
Skillful decadal prediction of unforced southern

European summer temperature variations

L F Borchert1,2, V Koul3,4, M B Menary2,1, D J Befort5, D

Swingedouw6, G Sgubin6, J Mignot1

1 Sorbonne Universités (SU/CNRS/IRD/MNHN), IPSL Laboratory, Institut Pierre

Simon Laplace (IPSL), Paris, France
2 Laboratoire de Météorologie Dynamique (LMD), École Normale Supérieure (ENS),
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Abstract. We assess the capability of decadal prediction simulations from the

Coupled Model Intercomparison Project phase 6 (CMIP6) archive to predict European

summer temperature during the period 1970-2014. Using a multi-model ensemble

average from 8 decadal prediction systems, we show that European summer

temperatures are highly predictable for up to 10 years in CMIP6. Much of this

predictive capability, or skill, is related to the externally forced response. Prediction

skill for the unforced signal of European summer temperature is low. A link between

unforced Southern European summer temperature and preceding spring Eastern North

Atlantic - Mediterranean sea surface temperature (SST) observed during the period

1900-1969 motivates the application of a dynamical-statistical model to overcome the

low summer temperature skill over Europe. This dynamical-statistical model uses

dynamical spring SST predictions to predict European summer temperature. Our

model significantly increases decadal prediction skill of unforced European summer

temperature variations: Unlike purely dynamical predictions, the dynamical-statistical

model shows significant prediction skill for unforced Southern European summer

temperature 2-9 years ahead. Our results highlight that dynamical-statistical models

can serve to benefit the decadal prediction of variables with initially limited skill beyond

the forcing, such as summer temperature over Europe.
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1. Introduction

Prediction of climate up to ten years into the future, so-called decadal climate prediction,

has received considerable scientific attention due to its potentially high impact on soci-

ety (Yeager & Robson 2017, Solaraju-Murali et al 2019, Merryfield et al 2020, Meehl et

al 2021). On this time scale, the influence of chaotic internal climate variability and the

response to external forcing strongly overlap (Lehner et al 2020). While the response

to external forcing from greenhouse gas concentration is slowly varying and therefore

well-predictable, internal variability poses a challenge to predictions (Doblas-Reyes et

al 2013, Marotzke et al 2016). However, due to its relatively slow characteristic time

scales, internal variations of the ocean can be predicted in some places like the North

Atlantic (Yeager & Robson 2017, Borchert et al 2021). Such predictable internal ocean

variations could yield skillful prediction of unforced European summer temperature.

Here, we examine decadal predictions of summer temperature for the period 1970-2015

in simulations from the Coupled Model Intercomparison Project (CMIP) phase 6, an-

alyzing unforced internal variability over Europe explicitly. We discuss teleconnections

of unforced sea surface temperature (SST) to Europe to demonstrate skillful decadal

prediction of internal climate variability over Europe arising from North Atlantic SST.

Most previous attempts to predict European temperature analyzed CMIP5 models.

Meanwhile, the decadal prediction simulations from the CMIP6 archive’s Decadal Cli-

mate Prediction Project DCPP (Boer et al 2016) have been shown to have improved

in predicting North Atlantic SST (Borchert et al 2021), both due to an improved

response to volcanic forcing and improved capability to simulate internal climate varia-

tions. DCPP simulations have also contributed to studies showing accurate reproduction

of observed extremely warm summer frequencies over Europe (Borchert et al 2019),

winter North Atlantic Oscillation (Smith et al 2020), jet stream position (Ruggieri et

al 2021), and atmospheric blocking (Athanasiadis et al 2020). These findings inspire

hope that CMIP6 decadal prediction simulations also show skillful prediction of Euro-

pean summer temperature variability.

