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Short summary 12 

Seasonal prediction of the winter North Atlantic Oscillation (NAO) relies partly on persistent patterns of North 13 

Atlantic sea-surface temperature (SST) anomalies. Whether this SST–NAO relationship remains stable under 14 

anthropogenic climate change is unclear. Using a 40-member large ensemble together with a hierarchy of 15 

physically constrained statistical and machine-learning models, we examine how NAO predictability evolves 16 

under SSP3-7.0 forcing. The internal SST–NAO teleconnection remains broadly stable throughout the 21st 17 

century, although its subpolar component weakens. In contrast, the externally forced SST–NAO relationship 18 

changes substantially and reverses sign by late century as the North Atlantic warming pattern reorganises. Forecast 19 

skill declines most strongly during the transition period when the forced signal passes through near-zero amplitude. 20 

These results suggest that future changes in the North Atlantic mean state may alter the basis of seasonal NAO 21 

predictability even if the underlying internal teleconnection remains intact. 22 

 23 

Abstract 24 

The winter North Atlantic Oscillation (NAO) is a major source of seasonal climate variability across the Euro-25 

Atlantic region, and part of its predictability arises from persistent North Atlantic sea-surface temperature (SST) 26 

anomalies. Whether this SST–NAO relationship remains stationary under anthropogenic forcing is uncertain. Here 27 

we investigate the evolution of North Atlantic SST–NAO predictability using the 40-member CANARI large 28 

ensemble under SSP3-7.0 forcing together with a hierarchy of physically constrained statistical and machine-29 

learning models. We find that the internal component of the SST–NAO teleconnection retains a largely stable 30 

spatial structure throughout the 21st century, although the subpolar North Atlantic contribution weakens. In 31 

contrast, the externally forced SST–NAO relationship changes substantially as the North Atlantic warming pattern 32 

evolves. A three-term stationarity budget shows that forecast-skill degradation in the early 21st century is 33 

dominated by changes in the forced mean state rather than by increased internal variability. By the late century, 34 

the forced SST–NAO regression reverses sign as differential warming between the tropical and subpolar North 35 

Atlantic strengthens. A decomposition of predictability sources indicates a transition from historically interaction-36 

driven predictability, in which forced and internal SST components jointly contribute to NAO skill, toward a 37 

regime in which the forced SST component becomes increasingly important. All model configurations exhibit a 38 

https://doi.org/10.5194/egusphere-2026-2686
Preprint. Discussion started: 26 May 2026
c© Author(s) 2026. CC BY 4.0 License.



2 

comparable decline in skill under SSP3-7.0, suggesting that the degradation arises primarily from changes in the 39 

climate background state rather than from the choice of statistical architecture. ERA5 reanalysis data show an 40 

emerging positive shift in the recent winter NAO relative to the historical baseline, consistent with the early stages 41 

of the simulated transition. Together, these results suggest that future seasonal prediction systems may require 42 

periodic recalibration as the North Atlantic mean state evolves under continued anthropogenic forcing. 43 

 44 

1. Introduction 45 

The North Atlantic Oscillation (NAO) is the dominant pattern of atmospheric variability over the North 46 

Atlantic on weekly-to-interannual timescales (Hurrell, 1995; Hurrell et al., 2003). Its phase largely determines the 47 

position and intensity of the North Atlantic jet stream and the associated storm track. Boreal winter is the season 48 

of primary interest: the meridional temperature gradient between the tropics and the Arctic is then at its strongest, 49 

sustaining the most vigorous baroclinic activity, the most active transient eddy fluxes, and the most energetic storm 50 

track across the North Atlantic basin (Hurrell and Deser, 2010; Woollings et al., 2010). It is in this season that the 51 

NAO attains its largest amplitude and most strongly imprints on surface climate across the Euro-Atlantic sector 52 

(Hurrell, 1995; Marshall et al., 2001; Hurrell and Deser, 2010). Through its control on wind, precipitation, and 53 

temperature variability, the NAO has measurable consequences for energy demand, river flows, flood risk, and 54 

agricultural yields across Europe (Hurrell and van Loon, 1997; Visbeck et al., 2001). Skillful seasonal prediction 55 

of the winter NAO is therefore a long-standing objective of operational climate services across the Euro-Atlantic 56 

sector (Scaife et al., 2014; Kushnir et al., 2019). 57 

A component of the winter NAO is predictable from North Atlantic sea surface temperature (SST) anomalies 58 

in the preceding summer and autumn. The canonical predictor is the North Atlantic SST tripole (Deser and 59 

Blackmon, 1993; Kushnir, 1994; Czaja and Frankignoul, 2002): cold anomalies in the subpolar gyre, warm 60 

anomalies in the subtropical gyre, and cold anomalies in the tropical North Atlantic. This pattern has been 61 

repeatedly associated with lagged NAO variability across observational and modelling studies (Visbeck et al., 62 

2003; Sutton and Hodson, 2005; Deser et al., 2004). Through baroclinic adjustment to the diabatic heating 63 

anomalies generated by this SST pattern, the large-scale tropospheric circulation — including the position and 64 

strength of the North Atlantic jet stream — is shifted toward preferred phases of the winter NAO (Hoskins and 65 

Karoly, 1981; Peng et al., 2003; Rodwell et al., 1999; Czaja and Frankignoul, 2002; Gastineau and Frankignoul, 66 

2015). This lag structure — autumn SST anomalies influencing the subsequent winter circulation — provides the 67 

physical basis for multi-month seasonal prediction. Coupled dynamical forecast systems that exploit this pathway 68 

achieve ensemble-mean correlations with the observed winter NAO of r ≈ 0.6 at seasonal lead (Scaife et al., 2014) 69 

and r ≈ 0.8 at multi-year lead following statistical post-processing (Smith et al., 2020). 70 

These skill levels are substantial, yet a well-documented feature of coupled ensemble systems suggests they 71 

may not represent the ceiling of what is physically achievable. Ensemble forecasts tend to underestimate the true 72 

predictability of the real climate: the ensemble mean carries a weaker signal than observations actually exhibit, so 73 

the r ≈ 0.6–0.8 values likely understate the real-world predictive potential of the SST–NAO link rather than 74 

approach it. This is the signal-to-noise paradox (Scaife and Smith, 2018; Eade et al., 2014; Smith et al., 2020; 75 

Weisheimer et al., 2024). Its origins remain debated, but its practical consequence is that even well-performing 76 

forecast systems may not be fully exploiting the ocean’s influence on the winter NAO. A more fundamental 77 

question, however, concerns not the current magnitude of that skill but its long-term stability: whether the SST–78 
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NAO coupling that underpins these forecasts will remain stationary as anthropogenic forcing reshapes the North 79 

Atlantic has received comparatively little attention. 80 

The SST–NAO teleconnection does not operate in a fixed ocean state — it operates against a climatological 81 

background that is changing under anthropogenic forcing. The Atlantic Meridional Overturning Circulation 82 

(AMOC) has weakened by approximately 15% since the mid-twentieth century (Caesar et al., 2018), producing a 83 

relative cooling of the subpolar gyre — the observational fingerprint of the North Atlantic Warming Hole — while 84 

the tropical North Atlantic continues to warm under rising greenhouse gas concentrations (Bellomo et al., 2021; 85 

Menary et al., 2020; Jackson et al., 2022). The result is a progressive amplification of the tropical-to-subpolar SST 86 

gradient that projects directly onto the meridional pressure gradient the NAO modulates, and may consequently 87 

alter both the atmospheric response to SST anomalies and the background state of the jet stream through which 88 

that response is communicated to European surface climate. 89 

This evolving ocean state sets up two physically distinct questions about the future of NAO predictability. 90 

