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1. Introduction
The North Atlantic climate system is characterized by significant atmosphere and ocean variability that occurs on 
a wide range of time scales. In particular, the North Atlantic Oscillation (NAO) represents the leading pattern of 
climate variability in the North Atlantic region, with positive NAO typically associated with stormier and wetter 
conditions over Western Europe, while negative values correspond to drier, colder weather (Hurrell,  1995). 
The NAO is also closely linked to the intensity and position of the North Atlantic eddy-driven jet (Thompson 
et al., 2003; Woollings et al., 2010). Atmospheric circulation variability also exerts a strong influence on the 
climate of the North Atlantic sector and Western Europe (Hall & Hanna, 2018; Sutton et al., 2018; Thompson 
& Wallace, 2001). Therefore, reliable decadal predictions of the NAO and jet's evolution are of prime societal 
importance as they would allow more time in the development of adaptation strategies.

Considerable evidence has now emerged showing that the NAO is predictable on seasonal (Scaife et al., 2014) 
to decadal timescales (Athanasiadis et al., 2020; Smith et al., 2020). In particular, Smith et al. (2020, henceforth, 
S20) revealed a high level of skill at predicting decadal variability of the winter NAO in the fifth (CMIP5, 
Taylor et al., 2012) and sixth (CMIP6, Eyring et al., 2016) Coupled Model Intercomparison Project's hindcasts 
initialized between 1960 and 2005. Furthermore, S20 showed how NAO predictability can be used to improve 
decadal predictions of other climate variables (e.g., surface temperature, mean sea level pressure, precipitation). 
However, the magnitude of the predictable signals in seasonal and decadal predictions appears significantly 
underestimated—leading to the so-called signal-to-noise paradox, suggesting that models forecast observations 

Abstract This paper expands on work showing that the winter North Atlantic Oscillation (NAO) is 
predictable on decadal timescales to quantify the skill in capturing the North Atlantic eddy-driven jet's 
location and speed. By focusing on decadal predictions made for years 2–9 from the sixth Coupled Model 
Intercomparison Project over 1960–2005 we find that there is significant skill in jet latitude and, especially, 
jet speed associated with the skill in the NAO. However, the skill in the NAO, jet latitude and speed indices 
appears to be sensitive to the period over which it is assessed. In particular, skill drops considerably when 
evaluating hindcasts up to the present day as models fail to capture the recent observed northern shift and 
strengthening of the winter eddy-driven jet, and more thus positive NAO. We suggest that the drop in 
atmospheric circulation skill is related to reduced skill in North Atlantic sea surface temperatures.

Plain Language Summary Climate models have the capability to predict the evolution of 
mean atmospheric circulation over long timescales, from annual to decadal and longer. However, models 
are overestimating the chaotic, unpredictable component of the climate's variability and, although model 
predictions follow the observed oscillations of the climate, the strength of these oscillations is critically 
underestimated. While climate models have demonstrated skill in predicting the North Atlantic Oscillation 
(NAO), this paper assesses model skill in predicting the evolution of the wintertime North Atlantic eddy-driven 
jet, with the aim to highlight how much of the predictive skill of the NAO is derived from accurate predictions 
of the jet's state. We find levels of skill similar to that for the NAO, with slightly higher skill for the jet's 
strength (speed) over its location (latitude of maximum speed). We also notice a drop in skill over the last 
decade, as models fail to capture the latest trends in the NAO and jet's evolution, and suggest that it might be 
related to degradation in skill at predicting surface temperature variability.
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decade, as hindcasts do not capture 
the return to positive NAO conditions 
post-2010
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more skillfully than their own ensemble members. Large ensembles are required to reveal the predictable signal 
(Scaife & Smith, 2018).

In contrast to the NAO, decadal predictions of the eddy-driven jet have not yet been assessed. Thus, we do 
not know the contribution of changes to the eddy-driven jet on the winter NAO skill in S20. Furthermore, we 
expect the relationship between the eddy-driven jet and winter NAO to change with the timescale, and thus relate 
to different processes (Baker et al., 2017; Woollings et al., 2015). For example, jet latitude changes appear to 
dominate interannual variability of the winter NAO (Woollings et al., 2015), and skillful seasonal predictions 
of the winter NAO have been associated with skillful prediction of shifts in the jet latitude (Parker et al., 2019). 
However, decadal timescale winter NAO variability has been linked more to changes in eddy-driven jet speed 
that, in turn, appear driven by sea surface temperatures in the subpolar North Atlantic (Woollings et al., 2015). 
The different aspects of jet variability (e.g., latitude and speed) are also known to lead to different impacts 
on sea ice, temperatures, and precipitation over the North Atlantic ocean basin and western Europe (Hall & 
Hanna, 2018; Ma et al., 2020). Therefore, evaluating separate features of jet behavior could provide insight on 
what sectors would benefit most from improved predictions on these timescales.

