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Abstract

State-of-the-art Earth System Models (ESM) produce variability in the simu-
lated ocean temperatures mostly consistent with the observed, historical climate
behavior but can have divergent trajectories in their future-climate projections.
Any attempts to constrain this projection uncertainty require, first of all, a care-
ful examination and comparison of the models’ performance over the historical
period. Here we develop a new objective methodology for such an intercompari-
son rooted in the Linear Mode Mode (LDM) decomposition and apply it to the
analysis of sea-surface temperature (SST) and upper-ocean heat content (OHC)
anomalies generated by a multi-model ensemble of historical climate simulations.
The resulting multi-model ensemble LDM (M-ELDM) method is shown to be an



efficient tool for identifying the optimal low-dimensional subsets of forced and
internal climate modes with patterns and characteristic time scales shared across
the individual models and the associated time series encapsulating the differ-
ences between the models. We present examples of the M-ELDM based model
intercomparison in terms of their dominant forced response, as well as their
interannual-to-subdecadal and multidecadal internal variability. We also devise
a strategy for ranking these behaviors against observations and demonstrate,
in particular, the absence in the models of a pronounced multidecadal signals
evident in the observational data.

Keywords: Climate change, Earth System Models, ocean temperature, forced
response, internal variability

1 Introduction

The ocean is absorbing about 90% of the excess heat produced by the radiative forc-
ing due to climate-system adjustments to natural and anthropogenic drivers, such as
increasing concentrations of greenhouse gasses (GHGs) in the atmosphere (Hansen
et al. 2011; Trenberth et al. 2009). Observations of the global ocean heat content
(OHC) and sea-surface temperature (SST) in recent decades show clear upward trends
(Domingues et al. 2008; Levitus 2012; Cheng et al. 2019). These trends, while largely
forced, are nonuniform in space and time and apparently modulated by internal cli-
mate modes operating on a wide range of scales (Ting et al. 2009; DelSole et al. 2011;
Trenberth and Fasullo 2013). Examples of the latter modes include the predominantly
interannual El Nino—Southern Oscillation phenomenon (ENSO: see, for example, Wang
et al. 2017) in the tropical Indo-Pacific, Pacific Decadal Variability (PDV: Di Lorenzo
et al. 2023) and low-frequency variability in the North Atlantic associated with the
Atlantic Multidecadal Oscillation (AMO: Zhang et al. 2019). Recent studies (e.g., von
Schuckmann et al. 2020) have argued that OHC is a more relevant metric than SST
to track the forced component of the global climate change.

Irrespective of the metric (SST or OHC), accurate delineation of the forced sig-
nal from the background internal variability is key to our understanding of future
climate change. This task is nontrivial due to the sheer size and complexity of the
climate system (see, for example, Palmer 1999). A standard solution utilizes Earth
System Model (ESM) ensembles, in which multiple climate realizations are obtained
using single-model simulations with independent or perturbed initial conditions, yet
driven by an identical history of the external forcing. For a large enough single-model
ensemble, the forced signal is associated with the mean across the ensemble, while
the internal variability is encapsulated in the deviations from the ensemble mean;
these deviations are statistically uncorrelated between the individual climate realiza-
tions within the ensemble (Deser et al. 2014; Frankcombe et al. 2018). The number
of realizations required to faithfully isolate the forced response depends on the cli-
mate variable, geographical location, and spatiotemporal scales of interest (Deser et al.
2012; Screen et al. 2014; Kravtsov and Callicutt 2017). The individual (single) model
ensembles within the Coupled Model Intercomparison Project (CMIP), phases 5 or 6



(Taylor et al. 2012; Eyring et al. 2016) typically have 5-10 realizations. Some large
ensemble collections, with 40-100 realizations per model, such as Multi-Model Large
Ensemble Archive (MMLEA) Version 1 and 2 (Deser et al. 2020; Maher et al. 2025),
Large-Ensemble project (LENS: Kay et al. 2015) and Max Planck Institute’s Grand
Ensemble (MPI-GE: Maher et al. 2019), are also available.

The state-of-the-art ESMs are known to exhibit differences in the simulated cli-
mate behavior due to their different spatial resolutions and different parameterizations
of sub-grid scale physical processes. These differences translate to a large uncertainty
of future climate projections, with similar uncertainty levels throughout all genera-
tions of the ESM models to date (Hawkins and Sutton 2009; Lehner et al. 2020). In
attempts to reduce this uncertainty, it is therefore important to identify which aspects
of the forced response and internal variability are robust across multiple climate models
and how realistic these aspects are in comparison with the observed climate behavior.
Wills et al. (2026) documented a concerted effort to address these questions within an
ambitious ForceSMIP project, which evaluated state-of-the-art forced-response iden-
tification methods using large multi-model ESM ensembles, with the ultimate goal
of devising an optimal strategy for estimating the forced signal from a single climate
realization, either simulated or observed.

The forced-signal estimation methods discussed in Wills et al. (2026) are typ-
ically based on certain assumptions about spatiotemporal differences between the
forced response and the internal variability of the simulated climates. For example, the
dynamical adjustment methods seek to remove the influence of high-frequency (typ-
ically atmospheric) internal variability on a variable of interest (such as near-surface
atmospheric temperature) by regression against a “dynamical” variable representing
the effects of atmospheric circulation (e.g., mean sea-level pressure) (Wallace et al.
2012; Smoliak et al. 2015; Deser et al. 2016). Such a procedure may increase the forced-
signal-to-internal-noise ratio in the residual trends, with some caveats related to the
need of differentiating between the impacts from multiple sources of internal variabil-
ity (for example, ENSO: Thompson et al. 2009). Another class of methods assume
significant time-scale separation between the forced and internal climate variability by
postulating the forced signal to be associated with a set of patterns that vary on time
scales longer than those of the internal variability (Schneider and Held 2001; Frankig-
noul et al. 2017; Wills et al. 2018). One of the most efficient methods to isolate the
forced trends that are common across the single-model ensemble of simulations from
the internal variability is the signal-to-noise maximizing pattern (S/NP) analysis of
Wills et al. (2020), which seeks the fingerprinting patterns that maximize the ratio of
ensemble-mean-to-total variance in the variable of interest. This method is free of any
assumptions about characteristic time scales of forced or internal variability, but, to
be effective, still requires the two kinds of variability to have distinct spatial patterns.

The pattern recognition technique we focus on in this paper is based on the Lin-
ear Dynamical Mode (LDM) decomposition (Gavrilov et al. 2019, 2020, 2024) of the
observed or simulated climate variability into the set of spatiotemporal modes ranked
by their respective time scales. The latter property makes the LDM methodology
conceptually similar to such alternative linear decomposition methods as optimal per-
sistence patterns (OPP: DelSole 2001), average predictability time (APT: DelSole and



Tippett 2009a,b) and dynamic mode decompositions (DMD: Mezié¢ 2005; Williams
et al. 2015; Mankovich et al. 2025, 2026). However, the LDM methodology is not
obtained via rotation of the original data, and all of the requisite LDM parameters,
including the number of distinct modes and their time scales, are instead determined
objectively within a Bayesian framework, which ensures the decomposition of optimal
complexity void of overfitting. The original version of the method (Gavrilov et al. 2019)
did not distinguish in any way between the forced and internal climate modes. Gavrilov
et al. (2020) extended this methodology by specifying, additionally, the temporal shape
of the single forced component based on a separate analysis of a multi-model ESM
ensemble of historical simulations. The spatial pattern of the forced component, as
well as the remaining LDM modes of the residual, nominally internal variability in the
near-surface air-temperature, were jointly computed by the LDM algorithm. Finally,
Gavrilov et al. (2024) developed a version of the LDM method — ensemble LDM
method (ELDM)— for the use with an ensemble of single-model climate simulations.
This most complete method provides data-adaptive, self-consistent decomposition of
the simulated climate variability into the forced signal and internal variability modes
with their own spatial patterns and time scales. The forced signal is postulated to be
the same in each of the simulated climate realizations, whereas the internal variability
modes have the same patterns but different time dependence across multiple model
runs. The major distinction of LDMs from the dynamical adjustment, time-scale sepa-
ration and other variance-ratio based pattern recognition methods is thus the absence
of any a priori assumptions about spatiotemporal differences between the forced and
internal modes.

In this work we adapt the single-model (S) ELDM method of Gavrilov et al.
(2024) for the analysis of the forced and internal variability in SST and OHC across a
multi-model (M) ensemble of historical climate simulations. In the resulting M-ELDM
method, the forced signal and internal variability modes are each postulated to have
common (a priori unknown) patterns but different component time series across the
models; for a given model, the forced-signal components are also postulated to be the
same across this model’s climate realizations, thereby naturally delineating them from
the internal modes (which have different time dependence in different realizations),
as in the original S-ELDM method. The new method thus constructs an optimal,
low-dimensional representation of the forced signal and internal variability simulated
by multiple models in the common spatial basis. The differences between the mod-
els are encapsulated in those between the component time series associated with each
(forced or internal) LDM pattern, which provides a useful lens for comparing the
model behaviors across the multi-model ensemble. We also develop an LDM-based
recipe for evaluating similarities and differences between the simulated and observed
climate modes derived from the gridded observational products.

The M-ELDM decomposition developed in this work provides a succinct charac-
terization of the model uncertainty in representing the forced global warming trends,
and offers a useful framework for assessing the role of the different physical drivers
underlying the observed climate change, including, for example, the much debated
role of anthropogenic and natural aerosols in forcing the North Atlantic SST variabil-
ity (Booth et al. 2012; Zhang et al. 2013; Murphy et al. 2017; Bellomo et al. 2018;



Birkel et al. 2018). It also helps assess and compare key aspects of the internal climate
variability associated with ENSO, PDV and AMO across models, in particular those
related to the ENSO asymmetry and diversity (Planton et al. 2021), as well as to the
teleconnections of the Pacific Decadal Oscillation (Fasullo et al. 2020) which, together
with multidecadal AMO-like signal, arguably represent a globally connected mode of
climate variability associated with the so-called Global Stadium Wave (GSW: Wyatt
et al. (2012); Kravtsov et al. (2018, 2024, 2025).

The rest of the presentation is organized as follows. Section 2 introduces the his-
torical simulations and gridded observational products used here and outlines the
data pre-processing steps (section 2.1). It also describes the M-ELDM decomposi-
tion (section 2.2), the methodology for analyzing the M-ELDM filtered data subsets
(section 2.3), as well as our LDM-based treatment of the observational data (section
2.4). Section 3 analyzes and compares our estimates of the climate’s observed and
simulated forced response (section 3.1), the residual low-frequency (decadal and
longer time scale) variability (section 3.2) and ENSO variability (section 3.3). Section
4 summarizes and discusses the results and outlines some perspectives for future
research.

2 Data and methods

2.1 Data sets
2.1.1 Model simulations

We analyzed output from historical climate simulations produced by K = 6 state-
of-the-art climate models, focusing on the analysis of sea surface temperature (SST)
and sea water potential temperature on a global grid. Five of these models — CESM?2
Danabasoglu (2019), HadGEM3-GC31-LL Ridley et al. (2019), CanESM5 Swart et al.
(2019), MPI-ESM1-2-LR Wieners et al. (2019), and INMCMS5 Volodin et al. (2019) —
are a part of the CMIP6 multi-model ensemble, while the sixth model is a new version
of the INMCM climate model (INMCMG6P) with improved parametrization of clouds,
large-scale condensation, and aerosols (Volodin 2023; Volodin et al. 2024). The upper
ocean heat content (OHC) data are obtained by the vertical integration of potential
temperature over the top 0-300 m layer at each grid node:

300
OHC = pC’p/ 0(z)dz, (1)
0

where p = 1026 kg/m? and C, = 3990 J/(kgK) are sea-water density and heat
capacity, respectively, and 6(z) is the vertical profile of potential temperature.

We considered M = 10 ensemble members for each model over the January 1950
— December 2014 period, to match the length of the available OHC observational
record (see section 2.1.2). Thus, the full multi-model ensemble consisted of KM = 60
realizations for both the SST and OHC fields. The resulting monthly data were inter-
polated onto a common 2° x 2° spatial grid, and, after subtracting the mean seasonal



cycle, aggregated into non-overlapping 3-month averages to form the seasonally aver-
aged data; thus, each input realization has N = 260 maps sampled with the 3-month
sampling interval.

2.1.2 Observational products

To compare the simulated and observed climate variability, we made use of two
state-of-the-art gridded observational products obtained via objective analyses of the
observed data: the extended reconstructed SST (ERSST) data set, version 5 (Huang
et al. 2017) and the OHC data set based on the Institute of Atmospheric Physics’
ocean temperature analysis (IAPv4: Cheng et al. 2024); both data sets have a monthly
resolution. The TAPv4 OHC data are available since 1940 but are most reliable after
1950s, mainly due to an improved quality of global measurement networks and, as a
result, reduced sampling errors. For this reason, we chose to restrict our analysis to
the 1950-2014 period for all data sets considered here, whether simulated or observed.
The observed gridded data were pre-processed in the same way as the simulated data
(see section 2.1.1).

