840 

EC-Earth3 families, emerge as the most plausible sources of candidate models. The MPI/AWI 
cluster also remains competitive due to the presence of multiple well-performing members. In 
addition, high-performing singleton models can also enter the candidate pool. For example, 
GFDL-ESM4 appears as an independent singleton cluster with a high-performance rank, 
projecting moderate warming and drying, and is classified within the low-warming, dry-845 

precipitation category.  
 
Across these performance-competitive clusters, models separate consistently into three warming 
ranges defined by late-century ΔTAS: low (< ~3 °C), mid (~3–4 °C), and high (> ~4.5 °C), with 
corresponding shifts in precipitation behavior from predominantly dry/neutral to increasingly wet 850 

conditions. The viable candidate pool is therefore effectively confined to a small number of models 
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within each of these ranges, each represented by closely related configurations identified through 
the independence analysis. Selecting across these three ranges ensures retention of the dominant 
spread in both temperature and precipitation responses while avoiding redundancy within clusters. 

855 

In contrast, clusters such as the INM family, which are dominated by lower-ranked models, are 
unlikely to contribute candidates despite their relative independence and pronounced precipitation 
responses. Within this framework, independence and projected warming and precipitation 
characteristics serve to differentiate among performance-competitive models and clusters rather 
than compensate for weak historical performance. 860 

Finally, sub-selection is subject to practical data constraints. Regional dynamical downscaling 
requires the availability of high-resolution, three-dimensional atmospheric variables at sub-daily 
temporal resolution; consequently, model choice is further constrained by the availability of the 
required data products, especially within the CORDEX-CMIP context. 865 

Figure 14 Synthesis of multi-criteria model evaluation framework. Sankey diagram illustrating model rankings (numbers), 
independence (colored rectangles), and climate sensitivity and precipitation spread based on global aggregation across nine 
CORDEX domains. 870 
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5 Appendix

This appendix presents the definitions of the indices and the criteria used to evaluate model
performance for each of them.

5.1 Amplitude

The amplitude is defined as the difference between the maximum and minimum of the monthly875

climatological mean values of precipitation or temperature over the annual cycle. Let 𝑋𝑚
represent the climatological mean for month 𝑚, where 𝑚 = 1, 2, . . . , 12. Then the amplitude
𝐴𝑝 is given by:

𝐴𝑝 = max
1≤𝑚≤12

(𝑋𝑚) − min
1≤𝑚≤12

(𝑋𝑚) (A1)

Here, 𝑋𝑚 is computed as the multi-year average of monthly mean of precipitation or temperature
for each calendar month over the analysis period:880

𝑋𝑚 =
1
𝑁

𝑁∑︁
𝑦=1

𝑋𝑚,𝑦 (A2)

where 𝑋𝑚,𝑦 is the mean in month𝑚 of year 𝑦, and 𝑁 is the number of years in the climatological
period.

Models are evaluated using three statistical measures. Spatially centered pattern correlation
(PC) quantifies the similarity between simulated and observed spatial distributions of amplitude.
Bias, normalized by the temporal standard deviation of ERA5 during the reference period,885

measures systematic offsets in magnitude. Spatially centered RMSE, normalized by the spatial
standard deviation of ERA5, estimates the total spatial error. Each statistical measure is bounded
between 0 and 100 using penalty-based functions:

𝑃𝐶[0,100] = max (0, 100 × 𝑃𝐶) , (A3)

𝐵𝑖𝑎𝑠[0,100] = max
(
0, 100 × 𝑒− 𝐵𝑖𝑎𝑠

𝑁

)
, (A4)

𝑅𝑀𝑆𝐸 [0,100] = max
(
0, 100 × 𝑒− 𝑅𝑀𝑆𝐸

𝑁

)
, (A5)

where 𝑁 is a scaling factor, set to twice the reference standard deviation. For example, if
|𝐵𝑖𝑎𝑠 | = 2𝜎 and 𝑁 = 2𝜎, then890

𝐵𝑖𝑎𝑠[0,100] = 100 × 𝑒−1 ≈ 36.8, (A6)

illustrating that a bias equal to two standard deviations reduces the score to about 37. Finally,
the three statistical measures are averaged to provide an overall skill score on a 0–100 scale.
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5.2 Annual Standard Deviation