In this paper, we build upon the analysis of S20 to evaluate the skill of the eddy-driven jet. In particular, we address 
how much of the winter NAO skill on decadal timescales is associated with skill in predicting the eddy-driven jet 
latitude and speed. We focus our analysis on the CMIP6 models, which were not all available at the time of S20, 
and extend the analysis over observations of the latest period not covered by CMIP5 hindcasts.

2. Data and Methods
In this study, we assess a multi-model ensemble of decadal predictions from prediction systems in component A 
of the Decadal Climate Prediction Project (DCPP-A, Boer et al., 2016) for CMIP6. A list of the models consid-
ered is provided in Table S1 in Supporting Information S1. The multi-model ensemble consists of 10 models and 
153 members in total (of which 120 were considered in S20).

As in S20, we define the NAO index as the difference in mean sea level pressure (MSLP) between two boxes 
located around the Azores (28°–20°W, 36°–40°N) and Iceland (25°–16°W, 63°–70°N).

We construct the indices of the eddy-driven jet's latitude (JLI) and speed (JSI) in accordance with Bracegirdle 
et al. (2018), which draws from Woollings et al. (2010) but uses monthly-rather than daily-averaged data. We 
calculate the zonal-mean zonal wind at 850 hPa in the North Atlantic sector (60°W−0°, 10°–75°N) and then 
identify the maximum and its location as the jet's speed and latitude, respectively.

Although the North Atlantic region is the main focus of this study, previous studies have highlighted that this 
region is particularly sensitive to signal-to-noise problems (Eade et  al., 2014). Therefore, we also include an 
analysis of the Arctic Oscillation (AO) to put the analysis of NAO skill in a wider context. The AO index is calcu-
lated as the difference in MSLP between the midlatitudes (30°–60°N) and the high/polar latitudes (60°–90°N). 
This is an approximation to the canonical definition based on empirical orthogonal functions (Thompson & 
Wallace, 1998), but we find that the resulting indices are highly correlated (+0.98 in winter, not shown).

As in S20, we assess skill for years 2–9 of the hindcasts, restricting our attention to the extended boreal winter 
(December, January, February, and March, DJFM).

The different forecasting systems are initialized towards the end of each starting year. While the first winter of a 
hindcast is not necessarily complete (some models are initialized at the end of December, thereby excluding their 
first winter season), our analysis only considers hindcast years 2–9 (winter of year 2 is complete for all models).

Multi-model ensemble mean anomalies are constructed by first subtracting the model mean state (i.e., the time 
average between hindcast years 2–9 overall starting dates and ensemble members, see Figure S1 in Supporting 
Information S1) from each ensemble member, then taking the equally weighted average of all ensemble members. 
Finally, we consider the time mean of years 2–9 winters. Following S20, we construct a lagged ensemble by 
combining each hindcast with the previous three start dates, thus quadrupling the number of ensemble members 
from 153 to 612. We refer to the resulting multimodel ensemble mean as the “lagged” mean.

The skill of DCPP-A is assessed against reanalysis data from the ERA5 data set (Hersbach et al., 2020) between 
1979 and 2021 and against its back-extension for years 1960–1978 (Bell et al., 2021). Indices from reanalysis 
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are computed in a similar way (removing the seasonal climatology across the time period considered) and then 
smoothed through an 8-year rolling average so that the observations and hindcasts cover the same time periods. 
Reanalysis and model data were interpolated to a 2.5° × 2.5° grid before analysis. S20 used MSLP data from 
HadSLP2 (Allan & Ansell, 2006) to compute the observed NAO, which yields a lower variance than that from 
ERA5 (not shown). Although we expect skill scores to be different when using a different data set, we do not 
expect this difference in variance to be a major influence on overall skill as measured by anomaly correlation 
coefficient (ACC), which is sensitive to the phasing of the variability rather than its magnitude.

