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Abstract Weather regimes are large-scale atmospheric circulation states that frequently occur in the climate
system with persistence and recurrence, and are associated with the occurrence of specific local weather
conditions. This study evaluates the representation of the four Euro-Atlantic weather regimes in uninitialized
historical forcing simulations and initialized decadal predictions performed with the EC-Earth3 coupled
climate model. The four weather regimes are the positive and negative phases of the North Atlantic Oscillation
(NAO+ and NAO—, respectively), Blocking, and Atlantic Ridge in winter; and the NAO—, Blocking, Atlantic
Ridge, and Atlantic Low in summer. We also analyze the impact that the model initialization toward the
observed state of the climate system has on the ability to predict the variability of the weather regimes'
seasonal frequency of occurrence. We find that the EC-Earth3 model correctly reproduces the spatial patterns
and climatological occurrence frequencies of the four weather regimes. By contrast, the skill in predicting

the inter-annual to decadal variations of the weather regimes' seasonal frequencies is generally low, and the
initialization does not significantly improve such skill. The observed teleconnections between the weather
regimes and the North Atlantic sea surface temperatures are generally not reproduced by the model, which
could be a reason for the low skill in predicting the temporal variations of the weather regime frequencies.

1. Introduction

Weather regimes are a set of climate states that occur more frequently due to either more persistence or more recur-
rence than other possible states of the climate system (Christensen et al., 2013; Cortesi et al., 2019; Michelangeli
et al., 1995). They provide a simplified description of the atmospheric flow variability and describe large-scale
conditions that can be associated with local weather. Skillful climate predictions of the weather regimes could
thus be used as a source of predictability for local climate conditions (Hertig & Jacobeit, 2014). Therefore,
a correct representation and prediction of weather regimes by climate models could be translated into useful
climate information for decision-makers. At inter-annual to decadal time scales, such climate information could
be provided by decadal climate predictions, which aim at filling the gap between seasonal predictions and climate
projections (Kirtman et al., 2013).

The atmospheric states gather naturally into four well-defined, statistically robust clusters over the Euro-Atlantic
sector, with a typical persistence of 3—7 days (Michelangeli et al., 1995). The four weather regimes are different
across the seasons. In winter, the positive and negative phases of the North Atlantic Oscillation (NAO+ and
NAO-, respectively), the Blocking, and the Atlantic Ridge are identified in the literature (Cattiaux, Quesada,
et al., 2013; Cortesi et al., 2019, 2021; Dawson et al., 2012; Ferranti et al., 2015). In summer, the Euro-Atlantic
weather regimes are the Atlantic Low, the NAO—, the Blocking, and the Atlantic Ridge (Cassou et al., 2005;
Cattiaux, Quesada, et al., 2013). However, the existence and the optimal number of regimes is a subject with
conflicting results (see, e.g., Christiansen [2007] for a review), and some studies even reject the existence of
weather regimes (Stephenson et al., 2004). Still, a classification of flow regimes can be useful to characterize
large-scale weather conditions and to evaluate how climate models represent large-scale atmospheric flow.

The simulation and prediction of the Euro-Atlantic weather regimes by climate models are hindered by the
characteristic biases that models tend to show in the representation of atmospheric flow over the Euro-Atlantic
domain (Walz et al., 2018). In particular, evaluations of climate models have often found an underestimation
of the occurrence frequency and persistence of blocking events (Cattiaux, Quesada, et al., 2013; D’Andrea
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et al., 1998; Masato et al., 2013; Schiemann et al., 2017), related to an overestimation of zonal (westerly) flow
regimes in Europe (Donat et al., 2010). This paper therefore provides a systematic evaluation of climatological
characteristics of weather regimes in the latest version of the EC-Earth model.

Climate predictions have been shown to skillfully predict essential climate variables at sub-seasonal to seasonal
(Mariotti et al., 2020) and inter-annual to decadal (Kushnir et al., 2019) time scales, which can be useful to underpin
decision-making in a wide range of sectors (Merryfield et al., 2020). These climate predictions use, in addition to
external forcings (which provide skill in climate projections), predictability provided by slow variations of differ-
ent components of the climate system, especially the ocean, land surface, and sea ice (Meehl et al., 2009, 2021).
In order to make use of these potential sources of predictability, climate models are used to compute the future
evolution of the climate system by integrating them forward in time from a set of observation-based initial condi-
tions, which is referred to as model initialization.