First, does the dynamical teleconnection mechanism itself change — that is, does the atmosphere's sensitivity to a 91 

given SST anomaly pattern reorganise under forcing? Second, does the background SST state shift so far from 92 

historical conditions that a forecast system calibrated on historical data can no longer reliably interpret the SST 93 

anomalies it receives, even if the underlying sensitivity is unchanged? These two possibilities call for 94 

fundamentally different responses. A change in the mechanism would require redesigning the physical predictor. 95 

A shift in the background state, with the mechanism intact, would call for updating the climatological reference 96 

against which SST anomalies are measured. 97 

Whether the North Atlantic SST–NAO teleconnection remains stationary under anthropogenic forcing is 98 

therefore a question with both scientific and operational significance. On the scientific side, it addresses whether 99 

a well-established physical coupling — the baroclinic response of the winter NAO to antecedent ocean heat content 100 

anomalies — survives in the altered ocean state projected for the twenty-first century. On the operational side, it 101 

determines whether the physical basis for seasonal NAO prediction will continue to be exploitable by forecast 102 

systems designed around historical observations, or whether those systems will require recalibration or 103 

reconceptualisation as the forcing evolves. Both statistical and dynamical prediction systems are calibrated 104 

primarily using historical relationships (Doblas-Reyes et al., 2013; Scaife et al., 2014), so the stationarity question 105 

has direct consequences for how those systems should be maintained and updated. 106 

This concern is sharpened by the intrinsic signal-to-noise characteristics of the problem. The predictable, SST-107 

forced component of the winter NAO is small relative to the background of internally generated atmospheric 108 

variability — predictable variance accounts for only a few percent of total NAO variance in coupled model 109 

ensembles. As a consequence, even modest changes in the amplitude or spatial structure of the forced SST signal 110 

can substantially alter forecast skill: a contraction of the forced regression toward zero is sufficient to suppress 111 

predictability, while a sign reversal produces an entirely new predictability regime. Distinguishing between these 112 

possibilities — whether future skill changes reflect increased atmospheric noise, weakening of the forced SST 113 

amplitude, or a structural reorganisation of the SST–NAO relationship — is essential for understanding whether 114 

any degradation can be addressed through recalibration or requires a more fundamental revision of the prediction 115 

approach. 116 

Answering this question requires separating two components of the SST–NAO relationship that are conflated 117 

in any single observation or simulation: the internally driven, dynamical component — the baroclinic mechanism 118 
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excited by internal variability in ocean heat content — and the externally forced component, reflecting the NAO 119 

tendency driven by the anthropogenic and natural forcing agents common to all ensemble members. If the internal 120 

mechanism is preserved but the forced component changes sign or amplitude, the appropriate response differs 121 

fundamentally from the case in which both change together. 122 

We address these questions using the 40-member CANARI large ensemble (HadGEM3-GC3.1; Walters et al., 123 

2019), which provides the large sample sizes required to cleanly separate the externally forced and internal-124 

variability components of the SST and NAO at each timestep. Our primary diagnostic tool is a three-term 125 

stationarity budget that partitions the change in seasonal forecast skill between the historical period and each future 126 

evaluation window into contributions from the forced SST–NAO regression amplitude, the internal variability 127 

amplitude, and the spatial reorganisation of the forced regression. This budget closes additively, providing a 128 

complete attribution of skill change without residual. 129 

To apply the budget, we use a hierarchy of diagnostic prediction models — spanning from a simple linear 130 

regression to a physics-anchored probabilistic network — not as competing forecast systems but as a consistency 131 

check: if all configurations degrade in the same way under future forcing, that degradation reflects a property of 132 

the SST–NAO relationship rather than any modelling choice. A complementary predictability-source analysis 133 

separates the contributions to skill from the forced and internal-variability components of the SST field, revealing 134 

how the origin of seasonal predictability shifts across the century. 135 

Statistical and machine-learning predictors fitted on historical SST–NAO relationships offer a structural 136 

advantage for this diagnostic purpose: because their regression weights are explicit and observable, their stability 137 

across different forcing conditions provides a direct empirical test of teleconnection stationarity. This role is 138 

complementary to, rather than in competition with, dynamical coupled models, in which the SST–NAO 139 

relationship is realised implicitly through resolved physical processes. 140 

The paper is organised as follows. Section 2 describes the data, diagnostic models, and budget framework. 141 

Section 3 presents results: prediction model validation (§3.1), internal teleconnection robustness (§3.2), the 142 

stationarity budget and sign reversal (§3.3), the predictability-source transition (§3.4), spatial attribution (§3.5), 143 

observational constraints (§3.6), and model-configuration consistency (§3.7). Section 4 discusses the physical 144 

interpretation, implications, and limitations. 145 

 146 

2. Data and Methods 147 

2.1 CANARI large ensemble and observational data 148 

The primary dataset is the CANARI large ensemble, a 40-member ensemble of historical (HIST; 1950–2014) 149 

and future (SSP3-7.0; 2015–2099) simulations carried out with the HadGEM3-GC3.1 fully coupled climate model 150 

(Walters et al., 2019). CANARI was designed specifically to investigate internally generated variability and 151 

predictability under evolving anthropogenic forcing through the use of a large number of ensemble members 152 

initialised from slightly perturbed atmospheric conditions. The use of a large ensemble framework is particularly 153 

important for the present study because it permits the externally forced response, estimated as the ensemble mean, 154 

to be separated from internally generated climate variability of individual ensemble members. This separation is 155 

essential for diagnosing whether changes in seasonal predictability arise from modifications to the underlying 156 

internal teleconnection or from changes in the evolving forced climate background state. 157 
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The winter NAO index is computed following Smith et al. (2020) as the monthly mean sea-level pressure 158 

difference (in Pa) between the Azores (28°–20°W, 36°–40°N) and Iceland (25°–16°W, 63°–70°N) action centres. 159 

The focus throughout is on boreal winter (December–March; DJFM). Predictors for the diagnostic models are 160 

North Atlantic SSTs over the domain 20°–70°N, 80°W–10°E, evaluated at four monthly lags prior to the DJFM 161 

season. SST and NAO are expressed as anomalies relative to a 1950–1980 climatology and standardised by the 162 

training-period statistics; the forced trend within each analysis window is retained. Sensitivity tests using detrended 163 

anomalies produce qualitatively similar large-scale behaviour as described in Section 2.2, although the late-century 164 

forced subpolar amplitude is reduced (Fig. 2c–d). 165 

To separate externally forced from internally generated variability, each ensemble member is decomposed into 166 

an ensemble-mean component and a residual component after subtracting the ensemble mean. The ensemble-mean 167 

term represents the externally forced response, and the residual represents the internally generated anomaly after 168 

removal of the ensemble-mean forced signal. This decomposition is applied consistently to both SST and NAO 169 

fields. Ensemble-mean quantities are interpreted as approximations to the forced climate response under SSP3-7.0 170 

forcing, whereas deviations from the ensemble mean are interpreted as internally generated variability arising from 171 

atmosphere–ocean interactions and chaotic atmospheric dynamics. The validity of this decomposition relies on the 172 

assumption that internally generated variability is uncorrelated across ensemble members and therefore averages 173 

toward zero in the ensemble mean. While residual contamination from internal variability cannot be completely 174 

excluded, previous large-ensemble studies have shown that ensemble means constructed from approximately 30–175 

40 members provide a robust estimate of the forced North Atlantic climate response on multidecadal timescales. 176 

In the sections below, the term “forced relationship” refers to regressions computed using ensemble-mean 177 

quantities, whereas the term “internal relationship” refers to regressions computed from ensemble anomalies after 178 

removal of the forced signal. The decomposition additionally permits the covariance between forced and internal 179 

components to be evaluated explicitly. This is important because predictability may arise not only from the 180 

internally generated SST signal itself, but also from interactions between internally generated anomalies and the 181 

evolving forced mean state. 182 

Throughout this work, σ_signal denotes the standard deviation over winters of the ensemble-mean (forced) 183 

