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Outline: a collection of thoughts

Understanding the title:
he bone and the marrow as a set of key elemdotdife

A:hill to the marrow/to the bone

What we can do:
ith what we have
ith what climate change colleagues are doing

ANith what other domains are doing
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Some of what else we can
do with what we have:
Transparency, standards,

guidance, user engagement




Nontrivial climatology definitions
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Weekly too noisy

Monthly: good skill, but

suspicioushhigh X

Monthly running window
but weekly for the bias
adjustment lower skill , and
too noisyfor the adjustment

Monthly running window.
more  credible quality
estimates

Manrique-Suiénet al. (2020, MWR; 202&liSey
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What for? Nontrivial climatology definitions
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Systematic forecast quality assessment

Near-Surface Air Temperature of CMCC System 35 (cross-validation = false, skill aggregation)

Mean bias (K) Correlation RPSS
(Ref: ERAS 1993-2016)
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Systematic forecast quality assessment

Near-Surface Air Temperature of ECMWF System 5 (cross-validation = false, skill aggregation)

(Ref: ERAS 1993-2016)
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Beware of the observational uncertainty

Verification with two grounebased observational datasets and thnreanalysesThe use of both
types of datasets is very informative for wind energy users as they use them for the development

Impact models and the lontgrm resource assessments.
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Observational uncertainty

Verification against several reanalybased references gives different results. Adjustment of the
observational references to4situ observationsHfadISIpshows that this uncertainty can be reduced.
10 m wind speed, BSS90 for zenonth lead onemonth forecasts from ECMWF S5 (198117).
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Building multrmodel systems

(a) TAS [fract+ = 99.5%]

ACC (ref. GHCNEIPCC) L&
for DCPP,-5 forecast |
years,169 members]13
DCPP forecast systems |
(significance-test)
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Building multrmodel systems

(a) TAS [fract+ = 95.9%]

(b) PR [fract+ = 4.2%]

RPSS (3 cat.; BEREGEN
for DCPP, 1.5 forecast
years,169 members;13
DCPP forecast systems
(significance random walk

(d) TX90p [fract+ = 81.7%]
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Building multrmodel systems

Systematic assessment of the muibdel decadal prediction forecast quality helps illustrating, amo
other things, the importance of a large enough operational mmulbdel.
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Where to from here? User requirements

Downscaled SPEI3 (October to December) muidiilel (three models) predictions for 202926 over
Tanzania to support agricultural decisions for maize. ERA5Land used as reference.

Multi-model - Forecast years 1-5 (2022-2026) - SPEI3 - 12
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Lessons from research in user engagement

ABetter links, collaboration and knowledge sharing among the increasing, and currently fragmen
community of practice. The current supglyiven approach is more likely to improve climate data,
but not necessarily to contribute to better informed decisiobDsect interaction would allow
identifying improvement areas and emerging user ne@dk for climate services).

ABetter Interaction betweermproviders and userand more effort to build local competences.
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Forecasts for crop yield

WMO recognised global producing centres of decadal predictions contribute witthetimation of
standarddor decadal predictions data and products, while C3S promotes\hkiationof the
European multmodel and the illustration of the decadal prediction use in, among other sectors, tt

agricultural sector using indicators.

Local wheat harvesting months
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SolarajuMurali et al. (2021, NPJ Climate)
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Volcanic influence

Results from the Decadal Prediction Volcanic Response Readiness EXelBleeRE).

A 2xELChichoreruption is set in April 2022 for the decadal forecast started in late 2021 and the
difference with respect to DCP®made.
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Some of what we can do with
what happens around us:
Seamless information, more
realistic models, carbon cycle




Nearterm seamless climate information
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Nearterm seamless climate information

Skill of 20year projections using five constraining methods over the period 290D
A Heterogeneitybetween methods

AL G Qa ¥ dzy &BIvate thé doristraihilg methodefore claiming improvements in
regional climate projections
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Merging seasonal and decadal predictions

Seasonal prediction - Decadal prediction - SST Seasonal prediction - Decadal prediction - SST
Ensemble mean SST Ensemble mean SST
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Global SST Pattern Correlation
Global SST Pattern Correlation
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Selection till the end of the
study period (2016, in our case)
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New generation of climate modelgesolution

Eddyrich, stormresolving model$10-km or higher resolution) simulate a decrease in SST biases
the North Atlantic (right) and a northward shift in the Gulf Stream over the XXI Century that leads
rainfall increases in Europe (left), not found with traditional @sgolution models.
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