On the seasonal time scale, Cortesi et al. (2017) showed skill in reproducing the weather regimes' spatial patterns,
climatological frequencies, persistences, and transitions probabilities during winter, spring, and summer with the
ECMWEF seasonal forecasting system S4 (Molteni et al., 2011). However, they found low skill in reproducing the
monthly frequency variations of the weather regimes. Carvalho-Oliveira et al. (2022) assessed the representation
of the summer spatial patterns of the weather regimes within the MPI-ESM-MR seasonal forecasting system
(Giorgetta et al., 2013), finding that the Atlantic Ridge regime shows the highest agreement with the reanalysis,
while the Atlantic Low regime shows the lowest agreement. On inter-annual to decadal time scales, while decadal
predictions in particular of temperature are skillful in many regions due to external forcings, model initialization
has also been shown to add prediction skill for several climate variables (Smith et al., 2019). Also, some selected
characteristics of large-scale atmospheric flow have been found to be predictable. For instance, Athanasiadis
et al. (2020) have shown decadal prediction skill for the High Latitude Blocking and the NAO index during
winter. Significant skill in predicting the NAO index was also found by Smith et al. (2020) using a very large
ensemble based on multiple models and applying post-processing techniques to overcome the signal-to-noise
problem in climate models (Scaife & Smith, 2018). However, a systematic evaluation addressing the decadal
prediction skill of the objectively identified Euro-Atlantic weather regimes in different seasons as well as the
impact that the initialization has on the skill is, to our knowledge, still missing.

The aim of this paper is twofold. On the one hand, we evaluate the fidelity of the EC-Earth3 model in reproducing
the climatological patterns and frequencies of the Euro-Atlantic weather regimes. On the other hand, we compare
the weather regimes in initialized decadal predictions and transient historical forcing simulations to quantify the
impact of the model initialization on the skill in predicting the variability of the weather regimes on inter-annual
to decadal time scales.

2. Data

In this study, a ten-member ensemble of initialized decadal predictions (DCPP; Boer et al., 2016) and a ten-member
ensemble of non-initialized historical simulations (HIST) performed with the version 3.3 of the EC-Earth model
(Ddoscher et al., 2022) in the framework of the Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring
et al., 2016) are used. The historical simulations are started from different states of a pre-industrial control
run with forcing held fix to 1850 levels, and are forced by observed external forcings until 2014. The decadal
predictions have been produced by initializing the EC-Earth3 model every year from 1960 in November using a
full-field initialization technique, and provide predictions for the next 11 years (Bilbao et al., 2021).

Two different reanalyses are used as reference datasets to evaluate the skill of the decadal predictions and historical
simulations in representing the spatial patterns and climatological frequencies, and in predicting the variations of
the seasonal frequency of occurrence of the weather regimes. These reanalyses are the Japanese 55-year Reanal-
ysis (JRA-55; Kobayashi et al., 2015) and the NCEP/NCAR Reanalysis 1 (NCEP1; Kalnay et al., 1996). The
main reason for choosing the JRA-55 and the NCEP1 reanalyses is their temporal coverage matching that of the
decadal predictions. The JRA-55 data set is often preferred over others like NCEP1 because of its higher spatial
resolution, making this reanalysis suitable for weather regime classification (Cortesi et al., 2019). However, here
we use both reanalyses to take into account the observational uncertainty and assess the robustness of the results
to the choice of the reference data set. Stryhal and Huth (2017) made a comparison between five different reanal-
yses (in which both the JRA-55 and NCEP1 were included) for the classification of patterns in the Euro-Atlantic
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area in winter. They found that there is very little difference between the daily pattern classification, especially
in mid-latitudes of the Northern Hemisphere (less than 8% of days classified differently), where there is a dense
coverage of high-quality observations.

3. Methods

We use daily fields of sea level pressure (from the reanalyses and EC-Earth3 simulations) to compute the weather
regimes over the Euro-Atlantic region delimited between 27°-81°N and 85.5°W—45°E, as in Cortesi et al. (2019).
Some studies used the geopotential height at 500 or 700 hPa instead to compute the weather regimes (Casola
& Wallace, 2007; Kageyama et al., 1999). However, we use the sea level pressure because it is a variable less
affected by global warming than the geopotential height (Cortesi et al., 2021; Torralba et al., 2021) and the clus-
tering will thus be more accurate over the long period considered. The winter (defined as December-January-Feb-
ruary; DJF) and summer (defined as June-July-August; JJA) weather regimes are obtained during the 1965-2014
period (50 years) for the reanalyses, the historical simulations and the decadal predictions. For the reanalyses
and the historical simulations, seasonal averages and multi-annual averages of seasonal means are considered. In
the case of the decadal predictions, the first five individual forecast winters and summers, and all their possible
multi-year averages have been included in the assessment. In addition, the analysis also includes the winters
and summers for the average of forecast years 1-10 to account for the full predicted decade. Since different
forecast periods are assessed, different start dates have been selected in each case in order to always evaluate the
predictions over the same calendar period (i.e., over the 1965-2014 period). The evaluation period starts in 1965
because forecast year 5 is the last forecast year evaluated individually (and 1965 is the forecast year 5 from the
first initialization, i.e., start date November 1960), and the evaluation period ends in 2014 because the historical
simulations are run until that year.

