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Abstract.

A reliable representation of the mechanisms leading to decadal variability in climate models is crucial for projections of

multi-year droughts and other long-lasting extremes. Here we show that CMIP6 climate models have too low autocorrelation

at one-year time lag and beyond, and as a result too weak decadal variability in both precipitation and sea level pressure (SLP).

We employ a statistical learning technique to systematically quantify the extent to which SSTs condition the anomalies in these5

surface variables across the globe. In the extratropics, SSTs explain only a small portion of the variability of precipitation and

SLP in models, even at multi-year time scales. ERA5 and 20CRv3 reanalyses suggest distinctly higher autocorrelation and

decadal variability because of a stronger conditioning by SSTs in the real world. We attribute the weak decadal variability of

precipitation and SLP in models to a weak dynamical atmospheric response to decadal variability of SSTs. Our results suggest

that the models considered underestimate the dynamical ocean-atmosphere coupling that is important for decadal variability in10

extratropical precipitation and SLP, especially outside the regions impacted by the sub-decadal tropical Pacific ocean variability.

1 Introduction

Long-lasting climate extremes present major challenges to societies. Examples include megadroughts — exceptional multi-

year dry events (Cook et al., 2022), such as the Dust Bowl in the 1930s in the US (Schubert et al., 2004), the Sahel droughts

in the 1980s (Folland et al., 1986) or the ongoing megadrought in Chile since 2010 (Garreaud et al., 2020). The occurrence15

of these events is primarily a manifestation of the decadal and multi-decadal variability of the climate system (Ghil, 2020),

which has been well-documented by paleo-proxy studies (Cook et al., 2022; Laepple et al., 2023). In addition to long-term

trends from natural and anthropogenic forcings, regional and local climates can thus exhibit large and persistent anomalies at

multi-year time scales. Representing these correctly in climate models is essential to make reliable predictions for the next

decades (O’Reilly et al., 2021).20

Although climate models reproduce the decadal and multi-decadal variability at large scales, such as for the global mean sur-

face temperature, they underestimate the variability at regional scale (Laepple and Huybers, 2014; Dee et al., 2017; Kravtsov,

2017; Cheung et al., 2017; Laepple et al., 2023). For example, the North Atlantic Oscillation (NAO) behaves mainly as white

noise in models (Simpson et al., 2018; Eade et al., 2022), and therefore its decadal and multi-decadal variability is under-

estimated (Woollings et al., 2014; Kim et al., 2018; O’Reilly et al., 2019; Schurer et al., 2023; Bonnet et al., 2024). Any25
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such underestimation of the variability has important consequences on projections for future regional climates (Gastineau and

Frankignoul, 2015; Simpson et al., 2019; Al-Yaari et al., 2026). Given the intrinsic short time scales of the atmospheric cir-

culation, it is expected that its decadal variability beyond random sampling is forced by the decadal variability of the oceans

(Barsugli and Battisti, 1998; Meehl et al., 2009), and this indicates that atmosphere-ocean interactions may play an important

role in this underestimated variability.30

The atmosphere and oceans form a coupled system which presents distinct modes of variability from those that would arise

in either of the two separately (Hirst, 1986). In general the tropical oceans have the strongest impacts on the atmosphere at a

global scale (Lau and Nath, 1994; Timmermann et al., 2018). The decadal and multi-decadal variability in the extratropical

oceans has been classically conceptualized as the integration of random, short-term variability in the atmosphere (Hasselmann,

1976; Frankignoul and Hasselmann, 1977). The impact of SST anomalies on the dynamics of the atmosphere at large scales35

was thus thought to be weak at sub-annual time scales (Kushnir et al., 2002), although increasing at longer time scales (Hoskins

and Karoly, 1981; Frankignoul, 1985; Battisti et al., 2019) — a “small oceanic forcing” regime (Czaja et al., 2019). However,

isolating the atmospheric response to SST anomalies is challenging both in models and observations. Atmosphere-only sim-

ulations show that the response to SST anomalies is sensitive to the base state of the atmosphere, even for similar model

configurations (Thomson and Vallis, 2018b, a). Coupled and uncoupled models show a very different response to anomalous40

SSTs, due to nonlinear feedbacks of atmospheric eddies on SSTs (Liu and Wu, 2004). In models, there is for example no con-

sistent feedback of the Atlantic Multi-decadal Variability (AMV) onto the atmospheric circulation (Peings et al., 2016) and its

impact on the European climate is too weak (Qasmi et al., 2017) compared to the impacts inferred from observations (Davini

et al., 2015; O’Reilly et al., 2017; Simpson et al., 2019). Models have been shown to have limited prediction skills at decadal

time scales due to a poor representation of ocean-atmosphere feedbacks, especially in the extratropics (Kolstad, 2026). The45

decadal predictability is thus also underestimated, a potential consequence of the signal-to-noise paradox (Scaife and Smith,

2018; Smith et al., 2020). Even in the tropical Pacific, the response of the Walker circulation to ENSO-related SST anomalies

in models is underestimated (Wang et al., 2021).

