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Non-linear forcing increases
uncertainty in detecting a
destabilization of the Atlantic
Meridional Overturning
Circulation

Clara Hummel*, Alessandro Cotronei, Eirik Myrvoll-Nilsen,
Nikolas Aksamit and Martin Rypdal

Department of Mathematics and Statistics, UiT The Arctic University of Norway, Tromsa, Norway

The Atlantic Meridional Overturning Circulation (AMOC) plays a critical role in
regulating global climate patterns with its potential destabilization and collapse
posing significant risks. In this study, we introduce two novel methods to assess
AMOC stability, based on a Bayesian framework to estimate its sensitivity, and
ensembles of parabolic approximations, respectively. They provide alternative
indicators to detect early warning signals (EWSs) for a potential destabilization. By
incorporating non-linear and physically motivated drivers, such as temperature
and Greenland meltwater runoff, we obtain a more realistic representation
of AMOC dynamics and address an important limitation of previous studies,
which often rely on linear forcing assumptions. We detect significant EWS for a
potential ongoing AMOC destabilization in our sensitivity-based indicator across
many combinations of forcing scenarios and response models. However, it
revealed large variations, dependent on the considered forcing scenario and
methodological choices. While an AR(1) response to linear forcing, consistent
with assumptions in previous EWS analyses of the AMOC, emerged as the
"best” fit based on Bayes factor analysis, other evaluation criteria provided no
clear support. Even though the second EWS indicator, obtained using parabolic
approximations, revealed a recent significant peak under linear forcing, and
appears to suggests that the AMOC might have passed a critical transition
in the late 20th century assuming a temperature driver, we find no clear
indication of a considerable destabilization in either case. Our findings highlight
the sensitivity of AMOC stability assessments to assumptions about forcing
scenarios, response models, and evaluation criteria, emphasizing the need for
careful interpretation of EWSs for abrupt transitions in the Earth’s climate. While
our methods advance EWS analyses by incorporating non-linear forcing and
alternative response functions to better represent AMOC dynamics, they also
underscore the limitations of applying such tools to complex climate subsystems,
represented by one-dimensional time series.

KEYWORDS

AMOC, Bayesian model, critical slowing down, early warning signals, non-linear forcing,
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1 Introduction

The Atlantic Meridional Overturning Circulation (AMOC) is
a critical component of the Earth’s climate system, responsible
for the large-scale transport of heat and salinity across the
Atlantic Ocean (Rahmstorf, 1995; Buckley and Marshall, 2016).
Its stability is vital for maintaining global climate patterns, as
disruptions to the AMOC could have severe impacts worldwide
(Stouffer et al., 2006; Drijthout, 2015; Jackson et al., 2015; Liu et al.,
2020). The AMOC is widely regarded as a bistable system, capable
of existing in two distinct states: a strong circulation mode,
which is currently dominant, and a weak mode. Bistability of the
AMOOC has first been indicated by hystereses in conceptual box
models (Stommel, 1961), which was later confirmed by studies
of increasingly complex climate models, spanning Earth system
models of intermediate complexity (EMICs, Manabe and Stouffer,
1988; Rahmstorf et al., 2005), coupled atmosphere’ ocean general
circulation models (AOGCMs, Hawkins et al.,, 2011) and, more
recently, state-of-the-art Earth system models (ESMs, Liu etal,
2017; Romanou etal., 2023; van Westen etal., 2024; Ohetal,
2025). Transitions between AMOC states have further been
associated with past abrupt climate changes, such as the Dansgaard-
Oeschger (DO) events during the last glacial period (see e.g.,
Lynch-Stieglitz, 2017). These events, characterized by rapid
temperature increases of 5 to 16.5 °C (Kindler et al., 2014), have
been considered archetypes of abrupt climate changes (Boers et al.,
2022) and have been linked to transitions between weak and strong
AMOC modes by multiple lines of evidence (Rahmstorf, 2002;
Henry et al., 2016; Boers et al., 2018), underscoring the AMOC’s
role as a potential key tipping element in the Earth system
(Lenton et al., 2008; Armstrong McKay et al., 2022; Boers et al.,
2022).

Tipping points (TPs) are critical thresholds, where small
perturbations can lead to abrupt and often irreversible changes
in a system’s state. Systems that exhibit tipping points are often
referred to as tipping elements (TEs), which are components of the
Earth system that can shift between alternative stable states due to
non-linear feedback mechanisms (Lenton et al., 2008). Examples of
TEs include the AMOC, the Greenland Ice Sheet (GrIS), and the
Amazon rainforest (Lenton et al., 2008; Boers et al., 2022). These
systems are particularly sensitive to external forcing, such as
changes in temperature or freshwater input, and their transitions
can have cascading effects on other components of the Earth
system (Lenton et al., 2008; Jackson et al., 2015; Weijer et al., 2019;
Gong et al., 2022; Wunderling et al., 2023, 2024).

The AMOC is influenced by a variety of drivers, including
changes in freshwater input from the melting Greenland ice
sheet, precipitation patterns, and river discharge, which can
alter the salinity and density of surface waters in the North
Atlantic (Rahmstorf, 1995; Hawkins etal,, 2011; Weijer et al.,
2019; Gongetal., 2022). These drivers are strongly affected
by anthropogenic greenhouse gas emissions and rising global
temperatures, which in themselves also play a role, as thermal
expansion and increased stratification of the ocean can weaken the
AMOC (Liu et al., 2017).