The annual standard deviation (SD) quantifies the year-to-year variability in total annual mag-
nitude over a specified climatological period. Let 𝑋𝑦 represent the total precipitation or tem-895

perature in year 𝑦, where 𝑦 = 1, 2, . . . , 𝑁 and 𝑁 is the number of years in the reference period.
The annual SD, denoted as 𝜎𝑋 , is defined as:

𝜎𝑋 =

√√√
1
𝑁

𝑁∑︁
𝑦=1

(
𝑋𝑦 − 𝑋̄

)2 (A7)

where 𝑋̄ is the mean annual mean over the period:

𝑋̄ =
1
𝑁

𝑁∑︁
𝑦=1

𝑋𝑦 (A8)

Model evaluation follows same methodology as that for amplitudes.

5.3 Seasonal Averages900

The seasonal average for a season is calculated by averaging monthly values within the season.
As an example, the seasonal average for DJF is calculated by averaging monthly values for
December, January, and February, taking care to account for the year boundary. Let 𝑋𝑚,𝑦
represent the climate variable (e.g., precipitation or winds) for month 𝑚 and year 𝑦, where
𝑚 ∈ {1, 2, . . . , 12}. For each year 𝑦, the DJF seasonal mean 𝑋DJF

𝑦 is given by:905

𝑋DJF
𝑦 =

1
3
(
𝑋12,𝑦−1 + 𝑋1,𝑦 + 𝑋2,𝑦

)
(A9)

Model evaluation follows same methodology as that for amplitudes.

5.4 Peak Timing

The peak timing of precipitation or temperature is defined as the calendar month during which
the climatological monthly mean of the variable reaches its maximum. Let 𝑋𝑚 denote the
climatological mean of a variable (e.g., precipitation or temperature) for month 𝑚, where910

𝑚 = 1, 2, . . . , 12. The peak timing 𝑚peak is then given by:

𝑚peak = arg max
1≤𝑚≤12

𝑋𝑚 (A10)

Here, 𝑚peak ∈ {1, 2, . . . , 12} corresponds to the month (1 = January, ..., 12 = December) in
which the variable attains its maximum climatological value.

Model evaluation for this metric quantifies only the similarity between simulated and observed
spatial distributions using pattern correlation.915

34

https://doi.org/10.5194/egusphere-2026-2649
Preprint. Discussion started: 21 May 2026
c© Author(s) 2026. CC BY 4.0 License.



5.5 Seasonality and Entropy

Feng et al. (2013) introduced the use of relative entropy (RE) and the dimensionless seasonality
index (DSI) as robust measures of hydroclimate seasonality. RE quantifies the concentration of
annual precipitation into specific months relative to a uniform distribution, while DSI combines
RE with normalized annual precipitation to account for both the seasonality and the overall920

magnitude of rainfall. This framework allows identification of regions with strong monsoonal
characteristics, where rainfall is both highly seasonal and abundant. Let 𝑟𝑚 be the mean
precipitation in month 𝑚, and let total annual precipitation be 𝑅 =

∑12
𝑚=1 𝑟𝑚. Define the

fractional monthly distribution as 𝑝𝑚 = 𝑟𝑚
𝑅

, and the uniform reference distribution as 𝑞𝑚 = 1
12 .

The relative entropy (RE) is given by:925

RE =
12∑︁
𝑚=1

𝑝𝑚 log2

(
𝑝𝑚

𝑞𝑚

)
(A11)

The dimensionless seasonality index (DSI) combines RE with normalized annual rainfall:

DSI =
(
𝑅

𝑅max

)
· RE (A12)

Here, 𝑅max is the maximum annual precipitation among all locations considered, used to
normalize DSI values across space.

The model evaluation method is the same as that used for amplitude. However, because both
seasonality and entropy are based on climatological values, no temporal standard deviation is930

available to standardize the bias. Instead, bias is expressed as the fractional departure from the
reference value and penalized using 𝑁 = 2, which corresponds to twice the reference value.