Thus, it remains elusive whether fully-coupled climate models correctly represent the link between SST anomalies and atmo-

spheric variables at decadal time scales. In this study, we examine the decadal variability of three atmospheric surface variables50

— sea level pressure (SLP), total precipitation and 2-m temperature (T2M) — in six large ensemble climate simulations from

the Coupled Model Intercomparison Project Phase 6 (CMIP6). We address the question of whether these climate models cor-

rectly represent the decadal variability of these variables and their link with SSTs at multi-year time scales. In particular, we

employ a statistical learning technique with a rigorous regularization procedure to quantify systematically and globally how

much the variability in SST anomalies explains the variability of the surface variables from monthly to decadal time scales. We55

compare the results obtained for the CMIP6 models with those for two reanalyses and three observational datasets.

The paper is structured as follows. In Sect. 2 we present the reanalysis, observational datasets and climate model data used,

the computation of the metrics to diagnose decadal variability and the ridge regression employed to quantify the link between

SSTs and surface variables. In Sect. 3 we present the results obtained. The conclusions reached are presented and discussed in

Sect. 4.60
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2 Data and methods

2.1 Climate models, reanalyses and observational data sets

In this study we use six large ensembles of climate models over the historical period (1850-2014) from the CMIP6 ensem-

ble: MPI-ESM1-2-LR (50 members), MIROC6 (50 members), IPSL-CM6A-LR (33 members), CanESM5 (40 members),

ACCESS-ESM1-5 (40 members) and CESM2-LE (100 members). These models were chosen to sample the climate model65

families diversity (Knutti et al., 2013) as much as possible while keeping the analyses presented computationally feasible. All

models are regridded on a regular 2.5° × 2.5° grid for all variables. For all models, we consider their monthly mean SST,

2-m temperature (T2M) and sea-level pressure (SLP) and their monthly sum total precipitation. Over the quasi-preindustrial

period (1850-1900) we assume that the climate fluctuations are small enough (including the forcing by volcanic aerosols) for

the climate to be mostly stationary and thus the output of models are not detrended (except for the estimation of spectral slopes,70

see below). Over the ERA5-like period (1930-2014), all members are detrended in a similar way as for the ERA5 reanalysis

(see below).

In addition to these CMIP6 models, we also compare our results to 11 runs of the CESM2 model forced according to the

CMIP6 protocol over the historical period and 11 additional AMIP-like runs of the same model for which the SSTs are taken

from the 11 coupled runs. These latter runs thus present an atmospheric variability compatible with the evolution of the coupled75

runs while not having a feedback of the atmospheric variability onto the oceanic variability.

To compare our results to the real-world behavior of the climate system, we use two reanalyses: the ERA5 reanalysis (Soci

et al., 2024) over the period 1940-2024 and the 20CRv3 reanalysis (Slivinski et al., 2019) over the period 1806-2015. The SST

forcing of the ERA5 reanalysis comes from the Operational Sea Surface Temperature and Ice Analysis (OSTIA) produced by

the UK Met Office from September 2007 onward (Good et al., 2020). SST data from the HadISST2.1.0.0 dataset produced80

by the Met Office Hadley Centre are used before September 2007 (Titchner and Rayner, 2014). For the 20CRv3 reanalysis,

SST fields are prescribed from two eight-member ensembles: version 3 of the Simple Ocean Data Assimilation with sparse

input (SODAsi.3), reanalysis for 1836–1980 and the Hadley Centre Sea Ice and Sea Surface Temperature dataset, version 2.2

(HadISST2.2), for 1981–2015. Both reanalyses present substantial temporal trends due to external natural and anthropogenic

forcings. In order to correct for these trends, we regress at each grid point the monthly surface variables and SSTs on the global85

mean surface temperature (GMST) derived from each dataset’s own T2M field, smoothed with a running mean of 30 years.

In addition, we use three long-term observation products: HadSLP2 (Allan and Ansell, 2006) over the period 1900-2004 for

SLP, gridded Global Precipitation Climatology Centre (GPCC) precipitation dataset (Schneider et al., 2016) over the period

1900-2020 for land precipitation and the ensemble mean of the DCENT-I dataset (Chan et al., 2026) over the period 1900-2025

for T2M. All observation products are detrended with respect to the GMST derived from DCENT-I over their respective time90

period. In the following, we refer to both reanalyses and observations as “observational datasets”.
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2.2 Autocorrelation and spectral slopes

We compute the one-year time lag autocorrelation using the Spearman, i.e. rank-based, correlation. We chose the Spearman

autocorrelation to avoid being influenced by the non-Gaussian distribution of some surface variables, especially precipitation.

For models over the quasi-industrial period we compute the autocorrelation by pooling all members together. For the reanalyses95

and for individual members of climate models over the ERA5-like period (1930-2014), all variables are detrended with respect

to the GMST of each individual member before computing the autocorrelation (similar to ERA5 and 20CRv3).