The interplay between these factors is highly complex, and
their combined effects can push the AMOC toward a critical
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threshold, beyond which the system may transition to a weaker
state (Stommel, 1961; Lenton et al., 2008; Ditlevsen and Ditlevsen,
2023).

Critical transitions in complex systems like the AMOC are
often preceded by characteristic changes in system dynamics,
potentially leading to observable changes in quantitative indicators,
so-called early warning signals (EWSs). As a system approaches a
TP, it becomes more sensitive to perturbations and its ability to
recover from them diminishes, which is a phenomenon known
as critical slowing down (CSD) (Dakos et al., 2008; Scheffer et al.,
2009; Boers and Rypdal, 2021; Lenton, 2011). Most commonly
used EWSs are based on CSD and these signals typically
manifest as increases in variance and autocorrelation in time
series data (Dakos et al., 2008; Scheffer et al., 2009; Boers, 2021).
More details on the mathematical background behind such EWS
are given in Section 2. Recent studies have identified EWSs in
both observational data and model simulations of the AMOC,
providing indications for its ongoing destabilization (Boers, 2021;
Michel et al., 2022; Ditlevsen and Ditlevsen, 2023; Ben-Yami et al.,
2023; Hallali et al., 2025).

Despite these advances, significant uncertainties remain in
predicting the timing and likelihood of an AMOC collapse.
Challenges include biases in climate models, uncertainties in
the representation of external forcing (e.g., freshwater fluxes),
and the influence of non-stationary noise on EWS detection.
For instance, Ben-Yami et al. (2023) found that uncertainties and
pre-processing of observational datasets can lead to biases in
CSD analyses. Additionally, Ben-Yami et al. (2024) highlight the
limitations of using historical data to robustly extrapolate tipping
times, emphasizing the need for robust statistical methods to
account for uncertainties in observational datasets and model
assumptions. It has further been demonstrated that CSD-based
EWS can yield false positives, as they could be detected in model
simulations of climate sub-system, such as the AMOC, that don’t
approach a TP (e.g., Wagner and Eisenman, 2015; Rietkerk et al.,
2025; Zimmerman et al., 2025). Moreover, the AMOC’s bistability
has not been identified in all state-of-the-art Earth system models,
raising questions about whether this reflects excessive model
stability or a monostable AMOC under current climate conditions
(Valdes, 2011; Liu et al., 2014, 2017). Recent studies suggest that
high spatial resolution and improved representations of freshwater
forcing are necessary to accurately capture the AMOC’s response to
external perturbations (Drijfthout et al., 2011; Hawkins et al., 2011;
Roberts et al., 2013; Liu et al., 2017; Mecking et al., 2017).

A major limitation of many previous studies is the implicit
assumption of a slow and linear increase in the forcing parameter
when detecting EWSs based on CSD. However, the temporal
evolution of the forcing parameter often shows a non-linear
dependence on time, and is influenced by complex interactions
between external drivers. The assumption of a linear driver can
be problematic because it doesn’t allow to distinguish whether
the AMOC, or any other TE under investigation, destabilizes as
a response to linear forcing or whether it responds linearly to a
non-linear change in the forcing. As a result, this assumption can
lead to a biased detection of CSD. Hallali et al. (2025) address this
limitation by incorporating the temporal evolution of freshwater
forcing from Greenland melt water directly into their Bayesian

frontiersin.org


https://doi.org/10.3389/fclim.2026.1826661
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org

Hummel et al.

framework and further eliminate the need for moving time
windows, which are typically used in EWS analyses.

Here, we introduce two new methods to detect changes in a
system’s sensitivity while taking the temporal evolution of potential
forcing parameters into account and apply them to AMOC
fingerprint data, where we consider Greenland meltwater runoff,
Northern hemisphere temperatures, linear and random forcing (see
Section 3.1). Although our methods rely on estimates in moving
time windows, we focus on evaluating all possible combinations
of window lengths and locations, and examine the consistency of
results across these choices.

QOur first method,
Approximation (RMLA, Section 3.2) uses a Bayesian modeling

Running Maximum Likelihood
framework to approximate the AMOC’s response to a given
forcing in moving time windows. These approximations yield
estimates of the system’s sensitivity, where an increase can be
seen as EWS. This approach is largely based on Rypdal et al.
(2018), where equilibrium climate sensitivity is inferred from
radiative forcing and global temperature. Previous CSD-based
EWS analyses of the AMOC (Boers, 2021; Michel et al., 2022;
Ditlevsen and Ditlevsen, 2023; Ben-Yami et al., 2024; Hallali et al.,
2025) (implicitly) assume that the AMOC can be (locally)
approximated by an autoregressive process (see Sections 2 and
3.2). While we also consider such autoregressive approximations,
we further include representations as fractional Gaussian noise
(fGn) processes, which allow to capture long-range dependent
stochastic properties more accurately (Mandelbrot and Van Ness,
1968). Estimations of correlation times related to fGn processes,
notably the local Hurst exponent H, have previously been
used as EWS (Rypdal, 2016; Boers, 2018; Hummel et al., 2025).
It has further been demonstrated by Meietal. (2023) that
local Hurst exponents might offer greater robustness against
spurious external signals compared to indicators based on
variance and lag-one autocorrelation in folded bifurcation
models. This flexibility of applying different statistical models
within our framework allows for a more comprehensive analysis
of the system’s stability and its response to external forcing,
providing a more robust framework for detecting early signs
of destabilization.