However, previous studies generally found low-to-insignificant decadal temperature pre-

diction skill over Europe beyond the forced response (Hanlon et al 2013, Wu et al

2019a, Liu et al 2019). At the same time, some studies did demonstrate skillful temper-

ature predictions beyond the linear trend in parts of Europe (Müller et al 2012, Årthun

et al 2017, Feldmann et al 2019, Sgubin et al under review). European summer tem-

perature was shown to be relatively well-predictable compared to other seasons (Müller

et al 2012), notwithstanding relatively low skill beyond the linear trend for this met-

ric (Wu et al 2019a). Any skill over Europe is commonly attributed to variability of

climatic modes in the climate system (Doblas-Reyes et al 2013), many of which are

in turn related to the relatively slowly varying ocean (Yeager & Robson 2017). As a

result, numerous studies demonstrated skillful decadal predictions of ocean temperature

(Yeager et al 2012, Robson et al 2012, Mignot et al. 2016), which is commonly highest

in the North Atlantic region (Matei et al 2012, Reintges et al 2020), due to to ocean
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circulation (Yeager et al 2012, Robson et al 2012, Swingedouw et al. 2013). However,

models have been shown to be deficient in simulating observed atmospheric telecon-

nection mechanisms that transport that information from oceans to land (Qasmi et al

2017, Borchert et al 2018), which limit prediction skill over Europe. Any accounts of

skillful prediction over Europe are often limited to relatively small regions and/or time

scales, and draw on the memory of the ocean (Årthun et al 2017).

A few studies presented evidence that coupling a statistical model to dynamical and skill-

ful SST predictions can yield skillful decadal prediction of European summer air tem-

perature based on average North Atlantic SST (Wu et al 2019a), European late summer

precipitation (Simpson et al 2019), and the Indian summer Monsoon (Sahastrabuddhe

& Ghosh 2021). Such hybrid dynamical-statistical (henceforth dyn-stat) predictions rely

on observed links between SST (the predictor) and European climate (the predictand)

to translate predicted SST into predictions of continental climate, thus circumventing

the deficiencies of climate prediction models concerning potential teleconnections. Cru-

cially, such models require that predictions of the predictor are skillful, and that the

connection between predictor and predictand is robust (Simpson et al 2018).

Here, we provide a first stocktake of the capability of CMIP6 decadal prediction sys-

tems to predict European summer temperature. We also develop and apply a simple

dynamical-statistical model based on North Atlantic SST prediction to investigate its

potential to predict the unforced component of European summer climate. By com-

paring dyn-stat model and the decadal predictions, we examine the added value of a

dyn-stat model for predicting unforced modulations of European summer temperature

using CMIP6, which identifies the potential that exists for decadal temperature predic-

tions over Europe in these simulations.

2. Models and Methods

2.1. CMIP6 models

Our analysis is based on an ensemble of 8 initialized model systems, with 10 ensemble

members each, from the DCPP (Table S1). The simulations provided using these sys-

tems are called re-forecast or hindcasts (HC ). DCPP simulations are initialized with

observations every year after 1960 and run out for 10 years (or lead years). We here

analyze the period 1970-2015, which is the longest possible period that contains simu-

lations from all 10 lead years, since the last starting year for some models is 2014. For

example, year 1970 is represented in lead year 10 of hindcasts started in 1960, lead year

9 of the 1961 hindcast, lead year 8 of the 1962 hindcast, and so on. Additionally, en-

sembles of historical simulations (HIST) with 28 CMIP6 models are analyzed (see Table

S1 for details). In total, we analyze a large multi-model ensemble (MME) of 192 his-

torical members, subject to common forcing with observed atmospheric greenhouse gas

concentrations, anthropogenic aerosols, solar variations and volcanic eruptions (Eyring



non peer-reviewed EarthArXiv preprint submitted to Environmental Research Letters 4

et al 2016). These historical simulations are otherwise run freely to simulate diverse

internal climate variability around the common forced response. Forming an ensemble

mean across these members thus approximates climate variations that arise in response

to external forcing (Maher et al 2020). In contrast, the 80 hindcast members have

external forcing as well as the initialised observed climatic state at the start of their

integration in common. This improves the ability of these systems to predict decadal

internal climate variability (Keenlyside et al 2008, Doblas-Reyes et al 2013, Marotzke

et al 2016). Forming an ensemble mean across these members thus aims at approxi-

mating the full climate evolution of a given period.

