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Abstract 27 

The North Atlantic Oscillation (NAO) is a well-studied mode of regional climate 28 

variability, associated with fluctuations in sea-level pressure (SLP), storm tracks, and 29 

the North Atlantic jet. These fluctuations have been perceived as a seesawing between 30 

two climatic phases, one corresponding to a more poleward jet and the other to a more 31 

equatorward. However, recent work has shown that zonal wind anomalies also 32 

propagate poleward at interseasonal timescales. Using reanalysis data, this work 33 

demonstrates for the first time that the subseasonal NAO propagates with a 145-day 34 

period, explaining the recently discovered long-term predictability of the NAO. This 35 

propagation period can be predicted from a reduced-order model of zonal wind 36 

dynamics. This propagating behavior is fundamental to the NAO, representing the true 37 

“dynamic mode” of North Atlantic jet variability, and removing this propagation in the 38 

reduced-order model decreases the NAO’s predictability. Furthermore, the NAO’s 39 

climate anomalies, including SLP, propagate along with the wind; SLP exhibits the 40 

same low-frequency periodicity as the wind. This suggests the NAO has two under-41 

studied phases in quadrature with the “seesaw” phases. Finally, our work suggests that 42 

the North Atlantic response to uniform climate forcing will include both a poleward jet 43 

shift and a jet strengthening. 44 

  45 
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Significance Statement 46 

 The North Atlantic Oscillation (NAO) is the most consequential mode of climate 47 

variability for Europe and Eastern North America. Until now, it was thought to have only 48 

two phases, which arise and decay gradually over a few weeks and correspond to a 49 

“see-sawing” in the intensity of the Icelandic Low and Azores High. Here we show the 50 

NAO has two additional, previously unrecognized phases, which correspond to 51 

northward and southward displacements of the Icelandic Low and Azores High. These 52 

phases alternate with the traditional ones, producing a 145-day cycle, which appears in 53 

temperature, wind speeds, precipitation, and sea-level pressure. More than simply 54 

affecting the weather, these phases boost North Atlantic seasonal climate predictability 55 

while also imprinting on regional climate change.  56 

  57 
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1. Introduction 58 

Over subseasonal to decadal timescales, the North Atlantic Oscillation (NAO) is 59 

the dominant mode of climate variability for eastern North America and western Europe 60 

[1,2,3]. Traditionally, the NAO is viewed as a fluctuation in the strength and position of 61 

the Azores High and Icelandic Low pressure centers, accompanied by changes in the 62 

North Atlantic eddy-driven jet [3,4,5]. The NAO modifies surface temperatures, 63 

precipitation, wind speed, sea-ice coverage, and sea-surface temperatures, controlling 64 

both regional climate and the manifestation of climate change [3,6,7,8,9]. The NAO has 65 

been linked to heat waves and cold spells in North America, Europe, and Asia, as well 66 

as flood risk in Northern Europe and the associated economic damage [10,11,12,13].  67 

However, the NAO’s recent trends and its long-term response to human 68 

emissions remain poorly understood [14,15,16,17]. The current generation of climate 69 

models generally predict a forced strengthening of the NAO, while simultaneously failing 70 

to capture its historical strengthening, raising questions about the models’ credibility 71 

[14,15,18,19,20,21]. Furthermore, the models underestimate the predictability of the 72 

NAO, a phenomenon known as the “signal-to-noise paradox” [11,15,22,23]. This 73 

“paradox” is that realistic GCMs forecast the observed NAO better than the same 74 

model’s own NAO at long lead times [11]. Various (not mutually exclusive) causes have 75 

been suggested for this “underestimated” predictability: problems with forecast 76 

initialization [15], non-ergodicity [24], non-Gaussianity [25,26], and underestimated 77 

midlatitude climate persistence [27,28,29].  78 

Given these questions about the NAO’s seasonal predictability and long-term 79 

response to climate forcings, which at first appear distinct, we consider a semi-80 
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empirical, mathematical model of the NAO: the stochastic, linear dynamical system, first 81 

proposed for the climate system by Hasselmann [30], of the form 82 

𝑑𝑑𝐮𝐮
𝑑𝑑𝑑𝑑

= 𝐀𝐀𝐮𝐮 + 𝐟𝐟 . (1) 83 

Here, 𝐮𝐮 is the state vector, 𝐀𝐀, the “dynamics”, is a linear operator which describes how 84 

the state vector evolves temporally, and 𝐟𝐟 is a (possibly stochastic) forcing. For the 85 

NAO, 𝐮𝐮 might be SLP, surface streamfunction, or zonal wind. Only part of 𝐟𝐟 is “external” 86 

forcing; some portion is also the induced or “Eliassen” response [31]. 87 

To illustrate the value of (1), consider two limiting cases. In the first, the system is 88 

unforced (𝐟𝐟 = 𝟎𝟎), and thus (1) can be solved for an initial value as 𝐮𝐮′(𝑑𝑑) = 𝐮𝐮′(0)𝑒𝑒𝐀𝐀𝑡𝑡, 89 

where the prime represents deviations from the time mean. If 𝐀𝐀 is diagonalizable by its 90 

eigenvectors 𝐯𝐯𝑖𝑖, 𝐮𝐮′ evolves linearly with 𝐕𝐕𝑒𝑒𝚲𝚲𝑡𝑡𝐕𝐕−1, where 𝐯𝐯𝑖𝑖 form the columns of 𝐕𝐕 and 𝚲𝚲 91 

is a diagonal matrix of the eigenvalues 𝜆𝜆𝑖𝑖. This means that the eigenvectors of 𝐀𝐀, the 92 

“modes of variability”, represent fundamental, physical modes of 𝐮𝐮 with a timescale 93 

determined by the eigenvalues 𝜆𝜆𝑖𝑖. 𝐀𝐀 is real, and so 𝜆𝜆𝑖𝑖 will either be real or in complex 94 

conjugate pairs; the inverse real component determines the mode’s 𝑒𝑒-folding timescale 95 

and any imaginary component determines the mode’s frequency. 96 

The eigenvalues of 𝐀𝐀 also determine the predictability of (1). The initial value 97 

case described above represents the best linear prediction for (1), even with nonzero 𝐟𝐟. 98 

In the idealized case of perfect prediction and observing systems (determining the 99 

theoretical limit), the prediction error 𝐮𝐮𝐨𝐨𝐨𝐨𝐨𝐨 − 𝐮𝐮(0)𝑒𝑒𝐀𝐀𝑡𝑡 evolves like (1) and the prediction 100 

error covariance at forecast lead 𝜏𝜏, 𝐂𝐂(𝜏𝜏), obeys 101 

𝐂𝐂(𝜏𝜏) = 𝐂𝐂(∞) − 𝐕𝐕𝑒𝑒𝚲𝚲𝜏𝜏𝐕𝐕−1𝐂𝐂(∞)𝐕𝐕−1𝑒𝑒𝚲𝚲𝜏𝜏𝐕𝐕 . (2) 102 
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Here 𝐂𝐂(∞) is the climatological error covariance (eq. 13 in Tippet and Chang [32]). 103 

Smaller 𝐂𝐂(𝜏𝜏) and thus smaller 𝑒𝑒𝚲𝚲𝜏𝜏 means a better prediction. Therefore, the least-104 

damped eigenvector 𝐯𝐯𝐢𝐢 corresponds to the most predictable mode of 𝐮𝐮 [33].  105 

 The second case to consider for (1) is where 𝐮𝐮 = 𝐮𝐮� (its time-mean value), and 106 

thus 𝜕𝜕𝐮𝐮�
𝜕𝜕𝑡𝑡

= 𝟎𝟎. If the operator 𝐀𝐀 is nonsingular, the solution of (1) is 𝐮𝐮� = −𝐀𝐀−1𝐟𝐟, which 107 

implies 𝐕𝐕−1𝐮𝐮� = −𝜆𝜆𝑖𝑖−1𝐕𝐕−1𝐟𝐟. If the forcing is uniformly distributed across modes of 𝐀𝐀, then 108 

the forced 𝐮𝐮� projects onto its modes of variability proportionally to their damping 109 

timescales. This is a statement of the “fluctuation-dissipation theorem” (FDT) for this 110 

linear system. Since its introduction to climate science [34], FDT has been applied to 111 

predict the zonal-mean circulation response to weak forcing with varying levels of 112 

success [32,35,36,37,38,39,40,41].  113 

 While these two limiting cases are idealized, they illustrate the insight available in 114 