Our second approach, the PARCAD method (Section 3.3) is
based on multiple parabolic approximations of the AMOC as a
function of values of the forcing parameter, namely Greenland
meltwater runoff, Northern hemisphere temperatures, and linear
forcing. Polynomial, in particular parabolic, approximations
have previously been used to anticipate abrupt transitions
2023). their
in approximating critical thresholds and underlying stable

(Ditlevsen and Ditlevsen, However, reliability
branches of climate subsystems, such as the AMOC, remains
debated (Ben-Yami et al., 2024; Cotroneietal.,, 2026). Instead
of relying on individual approximations to estimate a critical
threshold, we therefore consider families of approximations on
varying intervals to gain insight into whether the AMOC might
be approaching a TP. This further allows us to determine
stable

branch of an underlaying dynamical system (see Sections

whether AMOC proxy data could approximate a

2 and 3.3), in which case nearby intervals yield consistent
threshold estimates.
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FIGURE 1

System with a saddle-node bifurcation. Bifurcation diagram (gray)
with stable (solid lines) and unstable (dashed line) equilibria x*, as
well as example trajectory (blue) of dx(t) = [—x® 4 x 4 r(t)]ldt + o dBI(t),
where r(t) = r. t/50, such that the critical point r. = 2+/3/9 (dotted
vertical gray line) is reached at t = 50. Example values of the
sensitivity s are illustrated as the slope of the tangents (orange lines)
of the lower stable branch at two different forcing levels r

2 Mathematical background

In this study, unless specified otherwise, we hypothesize
that the system under investigation conforms to the established
theoretical framework frequently employed for CSD-based

EWSs as used by e.g, Boers (2018); Boersand Rypdal
(2021); Ditlevsen and Ditlevsen (2023); Dakosetal. (2008);
Ashwin etal. (2012); Boers (2021); Ben-Yamietal. (2024);

Myrvoll-Nilsen et al. (2025); Hummel etal. (2025). While this
might be an oversimplification for many real climate subsystems
like the AMOC, we assume that it can be modeled by a first-order
stochastic differential equation (SDE) of the form

dx(t) = (f(x) +r) dt + o dB(), (1)

where x is a scalar variable representing the state of the system,
dB(t) represents a white noise, and r is the driving control
parameter, or forcing, of the system. In most previous analyses of
EWSs, it is generally assumed that r evolves slowly and linearly with
time (Witelski and Bowen, 2015). If f(x) is a non-linear function
and if the number of zeros of f(x) + r changes with r, the system
in Equation 1 might undergo a fold bifurcation at a critical point r,
(Strogatz, 2018), which represents the “archetype” of bifurcation-
induced tipping. An example of such a system is depicted in
Figure 1, where f(x) = —x> + x. Further details on this system can
be found in Section 1.4 of Supplementary material.

It is further assumed that the system state x fluctuates around a
stable fixed point x* = f~1(—r). The equilibrium sensitivity s of x
with respect to r can then be defined as

d
dr

= ()
As such, it describes how much the system state changes in
response to changes in the forcing r = r(t). Figure 1 illustrates
that the sensitivity s to forcing r corresponds to the slope of the
tangent of the stable equilibrium x* at r. If the system has a fold
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bifurcation and approaches the critical point . along a stable
branch, the equilibrium sensitivity will increase and diverge to
infinity as r — ..

It should be noted that the critical point r, of a system does not
necessarily coincide with the point where the bifurcation manifests
in a given trajectory, i.e., where dx/dr increases steeply. Here, we
consider . to be the bifurcation point of the underlying system.
Due to inertia of a system and the influence of noise, the transition
of a trajectory between stable states can occur before or after . has
been reached, which can also be seen in Figure 1.

The idea behind the commonly used fluctuation-based EWSs
is that the statistical properties of these fluctuations change as the
control parameter r approaches the critical value r.. Linearisation
around x* yields a linear SDE, known as the Langevin SDE, for the
fluctuations Ax = x — x* around it

dAx(t) = —AAxdt 4+ o dB(t). (3)

Its solutions define an Ornstein-Uhlenbeck (OU) process with
damping parameter

A= —f ().

Applying the chain rule, we can see that A is inversely proportional
to the sensitivity s as defined in Equation 2

- dx* _1_1
“\dr s

We further note that the variance of an OU process is
proportional to the sensitivity s of the stable equilibrium x* to the
control parameter r:

2 2 g 2
o o” dx o
Var (Ax(t)) = — = — — = —=. 4
( ()) 2 2 dr 2 )

The discrete-time equivalent of an OU process, as defined
by Equation 3, is an autoregressive process of order 1 (AR(1)
process) with lag-one autocorrelation parameter p = e~*. Thus,
the sensitivity can be expressed in terms of this commonly used
EWS by

-1
S =
log(p)