The simulated data have been interpolated onto the spatial grid of the reanalyses to obtain the spatial patterns of
the weather regimes in the same grid resolution and evaluate their spatial representation. Also, the daily pressure
fields have been converted into daily anomalies by subtracting the daily climatology. The daily climatology has
been computed over the whole period and smoothed by applying a Locally Estimated Scatterplot Smoothing filter
(LOESS; Cleveland & Devlin, 1988) with a smoothing span of 1 to remove the short-term variability and retain
the seasonal cycle (Torralba, 2019).

In order to classify the daily anomaly maps and compute the weather regimes, the k-means clustering algorithm
(Michelangeli et al., 1995; Philipp et al., 2010) has been applied independently for each season and, in case of
the historical simulations and decadal predictions, also independently for each ensemble member. The k-means
algorithm aims at arranging a set of daily maps within groups, called clusters, seeking the most steady states. The
algorithm minimizes the sum of the squared distances from each map to the centroid of the clusters to which they
belong, providing the common spatial patterns in the analyzed area. The anomalies are previously weighted by
the cosine of the latitude to take into account the different sizes of the grid boxes in the region considered (Cortesi
et al., 2019, 2021; Falkena et al., 2020).

The number of clusters k to generate has to be specified in advance. Fereday et al. (2008) assessed the optimal
number of clusters and concluded that there is no objective choice for the number of clusters. For small k values,
the full range of patterns is not correctly represented, while if a large & is chosen different clusters can look very
similar. The number of clusters generated in this study is k = 4, typically used in the literature to assess the
Euro-Atlantic weather regimes (Cassou et al., 2005; Cattiaux, Quesada, et al., 2013; Cortesi et al., 2019, 2021;
Dawson et al., 2012; Ferranti et al., 2015; Hertig & Jacobeit, 2014). In addition, to confirm that the four weather
regimes are obtained even if the k-means algorithm is set to define more clusters, the same procedure has been
used but applying the k-means algorithm to identify five clusters (k = 5). Similarly, the first and second halves of
the evaluation period (i.e., 1965-1989 and 1990-2014) have been used to obtain the four weather regimes (k = 4,
as in the rest of the study) to confirm that such weather regimes are present during the whole period.

The observed and simulated weather regimes are independently computed by cluster analysis with the
k-means algorithm applied to the daily anomalies fields to obtain the spatial patterns. Then, the daily maps are
projected onto the four patterns using the minimum Euclidean distance method. Both minimal-correlation and
minimal-persistence filters are applied to both observed and simulated projected daily maps to filter out the days
that do not actually belong to any of the clusters. The minimal-correlation filter consists of de-classifying those
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days with a spatial correlation (measured with the spatial Anomaly Correlation Coefficient, ACC; Wilks, 2011)
lower than 0.25 with the cluster it was assigned. The minimal-persistence filter de-classifies those days that
do not belong to a spell of at least 3 days. This methodology is similar to that used in Cattiaux, Douville, and
Peings (2013) but without previously applying Empirical Orthogonal Functions to take into account the extreme
sea level pressure values. This method tests whether the EC-Earth3 model correctly represents the weather
regimes' spatial patterns by itself. Additionally, the same methodology has been employed but projecting the
simulated daily maps onto the observed clusters (i.e., only applying the k-means algorithm to the reanalysis data)
to assess how the simulated daily maps fit onto the observed patterns. Results in the main text correspond to the
first approach, that is, projecting the simulated and observed fields onto the simulated and observed patterns,
respectively. The results for the alternative method, that is, projecting the simulated fields onto the observed
patterns, are included in Supporting Information S1.