(1). If the FDT holds qualitatively for the NAO, it would have serious implications for 115 

current climate projections. The leading mode of zonal-mean zonal wind variability in 116 

the Northern Hemisphere, the Northern Annular Mode (NAM), has been shown to be 117 

too transient (or only adequately so) during NH winter in a range of CMIP and 118 

subseasonal forecast models [29,42,43]. Because the NAO and NAM are akin [4,44], 119 

models may be underestimating future changes in the North Atlantic jet. Assuming 120 

models are not missing some source of low-frequency variability, this is consistent with 121 

recent findings that current NAO trends exceeding most model predictions [14]. 122 

However, previous attempts to model the NAO using (1) assume that 𝐀𝐀 is 123 

diagonal in EOF-space, reducing it to a constant feedback parameter [45]. This is not 124 

justified because EOFs, while explaining the maximum variance, are not generally the 125 
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eigenvectors of 𝐀𝐀 [33,46,47,48,49,50]. Additionally, the Southern Annular Mode (SAM) 126 

– the NAO’s Southern Hemisphere cousin – cannot be explained with diagonal 127 

dynamics. The SAM has recently been shown to have interactions between its first and 128 

second EOFs that lead to a slow, 150-day meridional propagation of zonal wind 129 

anomalies [37,51,52].  130 

The broader question which underlies this work is whether (1) is a suitable 131 

conceptual model for North Atlantic jet fluctuations and what its dominant mode of 132 

variability is. We ask whether the NAO exhibits a meridional propagation like the SAM, 133 

and what the implications of this propagation are for short-term forecasting, for 134 

predictability, and for the forced response. The meridional propagation of zonal-mean 135 

angular momentum anomalies has recently been found to influence the NAO at 136 

seasonal-to-annual timescales [53,54], but the current work will show that this 137 

propagation is the NAO itself.  138 

 139 

2. Results 140 

2.1. Theory of Variability for Regional Jets 141 

In column-integrated, zonal-mean, quasi-geostrophic (QG) theory, the zonal 142 

momentum budget is a balance between the eddy momentum flux convergence 143 

(EMFC), which drives the jets, and surface drag, which slows them. For a regional-144 

mean, rather than the hemisphere-mean, this balance is modified by “boundary effects”. 145 

However, if a sector Δ𝜆𝜆 contains a wave source whose zonal length scale is 146 

considerably greater than its meridional scale, as for the North Atlantic, and the 147 
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timescale is sufficiently short, the boundary effects can be neglected [4] (see 148 

Supplemental Section 1). Thus, the approximate regional balance is the same: 149 

𝜕𝜕𝑡𝑡[⟨𝑢𝑢⟩]Δ𝜆𝜆 ≈ [⟨𝑀𝑀⟩]Δ𝜆𝜆 + [𝑋𝑋𝑠𝑠]Δ𝜆𝜆. (3) 150 

Here 𝑀𝑀 is the EMFC, 𝑢𝑢 is zonal momentum, and 𝑋𝑋𝑠𝑠 is surface friction.  151 

 Given the simplicity of (3), can it be expressed as a linear dynamical system (1)? 152 

Classically, friction is assumed to be a linear Rayleigh drag [4,55], or [𝑋𝑋𝑠𝑠]Δ𝜆𝜆 ≈ −𝑟𝑟[⟨𝑢𝑢⟩]Δ𝜆𝜆, 153 

where 𝑟𝑟(𝜙𝜙) is the damping rate coefficient. We validate both the linear drag and WKB 154 

approximations for the NAO in Supplemental Figures 1, 2, and 3.  155 

 The next task, connecting the EMFC [⟨𝑀𝑀⟩]Δ𝜆𝜆 with mean flow [⟨𝑢𝑢⟩]Δ𝜆𝜆, is a 156 

longstanding challenge [35,37,55,56]. For now, assume it can be represented as a 157 

linear mapping 𝐌𝐌(𝜙𝜙)[⟨𝑢𝑢⟩]Δ𝜆𝜆 (the “eddy feedback”) with an additional stochastic 158 

component 𝑀𝑀�(𝜙𝜙) independent of [⟨𝑢𝑢⟩]Δ𝜆𝜆, driven by high-frequency eddies. Then we 159 

could write (3) as (1) 160 

𝜕𝜕𝑡𝑡[⟨𝑢𝑢⟩]Δ𝜆𝜆 ≈ (𝐌𝐌− 𝑟𝑟)[⟨𝑢𝑢⟩]Δ𝜆𝜆 + 𝑀𝑀� ≝ 𝐀𝐀[⟨𝑢𝑢⟩]Δ𝜆𝜆 + 𝑀𝑀�  . (4) 161 

The subject of how to estimate 𝐌𝐌 for the midlatitude jets has been studied extensively 162 

[35,37,40,55]. 163 

Using the EOF basis vectors, one can project (4) onto this basis: 164 

𝑑𝑑𝒛𝒛
𝑑𝑑𝑑𝑑

= (𝐁𝐁 − 𝚻𝚻−1)𝒛𝒛 + 𝒎𝒎�  . (5) 165 

Here, 𝒛𝒛 represents the EOF timeseries (the first being an index for the NAO), 𝐁𝐁 the eddy 166 

feedback matrix, 𝚻𝚻−1 the (diagonal) damping rate matrix, and 𝒎𝒎�  the stochastic forcing. 167 

Thus, (5) is a multi-dimensional, regional extension of the Lorenz-and-Hartmann model 168 

for the SAM [55] and NAM [57]. Note that (5) does not require the dynamics (𝐁𝐁) to be 169 

diagonal in EOF space [51], although this has been frequently assumed [45,55,57]. It 170 
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does require that each mode is forced independently. Eqs. (4) and (5) represent the 171 

linear dynamical systems we utilize to understand the NAO. Hereafter, we interpret the 172 

leading modes of (4) and (5) as the NAO, extending the traditional SLP-based definition. 173 

 174 

2.2. Propagation of the Subseasonal NAO 175 

The subseasonal NAO exhibits all the features of propagating modes in EOF 176 

space [40]: the two leading modes (NAO1 and NAO2) decay at similar rates, explain 177 

similar fractions of the variance, and gradually follow one another in time (see 178 

Supplemental Figures 4 and 5). Because of this evidence for propagation, we use (5), 179 

the cross-EOF feedback model of Lubis and Hassanzadeh [51], hereafter LH20, to 180 

determine the strength of the eddy-jet feedback and the period and decay timescale for 181 

the propagation (Table 1).  182 

Table 1 provides further evidence of propagation: the eigenvalue solution to (5) is 183 

complex (i.e., 𝒯𝒯 ≠ 0). Note that EOF1-EOF2 interaction, represented by nonzero 𝑏𝑏𝑖𝑖𝑖𝑖, 184 

does not guarantee propagation; (𝐁𝐁 − 𝚻𝚻−𝟏𝟏) is real and could have purely real 185 

𝑏𝑏11 𝑏𝑏12 𝑏𝑏21 𝑏𝑏22 

0.052±0.004 0.035±0.019 -0.061±0.004 0.019±0.030 

𝜏𝜏1−1 𝜏𝜏2−1 𝜎𝜎−1 𝒯𝒯 

7.2±0.6 7.3±0.9 -9.7±2.1 144±47 

Table 1: Cross-EOF feedback parameters (𝑏𝑏11,𝑏𝑏12,𝑏𝑏21,𝑏𝑏22) computed from the two leading 
EOFs (NAO1 and NAO2) of North-Atlantic-mean, vertically integrated zonal wind in MERRA2 
from 1980-2023. Units are days-1. Feedbacks are computed across lag days 7-18 and 
averaged, as in LH20. The frictional damping timescales (𝜏𝜏1, 𝜏𝜏2) are estimated using the method 
outlined in Lorenz & Hartmann (2001), Appendix A. They have units of days. See Section 4.1 for 
details. Period (𝒯𝒯) and decay timescale (𝜎𝜎−1) are estimated using (6) and (7), respectively, and 
also have units of days. Ranges are estimated using a bootstrapping technique outlined in 
Section 4.1; they represent one-half the inner-quartile range for the estimated distributions. 
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eigenvalues. The fact that it does not is evidence that the mode is propagating [51,58]. 186 