2.1.3 Data pre-processing

The multi-model LDM analysis (section 2.2) was performed separately on the SST and
OHC anomalies in the phase space of their leading ensemble Empirical Orthogonal
Functions (EOFs). Specifically, we stacked all of the available KM = 60 realizations
of either field (hereafter, k = 1,..., K is the model index and m =1, ..., M is the real-
ization index) along the time axis (n = 1, ..., N), resulting in the sample of size K M N
and computed the D leading EOFs of this data normalized, at each grid node, to
have unit variance and, additionally, weighted by the square root of the cosine of lati-
tude to account for meridian convergence on a spherical grid. The D leading principal
components (PCs) so obtained were then unstacked to form the D-dimensional input

multi-model data set X = {(Xgm’k), . ,st,n’k))}i;ll’;:i@ to be further subjected to
the M-ELDM analysis (see section 2.2.3). We used D = 20 EOFs for the SST data
and D = 50 EOFs for the OHC data, describing, in each case, about 55% of their total
variance (as computed for the original, non-normalized SST and OHC fields), but a
vast majority of large-scale low-frequency climate variability.

Regarding the observational data, we also performed LDM analysis separately for
the SST and OHC anomalies in the reduced phase space spanned by the D = 20
(for both SST and OHC data) leading EOFs that captured about 70% of the total

SST/OHC variance.

2.2 Multi-model ensemble LDM (M-ELDM) decomposition

We start with the single-model ensemble LDM (S-ELDM) decomposition (Gavrilov
et al. 2024; Buyanova et al. 2025). This method generalizes, in turn, the original single-
realization LDM approaches of Mukhin et al. (2015) and Gavrilov et al. (2016, 2020) to
include automatic identification of the forced and internal components from ensembles
of climate-model realizations. From a machine-learning perspective, all LDM versions



can be described as a dimensionality reduction technique with specific dynamical
Bayesian priors on the latent-space variables.

2.2.1 Single-Model Ensemble LDM (S-ELDM) decomposition

The S-ELDM decomposition seeks to represent a single-model M-member ensem-

ble time series (PCs) X = {(xgm), . ,x%n))}mzl,__ﬂM of a multidimensional variable
x\™ ¢ RP as follows:

x(m = Ap(™ L Bf, +c+o&l™. (2)
Here the latent low-dimensional time series (components) p%m) € Ry, and f,, € Ry ;
are associated with the internal variability and forced signal, respectively, while the
columns of matrices A and B store the corresponding spatial patterns; c is an inter-
cept, and o controls the amplitude of the Gaussian white-noise residual &,,. Note that
the internal components P = {(pgm)7 o 7pg\r,n))}mzlw,]\/[ are different in each ensem-
ble member, whereas the forced components F = (f1,...,fy) are the same in all M
realizations; the latter assumption is the fundamental property which allows one to
distinguish between the forced-signal and internal-variability modes.

In the absence of the forced component (dy = 0) and for the case of a single
realization (M = 1), the decomposition (2) has the same form as in the standard
linear dimension reduction methods such as the principal component analysis (PCA)
[also known as the Empirical Orthogonal Function (EOF) analysis| and its modifica-
tions (Jolliffe 1986; Hannachi et al. 2007), all of which minimize the residual variance
in (2). However, even in this case, the LDM decomposition would, in general, be dif-
ferent from the EOF decomposition, as the former also stratifies the components by
their characteristic time scales (see below).

2.2.2 LDM loss function

All the parameters p = (P, F, A, B, c,0) in Eq. (2) above are fit using an LDM-specific
loss function ¢ (p) derived within a Bayesian probabilistic framework (Gavrilov et al.
2024; Buyanova et al. 2025). This function consists of three parts:

Y(p) = Emain(l") + Lsmooth(P, F) + L2 (Aa B, C)' (3)
The main loss term is a negative log-likelihood of a model (2):

MND

1
Lomain (W) = 55 > M — Ap{™ - Bf, — c* + In (2702), (4)

which corresponds to the minimization of the residual variance (cf. EOF methods).
The second, smoothing regularization term for the time series P and F —
Lsmooth (P, F) — is the signature feature of the LDM approach. It implements the

prior assumption that the LDM components pslm) and f,, belong to a class of linear



stochastic processes with (unknown) time scales 7, € R%, 7, € R% and standard
deviations o, € R%, gy € R%s:

£smooth(P7 F) = Z ls(pgm)a s ,p%‘ﬂ) |Tpa0-p) + ls(fh ceey fN|T,f70f)- (5)
Here the function ls(z1,...,2z2N|T.,0.) given by

N 1

> [0 — ez )7L

n=2

Is(Z1,...,ZN|T.,0;) := % [zfﬁ;lzl + lndet(QﬂEZ)] +
1 (Zy, — G2Zp_1) + Indet(27X.)

(6)
is the negative log-PDF of a d.-dimensional time series z, ...,z generated by the
first-order linear autoregressive stochastic process with the time scales 7. € R% and
standard deviations o, € R% the diagonal matrices ¢, and X, are such that (&.),, =
e T, (2.),; = (0.)?, while £, =¥, —4.2.a7. In plain terms, (6) represents a log-
rescaled joint distribution of samples of size N drawn from a smooth linear stochastic
AR-1 processes with parameters 7, and 6. 2; p41 = Qiizin + 1/ (02)2(1 — &%) nin.

Finally, the last term in (3) is a classic L2-regularization for the model weights
A B, c wrapped into a negative Gaussian log-prior:

La(A,B,c) = 3 12(AsiAs0}) + 3 12(BsilAso ) + 2 la(es|As0?),

S,%

(7)

l2(z|A0?) = 21; + 1 1In(27A0?).

Here )\, is the scaling coefficient taken to be equal to the variance of the s-th input
ensemble PC, which renders tunable hyperparameters o4, 05, 0. dimensionless.

The optimal sets of time scales 7, and 7; of the dominant LDM components, as
well as the other hyperparameters 6,0 ¢,04,08, 0., are optimized within a Bayesian
framework, as described in Sec. 2.2.4. The dimensions d,, and d are optimized by trial
and error, which may results in substantial increases in the computational burden when
these dimensions are high. However, it can also be shown that there exist threshold
values of d, and dy, beyond which all the new LDM components are equal to zero,
meaning that increasing these dimensions further would produce no change in the
resulting LDM decomposition.

2.2.3 Multi-model LDM modifications

Consider now a multi-model ensemble of climate simulations by K Earth system
models (ESMs) that includes M climate realizations produced by each model: X =
{(xgm’k)7 o 7x§\:n’k))}’:n::11’;:’.ﬁ1. Ensemble LDM decomposition (2) is straightforwardly

modified in this case as follows:

) = Ap + BEY 4 et og(. ®



Note that for each model, the forced components are still assumed to be the same
in all of this model’s realizations. However, both internal and forced components are
different in different models. Another important assumption underlying (8) is that
all the parameters fixed in time — in particular, the internal-variability and forced-
response patterns A and B — are postulated to be the same in all realizations and
thus do not depend on either the model number &, or on the realization number m. In
this way, the M-ELDM decomposition represents the entire multi-model ensemble in
a common low-dimensional subspace, which permits a like-to-like comparison between
the forced and internal components of different models, while ensuring robustness
as new ESM models are included in this ensemble. For these reasons, the M-ELDM
decomposition was chosen to form the foundation for the forced-signal estimation
Method 23 in the ForceSMIP intercomparison project (Wills et al. 2026).

The loss function used in the M-ELDM decomposition is essentially the same as
that for the single-model decomposition (3), with an additional summation over K
models in the loss terms (4) and (5), now written as follows:

KMND
_’_7

5 In (270?);  (9)

1 ,
Lrain() = 55 D ™" = Ap[™" = Bf — f?

k,m,n

m,k m,k k k
Lamootn(P,F) = > 1(p{"™", ... oW rp.0,) + 3 LEY £ Tr0p). (10)
k,m k

The overall optimization procedure is also the same in both the single-model and
multi-model versions of the ensemble LDM decomposition.
2.2.4 Bayesian selection of hyperparameters

As noted in section 2.2.2, the LDM  hyperparameters H =
(dp,df,Tp,Tf,0,,05,04,08,0.) are optimized within a DBayesian framework.
Specifically, the following loss function is to be minimized over H:

U= [+ 1lndet(1VVT¢)]
2 2T

—min. (11)
nr "

Here p* is the set of parameters p corresponding to the minimum of the LDM loss
() as per (3), and VV7T is its Hessian matrix with respect to .

This framework was originally developed for the nonlinear version of the decom-
position by Mukhin et al. (2015) and Gavrilov et al. (2016) and then adapted for the
various LDM versions. In a nutshell, the minimization of ¥ corresponds to maximiza-
tion of the marginal likelihood of the data X given the hyperparameters H, often
called the Bayesian evidence (Jeffreys 1998; Gavrilov et al. 2017). Marginalization over
p was performed here via Laplace approximation method.



2.2.5 Implementation details

To find the optimal hyperparameters of multi-model LDMs, we implemented the same
numerical procedure as in the other versions of the LDM decomposition. This proce-
dure is based on the annealing Markov Chain Monte Carlo (MCMC)-like iterations
searching for the minimum of (11) (Gavrilov et al. 2020, 2024; Buyanova et al. 2025).
A more recent development used here (and in Wills et al. 2026, method 23) is a new
numerically efficient parameter-fitting algorithm for minimizing (3) at the fixed val-
ues of hyperparameters. This algorithm utilizes the property of the loss function to
be quadratic with respect to each of the parameters P, F and the triplet A,B,c
to compute a partial minimum with respect to each of them in one matrix—vector
multiplication operation. Thus, the fitting procedure iteratively performs analytical
minimization sequence over P, F, (A, B, ¢), ¢ in a loop, until the loss-function decrease
reaches the numerical-precision threshold. This procedure is much faster than a lazy
gradient descent minimization, especially for large data sets; the readers are referred
to Gavrilov et al. (2020) (Appendices A, B) for further algorithmic details.

2.3 Analysis strategy

The M-ELDM method optimally decomposes the input multi-model time series in the
modal subsets associated with the forced and internal climate variability, each mode
within these subsets being characterized by its dominant time scale. These modes, how-
ever, are not necessarily associated with substantial variance and, when looked at in
isolation, may not appear to be climatologically important. To bypass this restriction,
we further analyze the forced and internal variability subsets separately by recon-
structing their fast (interannual) and slow (decadal and longer time scale) components
via summation of the corresponding modes, and then utilizing the EOF analysis of the
subsets so reconstructed. The M-ELDM decomposition is thus interpreted as, first,
dynamical and, second, spatiotemporal filter able to disentangle the contributors to
the total climate variability simulated by ESMs.

We used subjectively chosen thresholds of 77 = 72 and 7,;; = 96 months to
define the interannual (7 < 77%; see section 3.3) and interdecadal/multidecadal modes
(1 > 7 4; see sections 3.1 and 3.2) in both the forced and internal-variability subsets
identified by the E-LDM decomposition of the SST and OHC fields. Their estimated
forced response is vastly dominated by the low-frequency modes in each case and
is essentially one-dimensional, with the leading ensemble EOF of the reconstructed
forced response describing 95% and 85% of the SST and OHC forced-signal variance
(accross the entire model ensemble), respectively (see section 3.1). In contrast, the
internal variability subsets are dominated by the interannual ENSO-like variability,
which are further analyzed via the EOF analysis in section 3.3. In the same vein,
the low-frequency subsets of the internal variability are analyzed using the rotated
EOF analysis analogous to that in Kravtsov et al. (2024) to visualize the dominant
multidecadal variability present in the data (section 3.2).
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2.4 LDM treatment of observational data

To identify and analyze forced and internal variability subsets of the observational
data, we relied on the version of the LDM analysis developed by Gavrilov et al. (2020),
which specifies the time series of the forced response based on the prior analysis of
the multi-model ensemble and finds the associated pattern, alongside the patterns and
time series of the residual (nominally, internal) LDM modes via Bayesian optimization.
In the present study, the time series of the forced signal supplied to the LDM algorithm
was naturally taken as the ensemble-mean of the leading PC of the M-ELDM identified
multi-model forced signal.

