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Abstract.

As the North Atlantic Oscillation (NAO) accounts for a dominant share of wintertime weather variability across the North
Atlantic basin, it is a coveted target for seasonal prediction. Yet dynamical forecast systems continue to exhibit limited skill,
in part due to deficiencies in representing ocean—atmosphere feedbacks. Here, mediation analysis — a statistical framework
from causal inference — is applied to identify and quantify feedback pathways linking late-autumn North Atlantic sea surface
temperature (SST) anomalies to the subsequent winter NAO. This approach is attractive because it is straightforward to apply,
easy to interpret, and can be used directly on observations-derived data like reanalyses without requiring idealised model
perturbation experiments.

The analysis reveals a physically coherent feedback sequence. Anomalous November SST patterns promote the gradual
formation of a surface-pressure dipole rotated clockwise relative to the canonical NAO structure. This dipole induces advection
anomalies in the western North Atlantic, which in turn modulate surface fluxes in the Subpolar Gyre and lower-tropospheric
baroclinicity in the storm-track entry region east of Newfoundland. These changes nudge the NAO, which, once established,
feeds back onto the fluxes and baroclinicity, reinforcing the anomaly and sustaining the circulation pattern.

A central finding is that a state-of-the-art seasonal prediction system fails to capture these feedback mechanisms. The baro-
clinicity pathway, the process through which changes in eddy growth reinforce the circulation anomaly, is particularly deficient,
accounting for only 2% of the lagged SST-NAO correlation in SEASS compared with 44% in the ERAS reanalysis. This mis-
representation likely represents a fundamental barrier to improved NAO forecast skill.

More broadly, the results demonstrate the potential of mediation analysis as a diagnostic tool for disentangling coupled
feedbacks directly from observations, evaluating their representation in models, and guiding targeted improvements that could

enhance seasonal prediction of the NAO.

1 Introduction

It is no wonder that the North Atlantic Oscillation (NAO) has received considerable attention in studies of climate dynamics,
given that it accounts for roughly half of the interannual wintertime tropospheric pressure variance over the North Atlantic
(Ambaum et al., 2001). Hence, it serves as a good proxy for fluctuations in the strength and latitudinal position of the jet

stream (Woollings and Blackburn, 2012) and storm tracks (Riviere and Orlanski, 2007), and by extension for variations in
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weather and associated impacts over and around the North Atlantic basin (e.g., Athanasiadis et al., 2017; Degenhardt et al.,
2023). I am a witness to the societal relevance of the NAO through my work with firms from multiple sectors — particularly
insurance and renewable energy production and trading — to predict it on seasonal, decadal, and multi-decadal timescales.

Owing to its wide-ranging influence, the NAO is routinely used as a benchmark for seasonal prediction skill. Statistical
(empirical) methods have a long history and have achieved useful results using predictors such as autumn Arctic sea ice,
Eurasian snow cover, tropical and local SSTs, and stratospheric variables (e.g., Hall et al., 2017; Wang et al., 2017). More
recently, empirical models have been enriched with machine learning (ML) and hybrid techniques, yielding higher forecast
skill including for the NAO (e.g., Mu et al., 2023; Sun et al., 2024). While empirical models offer interpretability and often
outperform dynamical systems in specific periods, their reliance on historical relationships makes them vulnerable to non-
stationarity and shifts in climate regimes (Hertig et al., 2015; Kolstad and Screen, 2019). Demonstrated skill in one period
therefore provides no guarantee of consistent predictability in others (Weisheimer et al., 2017; Baker et al., 2024).

In principle, dynamical coupled prediction systems ought not to be constrained by non-stationarity, since they aim to re-
produce the behaviour of the climate system from first principles. Ideally, such systems should be able to integrate any initial
condition to a realistic future state. In practice, however, as Suckling and Smith (2013) pointed out, even physics-based models
are not independent of the data used in their design. Their apparent ability, evaluated primarily through retroactive forecasts,
or reforecasts (also known as hindcasts), to reproduce historical variability may therefore overstate true predictive skill. More-
over, in a changing climate, even out-of-sample performance offers no guarantee of future success, given the nonlinear nature
of the system’s response to external forcing (Stott et al., 2013). This highlights the need to assess not only the overall skill of
prediction systems, but also the physical consistency of the processes and feedbacks they represent.

About a decade ago there was a surge of enthusiasm over the high NAO skill reported in some dynamical systems (Scaife
et al., 2014). However, subsequent system upgrades have not improved (or in some cases have even degraded) this level of skill
(Baker et al., 2024). Several studies have convincingly demonstrated that the performance of dynamical prediction systems
depends on how well they represent crucial physical processes. For instance, Haarsma et al. (2019) found that increasing the
oceanic resolution of a coupled system strengthened air—sea interactions and enhanced seasonal predictability in the North
Atlantic storm-track entry region east of Newfoundland. Similarly, Hardiman et al. (2022) showed that most forecast systems
consistently underestimate positive feedback mechanisms between transient eddies and the large-scale flow, leading to weaker
eddy forcing of the mean circulation. A related problem concerns the representation of mesoscale oceanic eddies and associated
SST gradients in “eddy-rich regions, including the Gulf Stream” (Zhang et al., 2021). Limited horizontal resolution tends to
smooth these gradients and weaken the coupling between SST, surface heat fluxes, and low-level atmospheric baroclinicity
(Hewitt et al., 2017; Athanasiadis et al., 2022). This, in turn, contributes to the muted air—sea feedbacks (Bellucci et al., 2021;
Hardiman et al., 2022).