Once each day is assigned to one of the four seasonal clusters (or to the unclassified cluster), the spatial patterns
of the weather regimes are computed as the composites (averaged daily maps) of all the days that have been
assigned to a cluster. The relative seasonal frequency of occurrence of each weather regime is computed as the
percentage of the number of days per season assigned to each cluster. For the simulations, since the clustering
has been applied to each ensemble member separately, the frequency time series and the spatial patterns are
calculated as the ensemble mean.

The spatial correlation between the simulated and observed patterns is estimated with the spatial ACC. This
metric has been computed by accounting for the different sizes of the grid cells. The significance of the spatial
correlation has been assessed by estimating the confidence intervals at the 95% confidence level computed by a
Fisher transformation. If the confidence interval includes zero, the spatial correlation is not significant. The spatial
correlation difference between the historical simulations and decadal predictions is significant if their confidence
intervals do not overlap. A two-sided Kolmogorov-Smirnov test has been applied to assess whether the simu-
lated and observed distributions of the seasonal frequencies could have been sampled from the same continuous
distribution at the 95% confidence level. In addition, a two-sided 7-test has been used to assess whether the mean
values of the simulated and observed distributions are statistically different at the 95% confidence level. In order
to estimate the temporal correlation, the Pearson's correlation coefficient is used. A two-tailed #-test is applied
to analyze whether the temporal correlation between experiments and reanalyses is statistically significant at the
95% confidence level. The Fisher's z transformed correlations divided by the standard error of the difference
(Wilks, 2011) are used to assess whether the correlations obtained with the historical simulations and the decadal
predictions are statistically different at the 95% confidence level. In order to avoid a potential overestimation of
the statistical significance due to spatial patterns and time series autocorrelation, the effective degrees of free-
dom have been used for the significance tests. Such effective degrees of freedom have been calculated over the
reanalysis data following Zwiers and von Storch (1995). In the case of the spatial patterns, the methodology has
been applied over the vector created by concatenating all latitudes one after the other. It should be noted that part
of the information related to different latitudes might be lost when computing the effective number of degrees of
freedom for the spatial patterns.

4. Results
4.1. Evaluation of the Spatial Patterns and Climatological Frequencies of the Weather Regimes

We first evaluate two climatological aspects of weather regimes: the spatial patterns (i.e., the composites pres-
sure maps of all the days that belong to each weather regime) and the climatological seasonal frequencies of
occurrence.

The spatial patterns of the observed weather regimes during the winter and summer seasons identified in the
JRA-55 reanalysis are shown in Figure 1. The four clusters obtained for each season correspond to the NAO+,
NAO-, Blocking, and Atlantic Ridge during winter; and the Atlantic Low, NAO—, Blocking, and Atlantic Ridge
during summer. The regime patterns show that the amplitude of the clusters' anomalies is higher during the winter
season, when they are more persistent in time and have a stronger effect on local climate (Ferranti et al., 2015;
Fil & Dubus, 2005). Compared with the spatial patterns using the NCEP1 reanalysis (Figure S1 in Supporting
Information S1), there is a high consistency for both seasons, indicating the robustness of the identified weather
regimes to the choice of the reference data set.
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Figure 1. Spatial patterns of the observed Euro-Atlantic weather regimes (computed as the averaged sea level pressure
anomalies, in hPa, of all the days classified onto each cluster) obtained with the JRA-55 reanalysis for winter and summer
during the 1965-2014 period.

We test the sensitivity of the clustering algorithm results to the number of identified clusters and the period used
to identify the clusters. We find that the same four observed weather regimes for winter are obtained when asking
for five clusters (Figure S2 in Supporting Information S1). The additional cluster is represented as a center of
anomalously negative pressure over the central part of the region considered. The sum of NAO+ and the addi-
tional cluster resembles the original NAO+ obtained with k = 4. When applying the k-means algorithm to the
first and second halves of the evaluation period, both sets of clusters represent the same weather regimes as when
using the whole period. However, some discrepancies are found in the first half (1965-1989) for NAO+ (for
which the northern part of Europe contains a positive anomaly, while the anomalies over that region are slightly
negative when using the whole period) and Blocking (which is displaced westward with respect to the original
one). For summer (Figure S3 in Supporting Information S1), the patterns obtained with k = 5 and with different
period halves are similar to the original ones.