We measure the skill by evaluating the Pearson ACC between the observations (ERA5) and the multi-model 
ensemble mean, and estimate the ratio of predictable components (RPC) as in Eade et al. (2014),

RPC =
𝜎𝜎𝑜𝑜
𝑠𝑠𝑠𝑠𝑠𝑠
∕𝜎𝜎𝑜𝑜

𝑡𝑡𝑜𝑜𝑡𝑡

𝜎𝜎
𝑓𝑓

𝑠𝑠𝑠𝑠𝑠𝑠
∕𝜎𝜎

𝑓𝑓

𝑡𝑡𝑜𝑜𝑡𝑡

≈ ACC
𝜎𝜎
𝑓𝑓

𝑡𝑡𝑜𝑜𝑡𝑡

𝜎𝜎
𝑓𝑓

𝑠𝑠𝑠𝑠𝑠𝑠

, (1)

where σtot and σsig are, respectively, the expected total (signal plus noise) and signal standard deviations in the 
observations/reanalysis (“o”) and forecast (“f”). For a perfect model, the RPC should be equal to one, while, in a 
scenario of low signal-to-noise ratio, models overestimate the unpredictable component of atmospheric variabil-
ity, which corresponds to a RPC higher than one (Smith et al., 2019). As in S20, we test the statistical significance 
of the ACC estimates by using a block bootstrap approach.

We assess skill over different time periods: a short period consisting of years 2–9 of hindcasts initialized at the 
end of years 1960–2005 (corresponding to the time period studied in S20, 1962–2014) and a long period, which 
includes hindcasts initialized at the end of years 2006–2012 (thus covering 1962–2021).

3. Skill in the NAO and Jet Stream Indices
We first examine the 2–9 years prediction skill of DCPP-A for the NAO, jet latitude and speed, initially focusing 
on the same start dates examined by S20 (i.e., the short period, from 1960 to 2005).

Figure  1a shows predictions of the NAO time series. The observed NAO features pronounced decadal and 
multidecadal variability (black curves in Figure 1), with a generally increasing trend between the 1960s and 
1990s followed by a decrease persisting until the late 2000s. As noted in S20, the multi-model ensemble mean 
appears unable to capture the observed decadal variability, with the observed extremes in the 1960s and 1990s 
lying outside model uncertainties (red shading in the left panels of Figure 1). Nonetheless, models demonstrate 
skill at predicting the phasing of such decadal variability, as indicated by the significant positive ACCs. Over the 
short period, the ACC of the multi-model ensemble mean for the NAO is 0.55 (P < 0.01), comparable to 0.48 
(P = 0.03) in S20 over the same period, and is also affected by a low signal-to-noise ratio (RPC of 4.6 here, 4.2 
in S20).

S20 also showed improvement to NAO predictions by computing the lagged ensemble mean and by rescaling 
the variance to the observed. By pooling hindcasts in this way it is effectively assumed that the predictability 
of anomalies at years 2–9 varies more slowly than year-to-year changes in initial conditions. Hence, combining 
hindcasts reduces the unpredictable noise further. The resulting model predictions (thick red curves in right-hand 
panels of Figure 1) are visibly improved as the magnitude of the signal is closer to that of observations. We also 
obtain a higher level of ACC consistent with S20 (compare the ACC in left panels to those in right panels of 
Figure 1). At the same time, the RPC also increases, almost doubling in magnitude compared to the raw ensemble 
mean. This is indicative of the low signal-to-noise ratio characteristic of climate models (Scaife & Smith, 2018), 
whereby a larger sample of the unpredictable, noisy component of climate variability is needed to improve the 
strength of the signal. This is particularly true for the North Atlantic, where skill is especially sensitive to the 
number of ensemble members (Eade et al., 2014). Models also show similar levels of skill for the AO index 
(+0.55 and +0.63 for the raw and lagged ensemble means, respectively), as shown in Figures 1g and 1h.

We then examine the skill of DCPP-A models at predicting the eddy-driven jet's variability (latitude and speed), 
which also shows decadal timescale variability similar to the NAO (see Figures 1c and 1e). Models have higher 
ACC in predicting the speed of the jet (0.62, Figure 1e) than its latitudinal location (0.28, Figure 1c). The RPC for 
the jet latitude (2.7) is lower than that for the jet speed (5.4), consistent with the lower skill in the former. Again, 
the skill improves when using the lagged ensemble mean for both the jet latitude (0.52, Figure 1d) and the speed 
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(0.71, Figure 1f). The RPC also becomes larger, more than tripling for JLI (2.7–8.4), while the increase is more 
moderate for JSI (5.4–8.7). Therefore, the similar level of skill for the NAO and the jet speed suggests that the 
skill in the NAO on decadal timescales is associated with skill in the jet speed rather than its latitude. This also 
appears to be the case for a wide range of lead times, as we observe comparable skill in NAO and JSI predictions 
(see Figure S2 in Supporting Information S1).