5.6 Monsoon Onset and Withdrawal

The timing of monsoon onset and withdrawal is a critical aspect of regional hydroclimate
because it determines the effective length of the rainy season, influences agricultural planning,935

and affects water resource availability. Shifts in these timings can lead to substantial socio-
economic impacts, making their accurate characterization and projection essential for both
climate research and adaptation strategies. Ashfaq et al. (2020) determine monsoon onset
and withdrawal from the climatological cumulative precipitation fraction curve. The onset is
defined as the pentad corresponding to the minimum of the curve, representing the beginning940

of sustained rainfall accumulation. The withdrawal is defined as the pentad corresponding
to the maximum of the curve, representing the end of the rainy season. Let 𝑃𝑘,𝑦 denote the
precipitation in pentad 𝑘 of year 𝑦, where 𝑘 = 1, 2, . . . , 73. Define the climatological mean
pentad precipitation:

𝑃̄𝑘 =
1
𝑁

𝑁∑︁
𝑦=1

𝑃𝑘,𝑦 (A13)

where 𝑁 is the number of years in the historical period. Define the cumulative precipitation945

fraction up to pentad 𝑘:

𝐹𝑘 =

∑𝑘
𝑖=1 𝑃̄𝑖∑𝐾
𝑖=1 𝑃̄𝑖

(A14)
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Then onset pentad 𝑘onset is the smallest 𝑘 such that:

𝐹𝑘onset ≥ 𝑓onset (A15)

Similarly, withdrawal pentad 𝑘withdraw is the largest 𝑘 such that:

𝐹𝑘withdraw ≤ 𝑓withdraw (A16)

For monsoon onset and withdrawal, evaluation is based only on bias. Because these indices are
circular in nature, onset and withdrawal dates are first converted to circular values using950

𝜃onset =
2𝜋
73

𝑘onset, 𝜃withdraw =
2𝜋
73

𝑘withdraw (A17)

The bias is then computed as the absolute difference between the ERA5 and model circular
values. Bounding is applied with 𝑁 = 3, which corresponds to three pentads (15 days). Thus,
when the model onset or withdrawal differs from ERA5 by three pentads, the score decays to
about 37 (since 𝑒−1 ≈ 0.37), with larger differences further penalized toward zero.

5.7 Vertical Shear of Winds955

The vertical shear of winds between 200 hPa and 850 hPa is computed using monthly climato-
logical means of the zonal or meridional wind component. For instance, let 𝑢200,𝑚 and 𝑢850,𝑚
denote the climatological monthly mean zonal wind at 200 hPa and 850 hPa, respectively, for
month 𝑚, where 𝑚 = 1, 2, . . . , 12. The vertical wind shear for month 𝑚, denoted 𝑆𝑚, is given
by960

𝑆𝑚 = 𝑢200,𝑚 − 𝑢850,𝑚 . (A18)

A negative value of 𝑆𝑚 indicates stronger upper-level easterlies relative to the lower-level winds,
which is important for diagnosing monsoon dynamics and tropical wave activity. This analysis
is conducted only for the monsoon regions as defined in Ashfaq et al. (2021). It yields 12
climatological monthly values that are used to evaluate spatially centered pattern correlation
(PC) and RMSE. For RMSE, normalization is based on the standard deviation of the 12 monthly965

values. For bias, only the monsoon months for each region are considered; the bias in each
month is normalized by the observed standard deviation for that month and then averaged over
the season.

5.8 Zonally Averaged Precipitation (Hovmöller)

Zonally averaged precipitation (Hovmöller diagrams; Hovmöller, 1949) provides a latitude–time970

representation of rainfall obtained by averaging precipitation along longitudes. This diagnostic
is commonly used to evaluate the meridional structure, seasonal migration, and variability of
precipitation belts, including the position and strength of the Intertropical Convergence Zone
(ITCZ) and other large-scale precipitation features. Let 𝑃(𝜆, 𝜙, 𝑚) be the climatological mean
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precipitation for longitude 𝜆, latitude 𝜙, and month𝑚. The zonal average at latitude 𝜙 for month975

𝑚, denoted 𝑃(𝜙, 𝑚), is defined as:

𝑃(𝜙, 𝑚) = 1
𝑁

𝑁∑︁
𝑖=1

𝑃(𝜆𝑖, 𝜙, 𝑚) (A19)

where 𝑁 is the number of longitudinal grid points in the averaging interval. Model evaluation
follows same methodology as that for amplitudes.