The spatial patterns of the four weather regimes obtained during the whole period with both DCPP and HIST
show a high agreement with the observed patterns in winter, being significant for all the forecast years and
multi-year averages (Figure 2a). For summer, significant spatial correlations are also found for the NAO—, Block-
ing, and Atlantic Ridge regimes for both DCPP and HIST. However, the spatial correlations for DCPP are system-
atically high and significant for the Atlantic Low regime, except for the forecast years 1-2 (this exception is not
found when using the NCEP1 reanalysis as the reference data set; Figure S4 in Supporting Information S1), while
low and non-significant correlations are found for HIST. Furthermore, the spatial correlations for the different
forecast years in the decadal predictions are similar for both seasons, indicating that the simulation of the weather
regimes' patterns is not strongly affected by the climate drift in the decadal predictions. Similar results are found
when using the NCEP1 reanalysis as the reference data set (Figure S4 in Supporting Information S1).

The ACC differences between DCPP and HIST are computed to assess whether the model initialization impacts
the representation of the simulated weather regimes' patterns. The pattern correlation for the forecast periods that
include more than one season is compared to the pattern correlation obtained with the historical simulations aver-
aged over the same period length (e.g., the forecast years 1-3 are compared to 3-year averages from the historical
simulations). The ACC differences (Figure 2b) indicate that DCPP and HIST perform equally in representing the
spatial patterns of all weather regimes during winter, and the spatial patterns of the NAO—, Blocking and Atlantic
Ridge regimes during summer (low ACC differences for all the cases, and only a few cases show significance).
For the summer Atlantic Low regime, the results show an added value of model initialization in representing
the spatial pattern of this weather regime. It should be noted that, even using the effective degrees of freedom to
account for the auto-correlation, the sample size is still large, which means that relatively low ACC values and
ACC differences may be significant.

The previous analysis (Figure 2) is focused on evaluating the agreement between the model-specific and observed
spatial patterns. If, instead, we compare the observed patterns with the patterns obtained by projecting the
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Figure 2. (a) Spatial correlation between the observed and simulated Euro-Atlantic weather regimes' patterns. (b) Difference between the ACC obtained with the
decadal predictions and that obtained with the historical simulations. The evaluations period is 1965-2014. The reference data set is the JRA-55 reanalysis. The rows
correspond to the winter and summer seasons. The different columns display the results for individual and multi-year averages, where hist-X corresponds to X-years
averaged historical simulations and fyearsY-Z corresponds to decadal predictions for the forecast years Y-Z. Dots indicate that the correlation (a) or the correlation
difference (b) is statistically significant at the 95% confidence level. The auto-correlation of the spatial patterns has been taken into account to determine the effective
sample size when computing the statistical significance.

simulated daily maps onto the observed clusters (i.e., forcing the simulated daily maps to fit into the observed
patterns), high and significant spatial correlations are obtained for all the weather regimes by definition. In addi-
tion, no differences between DCPP and HIST are found (Figure S5 in Supporting Information S1).

In the following, we evaluate the representation of the climatological frequency of occurrence. Figure 3 shows
the distribution of the weather regimes' frequencies for the JRA-55 reanalysis, historical simulations, and decadal
predictions for the first forecast year. The observed frequencies in winter show that the most frequent weather
regime is NAO+ (with 23.3% of the days assigned to this cluster), followed by Blocking (20.6%), NAO— (19.1%),
and Atlantic Ridge (18.1%). In summer, the most frequently observed weather regime is Blocking (21.2% of the
days), followed by Atlantic Ridge (18.8%), Atlantic Low (17.8%), and NAO— (17.2%). Note that the weather
regimes' frequencies do not add up to 100% due to the use of an unclassified cluster (see Section 3).

Both DCPP and HIST show a correct representation of the mean frequencies, which are found to not be signifi-
cantly different to the observed mean frequencies by applying a 7-test at the 95% confidence level. In addition, we
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Figure 4. Time series of the weather regime frequencies of occurrence obtained with the JRA-55 reanalysis during winter (top row) and summer (bottom row) during
the 1965-2014 period. In addition to 1-season averages (in black), also running averages over 5 (in blue) and 10 (in red) seasonal data points are shown.

assessed whether the simulated distributions are drawn from the same distribution as the observed ones with the
Kolmogorov-Smirnov test. We find that the observed and simulated frequencies could have been drawn from the
same continuous distribution, pointing to the correct representation of the frequency distribution by both DCPP
and HIST. The same results are found when using the NCEP1 reanalysis as the reference data set (Figure S6 in
Supporting Information S1).

The percentage of days that have been unclassified (due to either low spatial correlation or low persistence) is also
shown in Figure 3. The results show that there are more unclassified days in summer than in winter, also found by
Cattiaux, Douville, and Peings (2013). This happens for both the reanalyses and the climate model simulations.
In the JRA-55 reanalysis, 18.9% of the days are unclassified in winter, while 25.1% of the days are unclassified
during summer.