While the sensitivity s can be related to the commonly used

: (5)

fluctuation-based EWSs of variance and lag-one autocorrelation
parameter (Equations 6-7), it is important to mention that its
estimation is not purely based on those fluctuations around a
stable equilibrium x*. It further does not require the (implicit)
assumption of a slow and linear increase of the forcing parameter
r, instead the temporal evolution of r = r(f) can be taken into
account. More details on how we obtain estimates of the sensitivity
s in this analysis are given in Section 3.2

3 Materials and methods
3.1 Data

As a proxy for the AMOC strength, we use the AMOC
fingerprint introduced by Ditlevsen and Ditlevsen (2023), which
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has further been analyzed by Hallali et al. (2025) and Cotronei et al.
(2026), since continuous direct observations only date back to
2004 (Smeed et al., 2014). The fingerprint is constructed from sea
surface temperature (SST) anomalies in the subpolar gyre (SPG)
region of the North Atlantic, and adjusted by subtracting twice
the global mean SST anomaly to account for polar amplification
effects under global warming. SST data has been derived from
the Hadley Center Sea Ice and Sea Surface Temperature dataset
(HadISST) (Rayner et al., 2003) and the seasonal cycle has been
removed. The fingerprint is available in monthly resolution and
spans the years 1870-2020. To ease computational costs and
to match the resolution of all considered forcing scenarios,
we use annual means from 1871 to 2020. Similar SPG-based
AMOC fingerprints (Caesar et al., 2018; Rahmstorf et al., 2015) are
commonly used and have been validated through comparisons
with direct AMOC measurements and climate model simulations,
demonstrating their utility as a proxy for AMOC strength
(Latif et al., 2004; Caesar et al., 2018; Jackson and Wood, 2020).
However, their ability to capture stability changes remains debated
and modeling studies revealed that such fingerprints may not
accurately capture variations of AMOC strength on longer,
interdecadal to centennial time scales (Little et al., 2020; Zhu et al.,
2023), potentially missing transitions between AMOC states.
While alternative AMOC proxies (e.g., based on salinity pile-
up in the South Atlantic; Zhu and Liu, 2020; Zhu etal., 2023)
exist, we focus our analysis on the SPG-based fingerprint to
facilitate comparison with previous EWS and stability analyses of
the AMOC.

In order to compare our results with previous EWS analyses
of the AMOC, we consider a linear forcing scenario, which
corresponds to a linear increase in the time unit, ie., the years
1871-2020.

To account for a potential freshwater driver of the AMOC, we
regard yearly forcing proportional to the cumulative surface
melt in Central West Greenland (CWG), which yields a
proxy for integrated meltwater runoff. We consider the
integrated Central West Greenland surface melt (ICWG)
as the cumulative sum over the CWG melt stack derived
from ice cores by Truseletal. (2018), which is available
until 2013.

Greenland meltwater runoff contributes to the -effective
freshwater flux, which is broadly considered as realistic forcing
for the AMOC (Rahmstorf et al., 2005; Hofmann and Rahmstorf,
2009). However, other components of the freshwater budget, such
as river discharge or changes in precipitation patterns, are not
considered in this study.

Furthermore, we employ the annually averaged Northern
Hemisphere mean near-surface temperature anomalies relative to
1961-1990 (NH NST) of the Met Office Hadley Center/Climatic
Research Unit data set (HADCRUT5.0.2.0) (Morice et al., 2021) as
temperature forcing. The resulting temperature anomalies display
a relatively high interannual variability, compared to the linear and
runoff-based forcing time series. To capture long-term temperature
evolution, rather than internal climate variability, we therefore
primarily focus our analysis with the PARCAD approach to a
smoothed version of NH NST, obtained by applying a Butterworth
lowpass filter of order four with a cutoff at 20 years to the
annual averages.
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Global mean temperature (GMT) has previously been proposed
as temperature forcing for AMOC stability analyses (Boers, 2021).
Since Northern Hemisphere temperatures are more directly related
to freshening of the North Atlantic than GMT, we choose
NH NST as a general proxy for anthropogenic global warming
instead.

The SPG-based AMOC fingerprint and the different forcing
scenarios are depicted in Figure 2.

For the RMLA approach, we additionally consider a random
forcing scenario, for which we construct an artificial time series
consisting of n = 150 independent and identically distributed (iid)
samples from a standard normal distribution, denoted as random
or iid Gaussian forcing in the following (not shown in Figure 2).

While such random forcing does not represent any known
physical driver of the AMOC, and is not used to quantify
uncertainty of the method, it provides an alternative to the
assumption of a linearly increasing forcing parameter, where
forcing mechanisms are unknown or cannot be easily quantified by
a single parameter.

We further note that we use normalised forcing for this
approach obtained as (r — 7)/o,, where 7 and o, denote the mean
and standard deviation of the respective forcing time series r.

3.2 Sensitivity changes as ENS—The RMLA
method

To capture a variable’s sensitivity to a control parameter over
time, while accounting for both the system state and the noise
evolution, we apply Running Maximum Likelihood Approximation
(RMLA). The underlying assumption behind this approach is that a
variable’s sensitivity to a control parameter can be estimated locally
in time by approximating the variable’s response by linear response
and applying maximum-likelihood methods.

We consider a stationary Gaussian random process of the form

x(t) = /OO G(t — s)(r(s)ds + o dB(s)), (6)

—00

where G(t) is the Green’s function to a given deterministic forcing
r(t) and random white-noise forcing represented by dB(t). In the
following, we denote X(t) = [ _oooo G(t — s)r(s)ds the deterministic
termand Y(t) = o ffooo G(t — s)dB(s) the stochastic term.