The spectral slope β of a variable is defined as the scaling factor between its power spectral density E(f) and the frequencies

f : E(f)∝ f−β . A variable that shows more variability on long rather than short time scales has β > 0. In contrast, a variable

with no amplification of low-frequency variability has β = 0 (white noise). Power spectral densities are computed with the100

multi-tapering method. The spectral slopes are computed using linear regression after uniform logarithmic frequency binning

(Huybers and Curry, 2006; Ault et al., 2013). We use a median regression rather than an ordinary least-square regression

to decrease the influence of outliers data points in the slope estimation. We target the decadal time scale and thus compute

spectral slopes over the range of frequencies covering time scales between 5 and 30 years. Choosing slightly different starting

and ending time scales does not strongly influence the values of the spectral slopes (not shown). For this analysis only, the105

models over the quasi pre-industrial period are detrended by removing a linear trend with respect to time fitted on the ensemble

mean, in order to remove spurious increase of the power spectral density at long time scales. Over the quasi pre-industrial period

we compute the power spectral density for each member independently and then average over members to get an ensemble

mean power density. The spectral slopes are then computed on this ensemble mean as explained above.

2.3 Ridge regression110

In order to quantify the capacity of SSTs to explain the variance of surface variables, we adapt the method of Noyelle et al.

(2026). We make two assumptions based on physical knowledge of the atmosphere typical time scales: (i) the evolution time

scale of the atmosphere is short enough so that it reacts to the oceanic boundary conditions in less than one month, thus the

conditional distribution of all surface variables only depends on the SSTs of the preceding month and not the months before ;

(ii) the mixing time scale in the atmosphere is short enough so that the state of the atmosphere at month m does not influence115

the state of the atmosphere at month m+1 conditional on the oceanic boundary conditions. We use a one-month time lag

for SSTs to avoid a potential atmospheric confounder that would influence both SSTs and surface variables and thus bias the

estimation of the link between the two. Nonetheless, because of the slow time scales of the ocean, preliminary tests showed

that using the SSTs of the same month gives similar results to those with a one-month time lag. Thus, we are confident that

the results presented do not depend strongly on the two assumptions stated here. Under these two assumptions, there is a120

conditional probability distribution function of each surface variable Xm at month m at each grid point that depends only on

the SSTs of the previous month: ρ(Xm | SSTm−1), where SSTm−1 is the global field of SSTs at a preceding month m− 1.

This conditional distribution quantifies how strongly SSTs condition the values of surface variables. We want to measure the
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average of this conditional distribution and assume that it is linear with respect to SSTm−1:

E(Xm | SSTm−1) :=

∫︂
Xmρ(Xm | SSTm−1)dXm =Xm

0 +βm ·SSTm−1 (1)125

where Xm
0 is the climatological average of variable X at month m and βm is a vector of coefficients to be estimated. The dot

represents the usual scalar product.

In our climate data sets, the number of predictors SSTm−1 is typically one order of magnitude larger than the number of

predictands Xm. The latter indeed represents grid point time series over all ensemble members while the former represents

all ocean grid points. Moreover, the predictors in SSTm−1 are highly spatially correlated. To take into account these two130

limitations, we estimate the coefficients βm via a linear regularized model with an L2 penalty, namely ridge regression (Hastie

et al., 2009):

β̂m = argmin
βm

(︄
n∑︂

l=1

(Xm,l −Xm
0 −βm ·SSTm−1,l)2 +λ∥βm∥2

)︄
(2)

where l = 1, ...,n is the number of samples encompassing different years and ensemble members, SSTm−1,l is the global

anomalous SSTs for sample l, λ≥ 0 is the regularization parameter and ∥·∥2 is the Euclidean L2 norm. SST anomalies are135

computed by removing the monthly climatological mean and dividing by the monthly climatological standard deviation. Reg-

ularization shrinks the elements of the vector βm, and the magnitude of the shrinkage depends on the hyperparameter λ. The

value set for the regularization parameter λ is crucial and needs to be carefully evaluated. A value too high will shrink the co-

efficients too much and lead to artificially low predictive power. A value too small risks producing overfitted coefficients, with

artificially high predictive power on training data but low extrapolation capability on unseen data. We determine an optimal140

regularization parameter independently for each grid point, climate model, surface variable and month by cross-validation. The

cross-validation procedure is detailed in appendix A, with validation figures.

Importantly, the proportion of grid points where the model underfits is very low: always below 0.5% and even equal to 0 for

most models and months (Fig. A1). This implies that under the linear hypothesis the ridge regression does not underestimate

the proportion of variance explained by SSTs. On the contrary, the proportion of grid points where the model overfits (i.e.145

overestimates the proportion of variance explained) is higher. While it is typically below 5% for both SLP and T2M and

between 5 to 10% for precipitation for all models and for 20CRv3, it is between 15 to 25% for precipitation in ERA5. This

illustrates the need for a large amount of data to perform this regression analysis and the fact that the results obtained with

ERA5 must be critically considered. Note that even if the proportion of grid points where the model overfits for precipitation is

not negligible, those grid points are located at high latitudes (not shown) and the analysis suggests anyway that SSTs explain a150

very low percentage of the variance of precipitation variability there (Fig. 5).