These deficiencies have been linked to low signal-to-noise ratios (Scaife and Smith, 2018; Weisheimer et al., 2024) in
ensemble predictions. Beyond the seasonal timescale, recent work has also demonstrated the importance of ocean—atmosphere
feedbacks for decadal NAO predictability. Patrizio et al. (2025) showed that skill in decadal NAO forecasts depends on how

models represent feedbacks between subpolar SST anomalies and the NAO.
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Together, these findings highlight that two-way ocean—atmosphere coupling is fundamental to NAO variability across
timescales, yet it remains misrepresented in current prediction systems. Indeed, for the same family of forecast systems consid-
ered here, Roberts et al. (2021) demonstrated that biases in the location and structure of the Gulf Stream substantially degrade
subseasonal forecast skill, and that correcting these SST errors online improves the mean state and circulation anomalies across
the North Atlantic and downstream into Europe.

A large body of work has shown that characteristic SST patterns can precondition the atmosphere on subseasonal to seasonal
timescales (Rodwell et al., 1999; Watanabe and Kimoto, 2000; Czaja and Frankignoul, 2002; Wang et al., 2004; Hall et al.,
2017; Baker et al., 2019; Sun et al., 2024). In particular, the North Atlantic SST tripole (or the similar “horseshoe” pattern),
with alternating anomalies between the Subpolar Gyre, the mid-latitude Gulf Stream, and the subtropics, has been linked to a
feedback loop involving the NAO itself (Peng et al., 2002; Pan, 2005; Mosedale et al., 2006; Cassou et al., 2007; Gastineau
and Frankignoul, 2015). Joyce et al. (2019) demonstrated that meridional shifts of the Gulf Stream front and its associated SST
gradients tend to lead changes in storm tracks and Greenland blocking by one to three months, suggesting an evolving pathway
from autumn ocean conditions to wintertime atmospheric variability.

Building on this perspective, Kolstad and O’Reilly (2024) found that the correlation between November SSTs and the
subsequent NAO increases gradually through the winter season, peaking in January and February. They showed that surface
heat fluxes in the Subpolar Gyre and baroclinicity in the storm-track entry region in the western North Atlantic act as key
mediators in this feedback. The latter result is consistent with the well-established role of diabatic heating and eddy feedbacks
in maintaining storm-track baroclinicity (Hardiman et al., 2022).

The statistical framework used by Kolstad and O’Reilly (2024) is known as mediation analysis (Nguyen et al., 2021). It is
particularly well-suited to climate science applications where feedback loops and indirect pathways are common but difficult to
isolate using traditional correlation-based methods. Yet, although it is widely used in the social and medical sciences, mediation
analysis has only rarely been applied in climate research. It belongs to the broader family of causal inference methods (Pearl
et al., 2016), so named because they are designed to identify and quantify causal relationships. Several such approaches have
been successfully used in climate science, ranging from easily interpretable approaches like Granger causality (e.g., Granger,
1969; Mosedale et al., 2006; McGraw and Barnes, 2018) to more complex methods (e.g., Ebert-Uphoff and Deng, 2012;
Hannart et al., 2016; Runge et al., 2019; Docquier et al., 2024).

A key advantage of causal inference approaches is that they allow pathways to be investigated without manipulating model
boundary conditions. Perturbation-based methods, though widely used, can produce unintended consequences. For example,
perturbing greenhouse gas concentrations triggers numerous feedbacks on diverse timescales, complicating attribution of the
climate system’s response and adjustments (Knutti and Rugenstein, 2015). Even more localised interventions can have unde-
sirable side effects: Lewis et al. (2024) showed that modifying albedo or applying surface heating to force sea-ice loss can
generate spurious warming and exaggerate the atmospheric circulation response. As Palmer and Weisheimer (2011) noted,
multiple model errors can compensate for one another, making it difficult to diagnose the underlying causes of biases. These
considerations further motivate the use of mediation analysis, which relies solely on observed covariances and avoids imposing

artificial perturbations.
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This study extends the work of Kolstad and O’Reilly (2024) in three ways. First, it aims to introduces mediation analysis
to a broader climate science audience and illustrates its value as a diagnostic tool for ocean—atmosphere feedbacks. Second,
it attempts to quantify and clarify causal directionality in the relationships linking SSTs, surface fluxes, baroclinicity, and the
NAO. Third, it applies the mediation framework to a state-of-the-art forecast system to assess whether systematic biases in
these feedbacks can help explain its limited skill in predicting the NAO.

The following section gives an overview of mediation and partial-correlation analysis before describing the data and other
methods in Section 3. Section 4 presents the results, and Section 5 discusses their implications for understanding and improving

NAO predictability.

2 Mediation analysis

The mediation analysis framework is designed for studying observed causal pathways. Adopting the naming convention of

MacKinnon et al. (2000), such a pathway links a predictor variable X to an outcome variable Y, i.e.:
X-Y.