For any Green’s function G(t) = g(t)©(t), where g(t) defines
the response function, and ®(¢) is the unit step function, a variable’s
sensitivity s to changes in the control parameter r can be expressed
as

s = /Ooog(t)dt. (7)

Overall, we follow the approach of Rypdal et al. (2018), which
we apply in running windows to obtain a temporal evolution of
sensitivity changes. We estimate parameters 6 of the response
function g of an appropriate form to fit a “simple” model
to given data x, forcing r, and (additive) noise structure in
moving time windows. As such, this approach allows to capture
changes in response and thus sensitivity to linear and non-linear
forcing.

Frontiersin Climate

10.3389/fclim.2026.1826661

While one could consider a wide range of possible Green’s
functions G(t) = g(t)®(t) in Equation 8, we constrain our choice
to two different cases here.

An exponential response g(t) = e~ yields the integral solution
for the linear SDE

dx(t) = (—Ax(t) + r(t))dt + o dB(1). (8)

The corresponding stochastic term of Equation 10 describes an OU
process, whose discrete-time analogue is an AR(1) process with
lag-one autocorrelation parameter p = e~*. Its sensitivity can be
obtained from Equation 9 and is given by

o 1 w1 -1
s=/ e Mdt=lim —(1—e M) === . 9)
0 t—>00 A A log(p)
B/2-1
Using a power law response model g(t) = (ﬁ) does not

define a SDE. Regardless, the stochastic component of Equation 8,

ie.,
t t— s\ P21
Y(t):/ ( ) dB(s) (10)
—o0 123
yields the definition of fractional Gaussian noise (fGn)
process (Mandelbrot and Van Ness, 1968) [see appendix of

Rypdal and Rypdal (2014)]. It has previously been shown that
the corresponding deterministic component yields an accurate
description of the Earth’s temperature response to known
deterministic forcing (Rypdal and Rypdal, 2014; Rypdaletal,
2018). For more details on the motivation behind this approach,
see Rypdal and Rypdal (2014) and Rypdaletal. (2018). The
parameter B in Equation 12 can be related to the Hurst exponent
H associated with f{Gn by § = 2H — 1. Local estimates of H
in time yield a description of the evolution of correlation times
and have been used as EWSs before (Rypdal, 2016; Boers, 2018;
Hummel et al., 2025). In this case, the sensitivity diverges s — oo
reflecting the long-range dependence of the fractional Gaussian
noise process.

Using moving time windows, we fit f{Gn and AR(1) processes
with given forcing to each subinterval of the AMOC fingerprint
time series, applying a Bayesian modeling framework to obtain
time series of the sensitivity estimates s. This is done for window
lengths w = 3,4,...,nyears and each window containing w
data points centered at their mid-point individually, where n
denotes the length of the AMOC and forcing series x(t) and
r(t) considered (i.e., n = 150 years for linear, temperature and

143 years for iCWG). To constrain
computational costs due to the high number of windows, we

random forcing, and n =

perform Bayesian inference using the R package INLA.climate
(Myrvoll-Nilsen et al., 2020). This approach fits a Bayesian model
to obtain posterior marginal distributions 7 (6;|x) of the model
(61,6,,03,04) associated with the fGn and
AR(1) process, given the data x and the forcing component r.

parameters 0 =

Thereby computational efficiency is improved in two ways. First,
Bayesian inference is obtained using the methodology of integrated
nested Laplace approximations (INLA) (Rue etal., 2009, 2017),
which provides a computationally superior alternative to traditional
Markov chain Monte Carlo (MCMC) methods (Robert and Casella,
1999). Instead of obtaining the posterior distributions by sampling,
INLA approximates these using efficient numerical algorithms.
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AMOC frgerprint
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FIGURE 2

annual mean (gray) representing temperature forcing.

(8)

D)

AMOC proxy (A) and forcing scenarios (B—D). (A) Annual mean (dark red) of the AMOC fingerprint as proposed by Ditlevsen and Ditlevsen (2023) (light
red) used as system state proxy x. (B) Linear trend corresponding to the years 1871-2020 providing linear forcing. (C) Integrated Central West
Greenland surface melt (iCWG, based on Trusel et al. (2018)) used as proxy for integrated meltwater runoff. (D) Northern Hemisphere mean
near-surface temperature anomalies (NH NST, light blue) obtained from HADCRUT5 (Morice et al., 2021), its annual mean (dark blue), and filtered

Foreing: Linear {vear)

— Year

1330 1300 1320 1840 1663 1683 a0 020

Forcing: Northarn Hemisphere near-surfacs temparaturs

—— NHNST {@anLa masn)
—— NHNST fifaras anrial mean)
NH NS

Ternperztare ancely

1330 1900 1320 1840

Yeut

2000 2020

Second, the fractional Gaussian noise is approximated using a
weighted sum of four AR(1) processes, where the weights b; and lag-
one autocorrelation parameters p; are selected to best reproduce the
target autocorrelation function of the fGn process (Serbye and Rue,
2018, 2019). This reduces the computational time from O(rn®)
to O(n) and yields very similar results compared to a direct
implementation of fGn (Serbye and Rue, 2018). We note that we
use the direct representation (Serbye and Rue, 2017) to compare
how well the different response models and forcing scenarios fit the
AMOOC data, since the quadruple number of latent variables leads
to a biased estimation of the marginal log-likelihood log 7 (x) .