5.9 Caribbean Low-Level Jet Index

The Caribbean Low-Level Jet (CLLJ) is a key circulation feature of the Intra-Americas region.980

Centered near 925 hPa, it transports large amounts of moisture from the tropical Atlantic
into the Caribbean and Central America, strongly influencing seasonal rainfall variability, the
development of tropical storms, and moisture availability for the North and South American
monsoon systems. Because of its role in regional hydroclimate and tropical cyclone activity, the
CLLJ serves as an important metric for evaluating the ability of models to reproduce low-level985

circulation and moisture transport. Following Wang (2007), The CLLJ is represented here as
the average 925-hPa zonal wind over the region 12◦–18◦N latitude and 280◦–290◦E longitude.
Let 𝑢(𝜙, 𝜆, 925, 𝑡) denote the zonal wind at latitude 𝜙, longitude 𝜆, and time 𝑡. The index is
given by

𝐶𝐿𝐿𝐽 (𝑡) = 1
𝑁

18◦∑︁
𝜙=12◦

290◦∑︁
𝜆=280◦

𝑢(𝜙, 𝜆, 925, 𝑡), (A20)

where 𝑁 is the number of grid points within the averaging region. The evaluation of the990

Caribbean Low-Level Jet (CLLJ) follows the same procedure as for vertical wind shear, except
that the bias is computed using all months of the annual cycle rather than only a specific season.

5.10 Atlantic ITCZ Position

The Atlantic Intertropical Convergence Zone (ITCZ) is the dominant rainfall band over the
tropical Atlantic, and its seasonal migration strongly influences regional climate and rainfall995

variability in adjacent continental areas. To characterize its mean position, the ITCZ is analyzed
over the domain 𝜙𝑆–𝜙𝑁 in latitude and 𝜆𝑊–𝜆𝐸 in longitude, where 𝜙𝑆 = −10◦, 𝜙𝑁 = 25◦,
𝜆𝑊 = 260◦, and 𝜆𝐸 = 305◦. The ITCZ position is defined here as the precipitation-weighted
centroid, extending the commonly used precipitation-weighted latitude definition (e.g., Biasutti
et al., 2006) to both latitude and longitude. The monthly climatological ITCZ longitude (𝜆ITCZ)1000

and latitude (𝜙ITCZ) are then computed as precipitation-weighted averages of the precipitation
field.

(
𝜆ITCZ(𝑡), 𝜙ITCZ(𝑡)

)
=

𝜙𝑁∑︁
𝜙=𝜙𝑆

𝜆𝐸∑︁
𝜆=𝜆𝑊

(𝜆, 𝜙) 𝐹 (𝜙, 𝜆, 𝑡)

𝜙𝑁∑︁
𝜙=𝜙𝑆

𝜆𝐸∑︁
𝜆=𝜆𝑊

𝐹 (𝜙, 𝜆, 𝑡)
. (A21)
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For the Atlantic ITCZ, evaluation is based on bias and the seasonal cycle of its latitude and
longitude locations. The bias reflects the strength of the ITCZ, while the monthly intensity-
weighted latitude and longitude positions (𝑚 = 1, . . . , 12) are compared between model and1005

reference using pattern correlation. This provides a measure of the seasonal march of the ITCZ
in both directions. The two pattern correlations (latitude and longitude) together with the bias
score are averaged to obtain the final skill score.

5.11 Zonally Averaged Upper Tropospheric Temperature

This diagnostic follows the formulation of Ashfaq et al. (2021) and is limited to the nine global1010

monsoon regions defined in that study. The zonal mean distribution of upper-tropospheric
temperature is a key diagnostic for evaluating large-scale circulation features in climate models,
as it captures the meridional gradients and vertical structure of warming that influence the
Hadley circulation, subtropical jets, and monsoon dynamics.