All model output is remapped to a latitude-longitude 1x1o grid prior to analysis. We

analyze the MME mean as the mean of the single-model ensemble means (i.e. a one-

model-one-vote hierarchy). In decadal hindcasts, we analyze averages across lead year

ranges 2-5, 6-9 and 2-9. We subtract the individual ensemble member mean for each

lead year individually over the period 1970-2014 from the respective member prior to

all analysis. As this is done for individual lead years, equating to a lead-time dependent

mean bias correction (Boer et al 2016).

2.2. Observations

For observational reference, we consider the gridded observational temperature data

sets from the Hadley Center, namely HadCRUTv5 (Morice et al 2021) for surface air

temperature (SAT), and interpolated HadISST (Rayner et al 2003) for SST. Sea level

pressure (SLP) is obtained from the ERA5 reanalysis (Hersbach et al 2020). Our re-

sults are robust to the use of ERA5 instead of HadCRU/ISST for temperature over both

Europe and the North Atlantic (not shown). In all cases, we remap the information to

a regular 1x1o grid, and analyze the period 1970-2015.

2.3. Methods

We analyze spring (March-April-May, hereafter MAM) mean SST as well as summer

(June-July-August, hereafter JJA) mean SAT. We evaluate the skill of HC and HIST

against observations using the Anomaly Correlation Coefficient ACC (Goddard et al

2013). Significance is tested at the 5% level using a Monte Carlo bootstrapping method,

where the underlying data is resampled 1000 times with replacement (Smith et al 2020).

In addition to the bootstrapping, we benchmark the predictions against persistence fore-

cast, which is calculated as the correlation of the observational time series with itself

at different time lags. Finally, we evaluate the sensitivity of residual skill estimates to

the exclusion of individual years in the analysis, using a leave-one-out cross validation

analysis.

We test two different approaches of extracting the forced response. As a first approxi-

mation of the forcing trend, we extract the long-term linear trend from simulations and
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observations. This technique has, however, been shown to potentially introduce spuri-

ous variability (Trenberth & Shea 2006, Mann et al 2014, Tandon & Kushner 2015).

We also extract the forced component using the residuals approach (Smith et al 2019).

This technique uses the historical MME mean to estimate the forced component, which

is linearly regressed on HC or observed climate variability, and then subtracted from

each. We use residuals to assess unforced (i.e. internally generated) decadal prediction

skill as well as study unforced physical interactions in the climate system.

3. Decadal predictions of European summer temperature in CMIP6

Decadal prediction skill in terms of ACC for summer temperature throughout Europe

is highly significant at lead years 2-9, emphasizing the decadal time scale, in the HC

MME (Fig. 1a). Skill inferred from HIST simulations that represent the forced response

is similarly high (Fig. 1b). The high skill in HIST simulations is also found when using

the same 8 models as used in HC instead of the full 28 model ensemble (not shown).

We use the full ensemble in this study for robustness. Our findings indicate that much

of the signal in decadal European summer temperature variations that can be predicted

in initialized prediction systems arises from externally forced variations.

An attempt to characterize unforced skill is shown in Fig 1c, using linear detrending.

This approach, however, appears ill-fit to extract the forced response: as HIST approx-

imates the forced response of the system, skill should be close to 0 after linear detrend-

ing if linear detrending was appropriate to extract the forced response (Gastineau &

Frankignoul 2015, Branstator & Teng 2012, Wu et al 2019a). Skill shown for linearly

detrended HIST is non-zero and significant in large parts of Europe, particularly in

central-to-eastern as well as northern and southeastern Europe (Fig. 1c). Simultane-

ously, skill for HIST and HC are very similar after linear detrending (not shown). A

more elaborate technique thus needs to be used when aiming to assess unforced vari-

ability and predictability of climate (Tandon & Kushner 2015).

