Earth Syst. Dynam., 17, 209-233, 2026
https://doi.org/10.5194/esd-17-209-2026

© Author(s) 2026. This work is distributed under
the Creative Commons Attribution 4.0 License.

Earth System
Dynamics

Past, present, and future variability of Atlantic meridional
overturning circulation in CMIP6 ensembles

Arthur Coquereau', Florian Sévellec', Thierry Huck!, Joél J.-M. Hirschi’, and Quentin Jamet>

Laboratoire d’Océanographie Physique et Spatiale, Univ Brest CNRS IRD Ifremer, Brest, France
ZMarine Systems Modelling, National Oceanography Centre, Southampton, SO14 3ZH, UK
3SHOM, Service Hydrologique et Océanographique de la Marine, Brest, France

Correspondence: Arthur Coquereau (arthur.coquereau @univ-brest.fr)

Received: 2 January 2025 — Discussion started: 27 January 2025
Revised: 19 February 2026 — Accepted: 23 February 2026 — Published: 4 March 2026

Abstract. The Atlantic Meridional Overturning Circulation (AMOC) is a key component of the climate system,
exhibiting strong variability across daily to millennial timescales and significantly influencing global climate.
Sensitive to external conditions such as freshwater input, greenhouse gas concentrations, and aerosol forcing,
important variations of the AMOC can be triggered by anthropogenic emissions. This study presents a compre-
hensive analysis of sources of AMOC variance in state-of-the-art climate ensemble models. By decomposing
the effects of scenario, model, ensemble, and time variability, along with their interactions, through an Analysis
of Variance (ANOVA) and by introducing a novel combination of the variance contributions based on physical
considerations, we identify three distinct regimes of AMOC variability from 1850 to 2100. The first regime,
spanning most of the historical period, is characterized by a relatively stable AMOC dominated by internal vari-
ability (i.e., ensemble spread). The second regime, initiated by AMOC decline at the end of the 20th century and
lasting until mid-21st century, is governed by a transient increase of time variability. Notably, the direct effect of
forcing scenario differences remains muted all along this regime, despite the start of emission-scenarios in 2015.
The third regime, beginning around 2050, is marked by the emergence and rapid dominance of inter-scenario
variability. Throughout the simulations, inter-model variability remains the primary source of uncertainty, influ-
enced by aerosol forcing response, AMOC decline magnitude, and the physical variability. A key finding of this
work is the evidence that internal variability decreases simultaneously with AMOC intensity and seems inversely

proportional to emission-scenario intensity.

1 Introduction

The Earth’s climate is a complex system made up of vari-
ous intertwined components interacting with each other and
varying over a wide range of temporal and spatial scales.
Among the major components, the Atlantic Meridional Over-
turning Circulation (AMOC) plays a key role by controlling
a substantial part of the poleward heat transport with major
impacts on the surrounding regions (Srokosz et al., 2012).
At 26°N, it transports about 1.2PW (1 PW = 10'> W) rep-
resenting 60 % of the net poleward heat flux of the ocean and
30 % considering both ocean and atmosphere (Ganachaud
and Wunsch, 2000; Trenberth and Fasullo, 2017; Johns et al.,

2023). Several remote influences have also been identified,
with the North East Brazilian and Sahel rainfalls, or the At-
lantic hurricanes activity to only name a few (Knight et al.,
2006). Finally, the AMOC contributes significantly to carbon
sequestration through deep-water formation at high latitudes
(Zickfeld et al., 2008).

Considering this leading role for the climate system, it
appears critical to understand how the AMOC varies over
time and identify the associated mechanisms. In this regard,
a recent review provided a comprehensive description of the
scales involved in AMOC variability (Hirschi et al., 2020). It
shows that the variability unfolds over a large collection of
temporal and spatial scales, driven by diverse physical pro-
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cesses — from daily to interannual and even decadal fluc-
tuations. These include fast synoptic weather systems and
near-inertial gravity waves, mesoscale eddies and large-scale
baroclinic waves, as well as slower climate modes such as
the North Atlantic Oscillation or the Atlantic Multi-decadal
Oscillation. Accordingly, a common simplified distinction is
made between intra-annual variability, primarily linked to
Ekman wind forcing, and interannual-to-decadal variability,
which is more strongly associated with geostrophic processes
and large-scale density contrasts (see Buckley and Marshall,
2016, for a review). At the end of the spectrum, the AMOC
has also been associated with abrupt climate events, such
as Dansgaard-Oeschger and Heinrich events at millennial
scale (Dansgaard et al., 1993; McManus et al., 2004; Bohm
et al., 2015; Henry et al., 2016). These events, which are not
yet fully understood, underscore another critical aspect of
the AMOC: its multi-stability (e.g., Sévellec and Fedorov,
2014). Indeed, a long literature has studied this aspect and
shown that the AMOC is subject to collapses during which
the system shifts from a first state with an intense circula-
tion to another one where the circulation considerably weak-
ens (Stommel, 1961; Lenton et al., 2008; Armstrong McKay
et al., 2022).

Beyond these natural, internal, and chaotic variations of
the AMOC, the system is also sensitive to external forcings,
such as the anthropogenic emissions of aerosols and carbon
in the atmosphere. These emissions can either reduce the sur-
face temperature by increasing the reflection of incoming so-
lar radiation (for the aerosols), or on the contrary, increase
the temperature by intensifying the greenhouse effect (in the
case of carbon dioxide or methane). While carbon dioxide
and methane are “well-mixed” in the atmosphere, resulting in
a globally homogeneous effect, the concentration of aerosols
is more heterogeneous, leading to localized radiative forcing.
In Subpolar North Atlantic regions, these changes in surface
temperatures can have a direct impact on the buoyancy of
surface waters, and can therefore reduce or intensify the for-
mation of deep-water that need sufficient density to sink. In
addition, human activities can impact the freshwater input
in the subpolar gyre, for instance by modifying precipitation
regimes or by boosting the Greenland Ice Sheet melting rate,
and thus further increase the surface buoyancy and decrease
dense water formation consequently (Gierz et al., 2015).

For our understanding of the future evolution of the
AMOC and the potential impacts on the climate, it there-
fore appears crucial to study the different sources of vari-
ability and their role in the past, present, and future state of
the AMOC. Our objective, in this work, is precisely to tackle
this challenge and provide a comprehensive analysis of the
AMOC variability in state-of-the-art climate models from
the 6th Phase of the Coupled Model Intercomparison Project
(CMIP6). In particular, we aim to separate the internal sig-
nal induced by internal modes of variability from the forced
signal associated with anthropogenic fingerprint. The analy-
sis benefits from a large body of work, over the last decades,
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dedicated to partitioning the variability (or the uncertainty) in
climate simulations (Hawkins and Sutton, 2009, 2011; Yip
et al., 2011; Sévellec and Sinha, 2018; Lehner et al., 2020;
Zhang et al., 2023).

In this study, we take advantage of an improvement over
the 6th phase of the CMIP project, namely the presence of
relatively large ensemble simulations. Each ensemble con-
sists of several simulations of a single model covering the
same time period with the same forcing, but starting with
different initial conditions. This initial difference together
with the chaotic nature of the system, then, allows the sim-
ulations to sample the internal variability by covering the
phase space of the system. Traditionally, internal variability
was assessed by computing the variance of the residuals of
a climate variable (after removing trends) over a fixed pe-
riod, and was therefore often assumed to be stationary (e.g.,
Hawkins and Sutton, 2009). However, this hypothesis had al-
ready been highlighted in the seminal article (Hawkins and
Sutton, 2009), and after being challenged in numerous ar-
ticles, the latter demonstrated that the climate phase space
evolves over time and that internal variability is anything
but stationary when a forcing is applied (e.g., Cheng et al.,
2016; MacMartin et al., 2016; Coquereau et al., 2025). It
is therefore necessary to detach ourselves from this tempo-
ral dimension in order to accurately estimate this internal
variability and its evolution. To evaluate the role of forcing
in climate variability, CMIP6 simulations provide different
Shared Socio-Economic Pathways (SSP) allowing to investi-
gate the response of the system under various forcing inten-
sities (O’Neill et al., 2016). These scenarios extend after the
1850-2015 historical period up to 2100 (at least). The cur-
rent analysis is based on 10 ensembles, each of them being
produced with a different model, to draw a robust “model-
independent” picture of the variability, and to investigate the
sources of uncertainty associated with the representation of
the AMOC in the different models.