Let 𝑇 (𝑝, 𝜙, 𝜆, 𝑚) denote the monthly climatological mean temperature at pressure level 𝑝,1015

latitude 𝜙, longitude 𝜆, and month 𝑚 (𝑚 = 1, 2, . . . , 12). The zonally averaged monthly
climatology is defined as

𝑇 (𝑝, 𝜙, 𝑚) = 1
𝑁

𝑁∑︁
𝑖=1
𝑇 (𝑝, 𝜙, 𝜆𝑖, 𝑚), (A22)

where 𝑁 is the number of longitudinal grid points. To emphasize the seasonal march of
meridional temperature gradients, the annual mean zonal temperature is removed:

𝑇 ′(𝑝, 𝜙, 𝑚) = 𝑇 (𝑝, 𝜙, 𝑚) − 1
12

12∑︁
𝑚=1

𝑇 (𝑝, 𝜙, 𝑚). (A23)

The anomaly field𝑇 ′(𝑝, 𝜙, 𝑚) is typically displayed as a latitude–pressure cross-section for each1020

calendar month, providing a clear representation of the seasonal cycle in upper-tropospheric tem-
perature gradients and associated circulation features. For zonally averaged upper-tropospheric
temperature, the evaluation follows the same procedure as for amplitude, except that the data
are organized along latitude and month dimensions, with months representing climatological
means. Pattern correlation and RMSE are computed across the latitude–month field. Bias is1025

calculated for each month after normalizing by the observed monthly standard deviation, and
then averaged across all months to obtain the overall bias score.

5.12 East Asian Summer Monsoon Index

The strength of the East Asian summer monsoon is defined using the zonal sea-level pressure
(SLP) gradient between land at 110◦E and ocean at 160◦E across latitudes 10◦N–50◦N during1030

JJA (Guo, 1983).

EASMI =
50◦𝑁∑︁
𝜙=10◦𝑁

[SLP(160◦𝐸, 𝜙) − SLP(110◦𝐸, 𝜙)] (A24)
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A stronger land–sea pressure contrast, reflected in more negative values of the index, corresponds
to a stronger summer monsoon.

Given that this index produces a single seasonal value (JJA mean) for each year, model evaluation
is restricted to normalized bias. Range is used in place of interannual variability due to its larger1035

magnitude in the reference data. Accordingly, 𝑁 = 1 is applied in the bounded bias formulation,
with scores constrained between 0 and 100.

5.13 Western Pacific Subtropical High Index

The Western Pacific Subtropical High (WPSH) is a dominant circulation system in the boreal
summer that strongly influences the East Asian climate (Lu, 2002; Zhou et al., 2009). Its1040

intensity and westward extension modulate monsoon rainfall distribution, typhoon tracks, and
heatwave frequency across China, Korea, and Japan. Accurate representation of the WPSH is
therefore a critical benchmark for assessing the skill of climate models in simulating East Asian
summer climate. The evaluation is restricted to June–July–August (JJA), when the WPSH
exerts its maximum influence.1045

The WPSH index is defined as the area-averaged 850-hPa geopotential height over the region
15◦–25◦N, 115◦–150◦E:

WPSHI =
1
𝑁

25◦∑︁
𝜙=15◦

150◦∑︁
𝜆=115◦

𝑍850(𝜙, 𝜆), (A25)

where 𝑍850(𝜙, 𝜆) is the climatological mean 850-hPa geopotential height, and 𝑁 is the number
of grid points within the specified domain.

5.14 African Easterly Jet Index1050

The African Easterly Jet (AEJ) is a prominent mid-tropospheric circulation feature that develops
during boreal summer as a result of the strong meridional temperature gradient between the
hot Sahara and the cooler Gulf of Guinea (Cook, 1999). It plays a central role in modulating
West African rainfall, the formation of African easterly waves, and the development of tropical
cyclones over the Atlantic. Evaluating the AEJ is therefore crucial for assessing model skill in1055

representing the dynamics of the West African monsoon system.

The AEJ intensity index is defined as the average 600-hPa zonal wind over the domain 9◦–21◦N
latitude and 10◦W–20◦E longitude. Let 𝑢(𝜙𝑖, 𝜆 𝑗 , 600, 𝑡) denote the zonal wind at latitude 𝜙𝑖,
longitude 𝜆 𝑗 , and time 𝑡. The index is computed as

𝐴𝐸𝐽600(𝑡) = 1
𝑁

21◦∑︁
𝜙=9◦

20◦𝐸∑︁
𝜆=10◦𝑊

𝑢(𝜙, 𝜆, 600, 𝑡), (A26)
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where 𝑁 is the total number of grid points in the averaging domain.1060