3 Results

3.1 Estimated forced response

The M-ELDM method identified dy = 7 forced modes in the SST data and d; = 8
modes in the OHC data. Most of these modes are low-frequency modes, with only
two of the SST modes (3 and 4) characterized by fast, seasonal and interannual time
scales, respectively. The spatial patterns and component time series of all modes are
shown in Figs. S1-S2 of the Supplementary Information. The SST response is domi-
nated by two leading modes associated with the largest contributions to the total SST
variance, while the OHC response is largely represented by the single leading mode.
Of all modes, the leading mode in both the SST and OHC has the highest signal-
to-noise ratio (computed, for example, as the ratio of the standard deviation of this
component’s ensemble-mean to the ensemble spread) and describes the overall global
warming trend, which is likely dominated by the forced response to increasing concen-
trations of greenhouse gases (GHG; cf. Andrews et al. 2012; Wills et al. 2022; Armour
et al. 2024). This trend is relatively uniform in space and time for SST, while it is more
spatially heterogeneous and only starts in the 1980s for the OHC data. Higher-order
modes with relatively large signal-to-noise ratios describe forced-response corrections
due to a combination of anthropogenic and volcanic aerosol forcings (e.g., modes 2
and 5 for SST and modes 4 and 5 for OHC), reflecting the well known mid-century
cooling trend before the 1980s and pronounced short-term cooling episodes which are
synchronized with the major volcanic eruptions (1963 Agung, 1982 El Chichén and
1991 Pinatubo).

The total forced response in both fields is vastly dominated by the leading multi-
model ensemble EOF of their total M-ELDM reconstructed signal, which describes
95% and 85% of the total forced-signal variance in the SST and OHC, respectively
(Fig. 1). Based on the visual inspection of its time series (upper row) and patterns
(middle row), this EOF seems to encapsulate the summative effect of the forced
responses to the individual forcing agents: the overall positive trend associated with
the GHG forcing, little-to-no warming before 1980s due to anthropogenic aerosols, as
well as local volcanic minima punctuating either time series.

The simulated response patterns should be compared to the LDM-based patterns
of the estimated observed forced response (section 2.4) (bottom row of Fig. 1), which
corresponds to the ensemble-mean time series of the multi-model response (black curve
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Fig. 1 The leading ensemble EOF of the M-ELDM based forced-signal reconstruction, for SST
(left) and OHC (right). Shown are the unit-ensemble-variance PC-1 time series (top row) and the
corresponding dimensional EOF-1 patterns (middle row). Bottom row shows the force-signal patterns
obtained via the LDM decomposition of the observational data (section 2.4). Units are °C for SST
and 10° Jm~2 for OHC.

in the top row of Fig. 1). The observed and simulated patterns match well in the
Atlantic and Indian Ocean sectors but are clearly distinct over the Pacific Ocean
sector, featuring PDO-like signature in observations that is absent from the simulated
forced trends (cf. Trenberth and Fasullo 2013; Wills et al. 2022).

One of the key strengths of the M-ELDM decomposition is in that it provides con-
venient means for comparing the model behaviors across a multi-model ensemble by
associating each LDM mode with a single robust pattern, common for all models. The
differences between the models are thus encapsulated in the properties of the corre-
sponding LDM component. For example, the forced responses of individual models
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shown in the top row of Fig. 1 feature the differences in the apparent climate-model
sensitivity to external forcings. In particular, the INMCM5 and MPI-ESM1 models
demonstrate the lowest, whereas the CanESM5 model — the highest rate of the global
warming as compared to other models, in both SST and OHC data. Indeed, it is
known that the INMCM5 model has the lowest equilibrium climate sensitivity to CO2
doubling among the CMIP6 models Volodin (2021). On the other hand, this model is
characterized by an abnormally strong response to volcanic aerosols, as measured by
the depth of the volcanic minima in SST and OHC relative to that of other models.

The climate models’ dominant forced response in SST and OHC is amplified over
the Northern Hemisphere’s oceans, including the North Atlantic Ocean (Fig. 1, mid-
dle row), thus providing, among other things, a substantial contribution to the North
Atlantic SST (and OHC) variability. Now note the apparent multidecadal deviations
of the dominant forced-signal component of the individual models (colored curves)
from the ensemble-mean forced response (black curve), clearly discernible in the top
panels of Fig. 1. Let’s assume that the ensemble-mean response represents the known
true response of the climate system to external forcings. If so, subtraction of this
true response from a single simulation of an individual climate model would create
multidecadal biases that would masquerade as the internal multidecdadal variability
with a pronounced expression over the North Atlantic Ocean. It is, naturally, also a
possible interpretation for the residual (nominally, internal) variability identified by
our LDM methodology in the observational data. This thought experiment illustrates
two opposing views on the dynamics of the Atlantic Multidecadal Oscillation (AMO),
which either emphasize internal dynamics (Zhang et al. 2019) or a possible role of
aerosol forcings in driving the observed North Atlantic SST variability (see, for exam-
ple, Booth et al. 2012; Zhang et al. 2013; Murphy et al. 2017; Bellomo et al. 2018;
Birkel et al. 2018). We will address this issue further in section 3.2, following the
approach of Kravtsov et al. (2024).

3.2 Multidecadal variability

The M-ELDM procedure identified d, = 8 significant internal modes in both the
SST and OHC data (see Figs. S3-S4 of the Supplementary Information). The simu-
lated internal variability is dominated by the interannual-to-decadal time scale modes
representing ENSO-like behavior (see section 3.3). In this section, however, we focus
on the lowest-frequency internal modes, namely, modes 7 and 8 in the M-ELDM
decomposition of SST and modes 6 and 8 in that of OHC.

The estimated internal modes of the observational data also exhibit interannual-to-
decadal ENSO-like variability (section 3.3), as well as multidecadal variability (Figs.
S5-S6), with two out of five significant SST modes (2 and 4) and three out of 8 OHC
modes (2, 6, and 7) being associated with the lowest-frequency behavior.

3.2.1 Rotation of multidecadal modes

To visualize and compare the observed and simulated multidecadal variability, we
adopted the procedure developed in Kravtsov et al. (2024). This procedure involves
computing the rotated EOFs of the low-pass filtered data in such a way that the first
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Fig. 2 The rotated PCs of the LDM-reconstructed low-frequency internal variability subset of the
observational data (see the legend). The dashed black curve shows the AMO index associated with
this subset. All time series are normalized to have unit standard deviation.

rotated EOF (AMO-like) pattern represents the signal maximally correlated with the
AMO index (defined as the time series of the 0-60°N area averaged North Atlantic SST
of the LDM-reconstructed low-frequency data), while the sign of the second rotated
EOF (AMO-orth pattern) is chosen so that the corresponding rotated PC-2 lags the
rotated PC-1 in time. In applying this procedure here, we first computed the common
EOFs of the SST and OHC’s reconstructed multidecadal variability (defined through
the sum of the corresponding internal LDM modes) via the singular value decom-
position of the concatenated PC time series of the individual (SST and OHC) fields
normalized by the standard deviation of their respective leading PCs. Upon rotation
of the resulting common PCs, the (dimensional) spatial patterns of the corresponding
rotated EOFs were computed by regressing the original reconstructed low-frequency
subsets of the SST and OHC onto the rotated PCs normalized to have unit variance.
In keeping with the conventions used in this paper, the model simulated patterns were
computed by appending all of the M K = 60 available internal realizations into one
single extended time series prior to the analysis.

3.2.2 The Global Stadium Wave (GSW)

The rotated PCs of the LDM-reconstructed low-frequency components of the observa-
tional data (Fig. 2) recover essentially the same AMO-like and AMO-orth time series
as in Kravtsov et al. (2024) (their Fig. 3) despite a shorter climate record processed
(1950-2014 here vs. 1880-2005 in Kravtsov et al.’s work), very different methods to iso-
late the forced signal and filter out high-frequency noise, and our inclusion of the OHC
data alongside the SST data, all of which underscores the robustness of the leading
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multidecadal signal referred to, by these authors, as the global stadium wave (GSW:
Wyatt et al. (2012); Kravtsov et al. (2018). The SST expression of the AMO-like mode
(Fig. 3a) matches well the pattern identified in Kravtsov et al. (2024) (e.g., their Fig.
4a). The AMO-orth SST pattern also exhibits some similarity with the corresponding
pattern in Kravtsov et al. (2024), although this pattern is less coherent in that study,
possibly due to their usage of the near-surface air temperature data in lieu of the

(a) SST REOF-1 : (b) Otlc REOF-1

o

Fig. 3 The rotated EOF's of the LDM-reconstructed low-frequency internal variability subset of the
observational data, for SST (°C, left column) and OHC (10° J m~2, right column) fields. (a, b) AMO-
like pattern; (¢, d) AMO-orth pattern; (e, f) REOF-3.
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Fig. 4 The same as in Fig. 3 but for the multi-model ensemble.

SST data. Our results thus provide a cleaner view on the SST-based reconstruction of
the GSW. The AMO-like component features a large-scale interhemispheric SST con-
trast, with basin-wide positive SST anomalies in the North Atlantic and North Pacific
and negative SST anomalies in the Southern Hemisphere. The AMO-orth component
is negatively correlated with the Pacific Decadal Oscillation (PDO: Trenberth and
Fasullo 2013, their Fig. 8) time series, and its pattern resembles (although is not iden-
tical with) the negative PDO pattern. The AMO-like and AMO-orth OHC patterns

16



are largely coherent with the corresponding SST patterns, with notable differences in
the tropical western Pacific, which exhibits enhanced heat storage and deeper ther-
mocline (cf. Trenberth and Fasullo 2013, their Fig. 12) despite a neutral or cool SST
anomalies. Our AMO-like SST and OHC patterns in the North Atlantic are consis-
tent with the observed Atlantic Multidecadal Variability (AMV) fingerprints derived
in Yan et al. (2019).

The model simulated AMO-like and AMO-orth patterns (Fig. 4) exhibit some
similarities to but, overall, are very different from the observed patterns. The AMO-like
SST pattern (Fig. 4a) is characterized by weak positive SST anomalies in the North
Atlantic by construction, but has even stronger SST anomalies in the North Pacific
and Arctic Ocean, with largely uniform global SST anomalies tapering off towards
the south. This SST pattern is both weaker than observed (Fig. 4a) and doesn’t
really have its own truly coupled OHC covariability, but rather projects weakly on the
OHC anomalies associated with the AMO-orth mode (compare Figs. 4b and d). This
projection in the North Atlantic region is still consistent with the AMV signature of
the CMIP5 models — different from the observed one — in Yan et al. (2019). (Note
that our model based LDM reconstruction of the low-frequency variability only has
four independent modes, and it appears that AMO-like and AMO-orth rotated EOFs
are dominated by the SST and OHC variability, respectively, while the companion
field reflects a correlated but, very likely, not genuinely coupled pattern; the same
applies to the third rotated pattern of the observational data in Fig. 3e, whose SST
expression mirrors the AMO-orth SST pattern and is probably not truly connected
to the corresponsing OHC pattern in Fig. 3f. We still show these patterns for the
sake of completeness.) The AMO-orth SST and OHC patterns (Figs. 4c,d) bear some
similarities with the observed patterns in the North Atlantic and North Pacific but are
very different elsewhere, including, in particular, tropical Pacific, where the simulated
SST anomalies are virtually non-existent and the OHC anomalies are of the opposite
sign compared to the observed anomalies (Fig. 3d). One striking difference between the
models and observations is thus the absence of a pronounced PDO-like multidecadal
variability in model simulations.

Still, the models’ internal low-frequency variability, while weaker and spatially
distinct from the observed, has similar time scales yet much lower signal-to-noise ratio
compared to the observed GSW-type variability (Fig. 5), as evidenced by the much
smaller simulated correlations at decadal lags compared to the observed correlations —
a property possibly related to the so-called signal-to-noise paradox in climate science
Scaife and Smith (2018); Kravtsov (2020).

3.2.3 On the possible forced origin of GSW

We finally explore here a possibility that the observed GSW (Figs. 2 and 3) results
or, at least, possesses a substantial contribution from the forced-signal biases (in our
estimated “observed” forced response that we subtract from the observational data;
this forced signal is represented by the black curves in the top panels in Fig. 1, in
conjunction with the LDM identified patterns in the bottom panel of that figure). To
address this hypothesis, we first form the M-ELDM reconstructed low-frequency subset
of the multi-model ensemble (as the sum of the low-frequency forced and internal
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Fig. 5 The auto- (left) and cross-correlations (right) of the AMO-like and AMO-orth components
in models (top)/ and observations (bottom).

modes) and then subtract from this subset the ensemble-mean variability associated
with the leading EOF of the model simulated forced signal (Fig. 1, middle row).
This procedure for constructing the resulting simulated anomalies is thus completely
analogous to the one used to define the observed “internal” anomalies. The latter
anomalies can, in general, represent the sum of the forced-signal residuals (due to
biases in the forced-signal estimation) and internal variability in the climatic data sets
considered. Hereafter, we will refer to the simulated data set so constructed as the
“F+1” data set. We also considered the M-ELDM based low-frequency forced-signal
anomaly data set — the “F” data set, — in which the simulated internal variability
was neglected altogether. Both F+I and F data sets were then subjected to the already
familiar rotated EOF analysis to isolate the AMO-like and AMO-orth components;
this experimental setup is analogous to that used in Kravtsov et al. (2024) to test the
GSW forced-origin hypothesis.