To analyze this high-dimensional dataset and separate the
different factors of variability, we used a proven and state-
of-the-art method for climate datasets called Analysis of
Variance (ANOVA, Zwiers, 1996; Wang and Zwiers, 1999;
Hingray et al., 2007; Yip et al., 2011; Zhang et al., 2023).
This method allows us to separate the total variability into
the direct effect of each dimension of the data set (i.e., time,
scenarios, models, and realizations; referred to as “main ef-
fects” in the ANOVA framework) and the interactions among
them. The ANOVA approach also enables us to move beyond
another key assumption of the widely-accepted methodol-
ogy (Hawkins and Sutton, 2009, 2011; Lehner et al., 2020)
— namely, the additivity of variability/uncertainty compo-
nents — by explicitly exploring their interactions. Zhang et al.
(2023) computed an ANOVA decomposition involving three
dimensions (3-way; i.e., models, realizations, and scenar-
ios) and focusing on ensemble simulations. They applied
this decomposition to temperature and precipitation, with a
separation between ensemble members, scenarios, and mod-
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els and showed that interactions account for almost half of
the variance in surface temperatures. In this study, we pro-
pose incorporating the time dimension to examine how the
interannual-to-decadal variability of the AMOC, including
long-term trends, changes over time, by analyzing succes-
sive 30-year climate periods. Previous climate studies using
ANOVA did not include time because the method was mainly
used to measure uncertainty. A trend or event that is common
across all scenarios, models, and ensemble members does
not contribute to uncertainty per se, but rather to variabil-
ity. By explicitly including time, we generalize the ANOVA
framework to study not just uncertainty, but how variability
itself changes over time. In the historical period, the time di-
mension is particularly critical, as it enables the detection of
externally driven changes in the climate state, for example
those linked to volcanic eruptions, in the absence of forcing
scenarios.

It should be noted, however, that despite continuous
progress, models still exhibit significant biases in their rep-
resentation of the AMOC. This stems in part from the fact
that the AMOC arises from a complex interplay of pro-
cesses, many of which involve small-scale dynamics — such
as mesoscale and submesoscale eddies or narrow boundary
currents — that remain unresolved in most climate models
(Hirschi et al., 2020; Jackson et al., 2020, 2023; Gou et al.,
2024). As a result, many simulations produce an overturning
circulation that is too shallow and a western boundary current
that is overly strong, while underestimating AMOC variabil-
ity on interannual to decadal timescales (Jackson et al., 2023;
Gou et al., 2024). Substantial model uncertainty also persists
in estimates of the AMOC strength at 26.5° N, and models
differ markedly in their depiction of overturning within the
western subpolar gyre, as well as the water exchanges with
the Indo-Pacific Ocean (Weijer et al., 2020; Jackson et al.,
2023; Baker et al., 2023). Beyond mean-state biases, differ-
ences in properties such as Labrador Sea salinity — sensitive
to model and resolution — further influence AMOC by mod-
ulating the intensity and variability of dense water formation
and, consequently, the strength and variability of the over-
turning itself (Jackson et al., 2020, 2023). It is important to
keep in mind the biases of these models when interpreting
the results.

In the next section, we will present the ANOVA method-
ology and the data used for this study. Section 3 will be ded-
icated to the results. We will start with a general overview
of the evolution of AMOC and the dominant sources of vari-
ance (Sect. 3.1). Then, we will focus on the evolution of the
different physical components of this variance during three
periods of the time series representing three different regimes
(Sect. 3.2). The final part of the results section concerns inter-
model variability and associated uncertainty (Sect. 3.3). Fi-
nally, in Sect. 4, we will summarize and discuss the results
in order to shed light on possible future evolutions of the
AMOC, and to discuss their meaning from the point of view
of uncertainty and predictability.
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2 Materials and Methods

2.1 Material

The present work is based on state-of-the-art climate simu-
lations from CMIP6. The AMOC intensity is derived from
the maximum meridional overturning streamfunction in the
Atlantic at 26° N. Here, we focus on initial-condition ensem-
ble simulations to sample the phase-space and investigate the
spread of the different possible trajectory as a proxy of inter-
nal variability (Fig. 1). Initial conditions are derived follow-
ing a predefined strategy for the CMIP6 framework, starting
with different years of the multi-secular preindustrial control
run (known as piControl), which is run under fixed external
forcing conditions from the year 1850 (Eyring et al., 2016).
This initialization strategy does not impose a specific clock
to individual ensemble members such that it is not possible to
statistically distinguish one ensemble member from another
(although they might have dynamical peculiarities with im-
portant implications, e.g. Hawkins et al., 2016). This is true
within an ensemble, but is also true across models and sce-
narios as a result of their common initialization procedure.
When performing model averaging in ANOVA, nothing im-
poses that member #00 of ensemble A must be averaged with
member #00 rather than member #01 of ensemble B. This
provides a first insight that averaging involved in ANOVA
will strongly impact ensemble statistics, as will be shown
later on. Among the models, three offers relatively important
sizes (with 25, 30, and 40 members, see Table 1), and we will
mostly focus our analysis on these models, which we refer to
as the “large ensemble models”. We, nonetheless, extend the
analysis to seven smaller ensembles (3—6 members) to test
the robustness of our results and improve the representation
of inter-model variability. We refer to these as the “small en-
semble models”. When performing inter-model statistics, we
adopt a model democracy approach (Knutti, 2010), assigning
equal weights to each model. The time series are separated
in two parts: an historical period from 1850 to 2014 where
the forcing are based on observations and a projection period
from 2015 to 2100. For the 21st century, three major SSP are
studied to estimate the forcing-scenario variability: SSP1-
2.6 (“Sustainability”), SSP2-4.5 (“Middle of the road”) and
SSP5-8.5 (“Fossil-fueled development”). In the future sce-
narios, volcanic eruptions, which constitute short-term exter-
nal forcings common to all members and can induce substan-
tial climate variations, are not included, thereby removing a
source of time variability. For more information on sources
of climate variability in the SSP, see O’Neill et al. (2016).
Overall, four dimensions are investigated: model, scenarios,
ensemble, and time.
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Figure 1. Evolution of AMOC intensity anomaly. Each subplot presents historical time series (black) followed by the three scenarios SSP1-
2.6 (blue), SSP2-4.5 (orange), or SSP5-8.5 (red) for a given model. For each model, all realizations/members of the ensemble are shown, and
the relative intensity uses as a reference the ensemble average between 1850 and 1900.

Table 1. List of models and members used in the study.

Model Ensemble = Members

size

Reference

ACCESS-ESM1-5

40 r[1-40]ilplfl

Ziehn et al. (2020)

MPI-ESM1-2-LR

30 r[1-30]ilplfl

Olonscheck et al. (2023)

CanESMS5 25  r[1-25]i1p2fl Swart et al. (2019)

MRI-ESM2-0 5  r[1-5]ilplfl Yukimoto et al. (2019)

MIROC6 3 r[1-3]ilplfl Tatebe et al. (2019)

CESM2 3 rdilplfl, r10ilplfl, r1lilplfl  Danabasoglu et al. (2020)

UKESM-0-LL 5 rlilplfl, r2ilplfl, r3ilplfl Sellar et al. (2019)
rdilplfl, r8ilplfl

CNRM-CM6-1 6 r[1-6]ilplfl Voldoire et al. (2019)

IPSL-CM6A-LR

6 rlilplfl, r2ilplfl, r3ilplfl,
rdilplfl, r6ilplfl, r14ilplfl

Boucher et al. (2020)

GISS-E2-2-G

5 r[1-5]ilp3fl

Rind et al. (2020)
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2.2 Methods

2.2.1 Analysis of Variance

The Analysis of Variance (ANOVA) method allows to de-
compose and attribute the variance in a multidimensional
data set. It enables us to investigate the explanatory power
of several qualitative factors (or dimensions, e.g. the vari-
ous time steps, ensemble members, models, scenarios) on a
quantitative variable (here, the AMOC intensity). It returns
the role of each individual effect associated with single di-
mensions and the role of interactions associated with two or
more dimensions. As described in Berrington de Gonzdlez
and Cox (2007), interaction occurs when the separate effects
of the factors do not combine additively. The ANOVA is thus
generally represented as a linear decomposition of the total
variance, with main effects depending on single dimensions
and interactions depending on multiple factors that cannot
be separated. The ANOVA is particularly useful when in-
vestigating three or more dimensions, which is difficult with
more classical analyzes as covariance or correlation. There
are, however, connections between covariance and ANOVA
2nd order interactions. Both methods assess relationships be-
tween variables. The covariance measures how two variables
change together, while the interaction in the ANOVA cap-
tures how a combination of two dimensions explains the vari-
ability in a dataset that would not be captured by either factor
alone. Therefore, both refer to a joint variability.