We evaluate the quality of the ridge regression fit by measuring its capacity to generalize to unseen data. We compare the

percentage of variance explained at yearly time scales between the training data and the unseen test data for models for all

surface variables (Fig. A2 for SLP, Fig. A3 for precipitation, and Fig. A4 for T2M). Models generalize well, with similar R2

scores for training and test data. The difference in corresponding R2 scores are much higher for reanalyses than for the models155

and very geographically varying. In addition to the overfitting problem due to the limited amount of data, this also partly comes
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from the fact that R2 are evaluated over very few data points (8 years for ERA5, 20 years for 20CRv3 for test data). Thus,

our results for the reanalyses are more problematic and rest on the hypothesis that the cross-validation procedure, which works

well for models, can also be trusted for reanalyses (as evidenced by Fig. A1 for 20CRv3).

2.4 Spectral coherence160

Once the coefficients β̂m are determined, we can generate the SST-driven anomalies of surface variables:

X̃m
SST = β̂m ·SSTm−1. (3)

We then evaluate a time scale-dependent metric of the explanatory power of SSTs on the surface variables using the spectral

coherence between the SST-driven anomalies X̃m
SST and the actual anomalies X̃m :=Xm −Xm

0 of surface variables:

C(f) :=
| EX̃SST ,X̃(f) |2
EX̃SST

(f)EX̃(f)
(4)165

where EX̃SST ,X̃(f) is the cross-spectral density between the SST-driven anomalies and the actual anomalies, and EX̃SST
(f)

and EX̃(f) are the spectral densities of the SST-driven anomalies and the actual anomalies respectively. All spectral and

cross-spectral densities are evaluated using the multi-tapering method similarly to spectral slopes.

The spectral coherence gives values between 0 and 1 that can be interpreted as a percentage of variance explained, similar

to an R2. However, an increase in the explained variance of 0.1 between two time scales has a different meaning if the initial170

explained variance was 0 (small gain in information) or 0.85 (large gain in information). We thus transform the spectral

coherence using an analog of the change in mutual information from information theory (MacKay, 2003):

∆C(f1 → f2) :=K log

(︃
1−C(f1)

1−C(f2)

)︃
, (5)

where we choose the proportionality constant K such that the gain of information of an increase of the spectral coherence

from 0 to 0.1 is equal to 1, i.e. K =−1/ log(0.9). Note that using this metric, when the spectral coherences are close to 1, a175

small change in the absolute spectral coherence can lead to a large change in ∆C.

3 Results

3.1 Climate models underestimate the persistence of precipitation and SLP at multi-year time scales

We begin by considering the 1-year lag autocorrelation as a simple metric to show that both SLP and precipitation have low

persistence at multi-year time scales in models (Fig. 1). We aggregate the autocorrelations over two climatological zones, the180

tropics (30°S-30°N) and the extratropics (80°S-30°S and 30°N-80°N). Climate models have low or very low autocorrelation

in precipitation, typically below 0.1 in absolute value and even below 0.05 over mid-latitude land (Fig. 1b, see also Fig. S2).

SLP has slightly higher autocorrelation values, especially in the tropics (Fig. 1a and Fig. S1), but overall models consistently
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estimate autocorrelation values very close to zero. For these two variables, models underestimate the autocorrelation compared

to observational datasets, especially in the extratropics. The underestimation of the autocorrelation is a systematic and robust185

result across observational datasets and models (Fig. 1g,h). In contrast, the autocorrelation in T2M is comparable (Fig. 1c,f and

Fig. S3), and the differences are more regional and model dependent (Fig. 1i). This is especially the case over oceans where

T2M is a very good proxy for SSTs at monthly and longer time scales (Pearson correlation typically above 0.99, not shown).

Computing autocorrelation member-by-member independently after self-detrending over the period 1930-2014 (similarly to

how we treat observational datasets, see Sect. 2) gives similar results (Fig. S4 and Fig. S6-S7). Compared to the autocorrelation190

obtained by grouping all members together as in Fig. 1, this even suggests that the autocorrelation estimated from the detrended

observational datasets may be slightly underestimated (compare Fig. 1e and Fig. S4e for the simulations, for example), which

could arise because of centennial-scale variability that is removed by detrending member-by-member. On a regional basis, the

SLP autocorrelation is consistently underestimated by models over most of Africa, the Indian Ocean, Eastern Asia, Northern

and Southern America (Fig. 1g and Fig. S5). The signal is more mixed for precipitation (Fig. 1h and Fig. S6), which also shows195

a global underestimation of the autocorrelation but with more regional variability. This is likely a result of the high variance

of precipitation at yearly time scales, which makes the estimation of its autocorrelation less stable than for SLP. In contrast,

for T2M there are regions of under- and overestimation of the autocorrelation that are mainly model-dependent and not always

robust over observational datasets (Fig. 1i and Fig. S7).

The persistence of a time series, as measured by the autocorrelation at every time lag, is linked to its long-term variability200

via the Wiener-Khinchin theorem (Chatfield and Xing, 2019), which states that the Fourier transform of the (Pearson) auto-

correlation function is equal to the power spectral density of the time series. Positive autocorrelation at a given time scale

typically translates into positive spectral slopes. Positive spectral slopes indicate that variability increases at longer time scales.