The F+1I subset’s patterns (Fig. 6) all have a larger magnitude yet share common
spatial features with the internal-variability patterns in Fig. 4, possibly indicating
the presence of a dynamical forced response associated with the adjustment of the
climate system’s internal modes to the time-dependent external forcing (cf. Kravtsov
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Fig. 6 The same as in Figs. 3 and 4 but for the F+I data set represented by the sum of the
models’” LDM reconstructed low-frequency modes (forced and internal) less the dominant ensemble-
mean forced response shown by the black curves in the top panel of Fig. 1 in conjunction with the
simulated patterns in the middle panels of that figure.

et al. 2022; Gavrilov et al. 2024). The AMO-like pattern exhibits much more spatial
coherence between its SST and OHC expressions than its internal-only counterpart
(compare Figs. 6a,b and Figs. 4a,b). On the other hand, the REOF-2 and 3 of the
F+1I anomalies are switched and most resemble REOF-3 and 2 of the low-frequency
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Fig. 7 The auto- (left) and cross-correlations (right) of the AMO-like and AMO-orth components
for the simulated low-frequency variability forced-signal anomaly subset F (top), as well as for the
F+1I subset computed as the sum of the F subset with the low-frequency internal variability subset
(bottom: the corresponding patterns are shown in Fig. 6). This figure is analogous to Fig. 5.

internal modes, respectively. The F+I AMO-like (REOF-1) and AMO-orth (REOF-
2) patterns are essentially the same in the F-only anomaly subset but have a slightly
smaller magnitude and minor spatial differences (figure not shown). Thus, the model
simulated AMO-like and AMO-orth patterns in Fig. 6 are predominantly forced.
While these forced patterns have elements resembling some of the features of the
observed AMO-like and AMO-orth patterns (Fig. 3), for example, Northern Hemi-
sphere/Southern Hemisphere temperature contrasts, centers of action in the North
Atlantic and North Pacific, and so forth, the two sets of patterns are clearly different.
For example, the interhemispheric contrast is predominantly a feature of the AMO-
like pattern in observations but it is only seen in the AMO-orth pattern in the model
simulated F+I subset. Both F+1 simulated AMO-like and AMO-orth patterns have
a subdued or non-existent PDO-like signature, which is, in contrast, clearly present
in the observed patterns. The observed and F+I simulated low-frequency subsets also
have very different subsurface patterns. Finally, the time-dependent anomalies of the
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Fig. 8 Dimensional EOF patterns of the observed (top) and model simulated (bottom) fast (ENSO-
related) LDM-reconstructed subsets computed via regression of these subsets onto the normalized
leading PCs of the 10°S—10°N data over the tropical Pacific. Shown, from left to right, the EOFs 1
and 2 of SST and EOFs 1 and 2 of OHC. For models, the spatial correlation and root-mean-square
distance between the observed and simulated patterns (computed over the domain shown) are listed
in panel captions. Units are °C for SST and 10°J m~2 for OHC.

F+1 subset have time scales longer than those of the observed AMO-like and AMO-
orth signals (compare Figs. 5 and 7). These considerations imply that the observed
GSW cannot be rationalized either as the internal mode of low-frequency variability
or as the forced response or even as the combination of the two based on the analy-
sis of the climate model simulations considered in the present study, thus suggesting
that climate models are missing or misrepresenting the GSW’s requisite dynamics (cf:
Kravtsov and Callicutt 2017; Kravtsov et al. 2018, 2024; Yan et al. 2019).

3.3 ENSO variability

The ENSO-like modes identified by the M-ELDM method dominate the internal vari-
ability in model simulations. The corresponding spatial patterns and time series (see
Figs. S3-S4 of the Supplementary Information) indicate that our M-ELDM filter effec-
tively distinguishes between the so-called quasi-biennial (QB: modes 1 and 3 of SST
and modes 1,2 and 7 of OHC) and quasi-quadrennial (QQ: modes 2, 4-6 of the SST
and modes 3-6 of the OHC) variability in the equatorial Pacific (Jiang et al. 1995;
Bejarano and Jin 2008). The ENSO-like modes of observational data (Figs. S5-S6)
also capture the QB (modes 1 and 5 of SST and modes 1 and 3 of OHC) and QQ
(mode 3 of SST and mode 4 of OHC) components of internal variability on top of
substantially more pronounced low-frequency modes that are muted in the historical
model runs (see section 3.2).

Here we stick, once again, to our general strategy outlined in section 2.3 and first
reconstruct the ENSO-related SST and OHC variability in models or observation via
the summation of the corresponding LDM modes, thus optimally isolating the ENSO
signals from the background of the forced climate trends (section 3.1) and lower-
frequency, interdecadal and multidecadal variability (section 3.2). We then look into
some aspects of ENSO multi-scale interactions, asymmetry and diversity by analyzing
the two leading EOFs of the M-ELDM reconstructed ENSO-related SST and OHC
variability over the equatorial (10°S-10°N) Pacific (Fig. 8), following Trenberth and
Stepaniak (2001) and Takahashi et al. (2011). These EOFs have similar patterns in
the observed and model simulated data and feature a combination of largely monopo-
lar and dipolar anomalies along the equator for both SST and OHC fields. For the
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subsequent analysis, we broke the multi-model ensemble PC-1 and PC-2 series into
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segments associated with each model and each realization. Naturally, the analogous
observational analysis used the single available realization of the ENSO variability.

3.3.1 Temporal characteristics

Figures 9a, b show the lagged cross-correlations between the ENSO-related PCs com-
puted above for the SST and OHC, respectively. The observed lagged correlations for
the SST PCs (Fig. 9a) are near-symmetric about zero lag and display the enhanced
cross-correlations at near-annual lags, thus indicating a predominant biennial time
scale. This is also true for some of the models (HadGEM3 and CESM2), but is not
so for other models, in which the quasi-quadrennial SST behavior dominates. The
observed and simulated behaviors of the OHC modes (Fig. 9b) are more consis-
tent, featuring predominant quasi-quadrennial time scales and slightly sub-annual
(in-quadrature) lags between PC-1 and PC-2 time series. The latter phase relation-
ship is consistent with the behavior predicted by the conceptual recharge—discharge
oscillator theory (Jin 1997; Vialard et al. 2025). The pronounced quasi-periodicity of
the tropical Pacific OHC makes OHC-based predictors preferable to the SST based
predictors in data-driven ENSO forecast models (Seleznev and Mukhin 2023).
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Fig. 10 The scaled multivariate Mardia’s skewness (MARDIA 1970) evaluated in the EOF1—EOF>
phase spaces of each model and in observational data, as a function of the absolute value of the
corresponding quadratic coefficient C3 in (12) for (a) SST; and (b) OHC. The horizontal dashed line
indicate the 99th percentile of the x? distribution with %D(D +1)(D + 2) degrees of freedom, which
represents that of the Mardia’s skewness for the normally distributed D-variate data (here D = 2).
The crosses indicate the models for which the C2 values are statistically indistinguishable from zero
according to the test derived and used in Seleznev and Mukhin (2023) and Seleznev et al. (2024).

3.3.2 ENSO nonlinearity

The two-dimensional distributions of the model trajectories in the EOF;—EOF5 phase
space (middle row of Fig. 9), as well as those of the observed trajectrories (bottom
row of Fig. 9) are non-Gaussian. To succinctly characterize the ENSO nonlinearity,
we computed, following Karamperidou et al. (2017) and Seleznev et al. (2024), the
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best-fit quadratic curves
PCy = Cq-PC}+Cy - POy + Cy (12)

for the scatter-plot data associated with each model and with observations. The obser-
vational, as well as most of the model-based best-fit curves for both SST and OHC
are convex. However, the model based fits exhibit weaker curvature compared to the
observed curvatures, thus indicating substantial differences in the degree of ENSO
nonlinearity between models and observations.

The coefficient C in (12) measures, in effect, the non-normality of the ENSO’s
2-D probability density function and is related to the degree of asymmetry between
the warm and cold ENSO events, which are generally located on different sides with
respect to the axis of symmetry of the best-fit parabola in Figs. 9e, f. Indeed, the
large values of Cy generally correspond to more skewed 2-D distributions of ENSO
events (Fig. 10), with the model based values, while indicating non-gaussanity of the
underlying data, still falling well below the observed values. Thus, we conclude that
climate models substantially underestimate the nonlinearity and asymmetry of the
observed ENSO events.

3.3.3 ENSO diversity

Finally, we looked at the models’ ability to reproduce different ENSO flavors repre-
sented by the so-called Central Pacific (C) El Nifio and Eastern Pacific (E) El Nino
events. To do so, we computed the SST and OHC regression maps (Figs. 10, 11) based
on the C and E indices defined by the 45° rotation of the leading SST/OHC PCs:

1

V2

(Takahashi et al. 2011). For the case of simulated data the rotation was applied, once
again, to the entire multi-model PC;—PCy data set but the regressions were performed
separately for each model (by centering and re-normalizing the rotated PC chunks
associated with each individual-model ensemble).

The resulting C- and E-ENSO patterns are both characterized by the relative
warmth in the tropical Pacific but differ by where the warm SST and OHC anomalies
peak. In particular, as implied by their names, the E pattern is amplified in the
eastern equatorial Pacific, whereas the C pattern’s maximum is shifted to the central
equatorial Pacific. Visual inspection of Fig. 11 demonstrates that climate models differ
in their ability to represent two different flavors of the observed ENSO events. In
particular, of the six models considered, the HadGEM3 and MPI-ESM1 models are
able to reproduce relatively well both the spatial pattern and intensity of the observed
C and E ENSO modes in both SST and OHC, whereas other models exhibit somewhat
more pronounced biases. Among climate models considered here, the INMCMS5 is
characterized by the lowest magnitude of both the C and E SST/OHC patterns in SST
and OHC. Recall that this model also exhibits the lowest global warming trend of the
six climate models considered here (see section 3.1). This is consistent with the fact

C.E (PCy + PCy) (13)
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Fig. 11 Spatial patterns obtained by regressing the observed (top row) and individual-model (lower
rows) M-ELDM reconstructed ENSO-related variability onto the C- and E-indices (13) (see panel
captions). The pattern correlation and root-mean-square distance between the observed and simulated
patterns (computed over the domain shown) are also listed in the panel captions for each model.
Shown are, from left-to-right, the C and E SST patterns, as well as C and E OHC patterns. Units
are °C for SST and 10°J m~2 for OHC.

that models with a higher equilibrium climate sensitivity (ECS) tend to also possess a
stronger internal climate variability and vice versa (Cox et al. 2018; Nijsse et al. 2019).

In summary, the M-ELDM method provides a useful framework for identifying the
robust behavior across a multi-model ensemble of historical climate simulations and
for quantifying the differences between the models, as exemplified in this section by a
discussion related to some of the well-known important characteristics of the observed
and simulated ENSO-like variability.

4 Summary and discussion

The present work extends the previously developed methodology of the Linear Dynam-
ical Mode (LDM) decomposition for identification and analysis of the forced and
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internal dynamics in a single-model ensemble of historical climate simulations (S-
ELDM method: Gavrilov et al. 2024) to the case of a multi-model ensemble, resulting
in the new M-ELDM method. This method decomposes the output of multi-model
climate simulations into a set of forced and internal modes characterized by their
spatial patterns (common across all models) and the corresponding time series (com-
ponents) associated with their (a priori unknown) dominant time scales. Importantly,
unlike other pattern-recognition methods (e.g., Schneider and Held 2001; Frankignoul
et al. 2017; Wills et al. 2018, 2020), the M-ELDM method makes no prior assump-
tions about the spatiotemporal differences between the forced and internal modes,
except for postulating that the forced-response components are the same in all cli-
mate realizations within each single-model sub-ensemble comprising the multi-model
ensemble considered. All of the decomposition parameters, including the number of
forced and internal modes, their spatial patterns, time series and corresponding time
scales are determined via a Bayesian optimization procedure. The M-ELDM decom-
position thus represents an objective dynamical (through the forced-vs.-internal mode
identification), as well as temporal (through the modal time-scale identification) filter
that identifies robust spatial features across the entire multi-model ensemble, thereby
providing efficient means for comparing the temporal behavior of different climate
models across the range of relevant time scales. This methodology was applied before
in Wills et al. (2026) (method 23) but never previously described in detail.