Additionally, the propagation period is nearly 150 days – the same periodicity that has 187 

been observed for SAM [52]. Finding similar periods for both NAO and SAM suggests 188 

the controlling mechanism for the periodicity is planetary-scale, consistent with a 189 

previous hypothesis that it is linked to the width of the baroclinic zone [59]. 190 

The cross-EOF feedback model also provides key insights into the source of the 191 

persistence of NAO1 and NAO2. To see this, we compare Table 1 with the result of (5) 192 

if we assume no cross-EOF interaction. In this case, 𝐁𝐁diag = �𝑏𝑏1 0
0 𝑏𝑏2

�, where 𝑏𝑏1 =193 

0.044 ± 0.004 days-1 and 𝑏𝑏2 = 0.010 ± 0.034 days-1. Since both 𝐁𝐁𝐁𝐁 and 𝐁𝐁diag𝐁𝐁 fit (5), 194 

𝑏𝑏1𝑧𝑧1 ≈ 𝑏𝑏11𝑧𝑧1 + 𝑏𝑏12𝑧𝑧2. Thus, the cross-EOF interaction 𝑏𝑏12 must be weakening the 195 

feedback and reducing the persistence of NAO1. SAM’s propagation has also been 196 

found to reduce its persistence [40,58,60].  197 

Since the NAO’s dynamics are propagating and not diagonal in EOF-space, we 198 

must consider whether the true dynamic modes of North-Atlantic zonal wind variability 199 

are different from the EOFs [49]. Therefore, we use dynamic mode decomposition 200 

(DMD; see Section 4.2) to estimate the true modes (eigenvectors) of (3). Linearly 201 

parameterizing the EMFC, as in (4), is not necessary for the DMD modes, which still 202 

obey (5). See Section 4.2 and Schmid [61] for a recent review. 203 

The three least-damped DMD modes correspond to the three most predictable 204 

and most excitable modes (Figure 1). The zonal wind anomalies reconstructed from 205 

these three modes have a spatiotemporal pattern correlation of about 0.70 with the 206 

original anomalies, which proxies the “fraction of variance explained” used in EOF 207 

analysis. The decay scale of the first leading mode is 8.1 days, much longer than the 208 
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others (3.2 and 2.8 days), and its correlation is 0.66 with the original data. Thus, the first 209 

mode dominates the variability of MERRA2. It is complex (i.e., propagating) with a 210 

period of 146.3 days, consistent with the prediction from the LH20 model (Table 1). 211 

Further, it has a spatial pattern correlation of 0.95 with the complex EOF1 + 𝑖𝑖 EOF2. This 212 

validates that EOF1 and EOF2 capture two components of a physical, propagating 213 

mode – the NAO. 214 

We have confidence this mode is physical and not a statistical artefact (cf. 215 

Gerber and Thompson [50]). While not previously identified in the North Atlantic, 216 

meridional propagation of zonal wind anomalies has long been observed in both 217 

hemispheres [59,62,63], and the propagation mechanism has been explained. 218 

Essentially, the mode propagates because of wave-mean-flow interaction: negative 219 

zonal wind anomalies enhance the breaking of midlatitude waves on their poleward 220 

flank, which decelerates the wind along this flank and converges momentum on the 221 

poleward flank of the positive anomaly, causing the entire dipole to shift poleward. See 222 

Lee et al. [59] and Lorenz [64] for greater detail.  223 
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224 

 225 

Notably, the vertical structure of DMD1 is strongly barotropic, which agrees with 226 

barotropic annular mode theory and the mechanism for meridional propagation just 227 

described [59,64,65]. The barotropic structure is also consistent with coherent 228 

fluctuations in atmospheric mass, captured by sea-level pressure (SLP), the traditional 229 

measure used for the North Atlantic Oscillation. This suggests the SLP anomalies likely 230 

migrate with zonal wind anomalies.  231 

If such periodicity of the zonal wind (and SLP) exists, it should appear in their 232 

power spectra. Because the mode is damped faster than its periodicity, and because 233 

zonal wind anomalies often propagate with different speeds at different latitudes [64], 234 

any spectral peaks may be subtle. To retain any signal, we examine the power spectra 235 

Figure 1: The three least-damped dynamic modes of North-Atlantic-mean zonal wind in 
MERRA2 (1980-2023). The shading is the real component and the contours are the imaginary. 
The 2D pattern correlation with the complex 𝐸𝐸𝐸𝐸𝐸𝐸1 + 𝑖𝑖 𝐸𝐸𝐸𝐸𝐸𝐸2 vector, the inverse real part of the 
eigenvalue (damping timescale), and 2𝜋𝜋 times the inverse imaginary part of the eigenvalue 
(periodicity) are given above each mode. The modes are normalized such that the magnitude of 
the complex timeseries for each mode has unit variance, with the real part corresponding to 
phase angle of 0° and the imaginary part corresponding to 90°. 
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in latitude-frequency space, normalizing the power by the variance at each latitude 236 

(Figure 3). Both zonal wind and SLP have red spectra [30], with the power decreasing 237 

with frequency, but they have notable peaks around the predicted propagation period 238 

(~150 days), which are statistically different from a red noise spectrum at the 90% 239 

confidence level (Figure 3, absence of hatching). Both zonal wind and SLP show 240 

significant peaks spread around the predicted period from 30°-60°.  241 

The quasi-semiannual periodicity we have found agrees with and helps interpret 242 

the predictability found in subseasonal forecasts [53,54]. The forecast models can 243 

predict the hemispheric-mean momentum anomalies with a correlation above 0.5 for 244 

around 6 months (~1 period), with significant correlations out to 12 months [53]. 245 

Considering the tripolar structure of the mode in the extratropics (Figure 1a), this would 246 

require 1.5 periods (~8 months) for anomalies originating in the tropics to reach the 247 

poles. Notably, the annual predictability found by Scaife et al. [53,54] is likely due to 248 

ENSO’s steady forcing of the anomalies [66], but the propagation is due to internal 249 

atmospheric dynamics and not ENSO [53,54]. 250 
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 251 

 252 

2.3. Impacts of the Propagating NAO 253 

We conclude our analysis by showing that the NAO’s propagation has 254 

implications for its associated surface climate anomalies and its overall predictability. 255 

Using the phase of the DMD index (see Section 4.2) during the strongest propagating 256 

season (October-March), we composite 15-day low-pass-filtered surface climate 257 

anomalies (Figure 3). In the composites, surface temperature, SLP, precipitation, and 258 

sea-surface temperature (SST) anomalies all propagate following the zonal wind 259 

 

Figure 2: Power spectral density of North-Atlantic-mean (top) vertically-averaged zonal wind 
anomalies and (bottom) sea-level pressure (SLP) anomalies for 1980-2023. Power spectra are 
normalized by the variance of each latitude. Hatched areas are statistically indistinguishable 
from red noise at the 90% confidence level. See Section 4.3 for details. 
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anomalies. Propagation remains when we include high-frequency and year-round data, 260 

but the robustness decreases. The seasonality is consistent with zonal wind anomalies 261 

excited by ENSO in NH autumn and with the preference of propagation for separated 262 

eddy-driven and subtropical jets [54,59,60,67]. We independently verify the poleward 263 

migration of climate impacts by regressing the EOF1 and EOF2 indices against the 264 

surface climate anomalies, which shows that the modes’ surface impacts are in 265 

quadrature (Supplemental Figure 6). Given that one mode often follows the other 266 