The INLA framework provides posterior marginal means and
95% credible intervals for the parameters 6 of the stochastic
model, including the autocorrelation parameter p and Hurst
exponent H of the AR(1) and fGn processes, respectively. For the
AR(1) process, we calculate the posterior distributions 7 (s|x) of
the sensitivities s by Monte Carlo sampling with n = 10,000
samples from the posterior distributions of the autocorrelation
parameter 7 (p|x) and Equation 11. Using the representation of
4 AR(1) processes,
we sample from the posterior distribution 7 (H|x) and use the

the fGn model as a superposition of m

mapping {b;(H), p;(H)}"; of weights and lag-one autocorrelation
parameters to obtain estimates of the sensitivity given by

m

s:s(H):Z

i=1

bi(H)
—log(pi(H))’

For a detailed description on how AR(1) and fGn processes
are represented within the INLA.climate framework, see
Myrvoll-Nilsen et al. (2020).

The resulting time series of the mean sensitivity can give an
indication whether the AMOC became more or less sensitive to
the different forcing evolutions over the given time period and
are presented in Section 4.1.2, where we focus on window sizes
w > 30 years. All time series, including shorter windows, can
be found in Section 2 of Supplementary material. We note that
the parameters p and H of the respective processes yield EWS
indicators themselves. Time series of their posterior marginal
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means can be found in Supplementary Figures S6-S9. However, we
focus our analysis on the sensitivity of the AMOC.

We note that shorter windows yield longer sensitivity time
series and can therefore give more information on recent changes.
Nevertheless, those estimates might be uncertain because sensitivity
is measured from only few data and forcing values. Longer
windows on the other hand might yield more reliable sensitivity
estimates, whereas they don’t provide information about very
recent evolutions.

For each of the tested window lengths w = 3,4, ..., n years, we
evaluate whether the resulting sensitivity s; = (sy;,$y,,...sy,) has
increased, where y1, .. ., y, represent the years spanned by a given
window length w, i.e., the mid-points of the time windows. To do
so, we estimate the quantile of the mean sensitivity s, in the final
year y, within the distribution of sensitivities s, in year y;. Thus,
we calculate

p = PGy, > sy).

We denote an increase to be significant if p > 0.95. Further, we
associate the calculated value of p with the final year y, of the
estimated sensitivities sy, ., . Figure 3 depicts this procedure and
the corresponding results are shown in Section 4.1.2.

3.3 Multiple parabolic
approximations—The PARCAD method

As an alternative approach to discern changes in a system’s
sensitivity to a control parameter, we approximate the time series
of the system’s state proxy x; = x(t), where t = 1,2,...,n,
by polynomials of order two. In contrast to traditional EWSs for
abrupt transitions and our RMLA method, fluctuations around an
equilibrium state are not directly taken into account. Given x; and
estimates of the evolution of the control parameter r, = r(t), t =
1,...,n, we fit parabolas

P,y(r) =co+clr+czr2, ref{re,....rn} (11)
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FIGURE 3

Sketch of how the probability of a sensitivity increase is calculated within the RMLA method. (A) Example time series of estimated marginal mean
sensitivity s (bold lines) and corresponding 95% confidence intervals (shaded bands) for two selected window lengths (w = 65 years ranging from

y1 = 1881 to y, = 2004 in orange, and w = 20 years from y; = 1903 to y, = 1981 in blue). The corresponding marginal distributions of the sensitivity
in the first year y1 of the estimates are shown in the inset histograms. The probability of sensitivity increase p = P(s,, > s,,) is calculated as the
quantile of mean sensitivity in the last year 5, within the marginal distribution of s, and marked with dots and indicated values of p for each window
length. (B) Values of p (orange and blue horizontal lines) are associated with the respective final year of estimation y,, for each window size w (vertical
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lines) and illustrated by the corresponding dots. Red and blue shaded areas indicate increases and decreases of s, i.e, p > 0.5and p < 0.5,
respectively. The probability of a sensitivity increase is considered significant if p > 0.95. The thresholds for increasing and significantly increasing
sensitivity are shown by gray horizontal lines.
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b/s between the estimated critical point rab

within the interval [a, b] and the last forcing value within the interval rp, where the distances |da | < 5 are smaller than the thresholds ¢ = 0.001 (A) and
& = 0.005 (B), respectively. (C) and (D) PARCAD-N score time series (orange line) with 95% conﬁdence interval (orange band). The number of possible
approximation intervals (blue) represents possible maximum values of PARCAD-N. N score values larger than 50% of intervals (green) are deemed
considerable. (E) and (F) Pearson correlation coefficient PCC,, between state proxy x; and its parabolic approximation on [a, b]. Both systems are
forced by a linear driver and analyzed until the bifurcation point of the non-linear system is reached (0 < r < r.). Further details and illustrations of the
analyzed time series are given in Supplementary material (see Section 1.4, Supplementary Figures S1A, S2A therein).
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to the data A, = {(r,xx) :a@ < k < b} using linear regression for
all segments 1 <a < b < n.