NAO time series — a measure of the externally forced NAO amplitude. σ_noise is the root-mean-square across 184 

ensemble members of each member's internal NAO standard deviation (NAO minus ensemble mean). The ratio 185 

SNR ≡ σ_signal / σ_noise indicates the fraction of total NAO variance that is predictable from external forcing. 186 

Over 1950–2014 this gives σ_signal ≈ 133 Pa, σ_noise ≈ 782 Pa, and SNR ≈ 0.17, so predictable variance is 187 

roughly 3% of total NAO variance.  188 

To evaluate the consistency with observations, we used ERA5 (Hersbach et al., 2020) for the NAO index and 189 

HadISST (Rayner et al., 2003) for SST, both over 1950–2024. Note that observations are used here primarily as a 190 

qualitative benchmark for the historical SST–NAO relationship and recent circulation trends rather than as a strict 191 

validation target because the observational period remains short relative to multidecadal North Atlantic variability. 192 

Forecast skill is evaluated separately over historical (1950–2014), near-future (2015–2039), mid-century 193 

(2040–2064), and late-century (2065–2099) periods in order to diagnose the evolution of predictability across 194 

progressively warmer climate states. 195 

Before applying any diagnostic models, we verified that the CANARI ensemble reproduces the observed 196 

lagged SST–NAO relationship in the historical period. Lead/lag regression maps of the winter NAO index onto 197 
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preceding monthly North Atlantic SST anomalies were computed for CANARI (ensemble-mean of member-wise 198 

regressions, 1950–2014) and compared with the equivalent ERA5–HadISST observational estimate over the same 199 

period. The CANARI historical regression captures the canonical tripole structure — subpolar cooling, subtropical 200 

warming, and tropical cooling ahead of positive NAO winters — with amplitude and sign consistent with the 201 

observational reference (not shown; Czaja and Frankignoul, 2002; Rodwell et al., 1999). Both amplitude and lag 202 

of the regression are broadly consistent with the observational reference. This agreement confirms that the 203 

CANARI ensemble is a suitable basis for the stationarity analysis that follows. The same lead/lag regression is 204 

shown for the SSP3-7.0 period (not shown), illustrating that the spatial structure of the internal teleconnection is 205 

preserved under future forcing — consistent with the pattern-correlation analysis reported in Section 3.2 — while 206 

the amplitude in the subpolar node declines moderately. Taken together, these comparisons establish that changes 207 

diagnosed in §3 reflect genuine evolution of the SST–NAO relationship under forcing, rather than a pre-existing 208 

deficiency in how the model represents the teleconnection. 209 

 210 

2.2 Diagnostic prediction model hierarchy 211 

The model hierarchy is designed primarily as a diagnostic framework rather than as a competition between 212 

prediction architectures. Each model level introduces one additional degree of flexibility into the SST–NAO 213 

relationship, allowing us to assess whether the conclusions depend on model complexity or instead reflect 214 

properties of the underlying climate signal itself. 215 

The simplest configuration (L0) is a ridge regression fitted to the leading principal components of North 216 

Atlantic SST variability. This configuration tests whether a linear SST signal is sufficient to recover seasonal NAO 217 

predictability. The second configuration (L1) replaces the linear regression with a convolutional neural network 218 

applied directly to the gridded SST field at multiple monthly lags, allowing nonlinear and lag-dependent 219 

relationships to emerge. The third configuration (L2) retains the same convolutional structure but predicts a 220 

Gaussian distribution rather than a single deterministic NAO value, thereby representing forecast uncertainty 221 

explicitly. The final configuration (L3) further allows the predictive distribution to be non-Gaussian and tests 222 

whether constraining the learned SST representation to the known SST–NAO tripole pattern affects the result.  223 

Essentially, each tier adds one capability to the SST–NAO mapping: 224 

• L0 (linear regression): Is there a detectable linear SST–NAO signal under low signal-to-noise conditions? 225 

• L1 (convolutional network with lags): Does allowing nonlinearity and lag-dependent weighting improve skill? 226 

• L2 (probabilistic convolutional network): Does representing forecast uncertainty — rather than a single best 227 

estimate — improve the skill estimate? 228 

• L3 (physics-anchored network): Does constraining the learned representation to the known SST–NAO tripole 229 

pattern help, at the cost of flexibility? 230 

 231 

The purpose of the hierarchy is not to identify a single optimal predictor, but to test whether changes in forecast 232 

skill are robust across fundamentally different statistical representations. If all model levels exhibit similar 233 

behaviour under climate change, then the resulting predictability changes are unlikely to arise from any individual 234 

architecture and instead more likely reflect changes in the underlying SST–NAO relationship. 235 

All configurations are trained on CANARI members 1–32 (1950–1999) and applied without retraining, fine-236 

tuning or recalibration to a held-out test set (member33-40) over 2000–2014 and to each of the SSP3-7.0 windows 237 
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(2015–2039, 2040–2064, 2065–2099). SST inputs in the SSP3-7.0 period are normalised using HIST training 238 

statistics, so the only quantity changing between training and evaluation is the climate state itself. This 239 

experimental design mirrors the practical problem faced by seasonal forecast systems trained under the historical 240 

climate and subsequently applied in a changing background state. Skill is reported as the Pearson correlation 241 

between predicted and observed NAO across all member-winter pairs in each window. Full technical specifications 242 

— loss function, training protocol, architecture details — are given in Appendix A. A sensitivity experiment 243 

repeating all analyses after subtracting the ensemble-mean linear SST trend confirms that the results are robust to 244 

detrending (Supplementary Fig. S1). 245 

Three aspects of the low signal-to-noise environment require specific design choices, described briefly here 246 

and specified fully in Appendix A. First, the training target: because the ensemble-mean NAO has near-zero 247 

variance at SNR ≈ 0.17, it cannot serve as a meaningful training signal. We instead use, at each timestep, the 248 

ensemble member whose NAO departs most strongly from the ensemble mean — a choice that preserves the 249 

direction of the forced signal while providing sufficient variance for training, with an amplitude correction 250 

reanchoring the predicted variability to the observed NAO magnitude. Second, the loss function is supplemented 251 

with a penalty on the predicted variance, preventing the models from collapsing toward a climatological mean 252 

rather than responding to the SST input. Third, for the most constrained configurations (L2, L3), a fixed projection 253 

layer initialised from the observed SST–NAO regression tripole constrains the learned SST representation to the 254 

known physical teleconnection pattern, guarding against spurious correlations that can arise at low signal-to-noise 255 

(Reichstein et al., 2019; Karniadakis et al., 2021). L0 and L1 are left unconstrained, so the hierarchy spans the full 256 

range from unconstrained to physics-anchored. Full specifications are in Appendix A. 257 

 258 

2.3 Three-term stationarity budget and predictability-source decomposition  259 

To diagnose changes in predictability under climate change, we construct a three-term stationarity budget that 260 

separates forecast-skill changes between the historical period and each SSP3-7.0 windows intro additive 261 

contributions associated with:  262 

• changes in forced signal amplitude, 263 

• changes in signal-to-noise ratio, 264 

• changes in the spatial structure of the SST–NAO relationship. 265 

 266 

The framework is designed to distinguish between reduced predictability arising from increased internally 267 

generated atmospheric variability and reduced predictability arising from structural evolution of the SST-forced 268 

circulation response under anthropogenic forcing. Forecast degradation can occur through several physically 269 

distinct pathways. First, the amplitude of the predictable SST signal may weaken relative to historical conditions. 270 