(Supplemental Figure 4), this further demonstrates that the surface anomalies 267 

propagate with zonal wind anomalies. 268 

Because SST anomalies propagate following the NAO, we consider whether air-269 

sea interaction is involved. Since propagation occurs in models without any ocean 270 

[59,64], and since these anomalies lag the NAO’s evolution by two weeks, it is unlikely 271 

that the North Atlantic ocean is the driver of this low-frequency atmospheric variability. 272 

However, we cannot rule out whether the ocean influences the atmospheric dynamics. 273 

Deeper investigation of potential NAO-SST feedbacks should be a subject of future 274 

work. 275 
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 277 

Because the NAO has been found to be highly predictable, we examine whether 278 

the propagation of the NAO influences its predictability. Using the perfect linear 279 

prediction framework [32], we compare how the “predictable information” (8), or 280 

predictability limit, varies between propagating and non-propagating regimes. Using a 281 

reduced-order, stochastic model of the NAO based on MERRA2 data (Table 1), we 282 

estimate the predictability of the propagating NAO and compare that to the predictability 283 

of the “classical”, non-propagating (no cross-EOF feedbacks) assumption (Figure 4), 284 

using the 𝐁𝐁𝐝𝐝𝐢𝐢𝐝𝐝𝐝𝐝 values reported in Section 2.2.  285 

A subtle but critical detail is that the 𝑒𝑒-folding timescales of EOF1 and EOF2 (7.9 286 

and 5.9 days, Figure 1a) are identical (by construction) in both cases. Thus, it is not 287 

obvious whether the predictability should differ. However, the predictability is 288 

significantly lower; both in the theoretical limit (Figure 4a) and in practice (Figure 4b). 289 

This is because the coupling between EOF1 and EOF2 produces a mode with a longer 290 

decay timescale (𝜎𝜎−1 = 9.7 days), and because the asymmetric cross-feedbacks (Table 291 

1) induce correlations in the forcing, even though each EOF is forced independently. 292 

We disentangle these effects in Supplementary Figure 7. Thus, in the classical case, 293 

the NAO is less predictable, with 75% of the predictive information available compared 294 

to the actual NAO at a 28-day forecast lead (note the log-scale in Figure 4).  295 

Figure 3: NAO composites of the zonal-mean (100°W-30°E), anomalous (a) sea-level pressure, 
(b) surface temperature, (c) precipitation, and (d) lagged sea-surface temperature (SST) during 
October-March in MERRA2 (1980-2023). Daily anomalies are composited based on the phase 
of the 15-day-lowpass-filtered DMD index, binned every 5°. SST anomalies are at a 14-day lag. 
The contours show the composited westerly wind anomalies at 2 m/s intervals, with 0 m/s as the 
thick line. The periodicity is about 150 days/360°, shown along the top. Stippling indicates where 
fewer than 2/3 of the composite events agree on the sign. 
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 296 

The reduced available information translates to reduced prediction skill (Figure 297 

4b). Here, we use each case’s feedbacks to make 50,000 linear predictions of the 298 

propagating model’s evolution, with each ensemble member having random initial 299 

conditions taken from the 500-year integration. The anomaly correlation coefficient 300 

Figure 4: (a) The amount of predictive information (8) at various lead times in simulations of a 
stochastic model of the NAO for two different scenarios. The first uses the actual parameters fit 
from MERRA2 (including propagation); the other uses parameters with cross-EOF feedbacks 
set to 0 (no propagation) and a new 𝐁𝐁𝐝𝐝𝐢𝐢𝐝𝐝𝐝𝐝 estimated from MERRA2 using (5). (b) The anomaly 
correlation coefficients (ACC) for a linear prediction of the propagating model using the true 𝐁𝐁 
(yellow) and a linear prediction of the propagating model with the non-propagating 𝐁𝐁𝐝𝐝𝐢𝐢𝐝𝐝𝐝𝐝 
(purple). The colored labels on the x-axis represent the 10-folding timescales; on the y-axis, 
they represent the minimum value attained. The ranges represent bootstrapped 95% confidence 
intervals. The intervals are too narrow to be visible in panel (a). See section 4.4 for details. 
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captures the multidimensional correlation between the model and the prediction, and it 301 

shows that the non-propagating prediction has significantly worse skill at all lead times 302 

beyond one week. By the end of 4 weeks, the non-propagating prediction has about ¼ 303 

of the skill of the propagating prediction. While much of this reduced skill comes from 304 

the bias in the prediction system, the classical prediction still underperforms the 305 

propagating one when predicting the classical model (Supplementary Figure 7). While 306 

this idealized test does not identify the causes of underestimated predictability in GCMs, 307 

it demonstrates that propagation increases the NAO’s predictability via its decay rate. 308 

Whether GCMs accurately simulate this decay rate is the subject of future work. 309 

 310 

3. Discussion 311 

We demonstrate that the NAO, long identified as a pattern of maximum sea-level 312 

pressure (SLP) variance, is a quasi-periodic, propagating mode of variability for North 313 

Atlantic westerly wind, with implications for climate predictability, surface climate, and 314 

the response to human emissions. Like the SAM [52,60], the NAO propagates poleward 315 

with time, recurring every 145 days. This periodic signal appears in SLP and zonal wind 316 

anomalies, and it can be predicted with a simple model of eddy-mean flow interaction 317 

for the North Atlantic jet. Furthermore, we find that the propagating NAO has coherent 318 

climate impacts (temperature, precipitation, and SLP) which propagate poleward with 319 

the zonal wind anomalies.  320 

The propagation of the NAO has several important consequences. One is that, 321 

consistent with qualitative predictions of the fluctuation-dissipation theorem (FDT), 322 

propagating jets respond to climate forcing in their jet-pulse modes (EOF2) and not only 323 
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their jet-shift modes (EOF1) [40,64,68]. With this insight that the leading mode has a 324 

different spatial pattern (and timescale) than EOF1, the scientific community should 325 

revisit North Atlantic climate change studies which seek emergent constraints. Another 326 

consequence of propagation which we demonstrate is that it increases the NAO’s 327 

theoretical predictability. The quasi-semiannual nature of the propagation also confirms 328 

recent evidence of long-term NAO predictability [53,54].  329 

While the signal-to-noise paradox partially motivated this work, we have not 330 

resolved it. However, based on our predictability analysis, biases in GCM representation 331 

of NAO propagation should reduce models’ prediction skill. Insomuch as 332 

underestimated midlatitude persistence contributes to the paradox [29], biases in NAO 333 

propagation would also contribute. 334 

Another caveat is that our predictability analysis remains theoretical, based on a 335 

simple stochastic model of the NAO. The impacts of propagation on more complex 336 

forecast models are crucial to understand, but such experiments are beyond our current 337 

scope. Instead, using our simple model, we develop an intuition for the propagation–338 

predictability nexus which may guide future experimentation in more complex models.  339 

An open question regarding propagating modes of variability is whether they 340 

might be influenced by human-caused climate change. We do not know if climate 341 

forcing will affect the speed or strength of propagating modes, which could have 342 

important consequences for the persistence of the NAO [51]. Neither do we know how 343 

propagating modes of variability affect climate extremes, although the traditional NAO 344 

and the related Arctic Oscillation have been connected to such extremes [11,13,69].  345 
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The 145-day periodicity of the NAO’s propagation also introduces the question of 346 

how propagation might affect predictability on subseasonal-to-seasonal timescales. The 347 

summertime NAO is influenced by the preceding wintertime NAO [12,70], and the semi-348 

annual propagation described here could potentially link these seasons mechanistically. 349 

Our future work will address such questions on the implications of propagation and its 350 

potential changes in a warmer climate. 351 

 352 

4. Data and Methods 353 

4.1. EOF Analysis 354 

We define the NAO as the first two EOFs of vertically-integrated (850-100 hPa), 355 

longitudinal-mean (100°W–30°E), six-hourly zonal wind from 20°N–80°N, including the 356 

area-based weighting [56,60,71]. Prior to computing the EOFs, we deseasonalize the 357 

zonal wind data by subtracting the monthly climatology, we perform a linear detrending, 358 

and we remove ENSO through linear regression against the Multivariate ENSO Index 359 

version 2 (MEIv2) [72]. Prior to removal, data are downsampled to MEIv2 resolution 360 