In addition to its intensity, the latitudinal location of the AEJ is an important diagnostic.
Following the approach used for the Atlantic ITCZ, the jet latitude is defined as the zonal-wind-
weighted mean latitude within the same domain:

𝜙𝐴𝐸𝐽 (𝑡) =
∑21◦
𝜙=9◦

∑20◦𝐸
𝜆=10◦𝑊 𝜙 𝑢(𝜙, 𝜆, 600, 𝑡)∑21◦

𝜙=9◦
∑20◦𝐸
𝜆=10◦𝑊 𝑢(𝜙, 𝜆, 600, 𝑡)

. (A27)

This formulation captures both the strength and meridional position of the AEJ, allowing
evaluation of its seasonal cycle and interannual variability.1065

5.15 South Asian Monsoon Lows Index

Monsoon lows and depressions are critical synoptic systems of the South Asian summer mon-
soon, supplying a large fraction of seasonal rainfall and modulating intraseasonal variability.
Their development depends on a favorable background environment characterized by both suffi-
cient mid-tropospheric moisture and strong large-scale circulation. To represent this background1070

state, Following Rastogi et al. (2018), we defined Monsoon Lows Index (MLI) as the product
of lower–mid tropospheric moisture and dynamical forcing terms. This diagnostic provides a
compact measure of the environmental conditions conducive to MD genesis and propagation.

𝑀𝐿𝐼 (𝑡) = 𝑄850–500(𝑡) × (|𝑈850(𝑡) | + |𝑉200(𝑡) |) , (A28)

where 𝑄850–500 is the specific humidity averaged over 10◦–30◦N, 80◦–100◦E and vertically
between 850–500 hPa,𝑈850 is the 850-hPa zonal wind averaged over 5◦S–18◦N, 50◦–80◦E, and1075

𝑉200 is the 200-hPa meridional wind averaged over 5◦S–30◦N, 80◦–100◦E.

5.16 Mozambique Channel Trough

The Mozambique Channel Trough (MCT) is a recurrent low-level circulation feature during
austral summer that influences rainfall variability across southeastern Africa and modulates
moisture transport into the South Indian Ocean Convergence Zone (Barimalala et al., 2020). Its1080

strength and year-to-year variability are therefore key diagnostics for assessing the representation
of regional circulation– precipitation coupling in climate models.

The MCT strength index is defined as the DJF mean 850-hPa geopotential height averaged over
25◦S–15◦S and 35◦E–45◦E:

𝑀𝐶𝑇 (𝑦) = ⟨𝑍850(𝜙, 𝜆, 𝑦)⟩𝜙∈[−25◦,−15◦], 𝜆∈[35◦,45◦] , (A29)

where 𝑍850(𝜙, 𝜆, 𝑦) is the seasonal mean 850-hPa geopotential height for year 𝑦, and ⟨·⟩ denotes1085
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a spatial average. The amplitude of the trough is defined as the interannual standard deviation
of the DJF means:

𝐴𝑀𝐶𝑇 = SD
(
𝑀𝐶𝑇 (𝑦)) , 𝑦 = 1, 2, . . . , 𝑇 . (A30)

5.17 East African Low-Level Jet Stream

The East African Low-Level Jet Stream (EALLJ) is a prominent feature of the boreal summer
circulation, characterized by strong southerly flow at 850 hPa along the East African coast1090

(Findlater, 1969; Yang et al., 2015). It plays a crucial role in transporting moisture from the
western Indian Ocean into East Africa and the Horn of Africa, thereby influencing rainfall
variability and the strength of the East African monsoon. Its intensity and position are key
diagnostics for evaluating model skill in capturing regional hydroclimate processes.

The EALLJ strength is defined as the seasonal (JJAS) mean of the maximum southerly wind1095

at 850 hPa within the domain 5◦–15◦N and 40◦–60◦E. Let 𝑣850(𝜙, 𝜆, 𝑡) denote the 850-hPa
meridional wind at latitude 𝜙, longitude 𝜆, and time 𝑡. The jet strength index is given by

𝐸𝐴𝐿𝐿𝐽 (𝑡) = 1
𝑇

∑︁
𝑚∈𝐽𝐽𝐴𝑆

max
𝜙∈[5◦,15◦], 𝜆∈[40◦,60◦]

𝑣850(𝜙, 𝜆, 𝑚), (A31)

where 𝑇 is the number of JJAS months.