In the analysis to follow, X is an index representing SST anomalies in November and Y is the winter NAO index. Physically,
it is obvious that any correlation between these two variables must be mediated by other processes, referred to as mediators
and denoted Z. Here Z is aa gridded spatial field representing surface heat fluxes and the Eady growth rate maximum (Hoskins

and Valdes, 1990), a measure of baroclinicity. These mediators are investigated separately through the pathway
X—-7Z-=Y.

It is customary to quantify the mediating role of Z and categorizing it as either: a perfect mediator if it fully accounts for
X — Y (Baron and Kenny, 1986); a partial mediator if it partly explains X — Y (Baron and Kenny, 1986); or a suppressor if
the correlation between X and Y is strengthened when Z is accounted for (Conger, 1974).

It would be absurd to claim that a pixel value of any one variable uniquely mediates the lagged effect of SSTs on the NAO. In
reality, a practically infinite web of interacting processes combine to realise that relationship. Nevertheless, the approach used
here is useful for providing a spatial fingerprint of where a single variable exerts the strongest mediating influence. Equally
important, the method can be used to identify where a forecast model incorrectly mediates or even suppresses the SST-NAO

correlation.
2.1 Regression equations

To test for mediation or suppression, three regression equations are defined (ignoring intercepts and residuals for simplicity).

The first describes the direct effect T of the predictor X on the predictand Y':

Y =7X. (1)
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The effect of X on the mediator Z is labelled here as « in the second equation:
Z =aX. )

The third regression describes X — Z — Y by accounting for the mediator. The effect of X on Y changes to 7z, and the

effect of Z on Y when accounting for X is denoted as 3:
Y =712X+ 2. 3)

A central concept is the product a3, known as the indirect effect (of X on Y through Z). It follows from Egs. (1-3) that
af=1—171y.

Scaling by the total effect yields:
==-1-Z @

According to the standard criteria for mediation laid out by Baron and Kenny (1986), 7, a, and 8 must all be significantly
different from zero. 7 and 7z must also have the same sign; otherwise the mediation is referred to as inconsistent.

If 7z = 0 (or in practice is not significantly non-zero), it is plain from Eq. 4 that the direct and indirect effects are identical.
This means that the pathway X — Y is fully accounted for by Z, which again implies that X — Z — Y is one of potentially
many correct causal pathways. Partial mediation occurs when 0 < 7 /7 < 1.

Both perfect and partial mediation can represent unambiguous forward-directed pathways in the sense that X changes Z
and then Z affects Y. In climate dynamics though, feedback mechanisms are common. The pathway X — Z — Y can be valid
even when the “reverse” pathway X — Y — Z is equally valid. In situations where Y and Z are evaluated at the same time,
as is the case in this study, it can be difficult to establish whether one causal direction is more valid than the other. What one

can do, however, is to explore how X affects Z independently of Y through a partial correlation analysis.
2.2 Partial correlation

The first step to compute the correlation between X and Z while accounting for Y is to regress out Y from both X and Z:
X =vxY +ex,
Z=7zY +egz,
whereex = X —yxY and ez = Z — 7Y are the residuals. The partial correlation is then given by the correlation between
these residuals:
Tx,z|ly = corr(ex,ez). (5)

In the context of this study, 7x 7y can be viewed as a measure of preconditioning: it indicates whether November SST
anomalies (X) are systematically associated with wintertime flux or baroclinicity anomalies (Z) that are not simply a by-
product of the contemporaneous NAO (Y"). This helps to disentangle feedback from forcing, and thereby adds diagnostic value
when interpreting the spatial structure of air—sea interaction. The partial correlation between SSTs and SLP itself with the NAO

regressed out is also investigated.
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2.3 Suppression

An interesting special case occurs when 77 /7 > 1, which means that the indirect effect a3 has the opposite sign to the total
effect 7 (Eq. 4). In these cases, Z is referred to as a suppressor because the regression coefficient linking X and Y is inflated
when Z is accounted for (Muniz and MacKinnon, 2025). In the contect of this study, this could mean that X (November SST
anomalies) drives changes in Z (e.g., flux anomalies), but the response of Y (the NAO) to those fluxes is of opposite sign to the
direct X — Y pathway. This can occur because Y itself feeds back onto Z, helping to make (3 negative. In other words, Z acts
as a negative feedback, transmitting a damping influence on Y that partly cancels (suppresses) the predictive signal from X.
In the raw correlation, this feedback reduces the apparent strength of X as a predictor of Y, but once Z is controlled for, the
hidden strength of the X — Y link is revealed. Put differently, had it not been for the negative feedback through Z, X would

have exerted stronger predictive power on Y.

3 Data and methods
3.1 Data

This study makes use of reanalysis and seasonal forecast data. The reanalysis reference is ERA5 (Hersbach et al., 2020),
produced by the European Centre for Medium-range Weather Prediction (ECMWF), and the forecast system is SEASS, the
fifth generation of the ECMWF’s seasonal prediction system (Johnson et al., 2019). The atmospheric component of SEASS
is the Integrated Forecast System (IFS) atmosphere model. The grid spacing for the ocean model in SEASS is 0.25 degrees,
which has been shown to yield a decent representation of air—sea interaction along the Gulf Stream front compared to lower-
resolution models (Jin and Yu, 2013; Athanasiadis et al., 2022; Patrizio et al., 2023). It seems the resolution will not change in
the new SEASG6 system due to be released soon, although the new ocean model yields multiple improvements, including large
reductions in SST errors along the Gulf Stream (Keeley et al., 2024, their Figure 2a).