Figure 1 and previous work (e.g., Klavans et al., 2021; Scaife & Smith, 2018) have shown that prediction skill 
is sensitive to the number of ensemble members. Such a result is also underlined by the fact that, of the models 
that contributed to DCPP-A, the models with the biggest ensemble size also have the greatest skill (not shown). 
Therefore, we question whether the skill scores computed here for DCPP-A represent the upper limit of skill, or 
whether more skill could be expected. To assess the upper limit of skill we plot how skill changes with the number 
of ensemble members. We compute the skill for a random selection of different ensemble members that make up 
the lagged ensemble mean (612 members), and gradually increase the size of the selection.

Figure 1. Evolution of 8-year running mean observed (black) and year 2–9 predictions from DCPP-A hindcasts (red) extended boreal winter (DJFM) NAO (a, b), Jet 
Latitude (c, d), Jet Speed (e, f) and AO (g, h) indices. Panels on the left show the raw ensemble-mean prediction (i.e., no rescaling of variance). Panels on the right 
are the same as those on the left, but showing the ensemble-mean forecast (thin red, comprised of 153 ensemble members) rescaled to have the same variance as the 
observations, and the lagged ensemble-mean forecast (thick red, comprised of 612 ensemble members, rescaled by the same factor as for the non-lagged). The red 
shading in panels (a, c, e) represents the 5th–95th percentiles of all ensemble members (dark shading corresponds to short period; the additional years in the long period 
are shown in lighter shading) while in panels (b, d, f), it indicates the 5%–95% confidence interval estimated from the root-mean-square error of the lagged ensemble 
with respect to the observations. At the top of each panel, we indicate the ACC with its significance (P) and the corresponding RPC for the short period (long period 
inside brackets).
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Figure 2 shows the resulting skill at predicting the atmospheric indices considered herein as a function of ensem-
ble size. Consistent with the evaluation of skill in Figure 1, the indices exhibit different levels of skill. However, it 
also shows that skill in the NAO, jet latitude, and jet speed appears to still be increasing when using the maximum 
number of ensemble members (612), suggesting that ACC skill could be expected to increase further with a larger 
number of ensemble members. We note that the shading in Figures 2a and 2b does not represent the uncertainty 
associated with the estimation of the correlation score, but rather indicates the spread in the distribution of the 
randomly selected combinations. Lower panels in Figures 2c and 2d show the percentage of the 10,000 combi-
nations featuring a significant ACC for each ensemble size, which provides an indication of the significance 
of the spread in ACC values. In the short period, as an example, ensembles with more than 150 members are 
characterized by significant ACCs for all indices (apart from JLI, which reaches a maximum of less than 80% for 
the largest ensemble size here considered, Figure 2d), while significance in the long period is achieved almost 
exclusively for the AO index.

As an aside, we find that the overall skill for the NAO and eddy-driven jet is sensitive to the inclusion of March in 
the winter season mean (e.g., DJFM compared to DJF). The increase in skill is especially clear for the jet latitude, 
which is associated with a significant drop in skill when assessing DJF rather than DJFM (not shown). This drop 
in skill appears to be consistent with the larger decadal and multidecadal variability observed in the North Atlan-
tic eddy-driven jet in March (e.g., Simpson et al., 2019), although the larger variability on decadal timescales 
appears dependent on how basin-wide variability is measured (Bracegirdle, 2022).

4. Degradation of Skill in the Recent Period
The previous section, and results in Figure 1, focused on evaluating hindcasts initialized over 1960–2005 (i.e., 
the short period) to be consistent with results from S20. However, DCPP-A hindcasts from CMIP6 cover a longer 
time period with more observational data available for evaluation. Therefore, we extend our analysis to evaluate 
hindcasts initialized over 1960–2012, which we call the long period.