Originally, the one-dimension ANOVA (referred to as 1-
way ANOVA) was first employed by Yates (1938) in research
on agriculture. Since then, it has been extended to the 2-way
ANOVA and extensively used in climate science to character-
ize variability in simulations (e.g., Zwiers, 1996; Wang and
Zwiers, 1999). In particular, different works used ANOVA to
investigate the sources of uncertainty in climate projections,
to separate model and scenario uncertainties in CMIP ana-
lyzes (Yip et al., 2011), but also in more regional contexts
(Hingray et al., 2007). More recently, a study took advantage
of the larger ensembles available in CMIP6 to introduce the
ensemble dimension directly in a 3-way ANOVA decompo-
sition (Zhang et al., 2023). It therefore provides a separated
dimension for internal variability, whereas this latter was pre-
viously represented as the residual of the decomposition.

As explained in the introduction, in the present work, we
build upon the previous 3-way ANOVA (Zhang et al., 2023)
and extend it to a 4-way formulation by adding time dimen-
sion to investigate the changes of interannual-to-decadal time
variability (i.e., dynamical adjustment). This is done by ap-
plying a 30-year rolling window (a typical climate period,
discussed below) for the decomposition.

The main idea behind ANOVA is to separate the variance
in a multidimensional data set by computing the variance
after averaging the data over some of the dimensions. The
importance of a given dimension is thus highlighted by the
amount of variability removed when averaging this dimen-
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sion. If a large fraction of the variability is removed therefore
the dimension is an important factor of variability. Initially,
the multidimensional data set is not averaged and varies over
the four dimensions X (s, m, r, t), where s represents scenario
dimension, m represents various models, r the different real-
izations associated with the ensemble dimension, and ¢ rep-
resents time. Then, the running window method is imple-
mented by successively extracting 30-year subsets x; from
the original dataset, each centered around a given time point
7, as follows:

x¢(s,m,r,t)=X(s,m,r,t)fort € [t — 15,7+ 15]. €))

In the analysis, it is important to acknowledge the two time
axes: t, on which statistical analyses are computed, and 7,
which is 30 years shorter and represents the centers of the
successive windows of analysis. When averaging over a di-
mension, the data set cannot vary in that dimension, this is
signaled by the bar over the x and by removing the dimension
from the parentheses: for instance, X7 (s,r,t) represents an
average among models, evaluated at time t (see Sect. 2.2.3
for technical details). This central idea of ANOVA can be
implemented for the four dimensions and lead to different
remaining spread in the dataset after averaging some of the
dimensions.

We will now use a few specific examples to detail the cal-
culation of the main effect and interactions. The formulations
can be applied to all individual dimensions or combinations
of dimensions. The realizations/ensemble main effect (V™"
or called R in the paper) is the variance of the dataset with
respect to the ensemble of realizations, when averaging all
dimensions but r. This corresponds to:

N,
. 1 &
— —2
R(x)= V™) = — Y " [% () - %1, )
Ny r=1
with N, the number of samples in dimension a, e.g. N, is
the number of ensemble members. To compute the interac-
tions, we use the total variance budget involving several di-
mensions. The total variance involving realizations and time
(r and 1), for instance, corresponds to:

| NN

rivt

r=11t=l1

This total variance budget is also equal to the sum of the main
effects of r and ¢ and their interaction:

Vrt;)tal (‘L’) — Vrmain (.[) + Vtmain (‘L' ) + Vri?teraction (T ) ) (4)

Thus, the 2nd order interaction between realizations and time
(called RT hereafter) can be obtain with:

RT (f) — Vri;lteraction (f) — Vrt;)lal (f) _ Vrmain (t) _ Vzmain ('L')

! ii [ (r, )2 = X2(r)? — X7 (1)* — %7°
N’N’ r=11t=1 o ' ' '
— 2% [X7 (r, 1) — X7 (r) = X (D] ] S
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We note that by averaging, the three terms in the last paren-
thesis will all become equal to X7. Thus, the expression can
be simplified in:

Ny Ni

LYY [ w0 w0+ ©)

RT (7)) =
@ Ny Ny r=1t=1

The more classical 2nd order interaction formulation of
ANOVA (presented in Eq. 7 or in Zhang et al., 2023) is equal
to Eq. (6), as the cross terms disappear when averaging:

| NN

DO )~ () O+ ()

r=11t=1

RT(T) =

N, N;

In the analysis, these interactions are named after the ini-
tial of the involved dimensions (e.g., RT corresponds to
the interaction between time and ensemble dimensions). For
higher-order interactions, we use the same principle by re-
moving lower order terms from the total variance budget. For
3™ order interactions, SRT, for example, reads:

__ ysinteraction __ y total interaction interaction
SRT = V.vrt - ert - Vsr - Vst

interaction main main main
—yir — ymain _ ymain _ yymain (g

and for 4th order, SM RT, for example, reads:

interaction __ y total interaction interaction interaction
Vsmrr - Vsmrt - Vsmr - Vsmt - Vsrt

_ Vimeraction _ Vinteraction _ Vinteraction _ Vinteraction
mrt sm sr mr

interaction interaction interaction
- Vst - th - Vrr

_ Vsmain _ Vr;nain _ Vrmain _ Vtmain. (9)

Other methods have also been used to investigate the
different sources of variability/uncertainty in climate sim-
ulations, such as the one used in Hawkins and Sutton
(2009, 2011) or Lehner et al. (2020). While their method
has the advantage of incorporating more models as it does
not require ensembles, the internal variability is estimated as
the residual of a polynomial fit. Here, given the importance
of internal variability for our study, we decided to focus on
ensemble simulations and use ANOVA. Another difference
is the fact that the method developed by Hawkins and Sut-
ton (2009) does not evaluate the importance of interactions
among sources of variance. While this simplifies the analy-
sis, here we will see that interactions play an important role
and must be considered to fully understand the evolution of
AMOC variability.

Our results do not appear sensitive, at least qualitatively,
to the size of the time window (Fig. B2). However, it should
be noted that increasing the window size reinforces the main
effect of temporal variance and reduces the ensemble vari-
ance main effect. The reason for this is explained in the
next section. As 30 years is the typical period for studying
the state of the climate (Arguez and Vose, 2011), we chose
this duration to ensure a minimum coherence of the climate
state and provide a good representation of temporal variance,
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while avoiding oversmoothing that would make transitions
between regimes much more difficult to detect. Conversely,
results concerning inter-model variability are sensitive to the
AMOC reference chosen, particularly depending on whether
we use AMOC anomalies or absolute intensities. This sen-
sitivity is due to the persistent AMOC bias in climate mod-
els and their difficulty to capture the right AMOC intensity
(Weijer et al., 2020). In our work, we consider the AMOC
anomaly relative to the period 1850—1900 because we are in-
terested in the model uncertainty/variability associated with
the model response to historical and future emissions rather
than the initial and overall AMOC differences between cli-
mate models. Results with absolute AMOC values are dis-
cussed in Sect. 3.3 and shown in Fig. B3.

2.2.2 Interpretation and combination of ANOVA

components

The important number of separated components returned by
the ANOVA decomposition requires an integrative approach
if one wants to provide a conceptually coherent dynamical
interpretation. Comparing the ANOVA with more standard
method for studying the variability allows us to contextualize
the meaning of each main effect and interaction. Sources of
variability in a dataset are often characterized by computing
the variance across the dimension of interest and averaging
the results among other dimensions. An interesting property
of the ANOVA is that this statistic can be directly retrieved
by summing the main effects and the interactions associated
with the given dimension (Fig. B1). As an example, ensemble
studies on internal variability usually rely on the computation
of ensemble variance (e.g., Coquereau et al., 2024), which
can be reconstructed from the ANOVA with:

Mean Ensemble Variance = R+ RT + SR+ MR+ SRT

+SMR+ MRT + SMRT. (10)

This combination of components — referred to as variance
reconstruction in our work — directly equals to the classical
variance, allows to better understand the ANOVA decompo-
sition. However, with this reconstruction, the interactions are
embedded within each interacting dimension and, thus, are
accounted multiple times when deriving all dimensions. For
example, RT will be taken into account both in the mean
variance of the ensemble and in the mean variance of the
time. As a result, the sum of the variance components ex-
ceeds the total variability of the dataset, i.e.:

Total Variance < Mean Ensemble Variance
+ Mean Time Variance
+ Mean Model Variance

+ Mean Scenario Variance.