The M-ELDM method was used here to analyze, separately, the variability of sea-
surface temperature (SST) and 0-300m upper-ocean heat content (OHC) over the
1950-2014 period in historical simulations of six state-of-the-art Earth System Models
(ESMs) (with 10 realizations per model) and to compare the simulated variability
with the observed (reanalysis based) estimates of climate variability. The choice of the
analysis period was dictated by the length of the OHC product and the end date of
the ESM runs used here. We reconstructed the fast (interannual, with time scales than
6 years) and slow (decadal and longer, with the time scales exceeding 8 years) climate
variability as the sum of the corresponding M-ELDM modes. The simulated (slow)
forced response was shown to be vastly dominated by its leading empirical orthogonal
function (EOF), which describes 95% and 85% of the total forced SST and OHC
variability across the entire multi-model ensemble, respectively. To compare the model
simulations with the observed behavior, we followed the approach of Gavrilov et al.
(2020) and used the ensemble-mean principal component (PC) of this multi-model
simulated M-ELDM reconstructed forced signal as the prescribed time series of the
“observed” forced response in the LDM algorithm, which then returned the associated
observed forced-response pattern (to be compared with the model simulated pattern),
as well as the LDM patterns and time series of the observed residual (nominally,
internal) variability. The fast and slow subsets of the observed internal modes so
defined were then reconstructed based on their time scales in the same way as for the
M-ELDM modes of model simulations.

The simulated leading forced response encapsulates the known cumulative effects
of different climatic forcings, including the overall greenhouse-gas induced warming
slowed by the anthropogenic aerosols prior to 1980 and punctuated with distinctive
cooling episodes due to the volcanic eruptions. This response is also characterized by
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the largest intermodel forced-signal uncertainty, with some of the models featuring
faster or slower warming rates, as well as by a range of model sensitivities to the vol-
canic forcing, immediately obvious from the inspection of the multi-model spread of the
corresponding component. The simulated response pattern is strongest in the North-
ern Hemisphere and is largely consistent with the observed pattern in the Atlantic and
Indian Ocean sectors but is dramatically different in the Pacific sector, where it lacks
a strong signature of the negative Pacific Decadal Oscillation (PDO) pattern present
in the observed data (cf. Trenberth and Fasullo 2013; Armour et al. 2024; Wills et al.
2022).

The slow component of the observed residual variability (with respect to the dom-
inant forced signal above) recovers the so-called Global Stadium Wave (GSW: Wyatt
et al. 2012; Kravtsov and Callicutt 2017; Kravtsov et al. 2018, 2024). The GSW is
represented by the AMO-like component associated with the Atlantic Multidecadal
Oscillation (AMO: Zhang et al. 2019), whose North Atlantic SST/OHC signature con-
sistent with that in Yan et al. (2019), and an AMO-orth mode strongly related, as
shown here for the first time, to the PDO-like variability (Trenberth and Fasullo 2013).
The AMO-like and AMO-orth modes of the models’ internal or anomalous forced vari-
ability subsets (the latter subset computed via the M-ELDM identified forced subset
less the ensemble-mean of its leading forced signal) exhibit different patterns and, for
the anomalous forced variability, longer time scales compared to observations. Most
notably, the model simulated multidecadal variability patterns once again largely miss,
in both cases, the PDO-like signature apparent in the observed patterns. The pres-
ence of the PDO-like signature in our estimates of both forced and internal observed
climate variability is possibly indicative of the so-called dynamical forced response
of the climate system to the external forcing, which arises due to the corresponding
adjustments of the internal climate modes (e.g., Kravtsov et al. 2022; Gavrilov et al.
2024). Such response is also implicit in the model simulations, as the patterns of the
simulated anomalous forced response are well correlated with the patterns of the sim-
ulated internal variability. However, these patterns are, once again, very different from
the observed patterns. These results taken together suggest that the observed mul-
tidecadal climate variability cannot be unequivocally attributed to either internal or
forced dynamics based on the current modeling evidence. The present work thus gen-
eralizes the previous results on the multidecadal variability apparently missing from
the climate models (Kravtsov and Callicutt (2017); Kravtsov et al. (2018, 2024)) to
include additional climatic fields and provides new clues to better delineate the dis-
crepancies between the observed and simulated variability. In particular, we speculate
here that the current generation of climate models underestimates the intensity and/or
coupling between the internal climate “oscillators” Tsonis et al. (2007) thereby mis-
representing both the internal climate variability and the associated dynamical forced
response which possibly underlie the observed GSW.

The fast component of internal variability in SST and OHC is dominated by the
ENSO-like modes. Our LDM-based spatiotemporal filtering is efficient in distinguish-
ing between the known quasi-biennial and quasi-quadrennial ENSO signals in the
tropical Pacific (cf. Jiang et al. 1995; Bejarano and Jin 2008); these signals are present
in both models and observations. The models are also doing a decent job in replicating
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the leading ENSO patterns. However, a closer inspection reveals important differ-
ences between the observed and simulated ENSO variability. In particular, the models
underestimate the observed ENSO nonlinearity manifested in the non-Gaussianity of
its two-dimensional probability distributions and, as a result, also underestimate the
observed asymmetry between stronger warm (El Nino) and weaker cold (La Nifia)
ENSO states, suggesting model deficiencies in representing the nonlinear oceanic feed-
backs thought to be important in ENSO dynamics (Jin et al. 2003; An and Jin 2004;
An and Kim 2017). Some of the models are also struggling to capture the observed
ENSO diversity by misrepresenting the patterns associated with the Central Pacific
and Eastern Pacific ENSO events.

The main goal of this paper is to demonstrate the utility of our M-ELDM method
in identifying robust aspects of the forced and internal variability in multi-model
ensembles of climate simulations to provide an efficient tool for model intercomparison,
as illustrated by the examples of the analysis summarized above. The method can
be applied to any number of models and climatic fields, and can be easily modified
to analyze the joint variability of multiple fields (for example, by utilizing common
EOFs of such fields on the data pre-processing stage). The M-ELDM decomposition
can also be useful in statistical schemes designed to isolate the forced variability in
the observational data, as in our present work (see also Wills et al. 2026, method
23). Finally, the M-ELDM decomposition provides a natural low-dimensional basis
for constructing data-driven climate emulators (see, for example, Gavrilov et al. 2019;
Mukhin et al. 2021; Seleznev and Mukhin 2023), which can be further used for the
dynamical analysis of climate representations across a multi-model ensemble, as well
as a lightweight climate forecast tool.

Supplementary information. The Supplementary Information for this
manuscript is available online at https://##+4.

Acknowledgements. The development of the M-ELDM methodology and its appli-
cation to the analysis of multi-model climate simulations were supported by the state
assignment of the A.V. Gaponov-Grekhov Institute of Applied Physics of the Russian
Academy of Sciences (Project No. FFUF-2025-0009). The adaptation and application
of the LDM method for the analysis of observational climate data and comparisons
with model simulations were supported by the Russian Science Foundation grants
#23-62-10043 (sections 3.1 and 3.3) and #23-77-30001 (section 3.2). A.G. was sup-
ported by the European Union’s Horizon Europe research and innovation programme
under grant agreement no. 101137682 (AT4PEX — Artificial Intelligence and Machine
Learning for Enhanced Representation of Processes and Extremes in Earth System
Models). The authors acknowledge Andrey S. Gritsun, Evgeny M. Volodin and Maria
A. Tarasevich (Marchuk Institute of Numerical Mathematics of the Russian Academy
of Sciences) for providing the output data of the INMCMG6P climate model and related
constructive discussions.

Author contribution. AS and SK: designed the study. AG, EL and AF: formu-
lated M-ELDM methodology. MB: computed M-ELDMs for multimodel ensembles

28



and LDMs for observational data. AS and SK: performed other supplementary com-
putations. All authors analyzed the results. AS, MB, SK and AG: wrote the first draft
of the manuscript, which was then revised by all authors.

Funding. The development of the M-ELDM methodology and its application to the
analysis of multi-model climate simulations were supported by the state assignment of
the A.V. Gaponov-Grekhov Institute of Applied Physics of the Russian Academy of
Sciences (Project No. FFUF-2025-0009). The adaptation and application of the LDM
method for the analysis of observational climate data and comparisons with model
simulations were supported by the Russian Science Foundation grants #23-62-10043
(sections 3.1 and 3.3) and #23-77-30001 (section 3.2). A.G. was supported by the
European Union’s Horizon Europe research and innovation programme under grant
agreement no. 101137682 (AI4PEX — Artificial Intelligence and Machine Learning for
Enhanced Representation of Processes and Extremes in Earth System Models).

Data availability. The data used in this study is publicly available online at
https://psl.noaa.gov/data/gridded /data.noaa.ersst.vb.html (a global monthly SST
analysis; Huang et al. 2017), http://www.ocean.iap.ac.cn/ (a global monthly OHC
analysis; Cheng et al. 2024), https://esgf.github.io/index.html (CMIP6 models out-
put data; Eyring et al. 2016). The output data from the INMCMG6P climate model
simulations can be made available upon request.

Code availability. The M-ELDM implementation was adopted from Wills et al.
(2026). The final code to reproduce all results is available from the corresponding
author upon reasonable request.

Conflict of interest. The authors declare that they have no conflict of interest.

References

Andrews, T., Gregory, J.M., Webb, M.J., Taylor, K.E.: Forcing, feedbacks and
climate sensitivity in cmipb coupled atmosphere-ocean climate models. Geo-
physical Research Letters 39(9) (2012) https://doi.org/10.1029/2012GL051607
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2012GL051607

An, S.-1.; Jin, F.-F.: Nonlinearity and asymmetry of enso. Journal of Climate 17(12),
2399-2412 (2004) https://doi.org/10.1175/1520-0442(2004)017(2399:NAAOE)2.0.
CO;2

An, S.-I., Kim, J.-W.: Role of nonlinear ocean dynamic response to wind
on the asymmetrical transition of el nino and la nina. Geophysical
Research Letters 44(1), 393-400 (2017) https://doi.org/10.1002/2016GL071971
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2016 GL071971

Armour, K.C., Proistosescu, C., Dong, Y., Hahn, L.C., Blanchard-Wrigglesworth,
E., Pauling, A.G., Wills, R.C.J., Andrews, T., Stuecker, M.F., Po-Chedley,

29


https://doi.org/10.1029/2012GL051607
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2012GL051607
https://doi.org/10.1175/1520-0442(2004)017<2399:NAAOE>2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017<2399:NAAOE>2.0.CO;2
https://doi.org/10.1002/2016GL071971
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2016GL071971

S., Mitevski, I., Forster, P.M., Gregory, J.M.: Sea-surface temperature pat-
tern effects have slowed global warming and biased warming-based con-
straints on climate sensitivity. Proceedings of the National Academy of
Sciences 121(12), 2312093121 (2024) https://doi.org/10.1073/pnas.2312093121
https://www.pnas.org/doi/pdf/10.1073 /pnas.2312093121

Booth, B.B.B., Dunstone, N.J., Halloran, P.R., Andrews, T., Bellouin, N.: Aerosols
implicated as a prime driver of twentieth-century north atlantic climate variability.
Nature 484(7393), 228-232 (2012) https://doi.org/10.1038 /nature10946

Buyanova, M., Gavrilov, A., Mukhin, D.: Analysis of forced response and internal
climate variability in the inmcm earth system model. Russian Journal of Numerical
Analysis and Mathematical Modelling 40, 91-106 (2025) https://doi.org/10.1515/
rnam-2025-0008

Bejarano, L.F., Jin, F.-F.: Coexistence of equatorial coupled modes of enso. Journal
of Climate 21(12), 29662979 (2008)

Bellomo, K., Murphy, L.N., Cane, M.A., Clement, A.C., Polvani, L..M.: Historical
forcings as main drivers of the atlantic multidecadal variability in the cesm large
ensemble. Climate Dynamics 50(9), 3687-3698 (2018) https://doi.org/10.1007/
s00382-017-3834-3

Birkel, S.D., Mayewski, P.A., Maasch, K.A., Kurbatov, A.V., Lyon, B.: Evidence for
a volcanic underpinning of the atlantic multidecadal oscillation. npj Climate and
Atmospheric Science 1(1), 24 (2018) https://doi.org/10.1038/s41612-018-0036-6

Cheng, L., Abraham, J., Hausfather, Z., Trenberth, K.E.: How fast are the oceans
warming? Science 363, 128-129 (2019)

Cox, P.M., Huntingford, C., Williamson, M.S.: Emergent constraint on equilibrium
climate sensitivity from global temperature variability. Nature 553(7688), 319-322
(2018) https://doi.org/10.1038 /nature25450

Cheng, L., Pan, Y., Tan, Z., Zheng, H., Zhu, Y., Wei, W., Du, J., Yuan, H., Li, G.,
Ye, H., Gouretski, V., Li, Y., Trenberth, K.E., Abraham, J., Jin, Y., Reseghetti, F.,
Lin, X., Zhang, B., Chen, G., Mann, M.E., Zhu, J.: lapv4 ocean temperature and
ocean heat content gridded dataset. Earth System Science Data 16(8), 3517-3546
(2024) https://doi.org/10.5194 /essd-16-3517-2024

Danabasoglu, G.: NCAR CESM2 model output prepared for CMIP6 CMIP histori-
cal. Earth System Grid Federation (2019). https://doi.org/10.22033 /ESGF /CMIPG6.
7627 . https://doi.org/10.22033/ESGF /CMIP6.7627