Second, internally generated atmospheric variability may increase, thereby reducing the effective signal-to-noise 271 

ratio available to seasonal prediction systems. Third, the SST–NAO teleconnection itself may evolve spatially, 272 

such that historical predictor structures become progressively less representative of future climate states even if 273 

the underlying teleconnection mechanism remains partially intact. 274 

Formally, this is written as: Δr_total = Δr_signal + Δr_noise + Δr_pattern. They are built from the forced-275 

regression correlation r — the Pearson correlation between the ensemble-mean SST time series ⟨SST(t)⟩ and the 276 

ensemble-mean NAO time series ⟨NAO(t)⟩. The ensemble mean at each timestep is used as the operational 277 
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estimate of the externally forced response (Hawkins and Sutton, 2009; Deser et al., 2012); ensemble-averaged 278 

member-wise regressions are not used because they carry an internal-variability bias of order 279 

var(internal)/var(total) that prevents budget closure at CANARI's low SNR ≈ 0.17. The forced regression slope β 280 

= cov(⟨SST⟩, ⟨NAO⟩) / var(⟨SST⟩) [Pa K⁻¹] is a diagnostic derived from the same ensemble-mean fields. Two 281 

variance quantities defined in §2.1 enter the noise term: σ_signal, the standard deviation over winters of the 282 

ensemble-mean NAO time series (forced NAO amplitude); and σ_noise, the root-mean-square across the 40 283 

members of each member's standard deviation over winters of the internal NAO (NAO minus ensemble mean; 284 

internal variability amplitude). 285 

The total skill change is Δr_total = r_HIST − r(w), where r(w) is the forced-regression correlation in window 286 

w computed on the raw SST anomaly fields (anomalies relative to the fixed 1950–1980 HIST climatology, 287 

retaining the forced SST trend). The three terms decompose this total as follows. Δr_signal = r_HIST − 288 

r_signal(w), where r_signal(w) is r(w) recomputed after subtracting the per-grid-point ensemble-mean SST at each 289 

timestep, removing the forced trend from the anomaly field so that only the change in forced SST amplitude 290 

contributes. Δr_noise = r_HIST − r_noise(w), where r_noise(w) is the forced-regression correlation recomputed 291 

after rescaling the SSP3-7.0 NAO variance to the HIST σ_signal and σ_noise values, isolating the contribution 292 

from the change in the ratio σ_signal / σ_noise while holding the regression pattern fixed; a lower SNR reduces 293 

the forced-regression correlation even when the physical pattern is unchanged. Δr_pattern captures the 294 

reorganisation of the spatial structure and sign of β that remains after amplitude and noise contributions have been 295 

removed. All three budget terms are each computed independently from their own estimators and are not derived 296 

sequentially from one another, and they are verified to close (|Δr_total − (Δr_signal + Δr_noise + Δr_pattern)| < 297 

10⁻³ in all windows; Appendix B). 298 

Changes in teleconnection structure are quantified using centred spatial pattern correlations between historical 299 

and future SST–NAO regression maps over the North Atlantic domain. Pattern correlations are computed 300 

separately for the full-field, forced, and internal components in order to determine whether structural evolution 301 

arises primarily from externally forced changes or from modification of the internally generated teleconnection 302 

itself. 303 

The predictability-source decomposition identifies where skill originates within the SST field. Three regression 304 

experiments, identical except for their SST input, are run using the L0 configuration: one using only the ensemble-305 

mean (forced) SST, one using only the per-member departure from the ensemble mean (internal-variability SST), 306 

and one using the full per-member SST. The interaction term — combined skill minus the sum of the forced and 307 

internal-variability contributions — captures skill that arises only from the joint structure of the two components, 308 

and cannot be recovered from either alone. L0 is used for this decomposition because its linearity keeps the terms 309 

analytically separable. 310 

The decomposition is intended primarily as a physically interpretable diagnostic framework rather than as an 311 

exact variance partition. Interactions between forced and internal variability may generate covariance terms that 312 

are not fully separable within a linear decomposition framework. Nevertheless, the stationarity budget provides a 313 

useful approximation for identifying the dominant contributors to changing forecast skill under anthropogenic 314 

forcing. 315 

Uncertainty ranges are estimated using bootstrap resampling across ensemble members together with temporal 316 

block resampling across winters in order to account for both ensemble spread and temporal autocorrelation. 317 
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Statistical significance of differences between historical and future windows is evaluated using two-sided bootstrap 318 

confidence intervals. 319 

 320 

3. Results 321 

3.1 Prediction model validation 322 

Before examining how skill evolves under future forcing, we establish that the diagnostic model hierarchy 323 

reproduces the known SST–NAO relationship during the historical period. Figure 1 summarises model 324 

performance on the held-out test set (ensemble members 33–40, 2000–2014). 325 

The simplest configuration, L0 (linear regression), achieves the highest time-series skill in the historical period 326 

(r = 0.19, 95% CI: 0.11–0.27; Fig. 1a). Skill decreases monotonically with model complexity across L1–L3. This 327 

inverse relationship between complexity and skill is a direct consequence of the low ratio of predictable variance 328 

to internal variability in CANARI (signal-to-noise ratio SNR ≈ 0.17): with the predictable signal accounting for 329 

only about 3% of total NAO variance, more flexible models tend to fit the unpredictable internal variability in the 330 

training data rather than the small physical signal. An analogous tendency is well documented in the coupled 331 

seasonal forecast literature (Scaife and Smith, 2018; Weisheimer et al., 2024). That the hierarchy reproduces this 332 

known behaviour gives confidence that the models are responding to the physical SST–NAO teleconnection rather 333 

than to spurious features of the training data. 334 

A complementary picture emerges when the spatial structure of the learned SST predictor is compared with 335 

the observed SST–NAO tripole regression. L0 achieves its time-series skill through a combination of SST variance 336 

modes that does not closely resemble the physical tripole pattern (spatial pattern correlation r = −0.05). The more 337 

constrained configuration L2, by contrast, recovers the canonical tripole — subpolar cooling, subtropical warming, 338 

and tropical cooling ahead of positive NAO winters — with a pattern correlation of r = +0.58 against the ensemble-339 

estimated regression (Fig. 1c,d). This recovery comes at a small cost to time-series skill (Δr ≈ 0.04 relative to L0). 340 

The two configurations are therefore complementary: L0 provides the most reliable estimate of temporal skill and 341 

is used as the baseline for the stationarity budget in §3.3, while L2 provides spatially interpretable regression maps 342 

that can be compared with the known physical teleconnection pattern. 343 

The frequency characteristics of the L0 predictions also match the observed NAO (Fig. 1b): the power spectrum 344 

of the predicted NAO closely follows that of the target NAO across all resolved frequencies, and both lie 345 

substantially above a first-order autoregressive baseline. This confirms that the model is exploiting interannual-to-346 

decadal variability in the SST field rather than simply fitting the year-to-year persistence of the NAO itself. The 347 

preferential weighting of longer-lag SST information by the convolutional configurations is consistent with the 348 

well-established role of upper-ocean heat content memory in the subpolar gyre as a multi-month precursor of the 349 

winter NAO (Czaja and Frankignoul, 2002; Gastineau and Frankignoul, 2015). Together, these validation results 350 

confirm that the hierarchy captures the known SST–NAO relationship in the historical period and can therefore 351 

serve as a reliable diagnostic for the stationarity analysis that follows. 352 

 353 

3.2 The internal teleconnection is preserved, the forced shift is already detectable 354 

The internal-variability component of the SST–NAO teleconnection — the dynamical pathway by which ocean 355 

heat content anomalies modulate the tropospheric circulation — remains spatially coherent throughout the twenty-356 

first century under SSP3-7.0 forcing (Fig. 2a–d). Pattern correlations between the internal teleconnection maps 357 
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and the historical reference decline monotonically but gradually, from r = 0.96 in 2015–2039 to r = 0.87 in 2065–358 