1)

An alternative combination method have been proposed to
provide an overall picture of the sources of variability with-
out over-estimating the total variability. Zhang et al. (2023)
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proposed a statistical separation of the sources based on the
division of interactions between the involved components.
For example, the 2nd order interaction between time and en-
semble dimensions (i.e., RT) is divided by two and each half
is allocated to one dimension: time or ensemble. Following
this statistical separation method, the calculation for ensem-
ble dimension leads to:

1
ENSEMBLE = R + —(RT + SR+ MR)

1 1
+3(SRT +SMR+ MRT)+ S SMRT. (12)

In the next section, we will employ this separation method
to provide an overview of the variance distribution. However,
this method does not allow for a direct comparison with tradi-
tional variance computation (e.g., Mean Ensemble Variance).
Moreover, the statistical separation relies on a dimensional-
wise approach rather than physical considerations. As a re-
sult, a single physical mechanism driving changes in variance
may influence several variance components simultaneously.
For instance, the ST components, which might highlight dif-
ferences in trends between scenarios and therefore appear
naturally linked to the scenario dimension, would neverthe-
less be partitioned equally into the time dimension. Finally,
compensations can occur between ANOVA components and
cause spurious results with the statistical separation method.

Beyond these combination methods (i.e., variance recon-
struction or statistical separation), we will analyze, in the
present study, each component individually, as individual
components provide important insights on the evolution of
variance in the dataset.

Main effects are the most intuitive components of the
ANOVA, as they represent the variance across a single di-
mension when other dimensions are averaged. As an illustra-
tion, model main effect (M) corresponds to the differences
between model averages, where the mean across ensemble,
scenarios, and time is computed for each model. The inter-
action terms can be more challenging to interpret as they
represent the variability located in multiple dimensions. Ap-
proaching them from the perspective of internal variability
makes it easier to understand their physical significance as
this variability represent the full variability of the physical
system under steady external forcing conditions (consider-
ing a single ensemble model). Consistently with the variance
reconstruction method (Eq. 10), the mean ensemble variance
is exactly equal to the sum of the realizations/ensemble main
effect (R) and all interactions involving the ensemble dimen-
sion. This highlights that each dimension includes a part of
internal variability. For time and ensemble dimensions, this
is somehow natural, but it is also true for scenarios. When
the trajectories separate under different forcing scenarios,
a slight phase-shift of internal variability can appear. This
phase shift represents the fraction of internal variability asso-
ciated with the scenario dimension. Averaging over scenarios
removes part of this phase shift and, consequently, part of the
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internal variability, similarly to averaging over a time win-
dow or across realizations. If all dimensions are sufficiently
large (many members, many scenarios, long time period), the
interaction between scenarios, realizations, and time (SRT)
should capture the entire internal variability. However, if the
dimensions are too small, SRT will not capture this entire
variability, and the importance of SRT decreases, compen-
sated by an increase in other main effects or interactions. To
illustrate this, we designed, and analyzed with ANOVA, a
synthetic model providing AMOC time series that closely
mimic CMIP6 simulations (see A). This especially allows
us to modulate the number of scenarios, which is challeng-
ing with “real” AMOC simulations. Increasing the variety of
scenarios, lead to an increase of SRT and a decrease of RT,
which demonstrate the presence of internal variability in the
scenario dimensions as explained previously (Fig. Al). This
corresponds to a “relocation” (as used later) of variability
from one component to another — i.e., a shift in the com-
ponent where variability is detected by the ANOVA. If the
number of scenario is too small, only a part of internal vari-
ability will be canceled by averaging scenarios.

The same logic applies for time dimension. Over the
CMIP6 historical period, R represents the part of the inter-
nal variability that is not captured in RT, i.e., the internal
variability with a period larger than the rolling time win-
dow of 30 years. The sensitivity test on time windows de-
picts an anti-correlation of R with RT, and with the length
of the time windows (Fig. B2). Therefore, R represents the
low-frequency internal variability, and when the size of the
time window increases there is, logically, less variability at
lower frequency. After the beginning of scenarios this low-
frequency internal variability shifts from R to SR, if the
number and variety of scenario are sufficient. The fact that
all components involving S are null at the beginning of the
time series is due to the fact that all scenarios are merged,
making SR and SRT equal to zero because averaging over
scenarios does not remove any internal variability. Finally,
ST represents the part of the scenario dispersion removed by
the inherent smoothing of the time averaging, as shown in
the sensitivity test on time window size (Fig. B2), where in-
creasing the window size decreases S and increases ST, and
vice versa.

2.2.3 Bootstrapping

To obtain robust results and assess the model uncertainty it is
important to combine the different models. As the ensemble
models have different sizes, we used a Bootstrap methodol-
ogy to aggregate them. Only models of comparable size are
combined. Large ensemble models (with 25 to 40 members)
are combined together and smaller ensemble models (from 3
to 6 members) are combined together. The bootstrapping pro-
cedure is relatively simple. For each large ensemble model,
we select randomly 20 members (with replacement) which
are assembled with 20 members of each other large ensem-
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ble model. The ANOVA decomposition is thus applied on the
60 selected members from the three models. The selection of
20 random members and the ANOVA decomposition is then
replicated a given number of time. In our case we use 100 re-
samplings and we did not observe substantial improvements
by further increasing this number (e.g. to 1000). The results
of the 100 resamplings are then averaged and analyzed. For
the smaller members, the procedure is similar but by select-
ing 3 members per model instead of 20.

A sensitivity test was carried out to assess the impact of
sub-sample size for large ensemble models (Figs. B4a, c, e
and B5a, c). The test indicates that reducing the subsample
size from 20 to 3 members leads to a decrease of internal
variability and an increase of time variability. Specifically,
during the historical period, we observe a transfer from R
and RT to T. While in the 21st century, the transfer oc-
curs from RT and SRT to ST. The size of the ensemble
has therefore a direct impact on the level of internal variabil-
ity that can be detected. This is because when three ensem-
ble members are used, the ensemble average does not com-
pletely eliminate internal variability. We also assessed the
impact of a combination of large and small ensemble models
versus the use of small ensemble models only. In this case,
we applied 3-member resampling for all ensemble models.
While the model-associated factors of variability are unaf-
fected (Fig. BS), the combination leads to a decrease in all
physical factors. The decrease is relatively homogeneous be-
tween components, as the variance distribution remains un-
changed (Fig. B4f).

3 Results

Before delving into the various factors and contributions of
the variance, we will start by drawing a general picture of
the AMOC intensity evolution in the CMIP6 dataset to better
understand the changes of variability.

The ensemble-averaged AMOC time series for different
models and scenarios appear relatively stable during most
of the historical period, from the mid-19th to the mid-20th
(Fig. 2a and b). Some models then present a weak increase
attributed in the literature to increasing aerosol concentration
(Menary et al., 2020; Robson et al., 2022). In the last decades
of the 20th century, the AMOC intensity initiates a substan-
tial decrease, with no visible differences among emission
pathways up to the middle of the 21st century. Afterward, the
scenarios start to separate with the strongest forcing present-
ing a continuous decline, while the weakest forcing scenario
stabilizes or even slowly recovers depending on the models.
At the end of the projection period, while the large ensemble
models seem to converge under a given scenario in terms of
relative decrease, the small ensemble models present grow-
ing differences.

This brief overview reveals substantial AMOC variability
across time, scenarios, and models — consistent with previous
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studies (e.g., Weijer et al., 2020; Jackson et al., 2023) — from
the last decades of the 20th century. This behavior is expected
to persist and even intensify throughout the 21st century.

3.1 A general picture of the variability

To analyze the evolution of the variability and its various
contributions, we use the Analysis of Variance (ANOVA)
method, described in Sect. 2.2.1. The total variance from the
multidimensional dataset is thus split into different contribu-
tions separated into main effects and associated interactions.
Again, given the number of components, it is helpful to start
the analysis simple and progressively increase complexity.
For this purpose, we take advantage of the statistical separa-
tion method proposed by Zhang et al. (2023, and summarized
in Eq. 12). For each dimension of the dataset, we gather its
main effect and redistribute, with equivalent weights, the in-
teraction terms (Fig. 2c—f).

The inter-model variability (representing differences
among models) appears to be the dominant factor of vari-
ance among most of the studied period. After a low-level
of variability up to the beginning of the 20th century, due
to the AMOC intensity reference taken as the 1850-1900
model average, the contribution rapidly increases to domi-
nate both in large and small ensemble models. Two consec-
utive periods of increase detach from this time series. The
first, which starts around 1940 in the larger ensembles and
reaches its peak in the second half of the 20th century, is
likely associated with the differences of AMOC response to
aerosol forcing among models (Menary et al., 2013, 2020;
Robson et al., 2022). In small ensemble models, this increase
is temporally shifted, emerging only after 1970. The second
increase, starting at the very end of the 20th century, seems
due to the important AMOC decline and to the differences of
decline magnitude among models. For example, it has been
shown that the rate of AMOC weakening is linked to surface
salinity and dense water formation in the Labrador sea and
further influenced by model horizontal resolution (Jackson
etal., 2020, 2023). Historical AMOC strengths and pathways
detected in models also appear to correlate with their rate of
weakening (Baker et al., 2023).