The analysis covers the winters from 1981/82 to 2023/24 (hereafter referred to as 1981-2023). SEASS reforecasts were used
from 1981 to 2016 with 25 ensemble members, and real-time forecasts from 2017 to 2023 with the first 25 of 51 members used
to ensure consistency with the reforecasts.

SEASS forecasts are produced once per month; here, only the October initialisations are used, corresponding by convention
to lead times of 2—5 months for November through February. November initialisations were excluded because the SST fields at
the first lead time were assumed to be too similar to the observed state, which could inflate apparent forecast skill and obscure
the role of the model’s internal feedbacks. September initialisations, on the other hand, would involve longer lead times and
greater forecast drift (Hermanson et al., 2018). The use of October initialisations thus strikes a balance between temporal
distance from observed boundary conditions and avoidance of excessive drift, allowing the analysis to focus on the model’s
intrinsic air—sea coupling behaviour.

In general, ensemble means were used, but when appropriate, derived values like the climate indices described below or the

baroclinicity parameter were calculated separately first for each ensemble member.



190

195

200

205

210

215

https://doi.org/10.5194/egusphere-2025-5075
Preprint. Discussion started: 17 October 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

The variables considered are SST, mean sea level pressure (SLP), latent and sensible surface heat fluxes, and large-scale
atmospheric fields used to derive a measure of baroclinicity. Latent and sensible heat fluxes were combined into a single field
(positive upward), hereafter referred to as just “fluxes”. Baroclinicity is quantified by the Eady growth rate maximum (cg

henceforth) parameter (e.g., Hoskins and Valdes, 1990), defined for the 700-850 hPa layer as

0
05 = 86400 x 0.3098 f ‘a‘zl /N,
where the unit is day_l, f is the Coriolis parameter, v is the wind vector, z is the height, and N is the Brunt—Viisild frequency,
given by
g 00
N=4/Z—
00z’

with 6 the potential temperature and g the gravitational acceleration.
3.2 Climate indices

Two scalar indices are central to the analysis: the winter (December—February, DJF) NAO index, and an SST-based index
representing the November SST anomaly pattern in the North Atlantic most strongly correlated with the following winter’s
NAO index.

To construct the NAO index, the first Empirical Orthogonal Function (EOF) of interannual DJF mean ERAS5 SLP anoma-
lies was computed over the domain 20°-80°N, 90°W—40°E, using the eofs Python package (Dawson, 2016) and applying
appropriate latitude-based weighting. For both ERAS and SEASS, the corresponding NAO index time series were obtained by
projecting their respective gridded SLP anomalies onto the ERAS-based spatial EOF pattern. This ensured that both indices
represent the same spatial imprint rather than dataset-specific structures.

The SST index was calculated in a similar way. November SST anomalies from ERAS were first regressed onto the inter-
annual ERAS NAO index to obtain a spatial regression pattern. SST anomalies were then projected onto this pattern within
a reference domain extending from the Equator to 75°N and from 100°W to 20°E, after which the resulting series was stan-
dardised to form the SST index. The selection of this region was done by testing different boundaries and selecting the region
that yielded the highest correlation between the SST index and the NAO in the study period. As with the NAO index, the SST
index for SEASS was computed by projection onto the ERAS-based pattern, not a model-specific optimal pattern, to maintain
consistency across the datasets.

Note that no masking for sea ice was applied. In both ERA5 and SEASS, grid cells covered by sea ice are not missing
values but contain subzero SSTs, which remain valid anomalies in this framework. Masking would risk introducing artificial

discontinuities in space and time, since the ice edge varies between months and years.
3.3 Statistical significance

Bootstrapping was used to estimate statistical significance, generally by creating 1000 randomised series by drawing N random

samples (with replacement) from a series with N data points. When assessing the significance of a metric (e.g., a correlation)



220

225

230

https://doi.org/10.5194/egusphere-2025-5075
Preprint. Discussion started: 17 October 2025 EG U h
© Author(s) 2025. CC BY 4.0 License. spnere

a ERA5 SST/SLP onto NAO b ERA5 (T =0.60) c SEAS5 (T=0.31)
< 2 N == e 2__ 2
2o nh ML e
s ol AN W 2 o \I a1 o
: 2 y i 2 \/
N z<) -1 y | ?f) 14 Y
Do o o
5 & £ 27 —— NAO £ 5 ]l— nno
: SsT SST
-3 & . ' : : t : + t +
_:~ 1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
04 -02 00 02 04 Year Year

Figure 1. (a) Colours: November SST anomalies in ERAS projected onto the ERAS5 DJF NAO index. Dots mark anomalies significantly
different from zero at the 5% level. Contours: DJF SLP anomalies projected onto the same NAO index. The contour interval is 1 hPa; solid
(dashed) contours indicate positive (negative) anomalies, and the zero contour is omitted. The map extent corresponds to the region used to
define the November SST index. (b) Time series of the November SST index (orange) and the DJF NAO index (blue) in ERAS. Years on the
x-axis correspond to the start of the winter season (i.e., DJF 1981/82 is labelled 1981). (c) As in (b), but for SEASS.

at a significance level of 5% (used throughout this study), the 2.5" and 97.5™ percentiles of the correlation coefficient across
those 1000 randomised series were computed, and if the interval between these percentiles did not include zero, the correlation

was deemed significant.