One such approach of estimating the unforced variability based on historical simula-

tions is the residual (Smith et al 2019, see Methods). Applying this methodology on

a grid point basis in our skill calculation (Fig. 1d) shows that there is little summer

temperature ACC skill in the HC simulations beyond the forced response: residual ACC

is insignificant across much of Europe, with a small band of significant residual ACC

across western Iberia, and a tendency of higher residual ACC towards southern Europe.

4. Using decadal predictions of seasonal SST to predict unforced European

summer temperature

Given the overall low skill for unforced summer temperature variability over Europe

(cf. Fig. 1), we now develop a simple dynamical-statistical model (supplement Fig. 1)
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Figure 1. ACC of CMIP6 hindcast multi-model mean for European summer (JJA)

surface air temperature at lead years 2-9 as evaluated by ACC against HadCRU5 for the

period 1970-2014. Shown is skill in (a) initialized hindcasts, (b) historical simulations,

smoothed with a 8-year running mean. (c) as (b) but after subtracting the linear

trend. (d) as (a), but for residuals, where the forced response is estimated for each

grid-point separately. Stippling indicates significant skill at the 5% level, estimated

from 1000 bootstrap samples. The Southern European (SEU) region used in this study

is outlined in black in (d).

to overcome this issue. Because of the – modestly – high residual ACC for summer

temperature in southern Europe (cf. Fig. 1d), we construct a dyn-stat model aimed

at predictions of Southern European (SEU: 10oW-30oE, 35o-50oN) summer temperature

over land, masking out ocean regions. A connection between MAM Eastern North At-

lantic - Mediterranean (ENAMED: 25oW-15oE, 35o-45oN) SST and JJA SEU SAT is

identified, explored and exploited in such a way where dynamical decadal predictions of

residual MAM ENAMED SST are invoked to predict the residual of JJA SEU SAT. The

choice of these regions is based on their spatial cross-correlation, which is elaborated

upon in the following.

4.1. Observed SST impact on European summer temperature

To avoid overlap between the training and validation period of our dyn-stat model, we

here explore the impact of unforced spring SST variations on summer SAT over south-

ern Europe for the period 1900-1969, and MAM SST prediction skill during 1970-2014

(Fig. 2). Unforced (i.e. residual) spring SST shows high correlation to SEU summer

SAT in the subpolar and eastern North Atlantic, as well as the Mediterranean in the
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observations (Fig. 2a). Much of this pattern is significant. The season lag between the

two signals suggests that spring SST influences summer SAT.

In order to be a useful predictor for SEU summer temperature in the dyn-stat frame-

Figure 2. (a) observed (HadISST/HadCRU) correlation of residual spring (MAM)

SST to residual summer (JJA) SAT in the SEU region (outlined in panel c), applying

a 8-year running mean on the period 1900-1969. (b) residual ACC for spring SST at

lead years 2-9, estimated from the MME for 1970-2014. Also shown is the correlation

of spring Eastern North Atlantic - Mediterranean (ENAMED) SST (marked in a,b)

to observed (c) residual summer SAT and (d) residual spring-summer (MAMJJA)

sea level pressure for 1900-1969. Stippling indicates significant skill at the 5% level,

estimated from 1000 bootstrap samples.

work, the predictor needs to be predictable. There is limited significant residual skill

for spring SST in the HC ensemble during 1970-2014 (Fig. 2b), with significant ACC in

the northeast subpolar as well as the eastern North Atlantic, and in the Mediterrranean

Sea. The eastern part of the North Atlantic off the coast of Portugal and the west-

ern Mediterranean (the ENAMED region; Figs. 2a,b) appears particularly suitable to

construct the dyn-stat model, where unforced spring SST is both connected to summer

SEU SAT and significantly predictable. However, we discuss other possible choices of

SST index for constructing the dyn-stat model in the Discussion section.

Spring SST in the ENAMED region is correlated with summer SAT over much of south-

ern Europe, confirming the selected SST region to have an impact there (Fig. 2c).