After 2040, the trajectory of the time series becomes
increasingly uncertain, as evidenced by the growing di-
vergence between small and large ensemble models (grey
dashed line). This uncertainty partly arises from differences
in AMOC sensitivity to external forcing between the two
groups. Specifically, the three large ensemble models show
similar AMOC sensitivity, while the seven small ensemble
models exhibit greater diversity in their responses to exter-
nal forcing (e.g., Fig. 2 in Weijer et al., 2020). This study,
which focuses on AMOC anomalies relative to the histori-
cal state (defined as the 1850-1900 mean), emphasizes the
AMOC’s sensitivity to external forcing, i.e. its tendency to
shift states as forcing deviates from the historical baseline.
Consequently, the seven small ensemble models, represent-
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Figure 2. General picture of the AMOC evolution at 26° N from CMIP6 ensemble models. (a, b) Ensemble-averaged AMOC anomaly time
series over historical (1850-2015, black) and projection (2015-2100, colors) periods. Reference value is the individual model average from
1850-1900. (¢, d) AMOC variance associated with each of the four general factors based on the statistical separation methodology of Zhang
et al. (2023). Model contribution has been represented with a dashed line after 2040 to highlight the lack of consistency between (c) and
(d) regarding this result. Small and large ensemble models have the same y-axis, and a zoom-out box is displayed for the variance of the
small ensemble models to show the full increase in model contribution (d). (e, f) Contribution of each factor to the total variance. Results are
presented for large ensemble models (a, ¢, €) with 25—40 members and small ensemble models (b, d, f) with 3—-6 members.

ing a broader range of sensitivities, exhibit an increasingly
larger inter-model spread over the second half of the 21st
century. In addition to the distinct characteristics of the in-
dividual models within each group and the greater number
of small ensemble models analyzed, this divergence is also
potentially associated to the poorer separation of internal
variability in small ensembles. This may contribute to dif-
ferences between models (Bonnet et al., 2021), although se-
lecting only three members from each large ensemble model
does not increase model variability (Fig. BS).

Ensemble and time variability are the two other important
factors of variance during the historical period, with compa-
rable orders of magnitude. Nevertheless, they have very dif-
ferent evolutions. Time variability is relatively stable during
most of the historical period. Then, at the end of the 20th
century, it presents a transient increase for a few decades as
a signature of the AMOC decline. It is particularly striking
in large ensemble models, where the time variance bump is
perfectly phased with the AMOC decline and the associated
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second increase of inter-model variability. In small ensemble
models, the transient aspect of the increase is slightly less
clear, but still visible. The ensemble spread is also very stable
at the beginning of the historical period. Then, concomitantly
to the AMOC decline, it initiates a slow and progressive de-
crease up to the end of the 21st century.

Finally, the last component is the scenario variability,
mainly associated with the divergence of future emission
pathways. By definition, it is zero at the outset, since the sce-
narios only start in 2015. At the beginning of the 21st century
(due to the 30-year running window), it thus starts to increase
but stabilizes at a low level until the mid-21st century. Af-
ter which, differences between scenarios, particularly those
linked to the levels of emissions and mitigation, rapidly in-
crease to dominate over both internal and time variability in
small ensemble models, and even inter-model variability in
large ensemble simulations.

To move a step further in understanding these changes of
variability and the various phenomena involved, we will go
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beyond the statistical separation and analyze each individ-
ual contribution, including the interactions. As we shall see,
interaction terms can be responsible for a large part of the
variability and provide crucial information that must be ana-
lyzed.

3.2 A focus on the three regimes of variability

In this section, we leave aside the model-associated factors
of variance that do not refer to directly observable variability,
and focus on analyzing the “physical factors” of variance. As
it shows the robustness of the study, model-associated vari-
ability and interactions are discussed later in Sect. 3.3.

Three phases and regimes of variability can be isolated in
the simulated time series from 1850 to 2100. Each of them
will be analyzed in the following subsections.

Special attention is paid to the analysis of large ensemble
models as they provide a better cover of the phase-space and
thus a more accurate picture of the variability, especially as-
sociated with internal factors. However, the small ensemble
models remain important both for assessing the consistency
of the results and for the analysis of model-associated vari-
ability (since there are more models with a small ensemble)
performed in Sect. 3.3.

3.2.1 First century of the historical period controlled by

internal variability

Among the different physical factors (Fig. 3), the interaction
between time and realizations (RT') dominates the variability
during most of the historical period: from the mid-19th to the
last decades of the 20th century. It is particularly striking in
large ensemble models where it represents around 80 % of
the physical factor variability (Fig. 3e). In small ensemble
models, it is lower but still represents approximately 40 % of
the total physical factor variability (Fig. 3f). The remainder
is divided into the main effects of realizations/ensemble (R)
and time (7).

In a relatively stable context, such as the beginning of the
historical period, quasi-ergodicity can be assumed (Hingray
and Said, 2014). Ergodicity defines a situation where the en-
semble and time statistics tend toward the same values. Here,
we cannot speak of ergodicity because of the impact of the
trend on time variance. However, as the trend is small during
this period so is its impact on time variance allowing to use
the term quasi-ergodicity. This can be highlighted by com-
puting the ensemble-to-time variance ratio (Fig. 4a). During
this regime, the ratio appears close to one, indicating rela-
tively similar ensemble and time variance and thus quasi-
ergodic conditions. In this context, internal variability is the
dominant component among the “physical factors” of vari-
ability. This reflects in the RT interaction that gathers most
of the internal variability, since a large part of the variabil-
ity is removed in this period if either time or realizations are
averaged.
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A small fraction of internal variability remains, however,
present in the R main effect and corresponds to the inter-
nal variability with period larger than the filtering window,
as explained in Sect. 2.2.2 and shown in Fig. B2, where the
importance of R appears anti-correlated with the size of the
time window. This fraction is relatively similar between the
two categories of models.

The fraction of variability located in T originates from two
sources: the weak non-ergodicity, and the limited ensemble
size. The weak non-ergodic aspect of the evolution is asso-
ciated with the weak linear trend over this period and the
response of the AMOC to aerosol forcing (Menary et al.,
2013, 2020; Robson et al., 2022). This effect corresponds
approximately to the magnitude of T seen in large ensemble
models. Alternatively, the size of ensembles is mostly ob-
servable in small ensemble models, where the number of re-
alizations is too limited and do not allows to cover the entire
phase space and completely remove the internal variability
when averaging. Thus, a significant part of internal variabil-
ity remains after averaging realizations as observed with the
larger magnitude of T in small ensemble models. This im-
pact of ensemble size is demonstrated by the sensitivity test
on the number of realizations in Fig. B4. This test shows that
when decreasing the number of realizations taken from large
ensemble models, a significant fraction of internal variability
from RT is relocated to T, leading to a repartition similar to
small ensemble models.

Going into the details, the ensemble-to-time variance ratio
appears slightly smaller than one for small ensemble models,
whereas it is slightly greater than one for the large ensembles
(Fig. 4a). This can be directly linked to the previous results
showing that the repartition of variance between T and RT
components is sensitive to the ensemble size. The statisti-
cal separation method used in Fig. 4, attributes the variance
in RT to both ensemble and time dimensions, ant the vari-
ance in T to time dimension only. Thus, when smaller en-
semble models present a relocation from RT to T, it results
in a decrease of ensemble-to-time variance ratio. In a ideal
case, with a sufficient large ensemble model, one would ex-
pect the ensemble variance to be slightly larger than the time
variance, since it allows to capture all frequency of internal
variability while time variance miss by definition the peri-
ods larger than the time window. This effect is highlighted
by the long de-correlation timescale of AMOC trajectories
in CMIP6 (calculated as the e-folding timescale of the auto-
correlation) that appears to range between 2 and 40 years
(Fig. B6) suggesting non-negligible low frequency variabil-
ity in the data.