4 Results
4.1 Relationship between SSTs and the NAO

The ERAS SST anomaly regression pattern (i.e., November SST anomalies regressed onto the DJF NAO index) is shown with
shading in Figure la. As expected, it is similar to the pattern in Figure 1f in Kolstad and O’Reilly (2024) — which was also
computed based on ERAS but for a longer period (1940-2022). The contours in Figure 1a displays the regression of DJF SLP
anomalies onto the NAO index.

Figure 1b shows the interannual November SST index, obtained by projecting the SST anomalies onto the regression pattern
in Figure 1a, together with the winter NAO index. Although only a few of the local SST anomalies in Figure 1a are significant,
the correlation between the two indices is relatively high (7 = 0.60), underscoring the strong link between late-autumn SSTs
and the subsequent winter NAO. (In the following, etimated sample coefficients — values obtained by least-squares fitting — are
denoted by carets ; e.g., 7 is the sample 7 value.) The SST index captures well the two exceptionally negative NAO winters
of 2009/10 and 2010/11, as well as the extended positive NAO phase around 1990, though there are also seasons with weak

correspondence, such as 2000/01.
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As noted in Sec. 3b, the reference region used to compute the SST index was selected to maximise its correlation with the
NAO index. This required extending the domain to include parts of both the tropical North Atlantic and the eastern tropical
North Pacific. When the more limited region used by Kolstad and O’Reilly (2024) and Czaja and Frankignoul (2002) (20°-
80°N, 110°W-20°E) was used, the correlation decreased to 0.49, but qualitatively the analysis to follow gave similar results.

Turning to the SEASS indices shown in Figure 1c, several differences from ERAS are apparent. First, the correlation between
the SST and NAO indices is much lower in SEASS (7 = 0.31) than in ERAS (7 = 0.60), demonstrating a discrepancy in the
linkages between the observed SST pattern and the winter NAO. A second point is the weak correspondence between the
NAO indices in SEAS5 and ERAS: the correlation is not statistically significant, reflecting the absence of predictive skill
in the October-initialised SEASS forecasts. While this may seem unfavourable from a forecasting perspective, it is in fact
advantageous for the present analysis. If the model had exhibited high skill, the atmospheric circulation in SEAS5 would likely
have closely resembled that in ERAS, making it difficult to separate genuine model behaviour from externally constrained
predictability. The absence of skill ensures that the SST index and the NAO index evolve largely independently in SEASS
compared to ERAS. This independence allows examination of how the model internally links SST anomalies and the NAO,
rather than simply reproducing observed co-variability. It also provides a rationale for using October- rather than November-
initialised forecasts, since a later initialisation would likely yield higher skill and thus obscure a fair assessment of the model’s

feedback biases.
4.2 ERAS climatology and SEASS bias

Before examining the role of surface fluxes and baroclinicity in mediating the SST-NAO relationship, it is useful to consider
the climatological context. In Figure 2, ERAS climatologies and SEASS biases are therefore shown, starting with the mean
November SSTs in the North Atlantic in Fig 2a. Since the focus here is on the midlatitudes, the displayed region excludes
the tropics (cf. Figure 1a). A prominent feature is the strong SST gradient along the boundary between the warm Gulf Stream
waters and the much colder waters along the North American coastline. These gradients give rise to intense heat fluxes on the
warm side of the front (Figure 2b), as well as strong low-level baroclinicity (Figure 2¢). The last panel in the top row, Figure 2d,
shows the climatological SLP pattern, consisting of the familiar dipole between the Icelandic Low and a high west of Gibraltar.

It is striking how poorly SEASS represents the SST gradient along the Gulf Stream seen in Figure 2a. The map in Figure 2e
reveals a pronounced warm bias on the cold side of the front and a weaker cold bias on the warm side, resulting in an overall
weakened gradient. Within the Subpolar Gyre, the picture is more mixed, with the strongest warm bias in its southern sector.
The flux biases in Figure 2f mirror these SST errors, showing fluxes that are too strong in warm-biased regions and too weak
in cold-biased sectors. Notably, the flux bias is negative across much of the Gyre despite modest SST biases there. Figure 2g
further indicates that the underestimated SST gradients along the Gulf Stream are associated with too weak baroclinicity in the
storm-track entry region, while o is too high to the south.

Taken together, these errors imply a distorted storm track: too few cyclones over the northern North Atlantic and too many
further south, which is consistent with the IFS cyclone bias investigations by Jung et al. (2006) and Biieler et al. (2024). This
interpretation is supported by the SLP bias pattern in Figure 2h, which shows that SEASS fails to reproduce the observed SLP
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Figure 2. Top row: ERAS climatologies for (a) November SST (K); (b) DJF surface heat fluxes (W m_z); and (c) DJF Eady growth rate
maximum oz (day ). Bottom row: SEAS5 biases (SEAS5 minus ERAS5) for (d) November SST (K); (e) DIF surface heat fluxes (W m™2);

and (f) DJF o (day™!).