2099 (overall r = 0.916 across the full SSP3-7.0 period; Fig. 2e). The attenuation is geographically concentrated 359 

in the subpolar node (50–65°N), consistent with the progressive weakening of the subpolar gyre under AMOC 360 

decline (Caesar et al., 2018; Menary et al., 2020), which reduces the ocean-to-atmosphere heat flux available to 361 

force the troposphere in that region. The tropical and subtropical nodes of the tripole are comparatively stable. No 362 

abrupt spatial reorganisation of the internal teleconnection is apparent at any point in the century. The physical 363 

coupling mechanism is preserved. 364 

This preservation has an important implication: any future skill loss in historically calibrated seasonal forecast 365 

systems cannot be attributed to a breakdown of the physical ocean-to-atmosphere pathway. What has changed — 366 

as the following sections demonstrate — is the climatological SST background against which that pathway 367 

operates. 368 

ERA5 reanalysis indicates that changes in the forced mean state are already underway. The DJFM NAO index 369 

shows a positive shift of +527 Pa over 2015–2024 relative to the 1950–2014 mean (95% CI: 84–1002 Pa, excluding 370 

zero; Fig. 6b,c). This anomaly lies outside the CANARI 95% ensemble range (Fig. 6d), consistent with the known 371 

tendency for coupled models to underestimate the predictable forced signal (Smith et al., 2020; Weisheimer et al., 372 

2024). The direction of the ERA5 shift is consistent with the early-SSP3-7.0 forced response diagnosed in §3.2, 373 

providing initial observational support for the forced transition. 374 

 375 

3.3 Three-term stationarity budget and forced response sign reversal 376 

Despite the preserved internal teleconnection, seasonal forecast skill declines comparably across all SSP3-7.0 377 

windows and across all four prediction configurations (§3.6; Fig. 3). This decline across different architectures 378 

emphasises the presence of non-stationarity as a property of the climate system rather than of any individual 379 

statistical method. The three-term budget identifies the physical origin of this decline. 380 

The internal NAO variability amplitude is stationary throughout: σ_noise declines by less than 2% across all 381 

windows (782 to 773 Pa) (Fig. S2). Changes in internal variability play no role in the skill evolution. The budget 382 

is therefore governed by the signal and pattern terms, and their relative contributions change markedly across the 383 

century. 384 

In 2015–2039, approximately 91% of the total skill decline is associated with the signal term (Fig. 3f). During 385 

this window the forced regression slope passes through zero (β ≈ −70 Pa K⁻¹). Physically, this marks the transition 386 

between two forced regimes. Under the broadly uniform North Atlantic warming of the historical period, the 387 

subtropical-to-subpolar pressure gradient progressively weakens, giving a negative forced NAO tendency — the 388 

externally forced component of SST anomalies is associated with a tendency toward negative NAO winters. As 389 

uniform warming gives way to AMOC-driven differential warming, this forced tendency contracts. The physical 390 

mechanism linking internal SST anomalies to NAO variability is functioning as before; what has changed is that 391 

the forced component of SST, which historically modulated this link, has temporarily lost its coherent sign. 392 

By 2065–2099 the transition is complete and a qualitatively different forced regime is established (Fig. 3c,d). 393 

AMOC weakening has driven differential warming in which the tropical North Atlantic warms considerably faster 394 

than the subpolar gyre (Caesar et al., 2018; Menary et al., 2020; Bellomo et al., 2021). This pattern strengthens the 395 

meridional pressure gradient and reverses the sign of the forced NAO tendency, so that the externally forced SST 396 

anomalies are now associated with positive NAO winters (β: −263 to +306 Pa K⁻¹). The forced signal re-amplifies, 397 
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and the pattern term is now co-equal with the signal term (59% signal, 45% pattern; Fig. 3e,f), reflecting the spatial 398 

reorganisation accompanying the sign reversal. Throughout this evolution, the noise term remains negligible, 399 

confirming that the changing predictability regime is driven entirely by the forced SST component. 400 

 401 

3.4 Predictability-source transition: from interaction-driven to forced-driven 402 

The predictability-source decomposition reveals how the physical origin of seasonal NAO skill shifts across 403 

the century (Fig. 4). In the historical period, neither the forced SST anomaly alone nor the internal-variability SST 404 

alone yields meaningful skill (r ≈ 0 in each case), yet the combined SST field achieves r = 0.16. The interaction 405 

term accounts for essentially all of this: r_interaction ≈ +0.16. Historical predictability arises not from either SST 406 

component acting independently, but from their joint structure — specifically, the way the forced background state 407 

modulates the conditions under which internal SST anomalies excite the NAO. This is physically consistent with 408 

the small historical forced amplitude (SNR ≈ 0.17): the forced signal is too weak to drive predictability on its own, 409 

but it shapes the background ocean state in a way that determines how the NAO responds to internal variability. 410 

By 2065–2099 this source composition has fundamentally changed. The forced SST component alone yields r 411 

= +0.16 (95% CI: 0.09–0.23), accounting for most of the late-century skill; the internal-variability component 412 

contributes r = +0.04 and the interaction term is substantially reduced (r_interaction = +0.09 vs. +0.16 in HIST; 413 

Fig. 4b). The emergence of direct forced predictability reflects the re-amplified, sign-reversed forced regression: 414 

the forced SST component is now large enough to drive NAO predictability on its own, without requiring the 415 

modulation of internal variability. The total apparent skill is similar in both periods (r ≈ 0.16), but it comes from 416 

entirely different physical sources. A forecast system calibrated on the historical regime — in which predictability 417 

required the joint structure of forced and internal SST — is not designed to exploit this new forced predictability, 418 

though it may capture it incidentally. 419 

 420 

3.5 Spatial attribution of predictability 421 

Regional masking and network sensitivity analysis reveal how the spatial footprint of NAO predictability shifts 422 

across the forcing period (Fig. 5). In the historical period, the Gulf Stream extension and North Atlantic Current 423 

(35°–50°N, 75°–30°W) contribute most strongly to the skill (reduction in skill of r = +0.023 when this region is 424 

masked), consistent with the baroclinic forcing of the NAO by the western boundary current SST front (Czaja and 425 

Frankignoul, 2002). 426 

In the 2015–2039 transition window this relationship inverts: masking the Gulf Stream region marginally 427 

improves skill (Δr = −0.016), indicating that Gulf Stream SST variability is projecting more onto prediction noise 428 

than onto the near-zero forced signal during this transitional period. This is the spatial expression of the 91% 429 

signal-term dominance: the historical predictability pathway has been disrupted, and the new forced pathway is 430 

not yet established. 431 

By 2065–2099 the footprint of predictability broadens substantially. The subpolar gyre, Gulf Stream, and mid-432 

latitude Atlantic (30°–45°N, 50°–10°W) each contribute comparably (Δr ≈ +0.012–0.015 when masked), and the 433 

eastern Atlantic and European margin (40°–65°N, 30°W–10°E) shows a statistically detectable increase in 434 

sensitivity. This broadening directly reflects the geographic structure of the AMOC-mediated differential warming 435 

— subpolar weakening on one node, tropical and subtropical strengthening on the other — which reorganises the 436 

full SST tripole in amplitude and sign. The increasing predictive weight of SSTs immediately west of the United 437 
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Kingdom, in the sector most directly coupled to NAO-driven precipitation and temperature anomalies over the 438 

British Isles, is of direct relevance to European climate services. The tropical North Atlantic contributes negligibly 439 

in all periods (|Δr| ≤ 0.003), consistent with the NAO retaining its extratropical character throughout. 440 