4.2. Annual to Decadal Prediction Skill of Weather Regime Frequencies

This section evaluates the skill in predicting the temporal variations of the weather regimes' seasonal occurrence
frequencies (i.e., the percentage of the number of days assigned to each cluster). A skillful prediction of such
variations may be useful for providing climate services based on weather regimes, which could potentially be
used for downscaling the model output and as local climate predictors.

The time series obtained with the JRA-55 reanalysis show an inter-annual variability of the seasonal occurrence
frequency of the weather regimes (i.e., the percentage of number of days assigned to each cluster) during both
summer and winter (Figure 4). The 5-season and 10-season averages also show a temporal variability of the
weather regimes' frequencies at multi-annual to decadal time scales. The time series obtained with the NCEP1
reanalysis show a similar variability as those obtained with JRA-55 (Figure S7 in Supporting Information S1).
The time series show higher variability in winter than in summer at inter-annual to decadal time scales, particu-
larly for the NAO+ and NAO-— regimes. The NAO+ regime was found most frequently in the 1990s, when the
NAO- was less frequent than in the previous and following decades, consistent with the time series of the NAO
index shown, for example, by Athanasiadis et al. (2020) and Smith et al. (2020).

For prediction purposes, the phasing of the simulated variations of the weather regimes are compared against
observations through time series correlation analysis. Figure 5a summarizes the correlation coefficients between
the simulated (with both decadal predictions and historical simulations) and observed time series of the weather
regimes.

In general, low correlation coefficients are found for both DCPP and HIST, with only a few cases being statis-
tically significant. The temporal correlations for HIST mostly show coefficients close to zero. However, signif-
icantly positive correlations are found during winter for 2 and 3-year averages for the NAO— regime, and five
and 10-year averages for the Atlantic Ridge regime. The correlation coefficients obtained for DCPP are generally
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Figure 5. (a) Temporal correlation between the observed and simulated (for HIST and DCPP) Euro-Atlantic weather regimes' occurrence frequencies. (b) Difference
between the correlation coefficient obtained with the decadal predictions and that obtained with the historical simulations. The evaluation period is 1965-2014.

The rows correspond to the winter and summer seasons. The different columns display the results for individual and multi-year averages, where hist-X corresponds
to X-years averaged historical simulations and fyearsY-Z corresponds to decadal predictions for the forecast years Y-Z. Dots indicate that the correlation (a) or the
correlation difference (b) is statistically significant at the 95% confidence level. The auto-correlation of the time series has been taken into account to determine the
effective sample size for the significance test.

low in winter and are significantly positive only for a few marginal cases (e.g., for NAO— and Atlantic Ridge for
forecast year 4). For summer, the Blocking regime shows the highest correlation coefficients, especially when
averaging at least four forecast years, but no significance is found.

In order to identify whether the model initialization has an impact on the predictability of the variability of
weather regimes, the correlation differences between the decadal predictions and the historical simulations are
calculated and displayed in Figure 5b. The figure does not show a clear pattern of the impact of initialization,
and no significant improvements are found. In fact, the results show that the decadal predictions are less skillful
in predicting the weather regimes' time series for some cases, especially for some multi-year averages of the
NAO- regime during winter. The weather regime that tends to show some benefit from initialization (indicated
by systematically positive correlation differences across different forecast times, although without significance)
is the Blocking regime during summer. The Atlantic Ridge regime also shows an improvement from initializa-
tion (systematic for different forecast times, although not significant), but the temporal correlation is still nega-
tive for DCPP. Similar results are found when using NCEP1 as the reference data set (Figure S8 in Supporting
Information S1).

4.3. Teleconnections Between the Weather Regimes and the North Atlantic SST

The slow variations of the SST provide predictability at decadal time scales (Doblas-Reyes et al., 2013; Rodwell
etal., 1999; Sutton & Allen, 1997). Thus, the skill in predicting the North Atlantic SST may be transferred to some
skill in predicting atmospheric circulation, as represented for example, by the Euro-Atlantic weather regimes. For
this, it is needed that the model correctly reproduces (a) the observed variations of the North Atlantic SST and (b)
the observed teleconnections between the weather regimes' frequencies and the North Atlantic SST.

For (a), Bilbao et al. (2021) performed a comprehensive assessment of the skill of the decadal predictions
performed with the EC-Earth3 model. They showed that the model is skillful in predicting the SST over much of
the North Atlantic but skill is poor in the central Subpolar North Atlantic region, and that the initialization leads
to a decrease of the skill due to initialization shocks and the drift of the predictions. They discussed that these
initialization issues over the North Atlantic may be improved by model development and by investigating better
initialization strategies.