dipole and exhibits too weak westerly flow between the NAO centres of action. These weakened westerlies are commensurate

with the negative flux bias in the Gyre (Figure 2f); the fluxes are probably too weak because there is less intense cold advection

from the west.
4.3 Indirect effects, preconditioning, and feedbacks

4.3.1 Surface heat fluxes

Figure 3a displays the indirect effect of November SST anomalies on the winter NAO mediated by surface heat fluxes. Consis-
tent with Kolstad and O’Reilly (2024), the Subpolar Gyre stands out as a hotspot of mediation. Given that the overall SST-NAO
correlation is 7 = 0.6, it is notable that the indirect effect in the western Gyre approaches 0.4, implying that flux variations
in this region account for up to two-thirds of the SST-NAO relationship. This does not mean that these fluxes represent the
only pathway linking SSTs to the NAO; rather, the correct interpretation is that the SST-NAO link would be weaker without
the fluxes and their associated processes. Although not the focus here, positive indirect effects are also found over parts of the
North and Baltic Seas, and there is little evidence of suppression anywhere in the domain.

A legitimate concern is that the NAO itself induces flux anomalies in the Subpolar Gyre (Khatri et al., 2022), making the
reverse pathway X — Y — Z (where X is the SST index, Y the NAO index, and Z the fluxes) equally plausible. To explore the

influence of November SSTs on fluxes independently of the NAO, the partial correlation between X and Z with Y regressed
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Figure 3. Top row: ERAS (a) Sample indirect effect (dﬁ) via surface heat fluxes; (b) partial correlation (rx z|y) for fluxes (shading) and SLP
(contours; interval 0.1 SD, positive contours solid, negative contours dashed, zero contour omitted); (c) simulateneous correlation between

fluxes and the NAO. Bottom row (d—f): same as (a—c), but for SEASS. The unit in all the panels is SD.

out from both (rx, z|y in Eq. 5) is examined in Figure 3b. The resulting pattern bears some resemblance to the SST anomaly
structure used to define the November SST index (Figure 1a), consistent with the SST anomalies governing the sign of the
heat fluxes. However, in the western Gyre, 7x 7|y is significantly positive despite the negative SST anomalies in that area
(Figure 1a), suggesting the presence of a process, independent of the NAO, that establishes these flux anomalies.

The white contours in Figure 3b, which depict the partial correlation between November SSTs and SLP (with the NAO
removed), reveal a dipole roughly resembling an NAO pattern rotated less than 90° clockwise. This circulation response favours
anomalous cold advection from the northwest into the Gyrefor positive realisations of the SST index, thereby enhancing upward
heat fluxes and preconditioning the atmosphere for low-pressure development. For negative realisations, the advection and flux
tendencies reverse to dampen such a development.

Figure 3c shows the simultaneous correlation between winter NAO and fluxes. Its close resemblance to the indirect-effect
pattern in the Subpolar Gyre underscores the feedback nature of this coupling: the preconditioning revealed by Figure 3b thus

likely helps to set the stage for NAO growth, while Figure 3¢ shows how the established NAO strengthens those flux anomalies

11



300

305

310

315

320

325

https://doi.org/10.5194/egusphere-2025-5075
Preprint. Discussion started: 17 October 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

in return. This preconditioning—feedback sequence lends physical support to the interpretation of the indirect effect in Figure 3a
as a genuine two-way air—sea feedback, rather than an artefact of the reverse causal pathway.

Turning to SEASS, the indirect effect of SSTs on the NAO via fluxes is shown in Figure 3d. Its spatial pattern differs substan-
tially from that in ERAS. Around the Gyre, significant negative &3 values occur, indicating suppression rather than mediation.
This appears to arise from two factors. First, a strong negative partial correlation between SSTs and fluxes independent of the
NAO is present in the eastern Gyre, coinciding with the area of most negative indirect effect (Figure 3e). This signal does not
align with the partial SST-SLP pattern, which shows no consistent advection structure in that region. However, the area of
negative 64[3 values overlaps with the negative flux bias seen in Figure 2f, probably linked to too weak westerly flow in SEASS.
Second, the contemporaneous relationship between fluxes and the NAO is much weaker in the southern Gyre in SEASS than
ERAS (Figure 3f vs. 3c). This muted sensitivity likely reflects the positive mean flux bias in that region (Figure 2f), itself linked
to a positive SST bias (Figure 2e), which may dampen the response of flux anomalies to NAO-related circulation changes.

Beyond the Subpolar Gyre, widespread suppression is evident across the North Atlantic, notably along the Gulf Stream
and its extensions, including the southward-flowing Canary Current. The overall picture is therefore one of broadly negative,

spatially diffuse flux feedbacks, in sharp contrast to the strong and localised positive mediation seen in ERAS.
4.3.2 Baroclinicity

Figure 4a shows the indirect effect of November SST anomalies on the winter NAO mediated by lower-tropospheric baroclin-
icity, og. Consistent with Kolstad and O’Reilly (2024), the indirect effect is uniformly and significantly positive within the
outlined storm track entry region, confirming the important role of baroclinicity in mediating the SST-NAO link. Positive a3
values also occur further south, where ¢ is negative (not shown), and around Iceland (where & is positive).