The latitudinal location of the EALLJ is defined as the wind-weighted mean latitude of the jet
core within the same region:1100

𝜙𝐸𝐴𝐿𝐿𝐽 (𝑡) =
∑15◦
𝜙=5◦

∑60◦
𝜆=40◦ 𝜙 𝑣850(𝜙, 𝜆, 𝑡)∑15◦

𝜙=5◦
∑60◦
𝜆=40◦ 𝑣850(𝜙, 𝜆, 𝑡)

. (A32)

These diagnostics together capture both the seasonal strength and meridional position of the
EALLJ.

5.18 Azores High

The Azores High is a semi-permanent subtropical anticyclone of the North Atlantic that strongly
influences climate variability over Europe, North Africa, and the Mediterranean (Rodwell and1105

Hoskins, 2001; Hurrell et al., 2003). Its intensity and seasonal migration modulate storm tracks,
precipitation regimes, and surface climate across these regions. Accurate representation of the
Azores High is therefore essential for evaluating the skill of climate models in reproducing
North Atlantic– Mediterranean circulation patterns.

The Azores High index is defined using climatological monthly mean sea level pressure (PSL)1110

averaged over 25◦–35◦N and 40◦W–20◦W (longitudes converted to the −180◦–180◦ format).
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Let 𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚) denote the monthly climatological mean sea level pressure at latitude 𝜙,
longitude 𝜆, and month 𝑚. The index is

𝐴𝐻 (𝑚) = ⟨𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚)⟩𝜙∈[25◦,35◦], 𝜆∈[−40◦,−20◦] , (A33)

where ⟨·⟩ denotes the spatial average over the defined domain. Intra-annual characteristics of
the Azores High are assessed from the monthly cycle of 𝐴𝐻 (𝑚), 𝑚 = 1, . . . , 12.1115

5.19 Mascarene High Index

The Mascarene High is a dominant subtropical anticyclone of the Southern Hemisphere, located
over the southwest Indian Ocean. During boreal summer it plays a central role in modulating
the cross-equatorial pressure gradient and driving low-level monsoon flow into South Asia
(Morioka et al., 2012). Its intensity and variability are therefore key indicators of monsoon1120

strength and moisture transport.

The Mascarene High index is defined as the JJA mean sea level pressure (SLP) averaged over
40◦S–25◦S and 45◦E–100◦E. Let 𝑆𝐿𝑃(𝜙, 𝜆, 𝑦) denote the seasonal mean SLP at latitude 𝜙,
longitude 𝜆, and year 𝑦. The index for year 𝑦 is given by

𝑀𝐻 (𝑦) = ⟨𝑆𝐿𝑃(𝜙, 𝜆, 𝑦)⟩𝜙∈[−40◦,−25◦], 𝜆∈[45◦,100◦] . (A34)

Evaluation focuses on two aspects: (i) the mean bias in 𝑀𝐻 (𝑦) relative to observations, which1125

represents the climatological strength of the Mascarene High, and (ii) its interannual variability,
computed as the standard deviation of the seasonal means:

𝜎𝑀𝐻 = SD
(
𝑀𝐻 (𝑦)) , 𝑦 = 1, 2, . . . , 𝑇 . (A35)

5.20 Caribbean Bimodal Rainfall

The Caribbean Basin exhibits a distinct bimodal rainfall, with peaks typically occurring in
early and late summer separated by a midsummer drought (Magaña et al., 1999; Wang et al.,1130

2010). This seasonal cycle is controlled by the migration of the Intertropical Convergence Zone
(ITCZ), the strength of the Caribbean Low-Level Jet, and local ocean–atmosphere interactions.
Accurate simulation of the bimodal pattern is essential for evaluating model performance in
representing rainfall variability and water resource seasonality across the region.

For the domain 10◦–20◦N and 65◦–83◦W, the monthly mean precipitation is first averaged1135

spatially to obtain the climatological seasonal cycle:

𝑃(𝑚) = ⟨𝑃(𝜙, 𝜆, 𝑚)⟩𝜙∈[10◦,20◦], 𝜆∈[−83◦,−65◦] , 𝑚 = 1, 2, . . . , 12. (A36)
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Evaluation focuses on (i) mean bias in 𝑃(𝑚) relative to observations, and (ii) the representation
of intraseasonal characteristics, including the timing and amplitude of the two seasonal rainfall
maxima and the intervening midsummer drought.