For (b), the observed and simulated correlations between the North Atlantic SST and the weather regime frequen-
cies are analyzed (Figure 6). The observed teleconnection maps show that the frequencies of the weather regimes
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Figure 6. Correlation between the seasonal weather regimes frequency and the seasonal sea surface temperature for the JRA-55 reanalysis (top row), historical
simulations (center row), and the first forecast year from decadal predictions (bottom row). In the case of the historical simulations and decadal predictions, the
correlations have been computed with the ensemble mean. Dots indicate that the correlation is statistically significant at the 95% confidence level using a two-sided
t-test. The time series' auto-correlation has been taken into account to determine the effective sample size for the significance test.

are significantly correlated with the SST over large areas of the North Atlantic Ocean, except for the winter
Blocking regime which does not show significant correlations. However, this relationship is not correctly repro-
duced by the model, as the correlation maps show different patterns for both historical simulations and decadal
predictions in comparison to that observed. Also, these teleconnections are weaker (in the sense that lower corre-
lation coefficients are found) and in most cases not significant.

This could suggest that either (a) the weather regime frequency variations do not represent a predictable signal
in relation to the SST and thus models have no possibility to predict it; (b) the relationship between the SST and
weather regimes' frequency could be non-causal (SST anomalies do not force the weather regimes' frequency)
and thus the phenomena phasing both are inherently unpredictable; (c) though inherently predictable, the low
skill of EC-Earth3 in predicting the Subpolar North Atlantic SST (Bilbao et al., 2021) restricts the potential
transferability of skill that may otherwise exist; or (d) the teleconnections are fundamentally predictable, but their
signals are underestimated by the model and small compared to the noise in the ensemble.

5. Summary, Discussion, and Conclusions

This study evaluates the simulated weather regimes in the Euro-Atlantic sector in the EC-Earth3 coupled climate
model in comparison to reanalyses data for the winter and summer seasons. The evaluation has been performed
for both decadal predictions and historical simulations, and they are compared to assess the impact that the model
initialization has on the skill.

We find that the EC-Earth3 model reproduces the spatial patterns of the four Euro-Atlantic weather regimes with
high similarity to the observed patterns derived from the reanalyses. High spatial correlations are obtained with
both decadal predictions and historical simulations except for the summer Atlantic Ridge regime, which shows
spatial correlations close to zero for the historical simulations. Also, these spatial patterns are robust across differ-
ent forecast years, indicating that they are not affected by the model drift in the decadal predictions.

Both the climatological mean frequencies and ranges of inter-annual variability in the occurrence frequencies
of these weather regimes are well reproduced by the model. The number of unclassified days, due to either low
spatial correlation with the observed pattern or low persistence of the regime event, is higher in summer (25.1%)
than in winter (18.9%), which may be due to less intense pressure gradients during the summer season (Cattiaux,
Douville, & Peings, 2013).

Regarding the skill in predicting the inter-annual and multi-annual variations of the occurrence frequencies of
the weather regimes, low correlation coefficients are generally found to be, for the most part, not statistically
significant. Exceptions are the winter NAO— and Atlantic Ridge regimes, which are found to be reproduced by
the historical simulations with significant skill for multi-year averages. Although not statistically significant,
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the decadal predictions tend to show a positive correlation with observations for the predictions of the Blocking
regime during summer systematically at different forecast periods.

The comparison between the decadal predictions and the historical simulations indicates that the model initial-
ization does not significantly improve the skill in predicting the weather regimes' variability. In fact, the skill
decreases for some cases, especially for some multi-year averages of the NAO— regimes during winter. The
highest potential benefit due to initialization is found for the Blocking regime during summer, with a systematic
tendency toward positive ACC differences between DCPP and HIST across different forecast periods, but such
differences are not statistically significant. The lack of added value due to initialization might be due to inconsist-
encies between the model and the initial conditions used to initialize the predictions (Bilbao et al., 2021). Better
predictions of the variations of the Blocking regime's frequency could anticipate periods with more frequency
of extreme events like cold air outbreaks, heat-waves, floods and droughts (Christensen et al., 2013), as well as
episodes of high pollution over European regions (Garrido-Perez et al., 2017; Ordéiiez et al., 2017).