The decomposition of the total variance budget involving
time and ensemble dimensions is particularly insightful to
understand the role of these two dimensions (Fig. 5a and b).
It corresponds to the sum of the main effects and their inter-
action, as shown in (Eq. 4). Following (Eq. 3), it is also equal
to the variance of the initial dataset after averaging mod-
els and scenarios. The decomposition of the variance clearly
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highlights the dominant role of the interaction especially in
large ensemble models (Fig. 5a). In small ensemble models,
the interaction is much lower consistently with previous re-
sults on subsample size. The time main effect is larger than
the ensemble main effect showing that quasi-ergodicity is not
reached because of the too small ensemble size.

The first century of the historical period is therefore char-
acterized by strong, stable internal variability, with a major
role for the RT interaction underlining the quasi-ergodicity
of the regime. Scenario variability remains zero, by defini-
tion, since the scenarios only start in 2015.

3.2.2 AMOC decline insensitive to forcing-scenarios up
to mid-21st century

After the first regime of relatively stable AMOC intensity and
variance components, the AMOC enters a phase of intense
decline reflected both in the statistical separation (Fig. 2) and
by the substantial and transient increase of 7" main effect
(Fig. 3e and f). This regime is thus associated with a clear
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loss of ergodicity (Fig. 4a), where the ensemble-to-time vari-
ance ratio presents a decrease of 40 % to 60 % for large and
small ensemble models, respectively.

Around 2000, the increase in the time main effect caused
it to exceed the realizations/ensemble main effect in the large
ensemble models (Fig. 5a). In addition to the increase of T,
this change of dominant factor is also due to the decline of R,
that follows the same decreasing pathway as RT . During this
regime R losses around 3/4 of its variance in both ensembles
(Fig. 3).

From 2015, scenarios start and the associated variability
emerges (Fig. 2). This emergence is, however, not generated
by the scenario main effect (S) but by the interaction be-
tween time, scenarios, and realizations (SRT, Fig. 3). This
increase of scenario-associated variability before stabilizing,
is therefore not the direct effect of the forcing but, rather, a
sort of chaotic internal variability triggered by slight differ-
ences among scenarios allowing the simulations to spread.
Again, during the historical period, the three time series cor-
responding to scenarios for each member of models are per-
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fect replicas of the historical simulation. When the scenar-
ios formally begin in 2015, small differences or perturba-
tions in forcing emerge among them due to the progressive
separation of scenario trajectories, for instance in terms of
CO; emissions (O’Neill et al., 2016). Although these differ-
ences are initially minor, they are amplified by the chaotic
nature of the system, causing the three scenario time series to
spread similarly to pseudo-ensemble members, as evidenced
by their appearance in SRT. This internal and chaotic na-
ture of SRT variability is also underlined by the magnitude
of this variability, which appears to be three times as large
in large ensemble models as in small ones, consistently with
RT that is greater in large ensembles. The absence of di-
rect scenario main effect variability is also evident by S, that
remains at zero before 2040-2050 (Fig. 5c and d). This par-
ticular behavior was highlighted by Weijer et al. (2020) and
acknowledged in the latest Intergovernmental Panel on Cli-
mate Change (IPCC) report (AR6, Lee et al., 2021, p. 576).
This internal and chaotic aspect of SRT interaction pro-
vides a first explanation for the common decline of R and
RT, due to the relocation of a substantial fraction of the in-
ternal variability originally located in these two components
toward SRT (consistently with interpretation of interactions
provided in Sect. 2.2.2). However, this decrease may also
be driven by an overall decline of the total internal variabil-
ity if the latter is sensitive to the AMOC intensity. We in-
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vestigate this second factor by computing for each individ-
ual model and scenario the evolution of ensemble variance
over time (Fig. 6). This analysis shows an overall decrease
of the ensemble variance over time, illustrating a contraction
of the phase-space. To assess this visual decline, we compute
the average ensemble variance over 50-year time window in
the historical and projection periods. In the historical period,
we select the 1900-1950 window, located a few decades af-
ter the beginning of the historical simulations (allowing for
possible AMOC adjustment from the control preindustrial
forcing to the historical one) and before the peak of aerosol
forcing that occurred in the latter half of the 20th century.
For the projection, we select the last 50 years to target the
potential maximum impact of scenarios. In all models, the
1900-1950 period presents a larger ensemble variance than
the 2050-2100 one, with an intensifying decrease over time.
If we compare now the different scenarios, the majority of
models (7/10), including the three large ensemble models,
presents weaker ensemble variance under SSP5-8.5 than un-
der SSP1-2.6; 6/10 models present weaker variability under
SSP5-8.5 than SSP2-4.5; and 8/10 a weaker variability under
SSP2-4.5 than under SSP1-2.6. For the three large ensem-
ble models, the ensemble spread is sorted according to sce-
nario intensity, except for CanESMS where SSP2-4.5 shows
a slightly weaker variance than SSP5-8.5. These results sug-
gest a strong link between forced AMOC weakening and de-
crease in the AMOC ensemble variance. The decline of R
and RT seems, therefore, driven by the combined effect of a
declining total internal variability and a relocation of a part of
this variability from R and RT toward SRT under the effect
of the scenario-perturbed pseudo members.

Finally, the last component evolving during this period is
the interaction between time and scenarios (S7) that repre-
sent in a way the scenario uncertainty on temporal trends.
The very weak increase of ST when scenarios appear, re-
maining at a very low level up to 2050, especially in large en-
semble, underline the previously discussed absence of inter-
scenario differences before mid-21st century. The analysis of
terms included in the total variance involving time and sce-
nario dimensions also confirms that time is by far the leading
factor of the associated variability during this phase, with S
and ST negligible compared to T (Fig. 5c and d). During this
regime, while the scenarios have started, the AMOC vari-
ability remain driven by the declining trend associated with a
dynamical-adjustment without direct impact of forcing sce-
narios.

Beyond the AMOC decline associated with the transient
increase in time variability, the 7 main effect initially de-
creases and then stabilizes together with SRT around 2050.
RT interaction decrease rate also flattens, while ST only
exhibits a very weak increase. Before the start of the third
regime, we therefore observe an intermediate phase where
all components of variability appear stable. This short phase
around 2040-2050 is dominated by the SRT interactions as-
sociated with a “scenario-perturbed” internal variability. This
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members.

is, in a way, another phase were internal variability is impor-
tant despite the significant trend. In small ensemble models,
while most of the components present a clear signature of
this intermediate regime, it is less clear for 7 main effect.
We suggest this is due to the less accurate diagnostic of in-
ternal variability in small ensemble models, hence impacting
the separation of internal and dynamical-adjustment variabil-

1ty.

3.2.3 Late separation of anthropogenic emissions
scenarios after the mid-21st century

The third regime starts with the emergence of the scenario
main effect S. It presents a steep increase from the middle of
the 21st century and becomes, in a few decades, the dominant
factor of physical variability. In parallel, the ST interaction
presents a weaker but still substantial increase, since the sce-
narios have an important role in AMOC evolution over time.
As described in Sect. 2.2.2, the ST interaction also represent
the smoothing of scenarios by the time window and can thus
be directly associated to scenario variability and effect.

The inter-scenario variability becomes the first order fac-
tor of variance even above inter-model spread in large en-
semble models over the last decades of the 21st century. The
increasing and prominent role of scenarios/forced variabil-
ity demonstrates that the system leaves a regime driven by
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past, historical forcings to enter in a phase of forced evolu-
tion driven at first order by the future emission scenarios.

After focusing on the physical factors of variability, we
can investigate variability associated with inter-model differ-
ences and the drivers of these differences throughout the mul-
tisecular simulations. This will also measure the confidence
and robustness of our physical factor results.

3.3 Evolution of inter-model variability and uncertainty

Overall, the dominant factor in model-associated variability
lies in the model main effect (M, Fig. 7). It follows the same
two-step increase of inter-model variability, described at the
beginning with the statistical separation method (Fig. 2). As a
reminder the two steps are associated with two uncertainties
of AMOC response among models: (i) the response to the
increase of aerosol concentration over the second half of the
20th century, and (ii) the magnitude of the AMOC decline
beginning in the late 20th century. It is difficult to analyze
the M main effect at the end of the simulations consider-
ing the differences between small and large ensemble mod-
els. Indeed, while large ensemble models present a decreas-
ing inter-model variability due to the convergence of relative
AMOC intensity decline, small ensemble models present an
exponential increase of inter-model variability, linked to a di-
vergence in terms of relative AMOC intensity decline. Tak-
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Figure 6. Evolution of internal variability, measured by the ensemble variance, over time and scenarios. Each subplot presents historical time
series (black) followed by the three scenarios SSP1-2.6 (blue), SSP2-4.5 (orange), or SSP5-8.5 (red) for a given model. The values written
in each subplots correspond to 50-year averaged period of internal variability: 1900-1950 for historical (black) and 2050-2100 for scenarios
(colors). A 30-year rolling averaged is applied to isolate long term trends.

ing aside potential inherent characteristics of small ensem-
bles (which would break model democracy ; Knutti, 2010)
and the impact of internal variability on the model trends,
we interpret this as being also associated with the partic-
ular combination of models in the “small ensemble” and
“large ensemble” category, which happen to exhibit differ-
ent AMOC sensitivities to forcing. Although the processes
underlying this sensitivity remain unclear, recent research
highlights the potential roles of water mass pathways, over-
flow dynamics, eddy mixing, Gulf Stream separation, and
model resolution (Fox-Kemper et al., 2019; Jackson et al.,
2023, 2025). These results are also sensitive to the refer-
ence chosen for computing AMOC anomalies, as discussed
in the method section. Indeed, when considering the abso-
lute AMOC intensity, we observe a convergence in AMOC
intensity among the small ensemble models and a divergence
among the large ensemble models after 2040 (Fig. B3).