Domingues, C.M., Church, J.A., White, N.J., Gleckler, P.J., Wijffels, S.E., Barker,
P.M., Dunn, J.R.: Improved estimates of upper-ocean warming and wmulti-
decadal sea-level rise. Nature 453(7198), 1090-1093 (2008) https://doi.org/10.1038/

30


https://doi.org/10.1073/pnas.2312093121
https://arxiv.org/abs/https://www.pnas.org/doi/pdf/10.1073/pnas.2312093121
https://doi.org/10.1038/nature10946
https://doi.org/10.1515/rnam-2025-0008
https://doi.org/10.1515/rnam-2025-0008
https://doi.org/10.1007/s00382-017-3834-3
https://doi.org/10.1007/s00382-017-3834-3
https://doi.org/10.1038/s41612-018-0036-6
https://doi.org/10.1038/nature25450
https://doi.org/10.5194/essd-16-3517-2024
https://doi.org/10.22033/ESGF/CMIP6.7627
https://doi.org/10.22033/ESGF/CMIP6.7627
https://doi.org/10.22033/ESGF/CMIP6.7627
https://doi.org/10.1038/nature07080
https://doi.org/10.1038/nature07080

nature07080

DelSole, T.: Optimally persistent patterns in time-varying fields. Journal of the Atmo-
spheric Sciences 58(11), 1341-1356 (2001) https://doi.org/10.1175/1520-0469(2001)
058(1341:OPPITV)2.0.CO;2

Deser, C., Lehner, F., Rodgers, K.B., Ault, T., Delworth, T.L., DiNezio, P.N., Fiore,
A., Frankignoul, C., Fyfe, J.C., Horton, D.E., Kay, J.E., Knutti, R., Lovenduski,
N.S., Marotzke, J., McKinnon, K.A., Minobe, S., Randerson, J., Screen, J.A.
Simpson, L.R., Ting, M.: Insights from earth system model initial-condition large
ensembles and future prospects. Nature Climate Change 10(4), 277-286 (2020)
https://doi.org/10.1038/s41558-020-0731-2

Di Lorenzo, E., Xu, T., Zhao, Y., Newman, M., Capotondi, A., Stevenson, S.,
Amaya, D.J., Anderson, B.T., Ding, R., Furtado, J.C., Joh, Y., Liguori, G.,
Lou, J., Miller, A.J., Navarra, G., Schneider, N., Vimont, D.J., Wu, S., Zhang,
H.: Modes and mechanisms of pacific decadal-scale variability. Annual Review
of Marine Science 15(Volume 15, 2023), 249-275 (2023) https://doi.org/10.1146/
annurev-marine-040422-084555

Deser, C., Phillips, A.S., Alexander, M.A., Smoliak, B.V.: Projecting north american
climate over the next 50 years: Uncertainty due to internal variability. Journal of
Climate 27(6), 2271-2296 (2014) https://doi.org/10.1175/JCLI-D-13-00451.1

Deser, C., Phillips, A., Bourdette, V., Teng, H.: Uncertainty in climate change pro-
jections: the role of internal variability. Climate Dynamics 38(3), 527-546 (2012)
https://doi.org/10.1007/s00382-010-0977-x

DelSole, T., Tippett, M.K.: Average predictability time. part i: Theory. Journal
of the Atmospheric Sciences 66(5), 1172-1187 (2009) https://doi.org/10.1175/
2008JAS2868.1

DelSole, T., Tippett, M.K.: Average predictability time. part ii: Seamless diagnoses of
predictability on multiple time scales. Journal of the Atmospheric Sciences 66(5),
1188-1204 (2009) https://doi.org/10.1175/2008JAS2869.1

Deser, C., Terray, L., Phillips, A.S.: Forced and internal components of winter air
temperature trends over north america during the past 50 years: Mechanisms and
implications. Journal of Climate 29(6), 2237-2258 (2016) https://doi.org/10.1175/
JCLI-D-15-0304.1

DelSole, T., Tippett, M.K., Shukla, J.: A significant component of unforced multi-
decadal variability in the recent acceleration of global warming. Journal of Climate
24(3), 909-926 (2011) https://doi.org/10.1175/2010JCLI3659.1

Eyring, V., Bony, S., Meehl, G.A., Senior, C.A., Stevens, B., Stouffer, R.J., Taylor,

31


https://doi.org/10.1038/nature07080
https://doi.org/10.1038/nature07080
https://doi.org/10.1175/1520-0469(2001)058<1341:OPPITV>2.0.CO;2
https://doi.org/10.1175/1520-0469(2001)058<1341:OPPITV>2.0.CO;2
https://doi.org/10.1038/s41558-020-0731-2
https://doi.org/10.1146/annurev-marine-040422-084555
https://doi.org/10.1146/annurev-marine-040422-084555
https://doi.org/10.1175/JCLI-D-13-00451.1
https://doi.org/10.1007/s00382-010-0977-x
https://doi.org/10.1175/2008JAS2868.1
https://doi.org/10.1175/2008JAS2868.1
https://doi.org/10.1175/2008JAS2869.1
https://doi.org/10.1175/JCLI-D-15-0304.1
https://doi.org/10.1175/JCLI-D-15-0304.1
https://doi.org/10.1175/2010JCLI3659.1

K.E.: Overview of the coupled model intercomparison project phase 6 (cmip6) exper-
imental design and organization. Geoscientific Model Development 9(5), 1937-1958
(2016) https://doi.org/10.5194/gmd-9-1937-2016

Frankcombe, .M., England, M.H., Kajtar, J.B., Mann, M.E., Steinman, B.A.: On the
choice of ensemble mean for estimating the forced signal in the presence of internal
variability. Journal of Climate 31(14), 5681-5693 (2018) https://doi.org/10.1175/
JCLI-D-17-0662.1

Frankignoul, C., Gastineau, G., Kwon, Y.-O.: Estimation of the sst response to anthro-
pogenic and external forcing and its impact on the atlantic multidecadal oscillation
and the pacific decadal oscillation. Journal of Climate 30(24), 9871-9895 (2017)
https://doi.org/10.1175/JCLI-D-17-0009.1

Fasullo, J.T., Phillips, A.S., Deser, C.: Evaluation of leading modes of climate vari-
ability in the cmip archives. Journal of Climate 33(13), 5527-5545 (2020) https:
//doi.org/10.1175/JCLI-D-19-1024.1

Gavrilov, A., Kravtsov, S., Buyanova, M., Mukhin, D., Loskutov, E., Feigin, A.: Forced
response and internal variability in ensembles of climate simulations: identification
and analysis using linear dynamical mode decomposition. Climate Dynamics 62(3),
1783-1810 (2024) https://doi.org/10.1007/s00382-023-06995-1

Gavrilov, A., Kravtsov, S., Mukhin, D.: Analysis of 20th century surface air tempera-
ture using linear dynamical modes. Chaos: An Interdisciplinary Journal of Nonlinear
Science 30(12), 123110 (2020) https://doi.org/10.1063/5.0028246

Gavrilov, A., Loskutov, E., Mukhin, D.: Bayesian optimization of empirical model
with state-dependent stochastic forcing. Chaos, Solitons and Fractals 104, 327-337
(2017) https://doi.org/10.1016/j.chaos.2017.08.032

Gavrilov, A., Mukhin, D., Loskutov, E., Volodin, E., Feigin, A., Kurths, J.: Method
for reconstructing nonlinear modes with adaptive structure from multidimensional
data. Chaos: An Interdisciplinary Journal of Nonlinear Science 26, 123101 (2016)
https://doi.org/10.1063/1.4968852

Gavrilov, A., Seleznev, A., Mukhin, D., Loskutov, E., Feigin, A., Kurths, J.: Linear
dynamical modes as new variables for data-driven enso forecast. Climate Dynamics
52(3), 2199-2216 (2019) https://doi.org/10.1007/s00382-018-4255-7

Hannachi, A., Jolliffe, I.T., Stephenson, D.B.: Empirical orthogonal functions and
related techniques in atmospheric science: A review. International Journal of
Climatology 27, 1119-1152 (2007) https://doi.org/10.1002/joc.1499

Hawkins, E., Sutton, R.: The potential to narrow uncertainty in regional climate pre-

dictions. Bulletin of the American Meteorological Society 90(8), 1095-1108 (2009)
https://doi.org/10.1175/2009BAMS2607.1

32


https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.1175/JCLI-D-17-0662.1
https://doi.org/10.1175/JCLI-D-17-0662.1
https://doi.org/10.1175/JCLI-D-17-0009.1
https://doi.org/10.1175/JCLI-D-19-1024.1
https://doi.org/10.1175/JCLI-D-19-1024.1
https://doi.org/10.1007/s00382-023-06995-1
https://doi.org/10.1063/5.0028246
https://doi.org/10.1016/j.chaos.2017.08.032
https://doi.org/10.1063/1.4968852
https://doi.org/10.1007/s00382-018-4255-7
https://doi.org/10.1002/joc.1499
https://doi.org/10.1175/2009BAMS2607.1

Hansen, J., Sato, M., Kharecha, P., Schuckmann, K.: Earth’s energy imbalance
and implications. Atmospheric Chemistry and Physics 11(24), 13421-13449 (2011)
https://doi.org/10.5194 /acp-11-13421-2011

Huang, B., Thorne, P.W., Banzon, V.F., Boyer, T., Chepurin, G., Lawrimore, J.H.,
Menne, M.J., Smith, T.M., Vose, R.S., Zhang, H.-M.: Extended reconstructed sea
surface temperature, version 5 (ERSSTv5): Upgrades, validations, and intercom-
parisons. Journal of Climate 30(20), 8179-8205 (2017) https://doi.org/10.1175/
jeli-d-16-0836.1

Jin, F.-F., An, S.-I., Timmermann, A., Zhao, J.: Strong el nino
events and nonlinear dynamical heating. Geophysical Research Let-
ters 30(3), 20-1201 (2003) https://doi.org/10.1029/2002GL016356
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2002GL016356

Jeffreys, H.: Theory of Probability, p. 459. Clarendon Press, 77?7 (1998)

Jin, F.-F.: An equatorial ocean recharge paradigm for enso. part i: Conceptual model.
Journal of the Atmospheric Sciences 54(7), 811-829 (1997) https://doi.org/10.1175/
1520-0469(1997)054(0811: AEORPF)2.0.CO;2

Jiang, N., Neelin, J.D., Ghil, M.: Quasi-quadrennial and quasi-biennial variability in
the equatorial pacific. Climate Dynamics 12(2), 101-112 (1995) https://doi.org/10.
1007/BF00223723

Jolliffe, I.T.: Principal Component Analysis, 2nd edn. Springer, 7?7 (1986). https:
//doi.org/10.1007/978-1-4757-1904-8

Kravtsov, S., Callicutt, D.: On semi-empirical decomposition of multidecadal cli-
mate variability into forced and internally generated components. International
Journal of Climatology 37(12), 4417-4433 (2017) https://doi.org/10.1002/joc.5096
https://rmets.onlinelibrary.wiley.com/doi/pdf/10.1002/joc.5096

Kay, J.E., Deser, C., Phillips, A., Mai, A., Hannay, C., Strand, G., Arblaster, J.M.,
Bates, S.C., Danabasoglu, G., Edwards, J., Holland, M., Kushner, P., Lamarque,
J.-F., Lawrence, D., Lindsay, K., Middleton, A., Munoz, E., Neale, R., Oleson,
K., Polvani, L., Vertenstein, M.: The community earth system model (cesm) large
ensemble project: A community resource for studying climate change in the pres-

ence of internal climate variability. Bulletin of the American Meteorological Society
96(8), 1333-1349 (2015) https://doi.org/10.1175/BAMS-D-13-00255.1

Kravtsov, S., Gavrilov, A., Buyanova, M., Loskutov, E., Feigin, A.: Forced sig-
nal and predictability in a prototype climate model: Implications for fin-
gerprinting based detection in the presence of multidecadal natural variabil-
ity. Chaos: An Interdisciplinary Journal of Nonlinear Science 32(12), 123130
(2022) https://doi.org/10.1063/5.0106514 https://pubs.aip.org/aip/cha/article-
pdf/doi/10.1063/5.0106514/16501125/1231301 ,nline.pdf

33


https://doi.org/10.5194/acp-11-13421-2011
https://doi.org/10.1175/jcli-d-16-0836.1
https://doi.org/10.1175/jcli-d-16-0836.1
https://doi.org/10.1029/2002GL016356
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2002GL016356
https://doi.org/10.1175/1520-0469(1997)054<0811:AEORPF>2.0.CO;2
https://doi.org/10.1175/1520-0469(1997)054<0811:AEORPF>2.0.CO;2
https://doi.org/10.1007/BF00223723
https://doi.org/10.1007/BF00223723
https://doi.org/10.1007/978-1-4757-1904-8
https://doi.org/10.1007/978-1-4757-1904-8
https://doi.org/10.1002/joc.5096
https://arxiv.org/abs/https://rmets.onlinelibrary.wiley.com/doi/pdf/10.1002/joc.5096
https://doi.org/10.1175/BAMS-D-13-00255.1
https://doi.org/10.1063/5.0106514
https://arxiv.org/abs/https://pubs.aip.org/aip/cha/article-pdf/doi/10.1063/5.0106514/16501125/123130_1_online.pdf
https://arxiv.org/abs/https://pubs.aip.org/aip/cha/article-pdf/doi/10.1063/5.0106514/16501125/123130_1_online.pdf