Together, Figures 4b and 4c help resolve potential ambiguity about causality and provide physical context for the indirect
effect shown in Figure 4a. Figure 4b demonstrates that late-autumn SST anomalies can precondition baroclinicity in a way that
favours NAO development even after the NAO signal has been regressed out. This preconditioning occurs through anomalous
advection in the region between the SLP poles indicated by white contours. When the SST index is positive, anomalous cold
advection strengthens horizontal temperature gradients and reduces lower-tropospheric stability, both of which enhance the
baroclinicity parameter og. Positive partial correlations for og in the Subpolar Gyre are indicative of conditions conducive
to low-pressure development in the northern lobe of the NAO. For negative SST index cases, the advection pattern reverses:
anomalous warm advection weakens the temperature gradients and increases stability, reducing og. Figure 4c verifies that
once the NAO is established, o g co-varies with it in a manner that reinforces the anomaly in the storm-track entry region and
suppresses it further south, both consistent with a strengthening of the NAO itself.

In SEASS, however, the contrast to ERAS5 is unmistakable. In the entry region, Figure 4d exhibits only a shadow of the
positive indirect effect seen for ERAS. Judging from Figure 4e, it is not clear why this should be the case, as the partial corre-
lation between SSTs and o is significant and positive in the Subpolar Gyre region. This in itself should strongly precondition

the NAO in its northern centre of action, but Figure 4f makes clear that the feedback between the NAO and oy is weak and
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Figure 4. As Figure 3, but for the Eady growth rate maximum (o ).

non-significant. This points to a key deficiency in SEASS: the feedback that should sustain baroclinicity once the NAO is

established is too weak, limiting the overall strength of the mediation pathway.
4.4 Relating feedbacks to skill

This section examines whether the strength of the indirect effect dﬁ scales with 7, the strength of the SST-NAO relationship.
Section 4.1 revealed that 7 is 0.60 in ERAS and 0.31 in SEASS. Figures 3a and 4a demonstrated that the indirect effect in
ERAS is substantial within the outlined reference domains. Area-averaged values of dﬂA within these boundaries amount to
0.34 for fluxes and 0.41 for o g, corresponding to 57% and 69% of 7, respectively. In SEAS3, by contrast, the indirect effect is
far weaker: only 10% of 7 for fluxes and 8% for o . This confirms the visual impression from Figures 3d and 4d that mediation
through these feedback pathways is marginal in SEASS.

Figure 5 explores the relationship between the total and indirect effects more systematically. Bootstrap resampling was used
to generate ensembles of 1000 (7, &B) pairs for both datasets, with each point representing a resampled period of the same
length as the 1981-2023 study window. The dashed ovals enclose the approximate 95% confidence regions, computed as two-

dimensional covariance ellipses of the bootstrap samples. The lack of overlap between the two point clouds for both fluxes
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Figure 5. (a) Scatterplot of the indirect effect via fluxes, with d,@ on the x-axis and the total effect 7 on the y-axis. The stars mark the raw
values for both datasets (ERAS in orange and SEASS in blue), while the dots represent each of the 1000 bootstrapped (7, dﬁ) pairs. Each
bootstrap sample was generated by randomly resampling years with replacement to create synthetic time series of the same length as the
original period (1981-2023), from which 7 and &3 were recalculated. The dashed ovals enclose approximately 95% of these bootstrapped
points, providing an estimate of the sampling uncertainty and typical joint variability of 7 and &f3. (b) As (a), but for the Eady growth rate

maximum (o g). The unit is standard deviations (SD), and the x-axis label “correlation” is appropriate since both indices are standardised.

and baroclinicity highlights fundamental differences between the observational and model-based feedback structures. Before
interpreting these results, it is useful to consider what the structure of such point clouds reveals about feedback processes.

If a feedback pathway is physically meaningful and consistently represented, the point cloud is expected to show a positive
correlation between 7 and &ﬁ . This implies that stronger total SST-NAO relationships tend to coincide with enhanced indirect
effects. Such a cloud will be tilted towards the diagonal. In contrast, if the indirect effect is weak or inconsistently linked to 7,
the cloud will be oriented along the y-axis, reflecting that some samples may exhibit a strong total effect without any associated
change in the indirect effect. Such a pattern suggests a non-existent mediation pathway.

Starting with the flux pathway in Figure 5a, the ERAS point cloud shows a modest diagonal tilt, and the correlation between
7 and &B is 7 = 0.49, indicating that the indirect effect explains roughly a quarter of the variance in the SST-NAO correlation.
Nearly all ERAS samples (orange points) lie in the upper-right quadrant, labelled “correct mediation” because both 7 and a3
are positive. The SEASS point cloud (blue) presents a clear contrast: it is more vertically aligned, and while some resampled

periods have relatively high 7 values, these are not consistently associated with strong indirect effects. The correlation be-
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tween 7 and dﬁ is lower (r = 0.31), though still significant, implying that flux-mediated feedbacks explain about 10% of the
variance in 7. A non-negligible number of SEASS samples fall in the upper-left quadrant, where 7 > 0 but @B < 0, indicating
suppression rather than mediation, and a smaller number even appear in the lower quadrants, where the sign of 7 is incorrect.
The contrast is even sharper for the baroclinicity pathway (Figure 5b). In ERAS, the correlation between 7 and &B is
r = 0.66, with the indirect effect accounting for 44% of the variance in 7. The point cloud is clearly aligned along the diagonal,
reflecting a close link between the total effect and mediation strength. In SEASS, by contrast, the correlation drops to r = 0.13,
which, although still significant at the 5% level, indicates that only 2% of the variance in 7 is associated with mediation
through baroclinicity. These results underscore how weakly this feedback is represented in SEASS compared to reanalysis.
This weakness is particularly striking given that the baroclinicity pathway is the dominant mediator of the SST-NAO link in
ERAS, explaining a larger fraction of the total effect than the flux pathway. Its near absence in SEASS therefore points to a
fundamental deficiency in the model’s representation of the dynamical processes that sustain the storm track and couple it to

oceanic anomalies and the NAO.