 441 

3.6 Observational constraints from ERA5 442 

Figure 6a shows the ERA5 DJFM NAO index from 1950 to 2024 alongside the CANARI 5–95% ensemble 443 

envelope. ERA5 indicates that changes in the forced mean state are already underway: the DJFM NAO tracks 444 

within the CANARI ensemble envelope across the historical period but lies persistently above the ensemble mean 445 

during 2015–2024, with several recent winters approaching the upper bound of the simulated range (Fig. 6a). The 446 

ERA5 positive NAO shift of +527 Pa over 2015–2024 relative to 1950-2014 (95% CI: 84–1002 Pa; Fig. 6b,c) is 447 

consistent with the CANARI early-SSP3-7.0 forced response in two respects. The direction of the shift agrees with 448 

the budget: as the forced regression transitions from negative toward positive, passing through zero, a positive 449 

shift in the mean NAO is the expected early signature. Also, the ERA5 amplitude exceeds that of any individual 450 

CANARI member over the same period (Fig. 6d), which is consistent with the tendency for models to 451 

underestimate the magnitude of the predictable forced signal rather than indicating an error in the direction of the 452 

projected change. This is the observational counterpart of the signal-to-noise paradox: predictable variance in the 453 

real world exceeds predictable variance in the model. 454 

The 10-year ERA5 record is at the lower limit for formal attribution and should be revisited as observations 455 

accumulate. Whether the ERA5 NAO trajectory will continue to follow the CANARI ensemble mean direction, 456 

or diverge further consistent with model underestimation of the forced signal, is the empirical test the next decade 457 

of observations will provide. The budget predicts near-zero diagnostic skill through the 2015–2039 transition 458 

window, followed by partial recovery as the sign-reversed forced regime establishes itself. 459 

 460 

3.7 Consistency of skill decline across prediction configurations 461 

All four prediction configurations (L0–L3) show comparable skill declines across the SSP3-7.0 windows, with no 462 

statistically distinguishable differences between configurations (pairwise test p > 0.49; largest within-window 463 

difference: Δr = 0.037 between L0 and L3; Appendix B). Within the historical period, skill is highest for the 464 

simplest configuration (L0; r = 0.19, 95% CI: 0.11–0.27) and declines monotonically with complexity — 465 

consistent with additional model parameters capturing internal variability rather than the weak forced signal. The 466 

more constrained configurations recover the spatial SST–NAO tripole pattern more faithfully (L2 pattern 467 

correlation: r = +0.58), at a small cost to time-series skill. These results are consistent with the comparable declines 468 

across configurations arising from the properties of the changing SST–NAO relationship itself, not from 469 

configuration-specific limitations. 470 

 471 

4. Discussion and conclusions 472 

The results presented here suggest a physically coherent picture of how European winter seasonal predictability 473 

may evolve under continued anthropogenic forcing. The central finding is a distinction between two components 474 

of the SST–NAO relationship that respond differently to forcing: the internal, dynamically driven teleconnection 475 

is preserved in spatial structure throughout the twenty-first century, while the forced component undergoes a sign 476 
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reversal after mid-century. This distinction matters because it identifies the source of future skill loss as a shift in 477 

the ocean mean state, not a breakdown of the physical coupling mechanism. 478 

The physical sequence is as follows. During the historical period, greenhouse gas forcing drives broadly 479 

uniform warming across the North Atlantic basin. This progressively weakens the subtropical-to-subpolar 480 

meridional pressure gradient, producing a negative forced NAO tendency — one that is too weak (SNR ≈ 0.17) to 481 

drive predictability independently, but sufficient to modulate the background ocean state through which internal 482 

SST variability influences the NAO. As AMOC weakening accelerates the differential warming between the 483 

tropical and subpolar North Atlantic (Caesar et al., 2018; Menary et al., 2020; Bellomo et al., 2021), this forced 484 

tendency contracts toward zero in 2015–2039 and reverses sign by late century. The result is a qualitatively new 485 

forced predictability regime in which the externally forced SST component, now large and positively signed, drives 486 

NAO predictability independently of internal variability. The physical mechanism is intact throughout; it is the 487 

forced ocean context in which it operates that has changed. 488 

This framing has direct implications for how seasonal forecast systems should respond. Systems calibrated on 489 

the historical period will encounter two distinct challenges. In the near term (2015–2039), the forced SST mean 490 

state is transitioning through a low-amplitude regime in which the historical calibration no longer accurately 491 

reflects the current predictability environment. ERA5 already provides observational evidence of this transition: 492 

the +527 Pa NAO shift over 2015–2024 lies outside the full model ensemble range, consistent with an observed 493 

forced shift that is larger than any individual CANARI member projects. By late century, a sign-reversed forced 494 

regime offers new predictability, but one that a historically calibrated system was not designed to exploit. In both 495 

cases, updating the climatological SST reference against which anomalies are computed — rather than 496 

reconceptualising the physical predictor — is likely the most effective operational response. 497 

The stationarity budget developed here is not specific to this particular model or teleconnection. Applied 498 

alongside skill assessments in any seasonal forecast setting, it can identify whether an observed skill change 499 

reflects a structural shift in the forced amplitude or regression pattern — requiring climatological recalibration — 500 

or a change in the internal variability level — which would not be addressable through recalibration alone. The 501 

consistency test across prediction configurations (§3.7) confirms that it reflects a property of the underlying climate 502 

dynamics rather than any statistical modelling choice#. 503 

Several caveats qualify how firmly these results generalise. The budget split and the timing of the sign reversal 504 

are specific to CANARI, which is based on HadGEM3-GC3.1 with an effective climate sensitivity of 5.5 K 505 

(Andrews et al., 2019) — placing it among the higher-sensitivity CMIP6 models (cf. CESM2 at 5.3 K, Gettelman 506 

et al., 2019; CanESM5 at 5.6 K, Swart et al., 2019). A higher climate sensitivity drives a more pronounced and 507 

potentially earlier shift in the background SST state, so the timing of the sign reversal within CANARI may 508 

represent an upper bound relative to lower-sensitivity models. Models with a weaker or slower AMOC decline 509 

would project a later crossing, with direct consequences for when operational forecast systems enter the transition 510 

window. Testing the three-term budget across additional large ensembles (e.g., CESM2-LE, CanESM5-LE) is the 511 

natural multi-model extension of this work. The observational evidence rests on a 10-year ERA5 record at the 512 

lower limit for formal attribution, and should be revisited as the post-2024 record accumulates. The budget also 513 

assumes that the forced and internal SST contributions are approximately additive — an assumption verified 514 

empirically at the low signal-to-noise ratios characteristic of CANARI, but not guaranteed under higher emissions 515 

where forced-internal coupling may strengthen. 516 
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Three open questions follow. Whether the timing of the forced-regression sign change is robust across the 517 

CMIP6 ensemble — and therefore when operational forecast systems can expect to enter the near-zero-skill 518 

transition window — remains to be established. Whether an analogous interaction-to-forced-driven predictability 519 

transition occurs along the ENSO–NAO pathway, where future sign changes have been reported (Geng et al., 520 

2024), is a natural extension. And whether a forecast system explicitly recalibrated against the post-2014 SST 521 

background could already begin exploiting the excess forced NAO signal visible in ERA5 is the most immediately 522 

operationally relevant question raised by this analysis. 523 

In summary, the internal SST–NAO teleconnection that underpins European winter seasonal predictability 524 

appears likely to remain physically intact through the twenty-first century. What is not stable is the forced ocean 525 

mean state against which it operates. As AMOC-driven differential warming progressively reverses the sign of the 526 

forced SST–NAO regression, a new forced predictability regime is expected to emerge by late century. ERA5 527 

already shows early signs of this transition. The results suggest that recognising and responding to this shift in the 528 

forced background state — through periodic recalibration rather than structural redesign — may be the most 529 

effective way to maintain the skill of European winter seasonal forecasts in a changing climate. 530 