In contrast, a spectral slope close to zero indicates that the time series is behaving as white noise, i.e. as a process without

memory, at these time scales. We therefore compute spectral slopes β for atmospheric surface variables for time scales from 5205

to 30 years to measure decadal variability in the models and reanalyses. Similar to the results for autocorrelation, models un-

derestimate the spectral slopes for SLP (Fig. 2a,d) and precipitation (Fig. 2b,e). For most models, precipitation is for example

displaying spectral slopes close to zero in the mid-latitudes (Fig. 2e) while reanalyses suggest spectral slopes around 0.2-0.3

(see also Fig. S9 and Fig. S10 for the spatial distribution of spectral slopes). This stands in contrast with the behavior of T2M,

which has similar spectral slopes in models and reanalyses over both land and ocean (Fig. 2c,f and Fig. S11). These results are210

robust when computing spectral slopes independently member-by-member over the transient period (Fig. S8). Similarly to the

autocorrelation, the observational datasets give spectral slopes outside the 90% range of ensemble members for SLP (Fig. S12)

while the results are more unstable for precipitation (Fig. S13), and both regionally and model dependent for T2M (Fig. S14).

3.2 SST anomalies explain little of the yearly variability of precipitation and SLP outside the tropics and the Pacific

in models215

Given the prominent 1-15-day time scale of internal atmospheric variability, it is physically expected that, apart from random

sampling, most of the internal decadal variability in atmospheric surface variables is forced by the decadal variability of the
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Figure 1. Autocorrelation of surface variables. Spearman 1-year lag autocorrelation for (first column) SLP, (second column) yearly

accumulated precipitation and (third column) T2M. The boxplots show the distribution of autocorrelation for grid points in (first row)

the tropics (30°S-30°N) and (second row) the extratropics (80°S-30°N and 30°N-80°N). The land mask of CESM2 is used to separate

land (brown) and ocean (blue) grid points in all datasets. (Third row) Difference between multi-model mean and multi-observation mean

absolute 1-year autocorrelation relative to the multi-observation mean value. The stippling shows grid points where less than 75% of all

model-observation differences have the same sign. HadSLP2 and DCENT-I autocorrelation maps have been regridded bilinearly to the same

2.5° × 2.5° map as the other datasets.
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Figure 2. Spectral slopes estimated between time scales of 5 to 30 years for surface variables. Same as Figure 1 for spectral slopes

between 5 and 30 years.
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oceans (Frankignoul, 1985; Barsugli and Battisti, 1998). The latter is mostly similar in models, reanalyses and observations, as

demonstrated by our analysis of the spectral slopes of T2M over oceans in the previous section. However, the decadal variability

of SLP and precipitation differs between models and observational datasets. We investigate this discrepancy by leveraging a220

statistical learning technique, namely ridge regression as detailed in Sect. 2. The strength of the SSTs constraint on the surface

variables can then be evaluated via the spectral coherence between their actual anomalies and their SST-driven part given by

the ridge regression (see Sect. 2). For a given time scale, the spectral coherence can be interpreted as a proportion of variance

explained by the SSTs. In the following, we thus use interchangeably ’variance explained’ or ’coherence’. In this section, we

focus on the yearly time scales and evaluate longer time scales in the next section.225

At yearly time scales, the proportion of variance of SLP and precipitation explained by SSTs is low in climate models

over both land and ocean in the extratropics (Fig. 3d,e), typically around 20% for SLP and 10% for precipitation. There are

geographical and model differences (Fig. 4 and Fig. 5), but these values are overall robust across models and this represents a

large underestimation compared to reanalyses (Fig. 3d,e). The latter rather suggest coherence at yearly time scales between 40

to 80%, although the limited sample size of reanalyses likely makes them prone to overfitting (see tests in Sect. 2). While the230

exact magnitude of the reanalyses results needs to be interpreted with caution, they are consistently higher and this is coherent

with the higher autocorrelation values than in models found in the previous section.

In the tropics, and especially over the central Pacific, the models’ coherence is larger (Fig. 3a,b), with generally more agree-

ment with the reanalyses despite still an underestimation of the variance explained. This higher coherence can be interpreted

physically as a moderate to strong conditioning of SLP patterns and associated precipitation in the tropics by SSTs. This is235

expected insofar as the multi-year ENSO dynamics in both models and reanalyses strongly conditions the variability of all

surface variables in the region (Timmermann et al., 2018) — although the behavior of ENSO can be very different in models

compared to observations (Planton et al., 2021).

T2M generally shows larger coherence values than SLP and precipitation in models (Fig. 3c,f and Fig. 6), especially over

oceans. This is no surprise given that T2M is closely related to SSTs even at one-month lag, and as a consequence models and240

reanalyses are not substantially different with respect to how much global SSTs condition T2M over tropical and subtropical

oceans (Fig. 3i). However, the T2M coherence over land, especially in the extratropics, is lower than over oceans in models,

contrary to what is estimated for reanalyses.