When evaluating DCPP-A hindcasts over the long period, we find substantial declines in the skill for the NAO 
and jet indices. For example, the lagged ensemble skill for the jet latitude and jet speed decreases from +0.52 
to +0.71 respectively to statistically insignificant values of +0.18 and  +0.34. Skill in the NAO index drops 
from +0.75 to a 0.50, lower yet still statistically significant. All differences in skill are deemed statistically 

Figure 2. (a) Relationship between ensemble size and skill (ACC) at predicting the NAO and AO (green and blue, 
respectively) with lagged ensemble means, for the short (solid lines) and long (dotted lines) periods. Shading represents 
5th–95th percentiles of the distribution of ACCs from 10,000 random combinations with replacement of a number of 
ensemble members; lines indicate the mean of such distributions. (b) As in (a), for JLI (green) and JSI (blue). Skill is 
estimated for the 2–9-year lead period in all ensemble members. Vertical lines denote the total multi-model ensemble size 
from DCPP-A of CMIP6, 153 members. (c) and (d) show the percentage of significant ACC scores among the 10,000 that 
make up the distributions for each ensemble size in panels (a) and (b).
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significant via block-bootstrapping. The drop in skill is also related to a drop in RPC values, which decreases to 
6.9 for the NAO, and down to 2.6 and 3.4 for the jet latitude and speed respectively. The drop in skill appears to 
be related primarily to DCPP-A hindcasts failing to capture the observed positive trend in the indices over the 
2010s (Figure 1). In particular, this period corresponds to a return to positive NAO conditions associated with a 
stronger and more northerly jet. Such a drop in skill is also visible from inspection of Figure 2. However, it is clear 
that model skill is not only lower over the long period, but that the increase in skill with ensemble size achieves 
saturation with fewer members (except for the AO index, whose skill remains virtually unaltered across the two 
periods, consistent with the lack of skill degradation seen in Figure 1).

In addition to atmospheric variables in the North Atlantic, surface temperature over the ocean exhibits a consid-
erable decline in skill. Figures 3a and 3b shows the skill of DCPP-A hindcasts at predicting temperatures near 
the surface (TAS). For the short period (Figure 3a) there is significant skill over the majority of the globe, with 
particularly strong skill in the North Atlantic, tropical Atlantic Ocean, and in the Indian and western Pacific 
Oceans. However, for the longer period, we find a significant reduction in skill over the eastern subpolar North 
Atlantic and tropical North Atlantic (Figure 3b). This reduction of skill over the North Atlantic is associated with 
warm forecast errors in DCPP-A predictions over the subpolar North Atlantic, as shown by most recent changes 
(from the end of short period to the end of long period, i.e., 8-year periods spanning between 2008 and 2021) 
in TAS in DCPP-A models (Figure 3c) and the deviation of DCPP-A models from observations (Figure 3d). In 
other words, the DCPP-A multimodel mean does not capture the recent cooling of the subpolar North Atlantic 
post-2005 (Robson et al., 2016).

Anomalously cold temperatures over the subpolar and tropical North Atlantic Ocean have been suggested as driv-
ers of positive NAO and a faster jet (Rodwell et al., 1999; Woollings et al., 2015). Therefore, one interpretation 
is that a drop in TAS predictability is the cause of the drop in NAO and jet indices. However, warmer surface 
temperatures over the North Atlantic Ocean would also be expected due to the failure to predict the positive 

Figure 3. Surface temperature (TAS) skill (as measured by ACC) of year 2–9 hindcast from DCPP-A for the short period (a) and the difference, long minus short (b). 
Panels (c), (d) show changes in TAS over the latest decade with respect to the long period (i.e., long minus short) in DCPP-A models and deviations of DCPP-A models 
from ERA5, respectively. Stippling indicate statistical significance (P < 0.05) of the ACC (a) and its difference across the two periods (b).
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NAO (e.g., positive NAO drives increased oceanic heat loss, Marshall et al., 2001; Grist et al., 2010), with other 
relevant factors possible. For example, previous work has highlighted that temperatures in the western tropical 
Pacific are a key driver of the NAO on decadal timescales (Kucharski et al., 2006; Latif, 2001). Nevertheless, 
we see no change in skill in this region between the short and long period (Figure 3b), suggesting that  this is 
not the primary cause. External forcings have been linked to both NAO variability (Christiansen, 2008; Ortega 
et al., 2015; Sjolte et al., 2018) and skill in predictions of subpolar North Atlantic surface temperatures (Borchert 
et al., 2021). Furthermore, external forcings may explain the NAO skill in the short period (Klavans et al., 2021). 
However, different forcing factors (e.g., volcanic eruptions, anthropogenic aerosols, etc.) change through time 
and so it follows that the skill expected from external forcings is also likely to be sensitive to the time period used 
(Borchert et al., 2021; Sjolte et al., 2018). Additionally, state-dependent predictability of the NAO (Weisheimer 
et al., 2017) and North Atlantic SSTs (e.g., over the North Atlantic SPG, Brune et al., 2018), as well as state 
dependence on teleconnections (Fereday et al., 2020; López-Parages & Rodríguez-Fonseca, 2012; Weisheimer 
et al., 2020) may also play a role. Finally, we note that the drop in skill appears to be largely a North Atlan-
tic atmospheric circulation's phenomenon, as there is no significant drop in skill in the predictability of the 
hemispheric-wide AO index (ACC values of +0.65 and 0.64 for the short and long period respectively, see 
Figures 1g and 1h), regardless of the size of the ensemble (Figure 2a). Further investigation is needed to unravel 
the causes of the reduction in skill.