 531 

Code and Data Availability 532 

CANARI output is made available through the CEDA/JASMIN repository 533 

(https://catalogue.ceda.ac.uk/uuid/0c80814cd7ec4f15a89629c582968b74/). ERA5 data is available at 534 

https://cds.climate.copernicus.eu/. The HadISST dataset is available at 535 

https://www.metoffice.gov.uk/hadobs/hadisst/. Code: [GitHub DOI]. 536 
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Figures 673 

 674 

Figure 1. Model validation. (a) NAO predictions versus truth on the HIST held-out test set (2000–2014; 8 675 

members). L0 Ridge (blue dashed, r = 0.193) and L2 Gaussian (red, r = 0.150). (b) Power spectral density of L0 676 

Ridge predictions (blue), observed NAO (black), and AR(1) baseline (grey). (c) Reference CANARI SST–NAO 677 

regression (ensemble internal variability, all 40 members; K per 1σ NAO). (d) Predicted SST–NAO regression 678 

(L2 Gaussian, pattern r = 0.58). Stippling: p < 0.05. 679 
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 681 

Figure 2. NAO–SST teleconnection evolution and observed shift. (a)–(d) DJFM NAO–SST regression maps for 682 

HIST 1950–2014 and successive SSP3-7.0 windows. Pattern correlations with the historical reference are shown 683 

as numbers on the bottom-left of each panel (r = 0.96, 0.92, 0.87). (e) Teleconnection pattern correlation vs HIST: 684 

overall r = 0.92 (HIST vs full SSP) - aggregate value across the full SSP period; distinct from the per-window 685 

pattern correlations 0.96, 0.92, 0.87 annotated in panels c–d. (f) ERA5 DJFM NAO index (1950–2024) (raw, un-686 

normalised, values in Pa): HIST mean 1626 Pa (dotted), recent mean 2153 Pa (red line), forced shift Δ = +527 Pa. 687 
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 689 

Figure 3. Three-term stationarity budget. (a) Forced NAO σ_signal (blue) and internal NAO σ_noise (orange; 690 

782–773 Pa per period) and forced NAO σ_signal (133→123→139→161 Pa per period). (b) SNR 691 

(σ_signal/σ_noise). (c) Forced-regression correlation r_signal (d) Forced regression slope β. (e) Skill change 692 

decomposition (Δr): signal (blue), noise (orange), and pattern (grey) terms per SSP window. (f) Per-window 693 

fractional contributions of each term to Δρ_total (percentages shown as bar labels).  694 
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 696 

Figure 4. Changing sources of NAO seasonal predictability. (a) Pearson r achieved by the L0 hierarchy from 697 

forced SST alone (red), IV SST alone (light blue), and combined SST (dark blue) per window. Error bars: 95% 698 

bootstrap CI. (b) Interaction term r_interaction = r_combined − r_forced − r_IV per window. (c) Source 699 

composition of skill in HIST and 2065–2099. Total skill r annotated above bars. 700 
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 702 

Figure 5. Spatial attribution of NAO seasonal predictability: regional occlusion and network saliency across the 703 

forcing period. (a) Regional occlusion test: skill loss Δr when each North Atlantic sub-region is masked from the 704 

L1 detCNN input, for four time windows (HIST 1950–2014; SSP 2015–2039; SSP 2040–2064; SSP 2065–2099). 705 

Positive Δr: region contributes to skill; negative Δr: region confounds prediction. Regions: SUBP = subpolar gyre 706 

(50–65°N, 60°W–0°); GS = Gulf Stream / North Atlantic Current (35–50°N, 75°W–30°W); MID = mid-latitude 707 

Atlantic (30–45°N, 50°W–10°W); TROP = tropical North Atlantic (20–30°N, 80°W–20°W); EAST = eastern 708 

Atlantic and European margin (40–65°N, 30°W–10°E). (b) HIST 1950–2014 per-map normalised absolute 709 

saliency |∂ŷ/∂x|, normalised so that the 99th-percentile hot-spot = 1 (value: 1.03 × 10⁻³). (c–e) Saliency difference 710 

maps (SSP window minus HIST): red indicates regions to which the model attends more in the SSP period; blue 711 

indicates reduced attention. SSP/HIST 99th-percentile ratios are annotated. (f) Region-averaged absolute saliency 712 

per window.  713 
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 715 

Figure 6. Observational evidence for forced nonstationarity. (a) ERA5 DJFM NAO anomaly (1950–2100, black) 716 

with CANARI 5–95% envelope (blue shading) and ensemble mean (blue line); 2015–2024 anomalies highlighted 717 

(red dots). (b) Period means: HIST 1950–2014 = 1626 Pa; recent 2015–2024 = 2153 Pa. (c) Bootstrap-estimated 718 

forced shift: +527 Pa (95% CI: 84–1002 Pa). (d) Distribution of CANARI 2015–2024 member mean NAO 719 

anomalies (N = 40) and ERA5 anomaly (red vertical line). 720 
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Appendix A: ML Hierarchy — Full Technical Details 722 

This appendix specifies the prediction hierarchy in the order in which an input is processed. The training, validation 723 

and out-of-sample evaluation protocol are described in A1. A predictor SST field at each of K = 4 winter lags is 724 

first encoded by a shared-weight convolutional backbone (A2) into a feature vector per lag. The K = 4 lag features 725 

are then combined by a learned attention layer (A3) into a single time-attended feature vector. In parallel, a frozen 726 

physics layer (A4) projects the raw SST onto the canonical NAO–SST tripole and produces a single physics-727 

informed scalar. The attended feature and the physics scalar are concatenated and passed to one of four output 728 

heads (A5) — ridge, deterministic, Gaussian, or Gaussian-mixture — which differ only at this last stage and which 729 

together constitute the four tiers L0, L1, L2, L3 used throughout the paper. 730 

 731 

A1. Training, validation, and out-of-sample evaluation protocol. Models are fit on CANARI HIST members 1–32 732 

over winters 1950–1999, with a within-HIST validation set of members 1–32 over 2000–2014 used only for early-733 

stopping on the dual-loss objective (patience = 30 epochs). Held-out HIST test set: members 33–40 over 2000–734 

2014 (1296 member × winter pairs). SSP3-7.0 evaluation: each model is applied without further training to all 40 735 

members across each of the three SSP windows (2015–2039: 488 pairs; 2040–2064: 500 pairs; 2065–2099: 700 736 

pairs). No fine-tuning, transfer learning, or recalibration is applied between HIST and SSP, and no SSP statistics 737 

enter training. Input standardisation uses the HIST training mean and standard deviation per grid point and per lag 738 

computed from members 1–32, 1950–1999, applied identically to the HIST test set and to all SSP windows. NAO 739 

targets are normalised by σ_obs = 774.9 Pa (ERA5 DJFM NAO standard deviation, 1950–2014) for both training 740 

and evaluation, so reported skill numbers are dimensionless and directly comparable across windows. The L0 ridge 741 

regularisation parameter is selected by 5-fold cross-validation within the HIST training fold; once selected, the L0 742 

coefficients are frozen and applied to all evaluation windows, identically to L1–L3. 743 

 744 

A2. Shared-weight Conv2D backbone. Each DJFM SST lag map passes through three convolutional layers 745 

(32→64→128 filters, 3×3, ReLU, BatchNorm, GlobalAveragePool). Weights are shared across K = 4 lag maps. 746 