5.21 South Atlantic High Pressure1140

The South Atlantic High (SAH) is a semi-permanent subtropical anticyclone that plays a key
role in modulating the South American monsoon system, cross-equatorial moisture transport,
and the position of the South Atlantic Convergence Zone ( Carvalho et al., 2004). Its seasonal
cycle in intensity and location strongly influences rainfall variability over South America and
adjacent ocean basins, making it an important diagnostic for climate model evaluation.1145

The SAH index is defined using monthly climatological mean sea level pressure (PSL) averaged
over 45◦S–15◦S and 20◦W–10◦E. Let 𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚) denote the climatological monthly PSL at
latitude 𝜙, longitude 𝜆, and month 𝑚. The mean strength of the high is

𝑆𝐴𝐻 (𝑚) = ⟨𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚)⟩𝜙∈[−45◦,−15◦], 𝜆∈[−20◦,10◦] , (A37)

where ⟨·⟩ denotes a spatial average.

To evaluate its seasonal migration, the latitude and longitude of the SAH center are defined as1150

pressure-weighted means within the same domain:

𝜙𝑆𝐴𝐻 (𝑚) =
∑
𝜙

∑
𝜆 𝜙 𝑃𝑆𝐿(𝜙, 𝜆, 𝑚)∑

𝜙

∑
𝜆 𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚)

, 𝜆𝑆𝐴𝐻 (𝑚) =
∑
𝜙

∑
𝜆 𝜆 𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚)∑

𝜙

∑
𝜆 𝑃𝑆𝐿 (𝜙, 𝜆, 𝑚)

(A38)

These diagnostics provide measures of the climatological strength, latitudinal location, and
longitudinal location of the SAH throughout the annual cycle, with evaluation focusing on
mean biases relative to observations.

5.22 Natural Modes of Variability1155

We analyze model skill for four major modes of natural climate variability: the El Niño–Southern
Oscillation (ENSO), the Indian Ocean Dipole (IOD), the North Atlantic Oscillation (NAO), and
the Southern Annular Mode (SAM). For all indices, monthly anomalies are computed by
removing the climatological monthly mean over a common reference period.

ENSO variability is represented using the Niño-3.4 index, defined as sea surface temperature1160

(SST) anomalies averaged over the Niño-3.4 region (5◦S–5◦N, 170◦W–120◦W; ) (Trenberth,
1997):

ENSO(𝑦, 𝑚) = 𝑋 (𝑦, 𝑚) − 𝑋𝑚, (A39)

where 𝑋 (𝑦, 𝑚) is the regional monthly mean SST and 𝑋𝑚 is the climatological mean for calendar
month 𝑚.
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The Indian Ocean Dipole is represented using the Dipole Mode Index (DMI), defined as the1165

difference between SST anomalies in the western equatorial Indian Ocean (10◦S–10◦N, 50◦E–
70◦E) and the southeastern equatorial Indian Ocean (10◦S–0◦, 90◦E–100◦E) (Saji et al., 1999):

IOD(𝑦, 𝑚) = [
𝑋W(𝑦, 𝑚) − 𝑋W,𝑚

] − [
𝑋E(𝑦, 𝑚) − 𝑋E,𝑚

]
. (A40)

The Southern Annular Mode is represented using a zonal-mean sea level pressure based index,
defined as the difference between pressure anomalies at 40◦S and 65◦S (Marshall, 2003):

SAM(𝑦, 𝑚) = [
𝑋40(𝑦, 𝑚) − 𝑋40,𝑚

] − [
𝑋65(𝑦, 𝑚) − 𝑋65,𝑚

]
. (A41)

The North Atlantic Oscillation is represented using an EOF-based index derived from sea level1170

pressure anomalies over the North Atlantic sector (Hurrell, 1995). The anomaly field is area
weighted following standard practice prior to EOF analysis. The NAO index is defined as the
principal component associated with the leading EOF mode:

NAO(𝑡) = PC1(𝑡). (A42)

Model evaluation for these indexes follows same methodology as that for amplitudes.
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