The second key property of the inter-model variability is
the fact that it closely follows the evolution of physical com-
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ponents, especially internal variability. Most of the interac-
tions involving models and realizations follow the same path
as the corresponding interaction without the model dimen-
sion (Figs. 3 and 7). For instance, the interaction between
models, time, and ensemble (M RT) evolves like the interac-
tion between time and realizations (RT'). This is the same for
MR and R or SMRT and SRT. This illustrates that a frac-
tion of internal variability is present in the model dimension
and that averaging across models removes a part of internal
variability — consistent with the logic previously discussed
for the scenario dimension (see Sect. 2.2.2). This behavior
reflects the fact that inter-model differences also manifest in
terms of internal variability, which recent studies have linked
to salinity biases and differences in dense water formation in
the Labrador Sea, as well as to model horizontal resolution
(Jackson et al., 2020, 2023).

In small ensemble models, M T present a substantial level
of variability prior to the 21st century, which indicates that
small ensemble models were presenting different time evo-
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lution across this period and that a part of time variability
has been removed with inter-model averaging. These greater
inter-model differences in terms of trends is consistent with
the greater AMOC sensitivity observed in models of the
“small ensemble” category (Fig. 2).

3.4 Physical attribution of the ANOVA components

To summarize the previous findings on the ANOVA com-
ponents, we propose a third approach — complementary to
statistical separation and variance reconstruction — that orga-
nizes the variance components following a physical attribu-
tion. This physical attribution method distributes the terms
into four different sources of variance (Fig. 8), following
the interpretation of the ANOVA components detailed in
Sect. 2.2.2. The first source is the internal variability that cor-
responds to the mean ensemble variance (Eq. 10) and gathers
all terms involving ensemble dimension (R, RT, SR, MR,
SRT, SMR, MRT and SMRT). This allows the fraction
of internal variability located in each dimension to be ro-
bustly separated and analyzed as a distinct physical phenom-
ena. The second source is the scenario-forced variability that
represents the effects of future forcing applied to the system
and the AMOC uncertainty associated with future anthro-
pogenic emissions. It is constructed from the scenario main
effect and all interactions smoothing the scenario differences
(associated with time and/or inter-model averaging: S, ST,
SM, SMT). The third factor represents the dynamical adjust-
ment associated with the response to the historical forcing lo-
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cated in the time main effect and the interaction between time
and model that represents inter-model differences smoothing
this response (T and M T). Finally, the inter-model variabil-
ity represents the evolution of inter-model differences over
time and is only constituted by the model main effect (M).

4 Summary and discussion

The analysis of AMOC variability at 26°N in CMIP6 en-
sembles based on a 4-way analysis of variance, depicts three
successive phases associated with three distinct regimes of
AMOC variability, each dominated by a particular factor,
that can be summarized using the physical attribution method
presented previously.

1. The first phase from 1850 to around 1990 presents a
relatively stable AMOC, whose variability is driven by
internal variability, associated with time and ensemble
dimension given the quasi-ergodicity of this regime;

2. The second phase from 1990 to 2050 is characterized by
a decline of the AMOC associated with an adjustment
to past historical anthropogenic emissions. It is thus
a regime where time changes dominate, the forcing-
scenario effect remaining weak. The importance of this
regime is particularly evident when employing a 50-
year window for the ANOVA that allows to take better
account of this declining trend (Fig. 8);
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3. Finally the third phase starting around 2050 is a regime
forced by emission scenarios, where the impact of an-
thropogenic emissions pathways takes control on the di-
vergence of the simulated trajectories.

An important finding of this work is the existence of two
increasing phases of scenario variability. The first one, after
2015, rapidly stabilizes in a few decades. The second one,
emerging after 2050, presents an exponential increase of the
variability. During the first phase, the scenarios do not induce
substantial forced divergence between simulations. Instead,
they introduce minor perturbations that effectively expand
the ensemble spread, mimicking “larger ensembles”. This is
particularly evident as the main signal associated with sce-
narios in this period lies in the interaction between scenarios,
realizations, and time dimensions (SRT). This also leads us
to detect an intermediate regime around 2040-2050, where
most of the variability components stabilize and where the
system is driven by this “scenario-perturbed” internal vari-
ability. In the second phase, the increase of variability is
purely forced by the divergence of scenarios, and scenarios
main effect takes the lead.

The AMOC intensity decline associated with the transient
increase of time variability, could suggest that this evolu-
tion is not forced by scenarios nor synchronous to anthro-
pogenic emissions, because of the absence of clear scenario
separation before 2050. In this respect, AMOC behavior dif-
fers from global CO; concentration, anthropogenic radiative
forcing, and temperature change, that already start diverg-
ing one or two decades earlier (O’Neill et al., 2016). Al-
though this trend could be influenced by regional aerosol
forcing (e.g., Deser et al., 2020; Menary et al., 2020; Rob-
son et al., 2022), analyses of the local radiative imbalance
over the North Atlantic (45-70° N, 60° W-20° E) also show
an early and rapid separation among scenarios (Fig. B7).

Earth Syst. Dynam., 17, 209-233, 2026

This study also provides robust evidence that the AMOC
internal variability in CMIP6 decreases in the projection pe-
riod compared to historical reference. We also detected a po-
tential link between this decline and emission pathways in-
tensity. This is consistent with MacMartin et al. (2016) re-
sults with a single Earth System Model or Cheng et al. (2016)
on interdecadal variability of the previous CMIP exercise.
This also aligns with previous results on large-scale climate
showing that internal variability is highly sensitive to forced
variability and mean state (e.g., Coquereau et al., 2024). The
decline of internal variability observed in the present work
corresponds to a contraction of the phase-space and there-
fore an increasing predictability of the AMOC in the future
from one time step to another. However, it does not substan-
tially increase our ability to predict the future of the AMOC,
since internal variability is a small component of the AMOC
uncertainty, smaller than model or scenario-uncertainty af-
ter mid-century. Yet, internal variability seems to decrease
concomitantly to the AMOC magnitude, thus it could be a
potential proxy or warning signal of an AMOC decline, of-
ten hardly detectable because of the large AMOC interannual
variability (Lobelle et al., 2020). Furthermore, as seen in the
results section, this progressive decline of internal variabil-
ity coincide with the relocation of variance from R and RT
to SRT. The physical attribution method facilitates the iso-
lation of the internal variability decline signal without be-
ing impacted by the relocation of variance between different
components related to internal variability.

Finally, the physical attribution shows that model-only
variability is someway over-estimated by the use of statis-
tical separation and that model uncertainty, while being a
major contributor, do not largely dominate the other fac-
tors. However, its contribution in AMOC projection un-
certainty (mostly associated with AMOC absolute inten-
sity and climate sensitivity, as discussed in Sect. 3.3 and
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in Weijer et al. (2020)) has appeared as the strongest inde-
pendent source of uncertainty (i.e. with the largest main ef-
fect), suggesting that further progress in AMOC modeling is
needed to obtain more reliable AMOC projections.The dis-
agreement between small and large ensemble models at the
end of the 21st century raises interesting questions about en-
semble strategies and (i) the use of a small number of large
ensemble models, versus (ii) the use of a large number of
small ensemble models. There is thus a choice to be made
between relying on few models (i) or not having a good sep-
aration of internal variability (ii). Here, all results are dis-
played separately between small and large ensemble models
to give readers all the information. The fact that interactions
involving model and ensemble dimensions follow the same
evolution as the corresponding interactions without model di-
mension is interesting from an uncertainty perspective. In-
deed, it underlines that when the internal variability — which
represents the range of possible states the system can occupy
under a given forcing — is large, it is more difficult for the
models to accurately find the correct state. Furthermore, the
observed decline of ensemble variance when the AMOC in-
tensity decreases, corresponds to a contraction of the space
of possible states, and consequently one expects the abso-
lute difference between models concerning this phase-space
location to reduce.