(two-month running mean) before computing the regression slope, and then the ENSO-361 

correlated wind is upsampled without interpolation (i.e., constant for each month) to 362 

match the 6-hourly frequency of the MERRA2 data.  363 

The cross-EOF feedback parameters are computed following LH20 by regressing 364 

daily timeseries of EOF1 and EOF2 onto the projection timeseries for zonal wind and 365 

the EMFC. The feedback parameters are computed over lag days 7-18 and averaged. 366 

To estimate the period and decay timescale, we reduce (5) to only the leading 367 

two EOFs, following LH20. 𝒯𝒯, the period of propagation, is given by 368 
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𝒯𝒯 =  4𝜋𝜋{[𝜏𝜏1−1 − 𝜏𝜏2−1 − (𝑏𝑏11 − 𝑏𝑏12)]2 + 4𝑏𝑏21𝑏𝑏12}−

1
2, (6) 369 

and 𝜎𝜎, the inverse decay timescale, is given by 370 

𝜎𝜎 = −
1
2

(𝜏𝜏1−1 + 𝜏𝜏2−1 − 𝑏𝑏11 − 𝑏𝑏22). (7) 371 

where 𝑏𝑏𝑖𝑖𝑖𝑖 denote the elements of 𝐁𝐁 and 𝜏𝜏𝑖𝑖−1 the diagonal of 𝚻𝚻−𝟏𝟏. See LH20 for details.  372 

Confidence intervals are “bootstrapped”, wherein we randomly generate (with 373 

replacement) 1000 subsamples of length 30 years from the full timeseries. We perform 374 

the analyses independently for each subsample and then use half the difference 375 

between the first and third quartiles of these subsamples to estimate their possible 376 

ranges.  377 

The cross-EOF model also requires estimation of the frictional damping 378 

timescales 𝜏𝜏{1,2} to estimate the period and decay timescale of the coupled mode. This 379 

is done using the transfer function between the timeseries 𝒎𝒎 ≝ 𝐁𝐁𝒛𝒛 + 𝒎𝒎�  and 𝒛𝒛 (see 380 

Lorenz and Hartmann [55], Appendix A). To compute the Fourier transforms, each 381 

timeseries is windowed (without padding) with an 8192-day Hann window with half-382 

window overlap. For each window, we estimate the slope and intercept of the real and 383 

imaginary parts of the transfer function for periods longer than 30 days. This produces 384 

multiple estimates of both the slopes and intercepts which are averaged prior to 385 

computing 𝜏𝜏. Uncertainty estimates for the timescales follow the bootstrapping 386 

procedure described above. Supplemental Figures 2 and 3 illustrate this procedure. 387 

 388 



This preprint is under consideration at Proceedings of the National Academy of 
Sciences. It has not undergone peer review. Subsequent versions may differ. 

 
4.2. DMD Analysis 389 

We utilize a nonlinear, data-driven approach, dynamic mode decomposition 390 

(DMD), to estimate the modes of 𝐀𝐀. DMD works even if (3) cannot be represented as 391 

(1), because one can still find a linear embedding 𝐀𝐀�[⟨𝑢𝑢⟩]Δ𝜆𝜆 for the nonlinear 𝐀𝐀([⟨𝑢𝑢⟩]Δ𝜆𝜆) 392 

in an infinite-dimensional Hilbert space (though this is not the same as linearizing 𝐀𝐀). 393 

After constructing a low-rank approximation of 𝐀𝐀� from the lag covariances in the data, a 394 

finite number of its eigenvectors can be estimated [73]. The detailed algorithm can be 395 

found in Tu et al. [74].  396 

Before estimating the DMD modes, we compute the deseasonalized and 397 

detrended anomalies (with linear ENSO removal) as in Section 4.1. Also following EOF 398 

analysis, we weight the data by the square root of mass. We have two free parameters. 399 

One is the lag for computing the lag covariance matrix, and the other is the 400 

dimensionality to retain in the low-rank approximation of the dynamics. We perform the 401 

analysis over a range of lags (7-15 days) and dimensionalities which yield qualitatively 402 

similar results.  403 

The final combination of parameters is chosen such that the leading mode is 404 

well-separated from the other modes. The criteria for separation are: 1) long decay 405 

timescales, 2) the pattern correlation between the DMD mode and the two leading 406 

EOFs, and 3) the spatial uniqueness of the leading mode. Following these criteria, we 407 

retain 90% of the variance (11 principal components) at a 10-day lag for the analysis in 408 

latitude-pressure space and 95% of the variance (8 principal components) at a 12-day 409 

lag for the vertically-averaged analysis used to estimate the DMD timeseries. See 410 

Supplemental Figure 8 for details. 411 
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For DMD modes, it is more complex to estimate a timeseries because dynamic 412 

modes 𝐕𝐕 are not orthogonal since 𝐀𝐀 is non-normal. In EOF-based analyses, one 413 

typically projects the mode linearly onto the original data to obtain the 𝑘𝑘-th mode’s 414 

timeseries, 𝑧𝑧𝑘𝑘(𝑑𝑑) = 𝐯𝐯𝑘𝑘T𝐮𝐮. However, when modes are not orthogonal, we must 415 

approximate the adjoint operator 𝐀𝐀† († indicates conjugate transpose) from the 416 

eigenvectors of 𝐀𝐀 as 𝐀𝐀† = (𝐕𝐕†)−𝟏𝟏𝚲𝚲𝐕𝐕† = 𝐐𝐐𝚲𝚲𝐐𝐐−𝟏𝟏, where the eigenvectors 𝐐𝐐 of 𝐀𝐀† are 417 

related to the original modes as 𝐐𝐐 = (𝐕𝐕†)−𝟏𝟏. Because 𝐕𝐕 is low rank, we use the right 418 

inverse of 𝐕𝐕†, or 𝐐𝐐 = 𝐕𝐕(𝐕𝐕†𝐕𝐕)−𝟏𝟏, extending Gallagher et al. [75] (Appendix A). Thus, the 419 

𝑘𝑘-th DMD timeseries is 420 

𝑧𝑧𝑘𝑘(𝑑𝑑) = 𝐪𝐪𝑘𝑘
†𝐮𝐮 = [(𝐕𝐕†𝐕𝐕)−1𝐕𝐕†𝐮𝐮]𝑘𝑘 , 421 

where (𝐗𝐗)𝑘𝑘 indicates the 𝑘𝑘-th column of 𝐗𝐗. The original 𝐮𝐮 can be reconstructed, as in 422 

EOF analysis, as 𝒖𝒖 = ∑ 𝒗𝒗𝒌𝒌𝑧𝑧𝑘𝑘𝑘𝑘 . 423 

Once obtained, we use the complex phase of the least-damped mode’s 424 

timeseries to sort the deseasonalized, detrended, ENSO-removed anomalies (see 425 

Section 4.1) in surface temperature, pressure, and precipitation into 5° bins during 426 

October-March. We then average each bin. Anomalies are 15-day low-pass filtered 427 

before averaging. Robustness is indicated when at least 2/3 of the anomalies for each 428 

bin and latitude agree on the sign. 429 

 430 

4.3.  Spectral Analysis 431 

To compute the power spectra of six-hourly zonal wind and daily SLP anomalies, 432 

we take the deseasonalized, detrended, ENSO-removed, North-Atlantic-mean 433 

anomalies (as in Section 4.1). To compute the power spectral density, each timeseries 434 
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is padded using the series reflected across its upper and lower boundaries, and it is 435 

windowed with a 4096-day Hann window with half-window overlap, resulting in 9 436 

estimates of the Fourier transform, which are then squared, averaged, and normalized 437 

by the total variance. We fit the normalized spectrum at each latitude to a normalized 438 

discrete red noise spectrum [76], and we determine significance when peaks are above 439 

a certain multiple of this null spectrum. The multiplicative threshold is determined from 440 

the F-distribution, which is the null distribution for testing whether two different normal 441 

distributions with different degrees of freedom have different variances. Here, we 442 

estimate the spectrum has 2.4 degrees of freedom per estimate (21.6 in total) and the 443 

null spectrum has 1000 in total. 444 

 445 

4.4. Predictability Analysis and Stochastic NAO Model 446 

Given an idealized linear prediction system, we construct the “predictive 447 

information matrix” 𝐆𝐆(τ) ≝ 𝐂𝐂(τ)𝐂𝐂−1(∞), whose trace determines how the relative error 448 

grows with lead time 𝜏𝜏 [32,77]. In this framework, a prediction is “useful” at a given lead 449 

time when its error covariance is smaller than the climatological covariance. The 450 

singular values of 𝐆𝐆(𝜏𝜏) are connected to information entropy, making them ideal 451 

predictability measures for a stochastic linear system [32,77], and they can be found 452 

using (2). We estimate the predictive information from 𝐆𝐆(𝜏𝜏) following Tippett and Chang 453 