5. Conclusions
In this paper we expand upon the analysis presented in Smith et al. (2020) to assess the predictability of the North 
Atlantic eddy-driven jet (latitude and speed) in winter (December to March) in decadal predictions made for 
CMIP6. In particular, we evaluate and compare the skill of the eddy-driven jet latitude and speed in winter and 
the winter NAO. Our key results are as follows:

1.  The North Atlantic eddy-driven jet is predictable on decadal time-scales when evaluating hindcasts initialized 
over the period 1960–2005 (i.e., the same time-period as used in Smith et al., 2020). The ACC skill score for 
years 2–9 of the ensemble mean (after post-processing by considering a lagged-ensemble) is 0.52 and 0.71 for 
jet latitude and jet speed, respectively, consistent with the ACC of 0.75 for the winter NAO.

2.  As with the NAO, the amplitude of predicted anomalies in the North Atlantic eddy-driven jet is substantially 
smaller than observations (RPC of 8.4 and 8.7 for the jet latitude and speed, respectively), despite the high 
ACCs, indicating a low signal-to-noise ratio.

3.  The skill for all indices drops substantially when evaluating hindcasts initialized between 1960 and 2012 
(rather than 1960–2005). This drop in skill corresponds to a failure of hindcasts to capture both the return to 
positive NAO conditions post-2010 and the associated poleward extension and strengthening of the jet. As 
a result, the skill of the NAO drops to 0.50, and significant skill is no longer present in the North Atlantic 
eddy-driven jet indices.

4.  Alongside the drop in skill of the atmospheric circulation in the North Atlantic, there is also a significant drop 
in skill at capturing the surface air temperature over the subpolar and tropical North Atlantic when evaluating 
hindcasts initialized between 1960 and 2012 rather than 1960–2005.

This paper has demonstrated that, alongside the NAO, predictability in the winter North Atlantic eddy-driven jet 
exists on decadal timescales. In particular, skill at predicting the jet's speed is higher than that for its latitude. This 
improved skill for jet speed is consistent with Woollings et al. (2015), who showed that winter NAO interannual 
variability is dominated by jet latitude, while changes on longer time scales are dominated by jet speed. However, 
as with the NAO, the predictable signal appears too weak. Future work could explore calibrations of the predic-
tions as in Smith et al. (2020) in order to provide more relevant information to society, and to explore whether 
jet predictions (e.g., latitude or speed), rather than NAO predictions, could be more useful to certain sectors. In 
addition, efforts could be made to quantify the maximum level of achievable skill for the NAO and jet variability, 
and thus the optimal number of ensemble members needed to achieve it.

However, the skill in North Atlantic atmospheric circulation in winter is sensitive to the time period studied. 
Unfortunately, the reasons for this drop in skill remain unclear. Our results suggest that the drop in skill is primar-
ily related to the physical mechanisms of the North Atlantic basin. In fact, the skill in predicting hemisphere-wide 
variability (e.g., the AO) did not exhibit similar degradation over the most recent period. One potential inter-
pretation is that the drop in skill of the atmospheric variables is consistent with a reduction in skill at capturing 
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surface temperature anomalies over North Atlantic Ocean. However, the drop in North Atlantic atmospheric 
circulation skill could be related to other factors, such as external forcing changes, state-dependent predictability, 
unpredictable noise (and its misrepresentation in models), or poorly related processes. Therefore, in order to have 
confidence in future predictions, it is important that future work explores the reasons behind changing skill, as 
well as the differences in NAO and AO predictability.

Data Availability Statement
The climate model hindcasts are available via the Earth System Grid Federation (ESGF) archive of the sixth 
Coupled Model Intercomparison Project (CMIP6) data (https://esgf-index1.ceda.ac.uk/projects/esgf-ceda/).
ERA5 data is available from the ECMWF at https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/
era5.
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