Spring-summer sea level pressure patterns suggest that this connection is accomplished

by a combination of advective transport of atmospheric heat of oceanic origin around a
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high pressure system centered over the Mediterranean (Fig. 2d) and the persistence of

heat in the Mediterranean region itself.

The local SST and SAT correlation patterns shown for the period 1900-1969 in Figures

2a and c are also found during the period 1970-2014 (supplement Fig. 2). However, dur-

ing that time, the residual spring SST correlation pattern to SEU summer SAT shows

a tripole structure in the observations. The tripole is characterized by negative correla-

tions in the subpolar and tropical North Atlantic and a band of positive correlations in

between. This tripole inhibits the use of the high subpolar ACC for spring SST (Fig.

2b), which coincides with a region of mostly insignificant SST-SAT correlation during

the 1970-2014 period. Nonetheless, these findings highlight that the ENAMED-based

statistical model trained on 1900-1969 is also applicable during the 1970-2014 period.

The correlation of the ENAMED-MAM and the SEU-JJA indices is also exempli-

Figure 3. Time series of HadISST/HadCRU observed (a) full and (b) residual

observed surface temperature in Southern Europe (SEU) during summer (JJA) and

the Eastern North Atlantic (ENAMED) during spring (MAM). In (a), solid lines show

the full signal, whereas dashed lines show the forced component (FC), estimated from

the historical multi-model mean.

fied in their time series (Fig. 3). During the period 1900-1969, the forced response is

characterised by a cold-warm-cold pattern (Fig. 3a). Both unforced indices show pro-

nounced multidecadal variation, ending at a warm state at the end of the 1960s (Fig.

3b). After 1970, the forced response causes both indices to rise over time, and both

unforced components show a cold-warm-cold pattern in time (Fig. 3b). Summer SEU
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SAT thus follows the low-frequency behavior of spring ENAMED SST reasonably well

and robustly throughout time, which indicates that predictions of summer SEU based

on spring ENAMED can actually be skillful.

The residual potentially explains about half of the forced response, as standard devia-

tions for observed JJA SEU SAT are: full signal 0.52; forced component 0.47; residual

0.23. This highlights how predicting both forced response and unforced variability accu-

rately is important to achieve decadal prediction of the full summer temperature signal

in southern Europe.

4.2. Dynamical-statistical predictions of European summer temperature

The dyn-stat model developed here is inspired by more complex models (Wu et al

2019a, Simpson et al 2019). The underlying idea is that potential deficiencies in the

atmospheric component of climate models that hamper prediction skill over land (Meehl

et al 2021) can be overcome with statistical models, after a physical link between a pre-

dictor and a predictand has been identified. Here, we construct our dynamical-statistical

model of JJA SEU SAT by rescaling the predicted MAM ENAMED SST with the ratio

of standard deviations between the two indices observed during 1900-1969 (supplement

Fig. 1). The dyn-stat model thus requires skillful prediction of MAM SST and as such

highlights the importance of initialization to achieve skillful decadal climate prediction.

There is reasonable area overlap between the area of observed positive correlation be-

tween ENAMED SST and SEU SAT (Fig. 2c) and skill in the dyn-stat model (Fig.

4a), indicating that the skill of the dyn-stat predictions arises from the observed link

between ENAMED SST and SEU SAT. Dyn-stat residual ACC is significant over most

of the SEU region south of 45oN, extending from the Iberian Peninsula and southern

France to the coasts of the Black Sea (Fig. 4a). However, significant skill improve-

ments compared to dynamical predictions are significant only over Italy and part of the

Balkans, as well as the Mediterranean itself (Fig. 4b). Beyond these regions, we find

positive but generally insignificant improvement of residual ACC for European summer

temperature in the dyn-stat model compared to the fully dynamical prediction.

The value of the dyn-stat model over purely dynamical predictions can further be il-

lustrated in area mean skill for SEU summer temperature over land, explicitly masking

out skill improvements over the Mediterranean Sea (Fig. 5). For the full SEU summer

SAT signal, both dyn-stat and the HC ensemble are highly skillful across all examined

lead time ranges, beating persistence forecast across the board (Fig. 5a). This is related

to strong trends in both indices (Fig. 5c).