[32] as 454 

predictability ≝ 1 −
trace�𝐆𝐆(𝜏𝜏)�

𝑛𝑛
=

1
𝑛𝑛
�𝜎𝜎𝑘𝑘2 �exp �𝐂𝐂−

1
2(∞)𝐀𝐀𝐂𝐂

1
2(∞)��

𝑛𝑛

𝑘𝑘=1

(8) 455 

Where 𝜎𝜎𝑘𝑘[𝐗𝐗] indicates the k-th singular value of 𝐗𝐗 and 𝑛𝑛 = 2 is the rank of 𝐀𝐀. 456 
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Estimating the inverse of the climatological covariance matrix is non-trivial, as the 457 

high dimensionality and short length of the observational data make it ill-conditioned 458 

[32,40]. Thus, we develop a stochastically driven, reduced-order NAO model using (5), 459 

following both LH20 and Simpson et al. [56]. This model enables us to run long time 460 

integrations (500 years) with comparable statistics to the real NAO, enabling a more 461 

accurate estimate for 𝐂𝐂−1(∞).  462 

The stochastic model implements (5) for 2 EOFs, where 𝐁𝐁 and 𝚻𝚻 are estimated 463 

from the data (see Section 4.1) and modified as described in the text. 𝒎𝒎�  is generated 464 

using two uncoupled, second-order autoregressive (AR-2) processes driven by white 465 

noise, 𝑚𝑚�𝑖𝑖(𝑑𝑑) = 0.6 𝑚𝑚�𝑖𝑖(𝑑𝑑 − 1) − 0.3 𝑚𝑚�𝑖𝑖(𝑑𝑑 − 2) + 𝜀𝜀̃, with the coefficients following previous 466 

studies [51,56], and where 𝜀𝜀̃(−1,1) is a white noise distribution between -1 and 1. The 467 

model is integrated using the implicit trapezoidal technique for stability. 468 

Linear predictions of the stochastic model are equivalent to 𝐁𝐁𝟎𝟎𝑒𝑒𝐀𝐀𝜏𝜏, where 𝐁𝐁𝟎𝟎 are 469 

the random initial conditions drawn from the 500-year integration. The skill is measured 470 

by computing the anomaly correlation coefficient (ACC), the Pearson product-moment 471 

correlation between the predicted vector and the model output for each of the 50,000 472 

ensemble members. 95% confidence intervals are bootstrapped using 2000 estimates 473 

of the ACC with a random subset of 10,000 of the ensemble members (with 474 

replacement). This strategy is repeated for estimating 95% confidence intervals of the 475 

predictability (8).  476 

 477 
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4.5. Data Sources 478 

Data for this work were obtained from the NASA MERRA2 reanalysis [72], which 479 

are gridded at approximately 0.5° latitude by 0.625° longitude resolution, with 29 vertical 480 

levels between surface and mid-stratosphere (30hPa). Six-hourly horizontal velocity and 481 

surface climate data were downloaded for 1980-2023. These high-frequency data are 482 

needed to resolve medium-scale waves [39].   483 

Sea-surface temperature data from 1982-2023 were downloaded from the NOAA 484 

OISST dataset [79] with approximately 0.25°×0.25° horizontal resolution. The start year 485 

of 1982 is the first full year of OISST data available. OISST data were selected because 486 

MERRA2 assimilates this data during most of the relevant years [78]. MEIv2 timeseries 487 

data are publicly available from NOAA [72]. 488 

 489 
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1. Derivation of Regional Momentum Budget 20 

We begin from the quasi-geostrophic, free-tropospheric-mean ⟨ ⋅ ⟩, sectoral-21 
average [ ⋅ ]Δ𝜆𝜆, momentum budget. Unlike in the hemispheric zonal-mean, we must 22 
account for the zonal advection of momentum and the ageostrophic Coriolis torque: 23 

𝜕𝜕[⟨𝑢𝑢⟩]Δ𝜆𝜆
𝜕𝜕𝜕𝜕

+
𝜕𝜕[⟨𝑣𝑣′𝑢𝑢′⟩ cos2 𝜙𝜙]Δ𝜆𝜆

(𝑎𝑎 cos2 𝜙𝜙) 𝜕𝜕𝜙𝜙
= − �

𝜕𝜕 ⟨Φ + 𝑢𝑢2⟩
(𝑎𝑎 cos𝜃𝜃) 𝜕𝜕𝜕𝜕

�
Δ𝜆𝜆

+ 𝑓𝑓[⟨𝑣𝑣⟩]Δ𝜆𝜆 + [𝑋𝑋𝑠𝑠]Δ𝜆𝜆. (S1) 24 

Here 𝑢𝑢 and 𝑣𝑣 are zonal and meridional momentum, respectively, Φ represents 25 
geopotential height, 𝑓𝑓 is the Coriolis parameter, 𝑋𝑋𝑠𝑠 is surface friction, 𝜕𝜕 and 𝜙𝜙 are 26 
longitude and latitude, respectively, 𝑎𝑎 is the Earth’s radius, and primes represent 27 
deviations from the hemispheric zonal mean (not the regional mean).  28 

When the timescales are sufficiently short and the zonal length scale is much 29 
longer than the meridional length scale of the eddy-producing region, waves within the 30 
region satisfy the WKB approximation and the effect on the one boundary cancels with 31 
that upon the other (Vallis et al. 2004). Thus, the first two terms on the rhs of (S1) are 32 
negligible (the second term vanishes due to continuity with WKB, which implies 33 
[⟨𝑣𝑣⟩]Δ𝜆𝜆 → 0 as Δ𝜕𝜕 → 360), and (S1) becomes (3): 34 

𝜕𝜕𝑡𝑡[⟨𝑢𝑢⟩]Δ𝜆𝜆 ≈ [⟨𝑀𝑀⟩]Δ𝜆𝜆 + [𝑋𝑋𝑠𝑠]Δ𝜆𝜆 . 35 

Here, we defined the eddy momentum flux convergence 𝑀𝑀 ≝ −𝜕𝜕�𝑣𝑣′𝑢𝑢′  cos2𝜙𝜙�
(𝑎𝑎 cos2𝜙𝜙) 𝜕𝜕𝜙𝜙

. 36 

  37 



2. Assessment of the Linear Model (5) 38 

 39 

Figure S1 shows the terms in (5), regressed against the index itself (𝒛𝒛). 𝒎𝒎 ≝40 
𝐁𝐁𝒛𝒛 + 𝒎𝒎�  combines the linear and stochastic parts. 𝑋𝑋 is computed residually as 41 
𝜕𝜕𝑡𝑡[⟨𝑢𝑢⟩]𝚫𝚫𝝀𝝀 − [⟨𝑀𝑀⟩]𝚫𝚫𝝀𝝀 before projecting it onto the EOFs. −𝚻𝚻−1𝒛𝒛 represents Rayleigh 42 
friction for each mode, with the timescales 𝜏𝜏𝑖𝑖𝑖𝑖 estimated as in Section 4.1 (more detail 43 
below). The Rayleigh friction and the residual agree strongly, and, because WKB theory 44 
suggests the other terms in (S1) should be small, this agreement confirms that the 45 
residual is essentially friction which can be modeled as Rayleigh damping. This 46 
confirms that boundary effects are negligible.  47 

Figure S1: The EOF1 (a) and EOF2 (b) momentum budgets for the North-Atlantic-mean, 
vertically integrated (850-100 hPa) zonal wind in MERRA2 from 1980-2023, representing the 
first two EOFs for (5). All EOF1 terms (a) are regressed against the EOF1 index, and similarly 

for EOF2 (b). The blue lines �𝑑𝑑𝑑𝑑
𝑑𝑑𝑡𝑡
� represent the lag correlations for each index with the EOF1- 

and EOF2-projected zonal wind tendencies. 𝑚𝑚 is the EOF-projected eddy momentum flux 
convergence (EMFC). 𝑋𝑋 is the (EOF-projected) residual between the zonal wind tendency and 
EMFC (solid brown), compared to linear Rayleigh damping (dashed brown). Lines appear thin 
where the 90% confidence intervals contain zero. 