3.3 Precipitation and SLP variance explained by SSTs does not increase at long time scales in models

The low proportion of variance explained by SSTs at yearly time scales may not be surprising given the large atmospheric245

natural variability from year to year. However, at longer time scales, the atmospheric natural variability of surface variables

decreases as yearly variability is smoothed out, which might lead to an increase in the proportion of variance explained by

the SSTs. We refer the reader to Fig. 7 for a visual example of this mechanism using two grid points of the CESM2-LE.

We illustrate in Fig. 8 the dependency on time scale of the spectral coherence between the surface variables and their SST-

driven component as measured by the ridge regression, for six illustrative grid points, for the CESM2-LE (100 members)250

and the 20CRv3 reanalysis. The results are geographically dependent, but there is a general pattern of increasing coherence
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Figure 3. Coherence between surface variables and their SST-driven component. Spectral coherence at 1-year time scale between

monthly anomalies and SST-driven monthly anomalies as predicted by the ridge regression (see Methods) for (first column) SLP, (second

column) yearly accumulated precipitation and (third column) T2M. The coherence at 1-year time scale is computed by averaging the

spectral coherence between time scales of 0.8 to 1.2 year. For the 20CRv3 reanalysis the coherence is computed using only the period

1900-2015. The boxplots show the distribution of autocorrelation for grid points in (first row) the tropics (30°S-30°N) and (second row)

the extratropics (80°S-30°N and 30°N-80°N). The landmask of CESM2 is used for every reanalysis and model datasets to separate land and

ocean grid points. (Third row) Difference between multi-model mean and multi-reanalysis mean coherence relative to the multi-reanalysis

mean value. The stipplings show grid points where less than 75% of all model-reanalysis differences have the same sign.
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Figure 4. Spectral coherence at 1-year time scale between SLP and SST-driven SLP. The spectral coherence is computed between the

monthly precipitation anomalies and the SST-driven monthly precipitation anomalies as predicted by the ridge regression. The coherence at

1-year time scale is computed by averaging the spectral coherence between time scales of 0.8 to 1.2 year. For the 20CRv3 reanalysis the

coherence is computed using only the period 1900-2015.

Figure 5. Spectral coherence at 1-year time scale between precipitation and SST-driven precipitation. Same as Fig. 4 for precipitation.
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Figure 6. Spectral coherence at 1-year time scale between T2M and SST-driven T2M. Same as Fig. 5 for T2M.

at long time scales for the reanalysis for every grid point and variable. In contrast, the model does not show systematically

increasing coherence at long time scales. For example, at the central Europe grid point (Fig. 8b), the coherence for both SLP

and precipitation remains very low (around 10%) even at multi-decadal time scales. T2M presents a very different behavior,

with increasing coherence from 25% at 1-year, up to 50% at 20-year time scales. Several tropical and sub-tropical grid points255

show a peak of coherence around 5 years for all variables in the model (Fig. 8g,l,e,o), which likely reflects the influence of

ENSO that is then vanishing at longer time scales. In contrast, at the central Pacific grid point (Fig. 8j) the coherence increases

and remains high at long time scales, similar to the reanalysis, which points towards a very strong constraint of the long-term

variability of surface atmospheric variables by the SSTs in this region that is well captured by the model.

The other models show similar behaviors (Fig. 9). The proportion of variance of surface variables conditioned by the SSTs260

increases at longer time scales for all surface variables in the tropics. However, it increases at different paces and typically more

for T2M than for precipitation and SLP. For the latter, subtropical highs over oceans show a large increase in their variance

explained. On the contrary, the extratropics show little increase in variance explained at long time scales for precipitation and

SLP. For example for SLP in Eurasia, the spectral coherence at 20 years in models is almost the same as at 1 year (Fig. 9a).

Similar results stand for precipitation (Fig. 9b), with more regional variability — for example a small but robust increase in265

northern Siberia that is likely linked to the increased spectral coherence over the Barents-Kara sea. North America also displays

an increased variance explained at long time scales for SLP, but the results are more mixed for precipitation. The behavior of

SLP and precipitation stands in stark contrast to that of T2M: for almost all tropical and extratropical land, SSTs explain the

variability of T2M better at long rather than short timescales.
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Figure 7. Illustration of the increasing conditioning of SSTs on surface variables at long time scales. Example time series of precipitation

anomaly and SST-driven precipitation anomaly from the ridge regression for two grid points in one member of the CESM2-LE: (a,b) central

Pacific grid point (lat=0°, lon=245°E) and (c,d) extratropical Pacific grid point (lat=30°N, lon=245°E). The text in (b,d) gives the spectral

coherence between the anomalies and the SST-driven anomalies at time scales of 1 and 10 years, respectively.