For intervals [a, b] containing at least three unique values, the
vertex, or critical point, of each parabola P, ;(r)
pab = _ L (12)

2¢;
yields an estimate of the critical point . of the dynamical system.
Considering all possible segments 1 < a < b < n, we obtain a
family of estimates of r. using Equation 16.

For systems with a critical transition and increasing control
parameter r, many estimation intervals [a,b] preceding and
sufficiently close to r. are expected to yield similar estimates
%0 In other words, they agree on the presence of an upcoming
close transition. Approaching ., we further expect those transition
estimates to be arbitrarily close to 3, thus

a2, = |?’?’h —rpl <& &>0. (13)

For our analysis of the AMOC, we apply the tolerances ¢ =
10 years when considering the linear yearly forcing, ¢ = 1 a.u. for
meltwater runoff, and ¢ = 0.1 °C for NH temperature forcing,
in Equations 17-19, respectively. More details on the underlying
assumptions, and the choice of threshold parameters ¢ can be found
in Sections 1.1 and 1.2.3 of Supplementary material.

We define the PARabolic Critical Approximation Distance
(PARCAD) matrix

1, ra<r, and |d2“)b| <e€

PARCAD = [parcad, ;] = . (14)

0, otherwise

Since estimation intervals with end point r;, sufficiently close to r,
are expected to yield similar estimates 7% close to r;, we expect to
observe vertical patterns of ones in the PARCAD matrix of a system
with a critical transition.

For a fixed tolerance ¢ > 0, we further denote the PARCAD-N
score as

PARCAD-N = n, = ) " parcad, ;, = [{ro:|d,| < e}l.  (15)
a

In other words, for each interval end point r;,, we count the number
of initial points r, for which |d§b| is at most the tolerance. The
PARCAD-N score yields an additional measure of the system’s
non-linearity. If the number of intervals indicating an upcoming
transition is close to the total number of points of the time series
X1,. .., Xp, 1.€., the number of possible approximation intervals with
end point ry,, we consider a value n, in PARCAD-N to indicate a
potential upcoming transition. As a rough threshold, we require
np to surpass at least 50% of the number of available points for
values in PARCAD-N to be deemed considerable. To further test for
significance of PARCAD-N results, we generate 10 000 surrogates
by randomly permuting x; and obtain distributions of ny, values at
each time step. We consider a value to be significant if it lies above
the 95% confidence interval of the respective surrogate distribution.

As ameasure of how well the data is approximated by a parabola
within an interval, we calculate the Pearson correlation coefficient
between the state space proxy x; and its parabolic approximations
(Equation 15) for all approximation intervals [a, b]

PCC,p = Cor(xg, . ..,xp; Pyp(r)). (16)
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We consider high positive values to be an indication that the
state space proxy and its parabolic approximation share similar
characteristics, particularly the presence of a critical point r. and
increasing sensitivity as r. is approached.

Examples of PARCAD matrices (Equation 18), the PARCAD-
N score (Equation 19) and correlation coefficients (Equation 20)
are depicted for a system without critical transition in Figure 4A,
D, E, and a system including a critical transition in Figure 4B, D,
F, respectively, where the forcing parameter r increases linearly.
Further details on the PARCAD method are provided in Section
1 of Supplementary material.

4 Results
4.1 RMLA

4.1.1 Model fit

To compare how well the AR(1) and fGn responses
to the different forcing scenarios fit the AMOC data, we
calculate the marginal log-likelihood (log (x), MLIK), deviance
information criterion (DIC, Schwarz, 1978; Spiegelhalter et al.,
2002), Watanabe-Akaike (WAIC,
Watanabe and Opper, 2010), as well as the log pseudo marginal
likelihood (LPML, Ibrahim etal., 2001). The latter is calculated
as the logarithmic sum of conditional predictive ordinates (CPO,
Pettit, 1990) for each model fit. We note that lower values of
DIC and WAIC, as well as higher values of MLIK and LPML
indicate a better model fit. The resulting values can be found in

information  criterion

Supplementary Table S1. Due to computational reasons, we only
consider fits of the entire AMOC time series. The corresponding
deterministic responses, as well as exemplary stochastic responses
are shown in Figure 5.

While DIC, WAIC, and LPML are comparable between our
AR(1) and fGn approximations for each forcing scenario, and
the differences between the forcing scenarios are too small to be
decisive (see Supplementary Table S1), we observe clear differences
between the statistical models considering the marginal log-
likelihood.

To interpret the differences in MLIK, we further consider
the Bayes factor B;; = P(D|M;)/P(D|M;), where P(D|M) is
the marginal likelihood of a model M (i.e., choice of statistical
model and forcing scenario), given the (AMOC) data D. Using
the obtained marginal log-likelihoods MLIK = log (P(D|M)), we
calculate

2log (B,-)j) = 2log (P(D|M;)) — 2log (P(D|Mj)),

and follow the suggested interpretation of 2log(B;;) by
Kass and Raftery (1995), which is depicted in Figure 6.