We find insignificant residual skill in both the dyn-stat and dynamical model for individ-

ual lead years (not shown) as well as 4-year lead time averages (Fig. 5b). Only at 8-year

lead time averages, significant residual ACC emerges in the dyn-stat model. Such high

skill at long temporal averages relates to filtering of noise through smoothing of the time

series (Hegerl et al 2021). Dyn-stat skill at lead years 2-9 is also the instance where we
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Figure 4. (a) Residual ACC for summer (JJA) temperature, based on dynamical-

statistical predictions using spring (MAM) ENAMED SST. (b) Difference of this dyn-

stat residual ACC to the dynamical residual ACC shown in Fig. 1d. Stippling indicates

significance at the 5% level, based on 1000 bootstraps. Outlines indicate the SEU

region.

find significant residual skill that is robust to a leave-one year-out cross validation. This

analysis highlights the value of the dyn-stat model developed here to achieve robustly

significant skill 2-9 years into the future.

A look at the underlying time series of these analyses (Figs. 5c and d) illustrates

the nuances that yield the skill improvement described above. On the full time series,

the dyn-stat and dynamically predicted SEU summer temperature variations are very

similar, which explains the nearly indistinguishable full ACC between the two (Fig.

5c). A similar impression arises for the predicted residuals (Fig. 5d), due to the re-

lationship between the two indices in their unforced variability described above. The

dyn-stat model reproduces the observed low-frequency cold-warm-cold variations of un-

forced SEU summer SAT better than the dynamical prediction does, which explains the

elevated skill in dyn-stat. This confirms our hypothesis from the observed time series

(cf. Fig. 3) that the ENAMED SST index mainly captures low-frequency changes in

unforced summer SEU SAT while the teleconnections are not well reproduced in the

dynamical hindcasts. This highlights the importance of temporal low-pass filtering to

achieve skillful predictions of unforced European summer temperature.

5. Discussion and Conclusions

Analyzing a MME of DCPP simulations, we have shown that these simulations show

high skill for predicting European summer temperature. This can be attributed to

skillful historical simulations representing the forced response. As a result, DCPP

simulations show low skill at predicting decadal unforced (residual) European sum-

mer temperature variations beyond the forced response. In other words, the role of

forcing for predictability of decadal variations of European summer temperature ap-

pears to be larger than previously thought (Smith et al 2019). Based on observed
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Figure 5. ACC (y-axis) for (a) the full and (b) the residual summer (JJA) SEU

temperature signal across lead time averages (x-axis). The dynamical model is shown

in blue and the dyn-stat model based on spring (MAM) ENAMED SST predictions in

cyan. Skill of the historical models (vertical line) and the historical MME mean (dots)

is shown. The dashed line in (a) shows persistence skill as a benchmark, as do the short

dashes in (b). Long dashes in (b) indicate the 5% significance threshold, esimated based

on bootstrapping a dummy time series with similar characteristics as the observations

1000 times with replacement. Colored dashes in (b) denote maximum and minimum

skill of a leave-one-out cross validation skill analysis, where each individual year was

left out of the skill calculation once to highlight the importance of individual years

for the diagnosed skill. (c) and (d) show the time series corresponding to lead years

2-9 in (a) and (b), respectively. The solid black line shows residual SEU observations,

the dashed line in (d) shows the observed residual ENAMED index, and the dashed

line in (c) indicates the forced component of SEU summer temperature based on the

multi-model mean of the historical simulations.

teleconnections between spring ENAMED SST and summer SEU SAT, we present a

dynamical-statistical approach to overcome the issue of limited residual skill over Eu-

rope. The dyn-stat model beats the HC ensemble as well as persistence at predicting

decadal variations of SEU summer temperature.