While there is mounting evidence that climate models seem to underestimate some of the predictive signals
related to atmospheric circulation, in particular in the Atlantic sector (Scaife & Smith, 2018; Smith et al., 2019),
a few previous studies showed some predictability for selected weather types at multi-annual to decadal time
scales. For example, Athanasiadis et al. (2020) showed decadal prediction skill for the High Latitude Blocking
and the NAO index during the winter season using a large ensemble (40 members from the Community Earth
System Model-Decadal Prediction Large Ensemble [CESM-DPLE; Yeager et al., 2018]). They showed that such
a large ensemble allows the predictable component of the atmospheric variability to emerge from the chaotic
noise. Smith et al. (2020) also showed predictability for the NAO index using a large multi-model ensemble from
CMIP5 and CMIP6 models and applying post-processing techniques for overcoming the low signal-to-noise ratio
of the raw model output. However, we use a different definition based on an objective weather regime classifica-
tion designed to classify each day into a certain flow regime (or into the unclassified cluster).

In order to assess possible factors that limit the skill in predicting the weather regimes' frequencies, the observed
and simulated teleconnections between the North Atlantic SST and the weather regime frequencies have been
computed. The observed teleconnections show that the occurrence frequencies of the different weather regimes
are significantly correlated with the SST over large regions of the North Atlantic Ocean (except for the winter
Blocking regime, for which no significant correlations are found). However, these relationships are not shown
in the teleconnections maps obtained with both the decadal predictions and historical simulations, limiting
the skill that may potentially be transferred from the North Atlantic SST to the weather regimes' frequencies.
Besides, the sea level pressure (variable used to compute the weather regimes) over the North Atlantic region
particularly suffers from the signal-to-noise paradox (Smith et al., 2019), which may have contributed to reducing
the skill in predicting the weather regimes. Previous studies have pointed to the benefits of using larger ensem-
bles for predicting variables with a small predictive signal relative to the noise (Athanasiadis et al., 2020; Smith
et al., 2020). In order to assess whether the results obtained with the relatively small ensemble size (10 ensemble
members) can be improved using a larger ensemble, we have tested whether the skill improves when the ensemble
size is doubled by including another 10 ensemble members with slightly different initialization but overall similar
behavior (i.e., the skill is estimated with a total of 20 decadal prediction members), but the results are similar and
no skill improvement is found (not shown). On the other hand, the low skill of the EC-Earth3 model in predict-
ing the Subpolar North Atlantic SST shown by Bilbao et al. (2021) may also limit the skill that may potentially
be transferred from the North Atlantic SST to the weather regimes' frequencies. The limitation of the skill in
predicting the weather regimes' frequencies of occurrence due to biases in SSTs was also suggested by Fabiano
et al. (2020). Another possible limitation might be the spatial resolution of the model. Recent works have shown
that the representation of climatological frequencies and spatial patterns of some weather regimes (e.g., Blocking
regime) can be improved by increasing the grid resolution of the atmospheric model (Dawson & Palmer, 2015;
Fabiano et al., 2020). However, it is not clear if the increase in resolution can improve the prediction skill of the
frequencies' variability.

In conclusion, this study demonstrates that the EC-Earth3 model, which is used for the contributions to
CMIP6/DCPP-A, skillfully simulates most climatological aspects of Euro-Atlantic weather regimes. However,
the skill in predicting the inter-annual to decadal variability of these weather regimes is low, and the model initial-
ization does not significantly improve such skill (as seen by comparing the decadal predictions and historical
simulations). This work can be the basis for more detailed future studies. For instance, further comparison with
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other models could help answer the question of whether the lack of skill in the prediction of the weather regimes
frequencies by the EC-Earth3 model is due to an inherently unpredictable signal or due to model deficiencies
(since other models might be skillful in predicting the temporal variations of the weather regimes). On the other
hand, the multi-model ensemble of predictions contributing to CMIP6/DCPP-A could be used to assess if the
skill is improved compared to the individual models due to error compensation and to the signal that each model
adds to the multi-model ensemble (Hagedorn et al., 2005). Also, post-processing techniques such as the calibra-
tion method proposed by Eade et al. (2014) or the post-processing and member selection as introduced by Smith
et al. (2020) for NAO predictions could be implemented with the goal to improve the prediction of the objectively
classified weather regimes. If the predictability of weather regimes can eventually be established robustly in the
future, it could unlock the potential for skillful decadal climate predictions over Europe and the prediction of
specific weather phenomena, including extreme events typically related to certain weather regimes.
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The EC-Earth3 decadal predictions (members r[1-10]ilp1fl; EC-Earth, 2019b) and historical simulations
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