Kravtsov, S., Grimm, C., Gu, S.: Global-scale multidecadal variability missing in state-
of-the-art climate models. npj Climate and Atmospheric Science 1(1), 34 (2018)
https://doi.org/10.1038 /s41612-018-0044-6

Karamperidou, C., Jin, F.-F., Conroy, J.L.: The importance of enso nonlinearities in
tropical pacific response to external forcing. Climate Dynamics 49(7), 2695-2704
(2017) https://doi.org/10.1007/s00382-016-3475-y

Kravtsov, S.: Dynamics and predictability of hemispheric-scale multidecadal climate
variability in an observationally constrained mechanistic model. Journal of Climate
33(11), 4599-4620 (2020) https://doi.org/10.1175/JCLI-D-19-0778.1

Kravtsov, S., Westgate, A., Gavrilov, A.: Global-scale multidecadal variability in cli-
mate models and observations, part ii: The stadium wave. Climate Dynamics 62(11),
10281-10306 (2024) https://doi.org/10.1007/s00382-024-07451-4

Kravtsov, S., Westgate, A., Gavrilov, A.: Global-scale multidecadal variability in cli-
mate models and observations. part i: Forced response. Journal of Climate 38(8),
1829-1853 (2025) https://doi.org/10.1175/JCLI-D-24-0456.1

Lehner, F., Deser, C., Maher, N., Marotzke, J., Fischer, E.M., Brunner, L., Knutti,
R., Hawkins, E.: Partitioning climate projection uncertainty with multiple large
ensembles and cmip5/6. Earth System Dynamics 11(2), 491-508 (2020) https://
doi.org/10.5194 /esd-11-491-2020

Levitus, S.: World ocean heat content and thermosteric sea level change (0-2000 m),
1955-2010. Geophys. Res. Lett. 39, 10603 (2012)

MARDIA, K.V.: Measures of multivariate skewness and kurtosis with applica-
tions. Biometrika 57(3), 519-530 (1970) https://doi.org/10.1093 /biomet/57.3.519
https://academic.oup.com/biomet/article-pdf/57/3/519/702615/57-3-519.pdf

Murphy, L.N., Bellomo, K., Cane, M., Clement, A.: The role of historical forc-
ings in simulating the observed atlantic multidecadal oscillation. Geophysical
Research Letters 44(5), 2472-2480 (2017) https://doi.org/10.1002/2016GL071337
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2016 GL071337

Mankovich, N., Bouabid, S., Nowack, P., Bassotto, D., Camps-Valls, G.: Analyzing
climate scenarios using dynamic mode decomposition with control. Environmental
Data Science 4, 16 (2025) https://doi.org/10.1017/eds.2025.8

Mezié, I.: Spectral properties of dynamical systems, model reduction and decom-
positions. Nonlinear Dynamics 41(1), 309-325 (2005) https://doi.org/10.1007/
s11071-005-2824-x

Mankovich, N., Gavrilov, A., Camps-Valls, G.: Dynamic mode decomposition with
control for forced response estimation. In: EGU General Assembly 2026. EGU26, pp.

34


https://doi.org/10.1038/s41612-018-0044-6
https://doi.org/10.1007/s00382-016-3475-y
https://doi.org/10.1175/JCLI-D-19-0778.1
https://doi.org/10.1007/s00382-024-07451-4
https://doi.org/10.1175/JCLI-D-24-0456.1
https://doi.org/10.5194/esd-11-491-2020
https://doi.org/10.5194/esd-11-491-2020
https://doi.org/10.1093/biomet/57.3.519
https://arxiv.org/abs/https://academic.oup.com/biomet/article-pdf/57/3/519/702615/57-3-519.pdf
https://doi.org/10.1002/2016GL071337
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2016GL071337
https://doi.org/10.1017/eds.2025.8
https://doi.org/10.1007/s11071-005-2824-x
https://doi.org/10.1007/s11071-005-2824-x

26-11895, Vienna, Austria (2026). https://doi.org/10.5194/egusphere-egu26-11895
. https://doi.org/10.5194 /egusphere-egu26-11895

Mukhin, D., Gavrilov, A., Feigin, A., Loskutov, E., Kurths, J.: Principal nonlinear
dynamical modes of climate variability. Scientific Reports 5, 15510 (2015) https:
//doi.org/10.1038 /srep15510

Mukhin, D., Gavrilov, A., Seleznev, A., Buyanova, M.: An atmospheric signal lowering
the spring predictability barrier in statistical enso forecasts. Geophysical Research
Letters 48(6), 2020-091287 (2021) https://doi.org/10.1029/2020GL091287
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2020GL091287.
€2020GL091287 2020GL091287

Maher, N., Milinski, S., Suarez-Gutierrez, L., Botzet, M., Dobrynin, M., Kornblueh, L.,
Kroger, J., Takano, Y., Ghosh, R., Hedemann, C., Li, C., Li, H., Manzini, E., Notz,
D., Putrasahan, D., Boysen, L., Claussen, M., Ilyina, T., Olonscheck, D., Raddatz,
T., Stevens, B., Marotzke, J.: The max planck institute grand ensemble: Enabling
the exploration of climate system variability. Journal of Advances in Modeling
Earth Systems 11(7), 2050-2069 (2019) https://doi.org/10.1029/2019MS001639
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029 /2019MS001639

Maher, N., Phillips, A.S., Deser, C., Wills, R.C.J., Lehner, F., Fasullo, J., Caron,
J.M., Brunner, L., Beyerle, U., Jeffree, J.: The updated multi-model large ensemble
archive and the climate variability diagnostics package: new tools for the study of
climate variability and change. Geoscientific Model Development 18(18), 63416365
(2025) https://doi.org/10.5194/gmd-18-6341-2025

Nijsse, F.J.M.M., Cox, P.M., Huntingford, C., Williamson, M.S.: Decadal global tem-
perature variability increases strongly with climate sensitivity. Nature Climate
Change 9(8), 598-601 (2019) https://doi.org/10.1038/s41558-019-0527-4

Palmer, T.N.: A nonlinear dynamical perspective on climate prediction. Journal of
Climate 12(2), 575-591 (1999) https://doi.org/10.1175/1520-0442(1999)012(0575:
ANDPOC)2.0.CO;2

Planton, Y.Y., Guilyardi, E., Wittenberg, A.T., Lee, J., Gleckler, P.J., Bayr, T.,
McGregor, S., McPhaden, M.J., Power, S., Roehrig, R., Vialard, J., Voldoire, A.:
Evaluating climate models with the clivar 2020 enso metrics package. Bulletin of the
American Meteorological Society 102(2), 193-217 (2021) https://doi.org/10.1175/
BAMS-D-19-0337.1

Ridley, J., Menary, M., Kuhlbrodt, T., Andrews, M., Andrews, T.: MOHC HadGEM3-
GC31-LL model output prepared for CMIP6 CMIP historical. Earth System Grid
Federation (2019). https://doi.org/10.22033/ESGF/CMIP6.6109 . https://doi.org/
10.22033/ESGF /CMIP6.6109

Swart, N.C., Cole, J.N.S., Kharin, V.V., Lazare, M., Scinocca, J.F., Gillett, N.P.,

35


https://doi.org/10.5194/egusphere-egu26-11895
https://doi.org/10.1038/srep15510
https://doi.org/10.1038/srep15510
https://doi.org/10.1029/2020GL091287
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2020GL091287
https://doi.org/10.1029/2019MS001639
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2019MS001639
https://doi.org/10.5194/gmd-18-6341-2025
https://doi.org/10.1038/s41558-019-0527-4
https://doi.org/10.1175/1520-0442(1999)012<0575:ANDPOC>2.0.CO;2
https://doi.org/10.1175/1520-0442(1999)012<0575:ANDPOC>2.0.CO;2
https://doi.org/10.1175/BAMS-D-19-0337.1
https://doi.org/10.1175/BAMS-D-19-0337.1
https://doi.org/10.22033/ESGF/CMIP6.6109
https://doi.org/10.22033/ESGF/CMIP6.6109
https://doi.org/10.22033/ESGF/CMIP6.6109

Anstey, J., Arora, V., Christian, J.R., Jiao, Y., Lee, W.G., Majaess, F., Saenko,
0.A., Seiler, C., Seinen, C., Shao, A., Solheim, L., Salzen, K., Yang, D., Winter,
B., Sigmond, M.: CCCma CanESM5 model output prepared for CMIP6 CMIP
historical. Earth System Grid Federation (2019). https://doi.org/10.22033/ESGF'/
CMIP6.3610 . https://doi.org/10.22033/ESGF /CMIP6.3610

Screen, J.A., Deser, C., Simmonds, 1., Tomas, R.: Atmospheric impacts of arctic sea-ice
loss, 1979-2009: separating forced change from atmospheric internal variability. Cli-
mate Dynamics 43(1), 333-344 (2014) https://doi.org/10.1007/s00382-013-1830-9

Seleznev, A.F., Gavrilov, A.S., Mukhin, D.N., Gritsun, A.S., Volodin, E.M.: Enso
phase locking, asymmetry and predictability in the inmem earth system model.
Russian Journal of Numerical Analysis and Mathematical Modelling 39(1), 3546
(2024) https://doi.org/10.1515/rnam-2024-0004

Schneider, T., Held, I.M.: Discriminants of twentieth-century changes in earth surface
temperatures. Journal of Climate 14(3), 249-254 (2001) https://doi.org/10.1175/
1520-0442(2001)014(0249:LDOTCC)2.0.CO;2

Seleznev, A., Mukhin, D.: Improving statistical prediction and revealing nonlinearity
of enso using observations of ocean heat content in the tropical pacific. Climate
Dynamics 60(1), 1-15 (2023) https://doi.org/10.1007/s00382-022-06298-x

Scaife, A.A., Smith, D.: A signal-to-noise paradox in climate science. npj Climate and
Atmospheric Science 1(1), 28 (2018) https://doi.org/10.1038/s41612-018-0038-4

Smoliak, B.V., Wallace, J.M., Lin, P., Fu, Q.: Dynamical adjustment of the north-
ern hemisphere surface air temperature field: Methodology and application to
observations. Journal of Climate 28(4), 1613-1629 (2015) https://doi.org/10.1175/
JCLI-D-14-00111.1

Trenberth, K.E., Fasullo, J.T.. An apparent hiatus in global warming?
Earth’s Future 1(1), 19-32 (2013) https://doi.org/10.1002/2013EF000165
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2013EF000165

Trenberth, K.E., Fasullo, J.T., Kiehl, J.: Earth’s global energy budget. Bulletin of the
American Meteorological Society 90(3), 311-324 (2009). Accessed 2025-10-17

Ting, M., Kushnir, Y., Seager, R., Li, C.: Forced and internal twentieth-century sst
trends in the north atlantic. Journal of Climate 22(6), 1469-1481 (2009) https:
//doi.org/10.1175/2008JCLI2561.1

Takahashi, K., Montecinos, A., Goubanova, K., Dewitte, B.: Enso
regimes: Reinterpreting the canonical and modoki el nino. Geophysi-
cal Research Letters 38(10) (2011) https://doi.org/10.1029/2011GL047364
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2011GL047364

36


https://doi.org/10.22033/ESGF/CMIP6.3610
https://doi.org/10.22033/ESGF/CMIP6.3610
https://doi.org/10.22033/ESGF/CMIP6.3610
https://doi.org/10.1007/s00382-013-1830-9
https://doi.org/10.1515/rnam-2024-0004
https://doi.org/10.1175/1520-0442(2001)014<0249:LDOTCC>2.0.CO;2
https://doi.org/10.1175/1520-0442(2001)014<0249:LDOTCC>2.0.CO;2
https://doi.org/10.1007/s00382-022-06298-x
https://doi.org/10.1038/s41612-018-0038-4
https://doi.org/10.1175/JCLI-D-14-00111.1
https://doi.org/10.1175/JCLI-D-14-00111.1
https://doi.org/10.1002/2013EF000165
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2013EF000165
https://doi.org/10.1175/2008JCLI2561.1
https://doi.org/10.1175/2008JCLI2561.1
https://doi.org/10.1029/2011GL047364
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2011GL047364

Trenberth, K.E., Stepaniak, D.P.: Indices of el nino evolution. Journal of Cli-
mate 14(8), 1697-1701 (2001) https://doi.org/10.1175/1520-0442(2001)014(1697:
LIOENO)2.0.C0O;2