In CMIP6, the skill of both initialised (HC) and non-initialised (HIST) decadal pre-

dictions of summer SAT are comparable, and improved compared to CMIP5 (Smith et

al 2019, e.g.). However, the strength of the external forcing appears to mitigate the

potential for additional skill to arise from initialisation more strongly in CMIP6 than it

used to be the case in CMIP5 (Smith et al 2019). This is probably related to improved
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model response to forcing in CMIP6 compared to CMIP5 (Borchert et al 2021). As

a result, we find barely significant residual ACC for European summer temperature in

CMIP6. Based on our dyn-stat model results, this may be caused by underestimated

teleconnection between ENAMED SST and SEU SAT in models, either due to structural

deficiencies in models or due to shock from the initialization procedure. The problem

of underestimation of atmospheric signals is expmplified by the amount of summer SAT

variance that is explained by spring SST: at lead years 2-9, the unforced ENAMED

index explains 28% of variance of the SEU index (based on ACC2) in HC simulations,

while the same calculation in observations yields a value 50%. This, as welll as the low

amplitude in predicted indices presented in this study is likely related to the general un-

derestimation of decadal climatic signals in climate models, known as the signal-to-noise

problem (Smith et al 2020). As such, improving the response of atmospheric models to

oceanic variability is crucial to improved skill in dynamical predictions at least to the

level demonstrated by our dyn-stat model.

The timeseries of residual SEU summer temperature after 1970 (cf. Fig 3b) is reminis-

cent of the winter NAO low-frequency time series (Smith et al 2020, their figure 2),

which might be related to the SST pattern that characterizes the Atlantic Multidecadal

Variability (AMV) (Sutton & Hodson 2005, Klavans et al 2019). There is evidence

that these two indices are not independent, and indeed that a AMV-like SST pattern is

forced by fluctuations of the winter NAO (Klavans et al 2019, Oelsmann et al 2020).

There might therefore be a potential role of the NAO in driving recent unforced summer

temperature variations in the SEU region (Sutton & Hodson 2005). The ENAMED SST

index representing the low-frequency part of SEU variations (cf. Fig. 3b) fits this nar-

rative. It is thus possible that NAO plays a role in modulating the ENAMED SST that

is related to SEU summer temperature as described here, probably through an impact

on SST that persists into later seasons.

Our findings are robust to the use of different seasonal lead time between SST and

summer SAT (e.g. using SST in preceding winter or simultaneous summer; not shown),

illustrating the broad influence of ENAMED SST on SEU summer SAT. Spring does,

however, shows larger residual SST predicion skill compared to the other seasons (not

shown), which is why we here concentrate on spring SST as predictor of European sum-

mer temperature.

The dyn-stat model used here is kept very simple for the sake of easy interpretabil-

ity. There are more complex options, such as EOF-based models (Wu et al 2019a) or

multivariate regression models (Simpson et al 2019). Considering more complex pro-

cesses or SST dipoles thus holds the potential to increase the skill found in the dyn-stat

model here even further; the skill estimates shown in this study are a lower bound on

expectable skill in that sense. Nevertheless, we find limited potential for SST dipoles to

be used in the framework presented here. The most promising negative pole of a spring

SST dipole would be a region between Iceland and Scotland (cf. Figs. 2a and b), but

the exact region of SST variability that influences SEU SAT is largely not predictable,

inhibiting the use of this particular dipole for skillful dyn-stat predictions (not shown).
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A general shortcoming of the residual approach is that it includes the impact of volcanic

eruptions in the forced response, although eruptions would probably benefit the skill of

initialized predictions in a forecast setting. The HIST simulations used in residual cal-

culation include the effect of volcanic forcing, which would not be known in forecasts of

the future. Volcanoes, however, appear to be particularly important for decadal climate

predictions in the North Atlantic region (Hermanson et al 2020, Borchert et al 2021).

For a more nuanced assessment of the value of initialization, only greenhouse gas and

anthropogenic aerosol forcings – as used in climate projections – should therefore be

used to calculate residuals in hindcast studies. We do not do this here because the

current protocol for hindcast initialization is also unfit for a hindcast assessment fully

consistent with forecasts, in that the information of volcanic eruptions is included in

hindcast forcing terms at the exact time of the eruption and not (as would be the case

for a forecast) at the next initialization time after the eruption.