4 Conclusions and discussion270

The use of several large ensembles allows us to reach robust conclusions for CMIP-class climate models. For all of the six

models investigated, we attribute the weak autocorrelation in precipitation and SLP from one year to another, and thus the

white noise behavior at decadal time scales (Parsons et al., 2017; Simpson et al., 2018; Eade et al., 2022), to a weak forcing

of these surface variables by decadal SST variability. This is especially the case in the extratropics, while the deep tropics

behave differently because of the multi-year variability of ENSO and the strong conditioning it imposes on the variability of275

atmospheric surface variables in the region (see examples in Fig. 8). We have shown that T2M does behave differently than

SLP and precipitation, with more variance explained by the SSTs, especially at long time scales. A plausible interpretation of

the diverging results for the decadal variability of T2M and SLP is that the atmosphere responds mainly thermodynamically

but not dynamically to oceanic forcings in these models. In other words, in the models, the decadal variability of T2M over
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Figure 8. Illustration of the evolution of the spectral coherence with time scales for surface variables for CESM2 and comparison

with 20CRv3. Maps show the spectral coherence between surface variables and their SST-driven component given by the ridge regression at

the 1-year time scale for (c) SLP, (h) precipitation and (m) T2M. Panels show the dependency of spectral coherence with time scale for the

grid points shown by the crosses on the maps for (first column) the 20CRv3 reanalysis (1900-2015) and (second column) the CESM2-LE

(100 members, 1850-1900). For visualization, the spectral coherence was smoothed by averaging over bins of size 0.1 in log-space.

land is likely mainly the result of the advection of anomalous ocean-atmosphere heat fluxes by the mean circulation, while the280

atmospheric circulation itself, and thus SLP and precipitation, remains weakly affected by these fluxes.

One may wonder whether at long time scales our interpretation of the SST anomalies explaining the variability in surface

variables can still be maintained, considering that the atmosphere can also be seen as the source of oceanic variability (Hassel-

mann, 1976). However, we consider the link between global SST anomalies — and thus implicitly the dominant, large-scale

modes of variability — and anomalies of local surface variables. Thus, the risk of an atmospheric variable confounding the285

proportion of variance explained is mitigated. More fundamentally, the source of oceanic variability does not matter for our

conclusions because we should also find a larger portion of variance explained if the oceanic variability is of atmospheric

origin and the dynamical coupling is correctly represented — cf. also our time scales discussion in Sect. 2. We also tested
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Figure 9. Variation of the spectral coherence of surface variables with time scales beyond 1 year. Multi-model mean of the log-difference

(see Methods) of the spectral coherence between short (1 year) and long (20 years) time scales for (a) SLP, (b) precipitation and (c) T2M.

The spectral coherence is averaged between 0.8 and 1.2 years for short time scales, and between 15 and 25 years for long timescales. A

log-unit of 1 is equivalent to an increase of the spectral coherence from 0 to 0.1. Red and blue values indicate that SSTs explain a larger and

smaller portion of the variability of surface variables, respectively, at long rather than short time scales. Hatching shows where all models

agree on the sign of the change in coherence.

our analysis on two sets of 11 runs of the CESM2 model over the quasi pre-industrial period: 11 fully coupled runs and 11

atmospheric-only simulations forced by the SSTs of the coupled 11 runs. The latter thus have the same atmospheric variability290

conditional on the SSTs imposed as the coupled runs, but no direct feedback from the atmospheric variability to the oceanic

variability. We find similar autocorrelation (not shown), spectral slopes (not shown) and spectral coherence (Fig. 10) for the

coupled and atmospheric-only simulations, which confirms our interpretation.

Our results demonstrate that models show a weak conditioning of the decadal variability of surface variables by global SST

anomalies in the extratropics. Physically, it could be expected that persistent SST anomalies should have an influence beyond295

the local boundary layer, impact the free tropospheric temperature gradients and thus the mean position of mid-latitude jets via

the thermal wind relationship. As the atmospheric circulation is impacted, this should then imprint on SLP and precipitation

variability, contrary to what we have shown for the models. It is challenging to validate that the real world is behaving dif-

ferently than these climate models with the exact same ridge regression methodology. This is because of the lack of long and

global observational products for these three surface variables. With some additional assumptions (see Sect. 2), we tried such300

a comparison with three observational products (HadSLP2, GPCC and DCENT-I) and the ERA5 and 20CRv3 reanalyses. We

showed that the observational products suggest a robust underestimation of the decadal variability of SLP and precipitation by

climate models, at least based on autocorrelation and spectral slopes, which is consistent with previous studies (Simpson et al.,

2018; Laepple et al., 2023). We acknowledge that the results of the ridge regression procedure for the two reanalyses are less

robust than for climate models, but the results obtained are nevertheless consistent with larger decadal variability coming from305

a stronger conditioning of surface variables by the SSTs in the real world. This is also consistent with previous observational

studies (O’Reilly et al., 2017; Simpson et al., 2019; Smith et al., 2020).
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Figure 10. Comparison between spectral coherence at 1-year time scale between coupled and uncoupled simulations. 1-year spectral

coherence using two 11-member ensembles from the CESM2 model over the quasi-industrial period (1850-1900) with (first row) fully-

coupled simulations and (second row) atmosphere-only simulations using the SSTs of the fully-coupled simulations. The coherence at

1-year time scale is computed by averaging the spectral coherence between time scales of 0.8 to 1.2 year.