Tsonis, AA Swanson, K., Kravtsov, S.: A new dynami-
cal  mechanism for major climate shifts.  Geophysical Research
Letters 34(13) (2007) https://doi.org/10.1029/2007GL030288

https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029 /2007GL030288

Taylor, K.E., Stouffer, R.J., Meehl, G.A.: An overview of cmip5 and the experiment
design. Bulletin of the American Meteorological Society 93(4), 485-498 (2012) https:
//doi.org/10.1175/BAMS-D-11-00094.1

Thompson, D.W.J., Wallace, J.M., Jones, P.D., Kennedy, J.J.: Identifying signatures
of natural climate variability in time series of global-mean surface temperature:
Methodology and insights. Journal of Climate 22(22), 6120-6141 (2009) https://
doi.org/10.1175/2009JCLI3089.1

Volodin, E.M., Blagodatskikh, D.V., Bragina, V.V., Chernenkov, A.Y., Chernov,
LLA., Ezhkova, A.A., Fadeev, R.Y., Gritsun, A.S., Takovlev, N.G., Kostrykin, S.V.,
Onoprienko, V.A., Petrov, S.S., Tarasevich, M.A., Tsybulin, I.V.: Computational
framework for the earth system modelling and the inm-cm6 climate model imple-
mented on its base. Russian Journal of Numerical Analysis and Mathematical
Modelling 39(6), 379-392 (2024) https://doi.org/10.1515/rnam-2024-0032

Vialard, J., Jin, F.-F., McPhaden, M.J., Fedorov, A., Cai, W., An, S.-I., Dom-
menget, D., Fang, X., Stuecker, M.F., Wang, C., Wittenberg, A., Zhao, S., Liu,
F., Kim, S.-K., Planton, Y., Geng, T., Lengaigne, M., Capotondi, A., Chen,
N., Geng, L., Hu, S., Izumo, T., Kug, J.-S., Luo, J.-J., McGregor, S., Pagli,
B., Priya, P., Stevenson, S., Thual, S.: The el nifo southern oscillation (enso)
recharge oscillator conceptual model: Achievements and future prospects. Reviews
of Geophysics 63(1), 2024-000843 (2025) https://doi.org/10.1029/2024RG000843
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2024RG000843.
€2024RG000843 2024RG000843

Volodin, E., Mortikov, E., Gritsun, A., Lykossov, V., Galin, V., Diansky, N., Gusev,
A., Kostrykin, S., Iakovlev, N., Shestakova, A., Emelina, S.: INM INM-CM5-0
model output prepared for CMIP6 CMIP historical. Earth System Grid Federation
(2019). https://doi.org/10.22033/ESGF/CMIP6.5070 . https://doi.org/10.22033/
ESGF/CMIP6.5070

Volodin, E.: The mechanisms of cloudiness evolution responsible for equilib-
rium climate sensitivity in climate model inm-cm4-8. Geophysical Research
Letters 48(24), 2021-096204 (2021) https://doi.org/10.1029/2021GL096204
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029 /2021 GL096204.
€2021GL096204 2021GL096204

37


https://doi.org/10.1175/1520-0442(2001)014<1697:LIOENO>2.0.CO;2
https://doi.org/10.1175/1520-0442(2001)014<1697:LIOENO>2.0.CO;2
https://doi.org/10.1029/2007GL030288
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2007GL030288
https://doi.org/10.1175/BAMS-D-11-00094.1
https://doi.org/10.1175/BAMS-D-11-00094.1
https://doi.org/10.1175/2009JCLI3089.1
https://doi.org/10.1175/2009JCLI3089.1
https://doi.org/10.1515/rnam-2024-0032
https://doi.org/10.1029/2024RG000843
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2024RG000843
https://doi.org/10.22033/ESGF/CMIP6.5070
https://doi.org/10.22033/ESGF/CMIP6.5070
https://doi.org/10.22033/ESGF/CMIP6.5070
https://doi.org/10.1029/2021GL096204
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2021GL096204

Volodin, E.M.: Simulation of Present-Day Climate with the INMCM60 Model.
Izvestiya, Atmospheric and Oceanic Physics 59(1), 16-22 (2023) https://doi.org/
10.1134/50001433823010139

Schuckmann, K., Cheng, L., Palmer, M.D., Hansen, J., Tassone, C., Aich, V.,
Adusumilli, S., Beltrami, H., Boyer, T., Cuesta-Valero, F.J., Desbruyeres, D.,
Domingues, C., Garcia-Garcia, A., Gentine, P., Gilson, J., Gorfer, M., Haimberger,
L., Ishii, M., Johnson, G.C., Killick, R., King, B.A., Kirchengast, G., Kolodziejczyk,
N., Lyman, J., Marzeion, B., Mayer, M., Monier, M., Monselesan, D.P., Purkey, S.,
Roemmich, D., Schweiger, A., Seneviratne, S.I., Shepherd, A., Slater, D.A., Steiner,
A K., Straneo, F., Timmermans, M.-L., Wijffels, S.E.: Heat stored in the earth sys-
tem: where does the energy go? Earth System Science Data 12(3), 2013-2041 (2020)
https://doi.org/10.5194 /essd-12-2013-2020

Wills, R.C.J., Battisti, D.S., Armour, K.C., Schneider, T., Deser, C.: Pattern recog-
nition methods to separate forced responses from internal variability in climate
model ensembles and observations. Journal of Climate 33(20), 8693-8719 (2020)
https://doi.org/10.1175/JCLI-D-19-0855.1

Wills, R.C.J., Deser, C., McKinnon, K.A., Phillips, A., Po-Chedley, S., Sippel, S.,
Merrifield, A.L., Bone, C., Bonfils, C., Camps-Valls, G., Cropper, T., Connolly,
C., Duan, S., Durand, H., Feigin, A., Fernandez, M.A., Gastineau, G., Gavrilov,
A., Gordon, E., Giinther, M., Hoéver, M., Kravtsov, S., Kuo, Y.-N., Lien, J.,
Madakumbra, G.D., Mankovich, N., Newman, M., Rader, J., Shi, J.-R., Shin, S.-
I., Varando, G.: Forced component estimation statistical method intercomparison
project (ForceSMIP). Journal of Climate 39(8), 1927-1953 (2026) https://doi.org/
10.1175/JCLI-D-25-0326.1

Wills, R.C.J., Dong, Y., Proistosecu, C., Armour, K.C., Battisti, D.S.: Sys-
tematic climate model biases in the large-scale patterns of recent sea-surface
temperature and sea-level pressure change. Geophysical Research Let-
ters  49(17), 2022-100011  (2022) https://doi.org/10.1029/2022GL100011
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2022GL100011.
€2022GL100011 2022GL100011

Wang, C., Deser, C., Yu, J.-Y., DiNezio, P., Clement, A.: In: Glynn, P.W., Manzello,
D.P., Enochs, I.C. (eds.) El Nino and Southern Oscillation (ENSO): A Review, pp.
85-106. Springer, Dordrecht (2017). https://doi.org/10.1007/978-94-017-7499-4_4 .
https://doi.org/10.1007/978-94-017-7499-4,

Wallace, J.M., Fu, Q., Smoliak, B.V., Lin, P., Johanson, C.M.: Simulated ver-
sus observed patterns of warming over the extratropical northern hemisphere
continents during the cold season. Proceedings of the National Academy of
Sciences 109(36), 1433714342 (2012) https://doi.org/10.1073/pnas.1204875109
https://www.pnas.org/doi/pdf/10.1073 /pnas.1204875109

Wieners, K.-H., Giorgetta, M., Jungclaus, J., Reick, C., Esch, M., Bittner, M., Legutke,

38


https://doi.org/10.1134/S0001433823010139
https://doi.org/10.1134/S0001433823010139
https://doi.org/10.5194/essd-12-2013-2020
https://doi.org/10.1175/JCLI-D-19-0855.1
https://doi.org/10.1175/JCLI-D-25-0326.1
https://doi.org/10.1175/JCLI-D-25-0326.1
https://doi.org/10.1029/2022GL100011
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2022GL100011
https://doi.org/10.1007/978-94-017-7499-4_4
https://doi.org/10.1073/pnas.1204875109
https://arxiv.org/abs/https://www.pnas.org/doi/pdf/10.1073/pnas.1204875109

S., Schupfner, M., Wachsmann, F., Gayler, V., Haak, H., Vrese, P., Raddatz, T.,
Mauritsen, T., Storch, J.-S., Behrens, J., Brovkin, V., Claussen, M., Crueger, T.,
Fast, I., Fiedler, S., Hagemann, S., Hohenegger, C., Jahns, T., Kloster, S., Kinne,
S., Lasslop, G., Kornblueh, L., Marotzke, J., Matei, D., Meraner, K., Mikolajewicz,
U., Modali, K., Miiller, W., Nabel, J., Notz, D., Peters-von Gehlen, K., Pincus, R.,
Pohlmann, H., Pongratz, J., Rast, S., Schmidt, H., Schnur, R., Schulzweida, U., Six,
K., Stevens, B., Voigt, A., Roeckner, E.: MPI-M MPI-ESM1.2-LR model output
prepared for CMIP6 CMIP historical. Earth System Grid Federation (2019). https:
//doi.org/10.22033 /ESGF /CMIP6.6595 . https://doi.org/10.22033/ESGF /CMIP6.
6595

Williams, M.O., Kevrekidis, I.G., Rowley, C.W.: A data—driven approximation of the
koopman operator: Extending dynamic mode decomposition. Journal of Nonlinear
Science 25(6), 1307-1346 (2015) https://doi.org/10.1007/s00332-015-9258-5

Wyatt, M.G., Kravtsov, S., Tsonis, A.A.: Atlantic multidecadal oscillation and north-
ern hemisphere’s climate variability. Climate Dynamics 38(5), 929-949 (2012)
https://doi.org/10.1007/s00382-011-1071-8

Wills, R.C., Schneider, T.,  Wallace, J.M., Battisti, D.S., Hart-
mann, D.L.: Disentangling global warming, multidecadal variability,
and el nino in pacific temperatures. Geophysical Research Let-
ters  45(5), 2487-2496 (2018) https://doi.org/10.1002/2017GL0O76327
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2017GL076327

Yan, X., Zhang, R., Knutson, T.R.: A multivariate amv index and associated
discrepancies between observed and cmip5 externally forced amv. Geophysical
Research Letters 46(8), 4421-4431 (2019) https://doi.org/10.1029/2019GL082787
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2019GL082787

Zhang, R., Delworth, T.L., Sutton, R., Hodson, D.L.R., Dixon, K.W., Held, .M.,
Kushnir, Y., Marshall, J., Ming, Y., Msadek, R., Robson, J., Rosati, A.J., Ting, M.,
Vecchi, G.A.: Have aerosols caused the observed atlantic multidecadal variability?
Journal of the Atmospheric Sciences 70(4), 1135-1144 (2013) https://doi.org/10.
1175/JAS-D-12-0331.1

Zhang, R., Sutton, R., Danabasoglu, G., Kwon, Y.-O., Marsh, R.,
Yeager, S.G., Amrhein, D.E., Little, CM.: A review of the role
of the atlantic meridional overturning circulation in atlantic —mul-
tidecadal  variability = and  associated climate impacts. Reviews of
Geophysics  57(2), 316-375 (2019) https://doi.org/10.1029/2019RG000644
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029,/2019RG000644

39


https://doi.org/10.22033/ESGF/CMIP6.6595
https://doi.org/10.22033/ESGF/CMIP6.6595
https://doi.org/10.22033/ESGF/CMIP6.6595
https://doi.org/10.22033/ESGF/CMIP6.6595
https://doi.org/10.1007/s00332-015-9258-5
https://doi.org/10.1007/s00382-011-1071-8
https://doi.org/10.1002/2017GL076327
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1002/2017GL076327
https://doi.org/10.1029/2019GL082787
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2019GL082787
https://doi.org/10.1175/JAS-D-12-0331.1
https://doi.org/10.1175/JAS-D-12-0331.1
https://doi.org/10.1029/2019RG000644
https://arxiv.org/abs/https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2019RG000644

Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

e SupplementarymaterialforMELDM.pdf


https://assets-eu.researchsquare.com/files/rs-10319870/v1/4071d9f523c800f859afea67.pdf

	Introduction
	Data and methods
	Data sets
	Model simulations
	Observational products
	Data pre-processing

	Multi-model ensemble LDM (M-ELDM) decomposition
	Single-Model Ensemble LDM (S-ELDM) decomposition
	LDM loss function
	Multi-model LDM modifications
	Bayesian selection of hyperparameters
	Implementation details

	Analysis strategy
	LDM treatment of observational data

	Results
	Estimated forced response
	Multidecadal variability
	Rotation of multidecadal modes
	The Global Stadium Wave (GSW)
	On the possible forced origin of GSW

	ENSO variability
	Temporal characteristics
	ENSO nonlinearity
	ENSO diversity


	Summary and discussion
	Supplementary information
	Acknowledgements
	Author contribution
	Funding
	Data availability
	Code availability
	Conflict of interest