5 Discussion

In this paper, feedback pathways linking the state of the North Atlantic sea surface in late autumn and the NAO during the
following winter have been explored. As in Kolstad and O’Reilly (2024), these pathways were investigated using mediation
analysis, a branch of statistical causal inference methods that has seen little use in climate dynamics so far. A central aim was
to demonstrate that feedbacks previously identified through idealised perturbation experiments in dynamical models can also
be diagnosed directly from observational or reanalysis data. One clear advantage of this approach is that it avoids the need
to manipulate boundary conditions like SSTs. Such manipulations can elicit compensatory model adjustments that complicate
interpretation, particularly when the models themselves suffer from systematic biases. Mediation analysis instead infers causal
structure directly from observed covariability, offering a complementary perspective on internal feedback pathways.

It must nevertheless be acknowledged that reanalysis products are themselves produced with models — in the case of ERAS,
from the same model lineage as SEASS. Thus, reanalyses are not free from biases, and their depiction of physical relationships
may be influenced by model behaviour. Mediation analysis cannot fully resolve such issues, but by contrasting reanalysis-based
and model-based feedbacks, it can help to pinpoint where key processes diverge.

Additional limitations should be kept in mind. For one, the mediation framework as applied here is linear and does not ade-
quately capture nonlinear feedbacks. Further, SEASS is only one dynamical system; different models likely represent feedback
differently. The reason only one model is investigated here is that its reforecast period extends back to 1981, while reforecasts
are only available from 1993 and onwards for comparable systems — this shorter period would render the mediation analysis less
rebust. Future work could extend this examination to multi-model ensembles and incorporate nonlinear mediation techniques.

Notwithstanding these caveats, this study has extended Kolstad and O’Reilly (2024) by revealing a physically coherent
sequence of processes linking late-autumn SST anomalies and the winter NAO. Independent of the NAO itself, November SST

anomalies induce a surface-pressure dipole pattern resembling a clockwise-rotated NAO. This preconditions the atmosphere
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for anomalies in surface fluxes and baroclinicity in the Subpolar Gyre, which in turn nudge the NAO. Once established, the
NAO feeds back on both fluxes and baroclinicity, reinforcing the initial anomalies and sustaining the circulation pattern.

It is important to emphasise that these feedbacks do not account for all aspects of NAO variability. Far from it; the processes
identified here represent only one pathway among many, complementing influences from, for example, the stratosphere, tropical
SSTs, Arctic sea-ice variability, and internal atmospheric dynamics. Rather than providing a complete explanation, the present
results demonstrate how even a single coupled feedback sequence can contribute to shaping NAO variability and how its
misrepresentation in a prediction system may limit its ability to capture the full spectrum of NAO behaviour.

For a key finding is that these pathways are considerably weakened or absent in SEASS. In particular, the baroclinicity
feedback — the process by which enhanced or suppressed eddy growth reinforces the circulation anomaly — is nearly non-
existent, while the flux-mediated pathway is much weaker than in ERAS. As a result, these processes contribute little to
the lagged SST-NAO relationship in SEASS, which is consistent with the system’s limited skill in predicting the NAO even
when initialised with October SST anomalies. This suggests that the misrepresentation of critical feedback mechanisms is a
fundamental barrier to improved forecast performance.

These findings have practical implications for model development. Enhancing ocean resolution (Haarsma et al., 2019),
reducing Gulf Stream SST biases (Roberts et al., 2021), and improving the representation of eddy—mean flow feedbacks
(Hardiman et al., 2022) are all likely to strengthen the feedback pathways highlighted here. Encouragingly, the upcoming
SEASG6 system includes a new ocean model that, among other improvements, reduces heat flux biases along the Gulf Stream
(Keeley et al., 2024).

The results presented here is that they raise important questions for the emerging class of ML-based seasonal and subseasonal
prediction systems (e.g., Chen et al., 2024; Kent et al., 2025). If trained on model-generated data or on reanalyses influenced
by model biases, such systems risk inheriting some of the deficiencies documented here. Conversely, ML approaches trained
directly on observations might bypass some of these problems — but whether they capture the same preconditioning and
feedback structures as the real climate system remains an open question.

Mediation analysis offers a powerful and versatile framework for tackling these research challenges. It can help pinpoint
where models fail to represent key causal pathways, assess whether targeted improvements translate into more realistic cou-
pled feedbacks and higher predictive skill, and evaluate whether ML-based forecasts reproduce the same physical linkages
observed in nature. In a broader sense, mediation analysis can serve as a bridge between statistical diagnostics and both
process studies and model development/evaluation, advancing our understanding of how ocean—atmosphere coupling shapes

climate predictability.
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