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Performance-based sub-selection of CMIP6 models

Climate model Selection by Independence, Performance, and N .
for impact assessments in Europe

Spread (ClimSIPS v1.0.1) for regional applications
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« Validation assumptions
» Models matching past observations = better future skill (?)
» Models with better pseudo-observation predictive skill = better real-world skill (?)

« Decadal predictions: we can make hindcasts!

¥
E

ES>~PEFECT Verjans et al. (2026), npj Climate and Atmospheric Sciences

EEEE

Sharing is
encouraged

b4



Prediction skill

Analogue-based predictions

o Analogue-based initialisation (ABI)

» select analogues from large ensembles by minimising distance to observations
» track this sub-ensemble for the next decade
» repeat for any start date
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Prediction skill

Analogue-based predictions

o Analogue-based initialisation (ABI)
» select analogues from large ensembles by minimising distance to observations
» track this sub-ensemble for the next decade
» repeat for any start date
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Prediction skill

Analogue-based predictions

o Analogue-based initialisation (ABI)
» select analogues from large ensembles by minimising distance to observations
» track this sub-ensemble for the next decade
» repeat for any start date

o Combine (1) initial error minimisation
(2) performance criteria
= sub-ensemble selection
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Prediction skill

Pseudo-observations hindcasts

e Focus on decadal (1-10 year) SST (a) low D penalty
predictions. P

« A novel performance-weighting metric:
the deviance (D)
= ABI vs. ABIp

0.016
o Trade-off: initial error vs. performance 0.012
i
« We calibrate the deviance penalties in w00 g
pseudo-observation experiments across [0.004  Z
316 CMIP6 ensemble members 0.0 ";’_6
« Avoids overfitting observations + 0003
Ensures robustness of calibration 0008 ©
us)
-0.012 =
« Larger skill differences in zones with more ool
decadal predictability: '
» Tropics (strongly positive)
» High-latitudes
« Low skill differences in zones with little
decadal predictability:
» Mid-latitudes
il
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Prediction skill

Real-world hindcasts

« Hindcasting observational record 1930-2024
(86 different hindcasts start dates)

0.02 2
« Using model-calibrated performance weights o §
« On average, slightly improved prediction skill from 002 &
model weighting 000
= contrasts with pseudo-observations
016 5
« Here also, skill differences concentrate in tropics . %
and at high-latitudes -
0 ol
« Performance-weighted and unweighted ensembles g
share, on average, 23.7/30 analogues per hindcast *s
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Prediction skill

Skill sampling variability

o Sub-sampling the 86 possible hindcasts

o Does skill gain from model weighting depend on the number of hindcast verifications?
» Tendency of increasing skill gain
» High variability (one can be unlucky)
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Conclusions

Lessons drawn regarding model weighting

(A) Pseudo-observation skill does not necessarily translate into increased real-world skill.

(B) Robustly identifying skill gains from model weighting is challenging.
(1) Limits on intrinsic climate predictability
(2) Inherent similarity of unweighted and weighted ensembles
(3) Skill evaluation metrics are prone to sampling uncertainties

Questions and comments are welcome
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Table 1 Climate models used and ensemble size. For each climate model, the
number of uninitialized ensemble members used in deviance computations (N(D))
and for hindcasting (N(hindcast)) are provided. Deviance computation uses historical
(1850-2014) simulations, which are extended by the SSP2-4.5 scenario [15] for

hindcasting, where available (1850-2024).

Model name N(D) N(hindcast) Model name N(D) N(hindcast)
ACCESS-CM2 10 5 GISS-E2-1-G 10 10
ACCESS-ESM1-5 40 40 GISS-E2-2-G 6 5
AWI-CM-1-1-MR 5 1 HadGEM3-GC31-LL 4 1
BCC-CSM2-MR 3 1 INM-CM4-8 1 1
CAMS-CSM1-0 2 2 INM-CM5-0 1 1
CAS-ESM2-0 4 2 IPSL-CM6GA-LR 32 11
CESM2 100 4 KACE-1-0-G 3 3
CESM2-WACCM 3 3 KIOST-ESM 1 1
CIESM 1 1 MCM-UA-1-0 1 1
CMCC-CM2-SR5H 10 1 MIROC-ES2L 30 30
CMCC-ESM2 1 1 MIROCG6 50 50
CNRM-CM6-1-HR 1 1 MPI-ESM1-2-HR 10 1
CNRM-CM6-1 30 6 MPI-ESM1-2-LR 30 30
CNRM-ESM2-1 11 10 MRI-ESM2-0 10 5
CanESM5 50 50 NESM3 5 2
EC-Earth3 22 16 NorESM2-LM 3 3
FGOALS-f3-L. 3 1 NorESM2-MM 3 2
FGOALS-g3 4 4 TaiESM1 1 1
FIO-ESM-2-0 3 3 UKESM1-0-LL 16 5
GFDL-ESM4 3 1 Total 523 316

Model name N
CanESM5 20
CMCC-CM2-SR5 10
EC-Earth3 10
HadGEM3-GC31-MM 9
MIROCG6 10
MPI-ESM1-2-LR 16
Total 75




Applying deviance analysis to SST realisations from 523 ensemble members (39 models)
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