A limitation of this study, tied to modeling capacity, lies in
the relatively small number of large ensemble climate mod-
els and the limited size of most ensembles. This constraint
is evident, for example, in the analysis of ensemble variance
within individual models (Fig. 6), where variability exhibits
noisy behavior and notable differences across small ensem-
ble models, despite a generally consistent pattern of decline.
Additionally, while some high-resolution climate simula-
tions for a single member are becoming available, large-scale
ensemble simulations remain restricted to relatively coarse
spatial resolutions — on the order of one degree in the ocean.
In this context, different research groups have highlighted the
importance of fine-scale processes, such as mesoscale eddies,
overflows and convection, in influencing the AMOC, raising
concerns about the reliability of AMOC trends in coarse-
resolution (one-degree) models (e.g., Hirschi et al., 2020;
Jackson et al., 2020; Hewitt et al., 2022; Jackson et al., 2023;
Gou et al., 2024). However, regarding AMOC strength at
26°N, a recent study found strong agreement between high-
and low-resolution simulations (with 0.1° resolution in the
ocean, Gou et al., 2024), which is the central focus of this
work.

The ANOVA method employed in this study enables a de-
tailed analysis of interaction terms between sources of vari-
ance, which is not possible with the widely used approach of
Hawkins and Sutton (2009). This approach allows us to go
beyond the assumption of additivity of variance associated
with each individual dimension and directly examine cross-
terms and interdependencies between different dimensions.
With the ANOVA, by combining the main effect of each di-
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mension with their interactions, we achieve a full reconstruc-
tion of the total variance. This contrasts with the previous
method, where total variance was simply the sum of explic-
itly computed components.

Appendix A: A stochastic model to interpret ANOVA
interactions

To better understand the role and physical meaning of these
interactions, we designed a minimalist synthetic model rep-
resenting AMOC trajectories for different members and
scenarios, with prescribed slopes and a superimposed ran-
dom internal variability (see Fig. Al, first panel). The
model is based on a stochastic mean-reverting process called
Ornstein-Uhlenbeck process, similar to the model proposed
in Hasselmann (1976). The evolution of our model is gov-
erned by the following equation:

dyy = —A(Yy — Frydt + o (y)dW;, (AL)

with 1, the AMOC intensity, A a damping term (also known
as mean-reversion rate term, here equal to 0.3 yr™!). In this
model, we used a slight variation of a classical Ornstein-
Uhlenbeck process (as used in Hasselmann, 1976) since the
system is not pull toward the mean, but toward F; a given
intensity that evolves over time. This term represents the
forcing and drives the intensity decline. It is constant up to
year 150 (i.e. F; = ¥ =1Sv) and then declines, following
a common trend across scenarios up to year 200 (i.e. F; =
Y150 + Bt, with 8 = —0.006 Sv yr_l), and with a scenario-
dependent trend afterward (i.e. F; = Yoo + y¢, with y rang-
ing from —0.01 to +0.002 Sv yr~!). W, is the Wiener process
responsible for the stochastic fluctuations representing inter-
nal variability. The intensity of these fluctuations is set by o
that depends on the AMOC intensity such that o (y;) = ay,
with « a constant, here equal to 0.04 yr~!/2. Parameters were
chosen to mimic the evolution of the AMOC time series ob-
served in CMIP6 models. 1000 members have been com-
puted to ensure a robust evaluation of the internal variability
and a 250-year spin-up has been performed to let the system
adjust before the analysis.
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Figure A1. ANOVA decomposition of the synthetic data set. (Top panel) Synthetic AMOC trajectories for 1000 members and 3 scenarios,
with a constant first period (years 0-150) where all scenarios are merged, a second period (years 150-200) with the same slope between
scenarios but realizations show phase shifts in variability, and a third period (after year 200) where scenarios start to separate and follow
different slopes. Internal variability is represented by a random Gaussian noise scaling with the AMOC intensity such that o () = oy,
with o = 0.04 yr_l/ Z.dr=1 years. (Middle and bottom panels) ANOVA decomposition of the synthetic data set with separation between
the main effects of time (T), scenarios (S), and realizations (R), as well as the interactions between these dimensions. The mean variance
of the ensemble (red dotted line) is calculated as the variance of the ensemble (across realizations) averaged over the scenarios and over a
sliding window of 30 years. The total internal variability from the ANOVA is calculated from the sum of all factors associated with the R
dimension (R, RT, SR, and SRT, black line). The sensitivity of the results to the number of scenarios is represented by different lines of the
same color: 3 scenarios in solid line, 5 scenarios in dashed line, 50 scenarios in dash-dotted line, and 100 scenarios in dotted line.
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Appendix B: Additional figures
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Figure B1. Statistical variance reconstructed from ANOVA components. The mean variance computed across each dimension is compared
to the sum of all components involving this dimensions. Results are presented for large ensemble models (left) with 25-40 members and
small ensemble models (right) with 3—6 members. Results indicate that the two methods lead to exactly equal time series.
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Figure B2. Sensitivity test on time window size. Variance associated to each main effect (a—d) and interaction (e, f). (¢, d) Zoom on ensemble
main effect. Line thickness represents the size of the time window from 10 (thin) to 50 years (thick). Results are presented for large ensemble
models (a, ¢, e) with 25-40 members and small ensemble models (b, d, f) with 3—-6 members.
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Figure B3. Sensitivity test with AMOC absolute intensity. (a, b) AMOC absolute intensity time series over historical (1850-2015, black)
and projection (2015-2100, colors) periods. (¢, d) Variance associated with model main effect only (solid line) and with all model-associated
factors combined with the separation methodology by Zhang et al. (2023) (dashed line). Values correspond to absolute AMOC intensity.
Results are presented for large ensemble models (a, ¢) with 25-40 members and small ensemble models (b, d) with 3—6 members.
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Figure B4. Sensitivity test on bootstrapping methodology: application to the variability of physical factors. (a—d) Variance associated to
each main effect (a, b) and their interaction (c, d). (e, f) Relative variance contribution of each main effect and their interactions to the total
physical factor variability. Left-hand panels show the sensitivity of the large ensemble results to the number of members in each resampling.
Thin lines present the control experiment with 20 members of each model (identical to Fig. 3a, c, e) and thick lines present the results
obtained using 3 members of each model per resampling. Right-hand panels show the sensitivity to combining large and small ensemble
models. Thin lines present the control experiment with only small ensemble models (identical to Fig. 3b, d, f) and thick lines present the
results obtained with all ensembles. 3-member resampling are used here.
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Figure B5. Sensitivity test on bootstrapping methodology: application to the variability of model-associated factors. (a, b) Variance associ-
ated to model main effect and interactions. (¢, d) Variance contribution of model main effect and interactions to the total model-associated
variability. Left-hand panels show the sensitivity of the large ensemble results to the number of members in each resampling. Thin lines
present the control experiment with 20 members of each model (identical to Fig. 3a, c, e) and thick lines present the results obtained using 3
members of each model per resampling. Right-hand panels show the sensitivity to combining large and small ensemble models. Thin lines
present the control experiment with only small ensemble models (identical to Fig. 3b, d, f) and thick lines present the results obtained with
all ensembles. 3-member resampling are used here.
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Figure B6. Decorrelation timescale of AMOC intensity time series for each model. Evolution of the normalized auto-correlation with respect
to the considered lag. Decorrelation timescale corresponds to the e-folding timescale, i.e. the lag when the normalized auto-correlation falls

below 1/e.
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Figure B7. Evolution of the net radiative imbalance averaged across the three large-ensemble models at the global scale (left) and regionally
over the North Atlantic (45-70° N, 60° W-20° E; right). The historical period is shown in black, while future projections are shown in blue
(SSP1-2.6), orange (SSP2-4.5), and red (SSP5-8.5). The multi-model mean is calculated using a bootstrapping approach, which is also used
to estimate the 95 % confidence interval percentiles, displayed as shaded envelopes.

Code and data availability. The program code (in Python)
for computing the 4-way ANOVA is available at https:
/lgithub.com/coquereau/ANOVA_4way, last access: 15 Febru-
ary 2026 (https://doi.org/10.5281/zenodo.18835920, Coquereau,
2026). CMIP6 ensemble model outputs can be downloaded from
the various Earth System Grid Federation (ESGF) nodes. The arti-
cle references for each model can be found in Table 1.
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