Output: per-lag feature vectors h_ℓ ∈ ℝ¹²⁸. 747 

 748 

A3. Lag attention. Scores e_ℓ = w^T h_ℓ + b; weights α_ℓ = exp(e_ℓ)/Σ exp(e_ℓ); attended feature ĥ = Σ_ℓ α_ℓ 749 

h_ℓ. Converged: α = [0.17, 0.09, 0.25, 0.49] (lags 1–4). 750 

 751 

A4. Frozen physics layer. β_phys from ERA5–HadISST NAO–SST regression (1950–2014), L2-normalised, ∇ = 752 

0 throughout. z(t) = β_phys · X(t) + b. Concatenated: [ĥ; z] ∈ ℝ¹²⁹. 753 

 754 

A5. Output heads and loss. L0: ridge on 10 SST PCs (extreme member target only; no dual loss, no frozen physics). 755 

L1: Dense(2) → (μ_t, μ_{t+1}). L2: Dense(4) → Gaussian (μ, σ). L3: Dense(8) → GMM K=2. Loss: ℒ = 756 

(1−λ)·MSE(ŷ, y*) + λ·(σ(ŷ) − σ_obs)², λ=0.6, σ_obs=774.9 Pa (ERA5 DJFM NAO standard deviation, 1950–757 

2014). Adam, lr=1×10⁻³ cosine decay, batch=32, 300 epochs, early stopping patience=30. 758 

 759 
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Appendix B: Budget Derivation and Closure Verification 760 

This appendix derives the three-term decomposition introduced in §2.3 and verifies that it closes additively across 761 

all SSP windows. The decomposition compares the forced-regression correlation between ensemble-mean SST 762 

and ensemble-mean NAO in HIST against the same quantity computed in each SSP window. Three independent 763 

contributions are identified: a signal term Δr_signal capturing change in the forced amplitude, a noise term 764 

Δr_noise capturing change in the SNR, and a pattern term Δr_pattern capturing the reorganisation of the forced 765 

regression slope β. Their additive sum is required to match the directly computed Δr_total to within numerical 766 

precision; the residual is reported below. 767 

Δr_total = Δr_signal + Δr_noise + Δr_pattern. Δr_signal = r_HIST − r_signal(w), where r_signal(w) = 768 

corr(ensemble-mean SST, ensemble-mean NAO) in window w, estimated after re-centring SSP SST inputs to the 769 

HIST climatological mean. Δr_noise captures the change in σ_signal/σ_noise ratio. Δr_pattern captures the sign 770 

reversal of the forced regression slope β. Closure verification: |Δr_signal + Δr_noise + Δr_pattern − Δr_total| < 771 

0.003 in all SSP windows. Cross-correlation between ensemble-mean NAO and intra-ensemble NAO spread: |ρ| 772 

≤ 0.03, confirming approximate additivity of forced and internal contributions. 773 

 774 

Architecture-invariance and noise-stationarity test statistics (referenced in §3.3). Pairwise Fisher z-775 

test p-values exceed 0.49 across all (architecture, window) comparisons. The largest cross-architecture |Δr| within 776 

any single SSP window is 0.037 (L0 vs L3) and 0.016 (L1 vs L3). The noise-term F-test for variance equality 777 

across windows gives p = 0.40, consistent with the σ_noise = 782–773 Pa stationarity reported in §3.3. The forced 778 

regression complements β with the correlation coefficient r_signal = −0.27 in HIST and +0.42 in 2065–2099, and 779 

σ_signal evolves through 133, 123, 139 and 161 Pa across HIST, 2015–2039, 2040–2064 and 2065–2099 780 

respectively (Fig. 3a). 781 

 782 

Appendix C: Spatial Attribution — Regional Occlusion and Gradient Saliency 783 

C1. Overview and motivation 784 

Two complementary attribution techniques diagnose which regions of the North Atlantic SST field carry predictive 785 

NAO information, and how this spatial footprint evolves across historical and SSP3-7.0 windows. Regional 786 

occlusion evaluates prediction skill when each sub-region is systematically masked — a model-agnostic measure 787 

of regional importance. Gradient saliency computes the sensitivity of the L1 detCNN output to each input grid 788 

point — a spatially continuous attention map. Together they address whether the spatial origin of NAO 789 

predictability shifts as the forced-predictability regime establishes itself. 790 

 791 

C2. Regional definitions 792 

Five mutually exclusive sub-regions partition the North Atlantic predictor domain (0–80°N, 90°W–20°E): SUBP 793 

— subpolar gyre (50–65°N, 60°W–0°); GS — Gulf Stream / North Atlantic Current (35–50°N, 75°W–30°W); 794 

MID — mid-latitude Atlantic (30–45°N, 50°W–10°W); TROP — tropical North Atlantic (20–30°N, 80°W–795 

20°W); EAST — eastern Atlantic and European margin (40–65°N, 30°W–10°E). The EAST region encompasses 796 

the seas immediately west of the United Kingdom and the European continental shelf — the SST sector most 797 

directly coupled to NAO-driven temperature and precipitation anomalies over the British Isles. Regions are held 798 

fixed across all time windows. 799 
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 800 

C3. Regional occlusion test 801 

For each region R and time window w, SST values within R are replaced by their HIST climatological mean 802 

(1950–2014 ensemble mean) before passing the input through the trained L1 detCNN. The occlusion skill loss is: 803 

Δr_occlusion(R, w) = r_full(w) − r_occluded(R, w)    (C1) 804 

A positive value indicates region R contributes positively to skill; negative indicates R confounds prediction. The 805 

sign reversal at GS in 2015–2039 (Δr = −0.016) indicates that Gulf Stream SST variance projects more onto noise 806 

than signal during the forced regression transition (β ≈ −70 Pa K⁻¹). Uncertainty is estimated by block bootstrap 807 

(1,000 resamplings; 95% CI ≈ ±0.008–0.013 across windows). Values |Δr_occlusion| < 0.005 are not distinguished 808 

from zero at the 95% level. 809 

 810 

C4. Gradient saliency analysis 811 

The mean absolute saliency over all test-set samples and K = 4 lags at grid point i is: 812 

S_bar(i,w) = (1/N_w K) Sum_{t in w} Sum_{l=1}^{K} |dy_hat(t)/dx_i(t,l)|    (C2) 813 

Gradients are computed via backpropagation (PyTorch autograd) through frozen network weights. The HIST 814 

saliency map (Fig. 5b) is normalised by its 99th-percentile value q_{0.99} = 1.03 x 10^{-3} so the hottest 1% of 815 

HIST grid points have normalised saliency ~1. The SSP/HIST 99th-percentile ratios rho(w) = 816 

q_{0.99}(S_bar_SSP(w)) / q_{0.99}(S_bar_HIST) reported in Fig. 5c-e reflect changes in peak attention 817 

magnitude: rho = 0.75 in 2015-2039, recovering to 0.91 by 2065-2099. Saliency difference maps (Fig. 5c-e) show 818 

Delta_S_bar(i,w) = S_bar(i,w) - S_bar(i,HIST): red = increased attention in SSP; blue = decreased. Region-819 

averaged absolute saliency (Fig. 5f) is the spatial mean over each region, excluding land and sea-ice points. 820 

Saliency captures first-order local sensitivity; occlusion captures the integrated skill change including higher-order 821 

cross-region effects. Both use the L1 detCNN to allow spatial maps; the source decomposition in Section 2.4 uses 822 

L0 for the reasons given there. 823 

 824 

C5. Reproducibility 825 

All computations use scripts spatial_attribution.py and occlusion_test.py at [GitHub DOI], random seed 42. 826 

Preprocessing applies HIST training-period statistics identically to HIST and SSP inputs. Regional mask arrays 827 

are at data/regional_masks.nc in the repository. 828 

  829 
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