Our work highlights the importance of external forcing for the capability of decadal pre-

diction systems to predict European summer temperature. Invoking links to predictable

unforced SST, however, the resulting limited skill for internal summer temperature vari-

ations can be overcome to some extent, emphasizing the importance of skillful initial-

ization of SST prediction to predict climate over land. Our results thus provide hope

for skillful predictions of European summer temperature variations in future modeling

systems when the representation of teleconnections is improved.
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v. Hardenberg J, Hieronymus J, Karami M P, Keskinen J P, Koenigk T, Makkonen R, Massonnet
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non peer-reviewed EarthArXiv preprint submitted to Environmental Research Letters18

T, Kloster S, Kracher D, Kinne S, Kleberg D, Lasslop G, Kornblueh L, Marotzke J, Matei D,
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Valcke S, Waldman R, Aumont O, Bopp L, Deshayes J, Éthé C & Madec G 2019 Evaluation of
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Supplement

Table 1. Model systems used in this study.

Prediction system Ensemble size Historical simulations Ensemble size

AWI-CM-1-1-MR (Semmler et al 2020) 5

BCC-CSM2-MR (Wu et al 2019b) 3

BCC-ESM1 (Wu et al 2020) 3

CAMS-CSM1-0 (Rong et al 2019) 2

CanESM5 10 CanESM5 (Swart et al 2019) 10

CESM1-1-CAM5-CMIP5

(Yeager et al 2018) 10 CESM2 (Danabasoglu et al 2020) 10

CNRM-CM6-1 (Voldoire et al 2019) 10

CNRM-ESM2-1 (Séférian et al 2019) 10

E3SM-1-0 (Golaz et al 2019) 5

EC-Earth3

(Bilbao et al 2021) 10 EC-Earth3 (Döscher et al 2021) 10

FGOALS-f3-L (He et al 2019) 3

FGOALS-g3 (Li et al 2020) 6

FIO-ESM-2-0 (Song et al 2019) 3

GFDL-CM4 (Held et al 2019) 1

GISS-E2-1-G (Kelley et al 2020) 10

GISS-E2-1-H (Kelley et al 2020) 10

HadGEM3-GC31-LL (Andrews et al 2020) 4

HadGEM3-GC31-MM 10 HadGEM3-GC31-MM (Andrews et al 2020) 4

INM-CM5-0 (Volodin & Gritsun 2018) 10

IPSL-CM6A-LR 10 IPSL-CM6A-LR (Boucher et al 2020) 10

MIROC6

(Kataoka et al 2020) 10 MIROC6 (Tatebe et al 2019) 10

MPI-ESM1.2-LR (Mauritsen et al 2019) 10

MPI-ESM1.2-HR

(Pohlmann et al 2019) 10 MPI-ESM1.2-HR (Müller et al 2018) 10

MRI-ESM2-0 (Yukimoto et al 2019) 5

NorCPM1 10 NorCPM1 (Bethke et al 2021) 10

NorESM2-LM (Seland et al 2020) 3

NESM3 (Cao et al 2018) 5

UKESM1-0-LL (Sellar et al 2019) 10
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Figure 1. Scheme of the dyn-stat model used in this study. Dynamical decadal spring

SST predictions drive a simple statistical model (noted at the bottom) to provide

significant predictions of residual summer SAT predictions. The constant c is a scaling

factor based on observed variance difference between SST and SAT variability.

Figure 2. (a) observed (HadISST/HadCRU) correlation of residual spring (MAM)

SST to residual summer (JJA) SAT in the SEU region (outlined in panel b), applying

a 8-year running mean on the period 1970-2014. Also shown is the correlation of spring

Eastern North Atlantic - Mediterranean (ENAMED) SST (marked in a) to observed

(c) residual summer SAT for 1970-2014. Stippling indicates significant skill at the 5%

level, estimated from 1000 bootstrap samples.


