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AMV anomaly imposed in the 
DCPP-C experiments.

Ruggieri et al., 2020

Models with significant skill for the NAO in decadal hindcasts
exhibited an equatorward jet shift in response to AMV+

The AMV affects winds over the MED and BAL



(a) The predictive skill for the CESM-DPLE ensemble-mean measured by the anomaly correlation 
coefficient (ACC) for high-latitude blocking (HLB). Each cell below the diagonal corresponds to a 
different lead-year range defined by the start lead-year (ordinate) and the end lead-year 
(abscissa). The cyan markers (o) indicate not statistically significant correlations, while the X 
marker indicates the lead-year range with the highest ACC (0.65 for HLB).  (b)  The respective skill 
is computed as a function of the ensemble size (averaged for all possible member combinations). 
Each line corresponds to a different lead-year range. The dashed-dotted line shows the skill of 
the sub-ensemble mean against a single member of the ensemble (averaged for all possible 
combinations).

Athanasiadis et al., 2020

AMV and NAO exhibit significant decadal predictability



Correlation between HadISST and NAOI.
Marullo et al. (2011)

(LEFT) Normalized 10-year running mean of SSTA in the eastern Mediterranean Sea in winter (shading) 
and the NAOint (shifted forward by 8 years to account for the lagged relationship).

(RIGHT) Relationships between the decadal predictability of SST in MED and the net surface heat flux and 
cumulative impacts of NAO. (a) The regression pattern of the net surface heat flux (unit: Wm2) against the 
time series associated with the most predictable pattern calculated based on the HadISST dataset. (b) 
10-yr running mean of the time series associated with the most predictable pattern (black) calculated 
based on the HadISST dataset, in comparison with the 8-yr forward-shifted 10-yr running mean of the 
NAOint index (red). (c),(d) As in (a) and (b), respectively, but based on the ERSST.v5 dataset.

Yan & Tang (2021) Yan et al. (2023)

Predictable remote drivers determine low-frequency variability in the MED



Patrizio et al. (2025)

“Ocean- atmosphere feedbacks key to NAO decadal predictability”

npj Clim Atmos Sci,  https://doi.org/10.1038/s41612-025-01027-7 

The CMCC decadal prediction system excels in predicting the NAO

https://doi.org/10.1038/s41612-025-01027-7


Nicolì et al., 2023
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The CMCC Decadal Prediction System



CMCC plans to assess the added-value of initialization and that of dynamical downscaling in simulating marine 
extremes and low-frequency variations in the Mediterranean Sea and the Black Sea through the use of an 
ensemble of decadal re-forecasts contributed to DCPP and used currently in the C3S decadal operational service 
(C3S2_375 contract).

For this CMCC willl employ a regional configuration of NEMO1 at 1/16° resolution and will run this model with 
lateral and surface boundary conditions provided by the global decadal predictions (ocean-only dynamical 
downscaling).

This exercise will be repeated running an ensemble of simulations for a number of start-dates —regularly spaced 
in the post-1960 historical period— so as to allow for an assessment of both the realism of the extremes and the 
predictive skill of low-frequency variations in the Med & Black Seas against observations & ocean reanalyses.

The rationale of this work lays in the fact that without using decadal predictions (e.g., when combining 
uninitialized historical simulations and projections with dynamical downscaling for the marine environment) key 
regional marine variability stemming from predictable components of the internal variability of the climate 
system are completely missed.

After the added value of initialization and downscaling is demonstrated, the natural extension of these 
retrospective downscaled regional marine forecasts will be to run respective real-time forecasts, an exercise that 
we commit to conduct in the second half of the project. 

1: Similar to the one used by the CMCC regional forecasting systems, currently running at 1/24° for the needs of the Copernicus Marine Service.

The CMCC work-plan in WP3

https://www.wcrp-esmo.org/projects-and-panels/dcpp/about-dcpp
https://www.cmcc.it/projects/c3s2_375_cmcc-development-of-c3s-decadal-prediction-service
https://www.cmcc.it/what-we-do/institutes/institute-for-earth-system-predictions-iesp/regional-ocean-forecasting-systems#1551468010435-ef9a88ac-c71c
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