Our global and systematic investigation of the decadal variability in models gives consistent results with studies that showed a

likely underestimation of the variability of the climate system at these time scales by CMIP-class models (Laepple and Huybers,

2014; Dee et al., 2017; Kravtsov, 2017; Cheung et al., 2017; Laepple et al., 2023). Our results may help explain the signal-to-310

noise paradox at decadal time scales (Scaife and Smith, 2018; Smith et al., 2020; Weisheimer et al., 2024): if the atmosphere is

not responding strongly enough to SST anomalies in models, as we show here, then the spread in atmospheric surface variables

conditional on a particular SST pattern will be too high, and observations will correlate better with the ensemble mean than

each individual ensemble member. More generally, our results imply that the decadal variability of precipitation as projected by

climate models should be considered carefully, especially when it comes to decadal predictions and the projection of multi-year315

extremes (Ault et al., 2013; O’Reilly et al., 2021). Why the information of the SST variability is not transmitted dynamically to

the atmosphere in the extratropics remains a conundrum at this point. Several modeling studies showed that the relatively low

resolution of these models could be the culprit. There has indeed been suggestions for non-linear responses of synoptic-scale

dynamical processes in the atmosphere with respect to the model resolution for example (Smirnov et al., 2015; Czaja et al.,

2019; Wills et al., 2024). Mesoscale (10-100 km) eddies in the ocean, especially along western boundary currents, have also320

been shown to be able to force the variability of the jet and could provide a mechanism to explain the decadal variability in
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the real atmosphere (Wills and Thompson, 2018; Scaife et al., 2019; Joyce et al., 2019; Jüling et al., 2021; Zhang et al., 2021;

Paolini et al., 2022; Seo et al., 2023).

Code availability. [The code to compute the quantities shown and the data produced will be made available after revisions.]
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Appendix A: Cross-validation of the ridge regression model325

This appendix details the cross-validation procedure of the ridge regression. We first isolate 10% of ensemble members of each

model (test data set). On the remaining members (training data set) we use a 5-fold cross-validation. The training data set is

first partitioned into 5 folds that contain 20% of the training data each. As the SST data, i.e. the predictors, are temporally very

correlated we use a block cross-validation strategy (Roberts et al., 2017) where each block represents a continuous portion of

years and members. This ensures that the SSTs of each block are as different as possible. For each fold, a fit over candidate λ330

values is estimated based on the remaining 80% of the data. These fits are then evaluated on the selected fold using the per-

centage of variance explained (R2 score). We then compute the average R2 score over the 5 folds and select the regularization

parameter which maximizes it. The candidate values for λ are defined a priori using a semi-logarithmic scale: λ= a× 10b for

a= 1,2, ...,9 and b= 1,2, ..., bmax. Based on preliminary tests we use a different bmax for each surface variable: bmax = 12

for SLP, bmax = 14 for precipitation and bmax = 10 for T2M. This range of values was chosen based on preliminary tests for335

different months, grid points and models in order to balance computational feasibility and robustness of the ridge regression fit.

We evaluate whether the ridge regression is under- or overfitting based on whether the optimal regularization parameter λopt is

equal to λmin = 101 (underfitting) or λmax = 9×10bmax (overfitting). After determining the optimal regularization parameter,

the ridge regression is fitted on the whole data set (training+test) and we show the results for this fit.

Note that for the reanalyses the amount of data is much more limited than for the large ensembles of climate models, only340

85 months for each monthly regression for ERA5 for example. To mitigate this limited sampling issue, for both reanalysis, we

train each monthly regression model by also using the data of the two adjacent months. For example, for the model to predict

precipitation of the month of March using SSTs of the month of February, we also train the model with the (January SST,

February precipitation) and (March SST, April precipitation) couples. For the 20CRv3 reanalysis, we use the entire period of

the reanalysis, from 1806 to 2015. This is done only during the cross-validation and the training phases, the evaluation and the345

results shown are computed on the 1900-2015 period. To define the test dataset, we isolate one year every 10 years for the two

reanalyses in order to sample a diversity of SST background.

Figure A1 shows for each reanalysis/model and each month the proportion of grid points that have a regularization parameter

equals to λmax (overfitting) and λmin (underfitting). Figures A2-A4 show the difference in the R2 between test and training

data.350
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Figure A1. Percentage of grid points where the ridge regression on SSTs over- or underfit. (First row) Percentage of grid points where

the regularization parameter λ is equal to the maximum regularization parameter allowed during the cross-validation procedure (overfitting)

for (a) SLP, (b) precipitation and (c) T2M. Each bar shows the percentage of grid points for one month, starting in January. (Second row)

Same for grid points where the regularization parameter is equal to the minimum regularization parameter allowed (underfitting).
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Figure A2. Evaluation of the generalization capability of the ridge regression for SLP. Difference in the percentage of yearly variance

of SLP explained (R2) by SSTs with the ridge regression model between training and test data. Test data represents the last 10% of ensemble

members for the models. For the reanalyses, test data consist of one year taken every 10 years (8 years for ERA5, 20 years for 20CRv3).

Figure A3. Evaluation of the generalization capability of the ridge regression for precipitation. Same as Fig. A2 for precipitation.
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Figure A4. Evaluation of the generalization capability of the ridge regression for T2M. Same as Fig. A3 for T2M.
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