 48 
Figure S2: Imaginary (a,b) and real (c,d) parts of the transfer function used to estimate the 
frictional damping timescale for EOF1 (see Section 4.1, and Lorenz and Hartmann 2001, their 
Figure 3). Coloring shows the kernel density estimate of the number of points. Black line shows 
the estimated linear fit. The phase difference between 𝑚𝑚 and 𝑧𝑧 as a function of frequency 𝜔𝜔 is 
shown in (e,f), along with the predicted phase difference (arctan(𝜔𝜔𝜏𝜏), black, dashed line) for a 
system obeying (5) . The regression is performed for two, windowed, overlapping sections of the 
daily 1980-2023 timeseries. Only the low-frequency (less than 30 days; indicated by the gray 
shaded region in a-d) portion of the transfer function is fit. 
 
 49 



Figures S2 and S3 display the imaginary (a,b) and real (c,d) parts of the transfer 50 
function for 𝒎𝒎 ≝ 𝐁𝐁𝒛𝒛 + 𝒎𝒎�  and 𝒛𝒛 for both overlapping windows used for the Fourier 51 

transform (see Section 4.1). If (5) applies, then the transfer function should follow 𝑀𝑀
∗𝑍𝑍

𝑍𝑍∗𝑍𝑍
=52 

𝜏𝜏−1 + 𝑖𝑖𝜔𝜔, where uppercase letters denote the respective Fourier transforms. Following 53 
Lorenz and Hartmann (2001, Appendix A), we restrict the domain to low-frequencies 54 
(gray shading) and fit the real part as a constant 𝛼𝛼 and the imaginary part as a zero-55 
intercept regression with slope 𝛽𝛽. We average over both estimates before computing 56 

Figure S3: As in Figure S2, but for EOF2. 



𝜏𝜏 = 𝛽𝛽/𝛼𝛼. For validation, we compare the phase difference between 𝑚𝑚 and 𝑧𝑧 to the 57 
phase difference implied by (5), arctan(𝜔𝜔𝜏𝜏). The fit suggests the validity of (5).  58 



3. Propagation in EOF Space 59 

60 

  61 
Figure S4a shows the autocorrelations and cross-correlations for the first two 62 

EOFs of North Atlantic, free-tropospheric zonal wind, computed as detailed in Section 63 
4.1. Propagating annular modes have three hallmarks in EOF-space (Sheshadri and 64 
Plumb 2017), which are all present for the NAO: 1) the fraction of variance explained in 65 

EOF2 (34.7%) is more than half the variance explained by EOF1 �39.5% × 1
2

= 19.8%�, 66 

2) the decorrelation timescale (estimated by curve-fitting to an exponential function) is 67 
similar (7.9 days versus 5.9 days), and 3) non-zero cross-correlations at non-zero lags.  68 

Because the cross-correlations are weak [likely because the NAO can propagate 69 
both equatorward and poleward (Lorenz 2023)], we also examine trajectories of the 70 
timeseries −EOF2− 𝑖𝑖 EOF1, which has the same phase as the DMD timeseries, in 71 

Figure S4: (a) Autocorrelations of EOF1 and EOF2 of vertically integrated, North-Atlantic-mean 
(100°W–30°E) zonal wind and their cross-regression in MERRA2 from 1980-2023 (solid lines). 
An exponential fit to EOF1 and 2 autocorrelations, with timescales in the legend (dashed lines). 
The fraction of variance explained by each EOF is shown in the legend. Lines appear thin where 
the bootstrapped 90% confidence interval contains zero. (b) Complex EOF phase-space 
trajectories of low-frequency (40-day) poleward propagation events. The complex timeseries 
utilizes the same data as (a). The color of the lines is proportional to the density of the 
trajectories estimated by kernel density estimation. Arrows show the direction from one timestep 
to the next; counter-clockwise represents poleward propagation.  



Figure S4b. To compute trajectories in complex EOF space, we take the timeseries 72 
described previously, EOF2 + 𝑖𝑖 EOF1, standardize it, and low-pass filter it with a 40-day 73 
Lanczos filter (Boljka et al. 2018). Our conclusions are not sensitive to this choice.  74 

 75 
Figure S5: As in Figure S4a, but for October-March (ONDJFM). 76 
 77 

After obtaining the filtered, complex EOF timeseries, we identify poleward 78 
propagating trajectories by computing the phase, separating the timeseries using the 79 
condition that there is a change in phase greater than ±340° within six hours, discarding 80 
trajectories shorter than 50 days, and discarding trajectories whose phase velocity is not 81 
positive. This final step ensures we have poleward propagating events and results in 41 82 
trajectories from 1980-2023, shown in Figure S4b. The shading depicts the density of 83 
the trajectories, which show a dense annular shape around the origin, indicative of a 84 
gradual transition from EOF1 to EOF2 following a poleward propagation of the zonal 85 
wind anomalies. This suggests that the weak cross-correlations are due to a poor 86 
signal-to-noise ratio rather than the absence of propagation. Because propagation tends 87 
to prefer October-March, we repeat Figure S4a for those seasons in Figure S5. The 88 
cross-correlations are stronger at lags beyond 30 days than for the year-round data.  89 



4. NAO Surface Impacts 



Figure S6: Surface variable response to positive NAO2 (shading) and negative NAO1 
(contours), estimated through linear regression against each index from 1980-2020 using daily 
MERRA2 data and 1982-2020 using daily OISST data. The contour levels for NAO1 are the 
same levels used for the shading for NAO2. 950hPa temperature (a), sea-level pressure (b), 
and precipitation (c) are regressed at a 0-day lag to the NAO indices; sea-surface temperatures 
(d) are regressed at a 10-day lag. Only regression slopes significant at the 95% level are 
shaded. NAO1 and NAO2 follow convention, meaning that −NAO1 → −NAO2 → +NAO2 → 
+NAO1 corresponds to poleward propagation. The thick contour line represents the zero-line for 
NAO1. The region here depicts the region averaged over for the momentum budgets (100°W—
30°E). ENSO is removed from the anomaly fields prior to regressing through a linear regression 
against the Multivariate ENSO Index. 
 

Figure S6 shows the regression pattern between EOF2 (shading) and different 
surface climate anomalies. The EOF1 regression pattern (contours), classically viewed 
as the NAO pattern, has a zero-line at the location of the extrema of EOF2, meaning 
that they are in quadrature. Because EOF1 and EOF2 follow one another in phase 
space (Figure S4), these regression patterns follow one another in quadrature – in other 
words, they propagate poleward over time. 

  



5. Expanded Predictability Analysis 

The predictability analysis in Figure 4 compares the predictability of the 
propagating system to the classical assumption of uncorrelated, independently forced 
modes, which is captured by the Lorenz and Hartmann (2001) model. The increased 
predictability seen in the propagating system comes from two different sources which 
cannot be disentangled with the two cases already analyzed: non-normal dynamics and 
enhanced decay timescale.  

The importance of the decay timescale can be illustrated by rewriting (5), 

uncoupled (𝑏𝑏𝑖𝑖𝑖𝑖 = 0), as 𝑑𝑑𝑑𝑑𝑖𝑖
𝑑𝑑𝑡𝑡

= − 𝑑𝑑𝑖𝑖
𝜏𝜏𝑖𝑖,eff

+ 𝑚𝑚�𝑖𝑖, where 𝜏𝜏𝑖𝑖,eff = 𝜏𝜏𝑖𝑖
1−𝑏𝑏𝑖𝑖𝑖𝑖𝜏𝜏𝑖𝑖

. Thus, since |𝑏𝑏𝑖𝑖𝑖𝑖|𝜏𝜏𝑖𝑖 < 1, 

𝜏𝜏𝑖𝑖,eff is longer than 𝜏𝜏𝑖𝑖 for positive feedbacks (𝑏𝑏𝑖𝑖𝑖𝑖 > 0) and shorter than 𝜏𝜏𝑖𝑖 when 𝑏𝑏𝑖𝑖𝑖𝑖 is 
negative. 𝜏𝜏𝑖𝑖,eff quantifies the new 𝑒𝑒-folding timescale predicted with the estimated linear 
feedback. Longer 𝑒𝑒-folding timescales correspond to more predictable systems. In this 
view, both timescales are lengthened from approximately 7 days to 𝜏𝜏1,eff = 11.5 days 
and 𝜏𝜏2,eff = 8.5 days for the propagating case (Table 1), and 𝜏𝜏1,eff = 10.5 days and 
𝜏𝜏2,eff = 7.9 days for the non-propagating case, consistent with the apparently larger 
feedbacks of the propagating case discussed in section 2.2. 

However, in the propagating case, the modes are not independent; we must 
define the effective timescale matrix 𝚻𝚻𝐞𝐞𝐞𝐞𝐞𝐞 ≔ (𝐈𝐈 − 𝐁𝐁𝚻𝚻)−𝟏𝟏𝚻𝚻, which is equivalent to −𝐀𝐀−1 
and thus not diagonal. However, it can be diagonalized using its eigenvalues 𝜕𝜕(𝚻𝚻𝐞𝐞𝐞𝐞𝐞𝐞) =
−1/𝜕𝜕(𝐀𝐀), given by the negative reciprocal of (7), or Re[𝜕𝜕(𝚻𝚻𝐞𝐞𝐞𝐞𝐞𝐞)] = −𝜎𝜎−1 = 2�𝜏𝜏1,eff

−1 +

𝜏𝜏2,eff
−1 �

−1
= 9.7 days. Thus, the decay timescale is the harmonic mean of the independent 

effective timescales, and it acts as the effective timescale for both modes when 
propagation is present. Compared to the non-propagating case, 𝜏𝜏1,eff is 0.8 days 
shorter, while 𝜏𝜏2,eff is 1.8 days longer. Thus, if we compare the decay timescales for the 
two cases using trace(𝐓𝐓𝐞𝐞𝐞𝐞𝐞𝐞), the decay timescale is about 5% longer in the propagating 
case, even though the 𝑒𝑒-folding timescales of EOF1 and EOF2 individually are the 
same (by construction). 

The other source of higher predictability is the non-normal dynamics. To illustrate 
this effect, consider a stochastically-forced linear system like (1) with non-normal 
dynamics whose eigenvectors form a (non-orthogonal) basis. In this case, the dynamics 
𝐀𝐀 can be diagonalized (and thus, normalized) using its eigendecomposition 𝐀𝐀 = 𝐕𝐕𝐕𝐕𝐕𝐕−𝟏𝟏. 
This means that our non-normal version of (1), when forced by a spatially uncorrelated 
forcing 𝐞𝐞, can be transformed into a normal system through linear transformation of the 
state vector 𝐩𝐩 = 𝐕𝐕−𝟏𝟏𝐮𝐮 (Tippett and Chang 2003): 



𝜕𝜕𝐩𝐩
𝜕𝜕𝜕𝜕

= 𝐕𝐕𝐩𝐩 + 𝐕𝐕−𝟏𝟏𝐞𝐞, 

where the forcing 𝐕𝐕−𝟏𝟏𝐞𝐞 is now correlated across its modes. This explains why non-
normal systems have higher predictability – the non-normality induces correlations 
between its normal modes, so that they are not excited independently, and thus their 
total predictability is greater than the sum of the predictability of each mode 
independently (Ioannou 1995). 

To separate the combined influences of non-normality and decay timescale, 
Figure S7 expands the predictability analysis of Figure 4 with an additional method for 
removing propagation from the stochastic model, where we give EOF1 and EOF2 
identical feedbacks resulting in the same decorrelation time as the propagating mode. 
This new case, “same eigenvalue”, is diagonal (and hence normal). Comparing it to the 
propagating case reveals the influence of non-normality independent of the decay 
timescale. Comparing the same eigenvalue case with the classical, non-propagating 
case reveals the role of the decay timescale, since both cases have normal dynamics. 

Note that propagation does not strictly imply non-normality; the non-normality 
here is a result of the asymmetric cross-EOF feedbacks (Table 1). However, if one 
assumes the EOFs represent normal modes of A, the dynamics will be diagonal in EOF-
space, and thus, normal. Diagonal dynamics do not have propagation. Thus, in the 
traditional assumption of no cross-EOF feedbacks and independent EOF1 and EOF2, 
the system is assumed normal, and its predictability is underestimated. 

Figure S7a reveals that, at lead times less than two weeks, most of the 
predictability increase results from the larger decay timescale. However, two weeks 
later, the same eigenvalue case is directly between the two cases. This suggests that 
non-normality has a comparable effect to the increased decay timescale at longer leads.  

We also examine the relevance of the predictability limit in Figure S7a for the 
internal predictive skill for each case in Figure S7b. This differs from Figure 4b, where 
both models aim to predict the propagating case. Figure S7b shows each model 
predicting itself in order to test whether the predictive advantage seen in Figure 4b 
stems purely from a prediction system which was ignorant of propagation. While the 
confidence intervals estimated for the skill overlap, suggesting there is no clear 
statistical advantage, the median skill lines follow the same hierarchy predicted by the 
theoretical limit in Figure S7a. Furthermore, the median skill in the propagating case is 
generally outside the estimated range for the classical case. We hypothesize that the 
increased predictability of the propagating system is at least partly due to the higher 
internal predictability demonstrated in Figure S7a. 



 
Figure S7: (a) As in Figure 4a, but including a non-propagating case with the same decay 
timescale as the propagating mode (same eigenvalue). (b) The prediction skill (anomaly 
correlation coefficient) between the stochastic model run using the dynamics matrices analyzed 
in (a) and their corresponding linear predictions. This differs from Figure 4b, where both cases 
are measured against the stochastic model driven by the propagating matrix. 

 

  



6. DMD Validation 

 
Figure S8: (left) Estimate of the eigenvalue 𝜕𝜕 for the least-damped, complex DMD mode as a 
function of lag. The decay rate (blue line) is given by 1/𝑅𝑅𝑒𝑒(𝜕𝜕), and the period (orange line) is 
given by 2𝜋𝜋/𝐼𝐼𝑚𝑚(𝜕𝜕). (right) The pattern correlation between the leading complex DMD mode and 
the EOFs as a function of lag.  
 

Figure S8 shows how the DMD eigenvalue corresponding to the NAO varies with 
the lag chosen for the lag covariance matrix, one of our free parameters (see Section 
4.2). It also shows how the pattern correlation varies with lag. Generally, the lag should 
be greater than the synoptic timescale but not more than twice the mode’s decay 
timescale, so we constrain this analysis to 4-16 days. Very short lags show higher 
pattern correlations but large variations in the eigenvalue, indicating they are too short 
for the assumptions underlying (3) to be valid. Longer decay timescales at longer lags 
mean the information contained in the mode persists longer, a sign that we are 
capturing more of the physics. However, the pattern correlation with the leading EOFs 
decreases at the same lags, suggesting we are not capturing as much of the variance. 
Thus, we choose an intermediate value (12 days) near the local minimum in 𝜕𝜕𝑅𝑅 (and 
thus a local maximum in 1/𝜕𝜕𝑅𝑅) for the lag. 
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