Figure 6 reveals strong evidence for an AR(1) fit with
linear forcing over all other fits, where this evidence can
be seen as very strong, when compared to AR(1) responses
with random and freshwater forcing. We see a very strong
indication against the latter two in comparison to most other
response and forcing combinations, with the exception of the
fitted fGn response to random forcing, where strong evidence
is found. Comparing the different response models for a given
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(B, F), temperature (C, G) and random forcing (D, H), respectively. The AMOC fingerprint (gray dots) is approximated by the stochastic responses
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forcing, we observe strong indication that an AR(1) model
yields a better fit than an fGn process. For freshwater and
random forcing, the Bayes factor indicates very strong and
strong preference of an fGn response, respectively. Analyses
of marginal log-likelohod and the corresponding Bayes factor
don’t reveal any indication which response fits the AMOC best,
when temperature is modeled as the dominant driver. Regardless
of response function, our Bayes factor analysis suggests that
the “classical” linear forcing scenario seems to best represent
the data.

Even though a visual interpretation of how well a model fits
might be misleading, we see in Figure 5 that the deterministic
responses of the two models with the lowest Bayes factors [AR(1)
response to runoff and random forcing, panels (Figure 5B, 5D),
respectively] do not align closely with the AMOC fingerprint
data. This also applies to the deterministic fGn response to
the former (Figure5F) and to Gaussian noise to a lesser
extent [panel Figure 5H]. In those cases, the AMOC variability
can be explained by noise to a large degree, whereas it
appears to be strongly determined by the AR(1) and fGn
responses to linear and temperature forcing scenarios, where
their respective deterministic fits closely follow the AMOC
data (Figure 5A, C, E, G). Nevertheless, we cannot confirm
or deny the viability of a model based on such a visual
inspection as a strong influence of noise, or processes not
included in our rather simple statistical models, can not
be excluded.
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4.1.2 AMOC sensitivity

Since sensitivity estimates obtained in short windows might not
yield enough data for a reliable sensitivity estimation, we focus this
analysis of AMOC sensitivity on longer time scales and omit results
for window sizes < 30 years here. This choice is further motivated
by the AMOCs intrinsic timescales of multidecadal variability and
centennial collapse. Results including all available window lengths
> 3 years are depicted in Supplementary Figures S3-S5 in Section 2
of Supplementary material, where results relying on short windows
are further described.

The temporal evolutions of the mean AR(1) and fGn sensitivity
to the four forcing scenarios (linear, runoff, temperature and
random) for all available window lengths > 30 years are depicted
in Figures 7, 8, respectively. Regarding the average sensitivity
assuming an AR(1) response, we observe increases for comparably
short window lengths (ca. 30-50 years) between 1980 and 2000
for all drivers considered. Nevertheless, they appear to be less
pronounced for the random forcing scenario. We further observe
earlier increases when the model is forced by iCWG for longer
windows. The temporal shifts of those might be explained by the
use of centered running time windows.

We note the expected sensitivity values observed in the
autoregressive processes are generally higher than those for the
fGn-based models. Nevertheless, this should not be taken as a sign
of increased destabilization, as s — oo for a system approaching
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a bifurcation. Thus, we are rather interested in (relative) increases
of s.

Considering the individual time series of average sensitivity
applying an fGn response model (Figure 8), we see increases in
all forcing scenarios for most time window sizes. Nevertheless,
these seem to occur much earlier than for their AR(1) equivalents
described above. Here, the highest (mean) sensitivity is reached
in the mid-20th century for very long time windows. Slightly
shorter windows, which where seen to peak in the late 20th century
assuming an AR(1) response, also peak at this time for all forcing
scenarios, with the exception of iCWG, where a decrease following
the peak can be seen.

From Figures 7, 8, we see that temporal evolutions of mean
sensitivity s vary strongly across forcing scenarios, response models
and window size. While these time series can give a first indication
on how sensitivity changes over time, and can thus give insight
whether the AMOC might be destabilizing, they do not take the
entire distribution of s into account. We therefore focus on the
probability of an increased sensitivity utilising those distributions
as described in Section 3.2 and visualised in Figure 3. They are
depicted assuming an AR(1) and fGn response in Figure 9A, B,
respectively.

Considering an AR(1) response, we see that there seems to be
a significant sensitivity increase for most window lengths, when
temperature forcing is considered (Figure 9A). In other words, we

Frontiers in Climate

observe significantly increased sensitivity between approximately
1955 and 2005. Looking at runoff forcing, using iCWG data, we
observe significantly increased sensitivity between approximately
1985 and 1998. sFor random forcing, the same can be observed
for most years (and window sizes) between ca. 1995 and 2003.
Even though we see an increase in s in later years, this does
not appear to be significant. Assuming a linear driver, only very
few significant increases have been found, which primarily occur
after 2010 and correspond to very short window lengths (w <
20 years, see Supplementary Figure S3. Furthermore, there are large
fluctuations in the probability of an increase in sensitivity, starting
in the 1900s. From then on, the probability varies between low
to very low values and estimates close to 1 within as little as one
year. In other words: by slightly changing window lengths shorter
than 60 years by merely a few, in some cases (w < 40) just
one year, we alternate between detecting a significant increase and
observing a decrease in sensitivity. We are thus hesitant to interpret
the observed significant sensitivity increases, where linear forcing
has been considered, as early warning signals, or indicators of an
ongoing destabilization, as they seem to be highly dependent on
window size.

Generally, we seem to observe a higher probability of increasing
sensitivity using an fGn response than for an AR(1) response,
whereas only few window lengths and forcing scenarios yield a
decrease in s (Figure 9B).
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FIGURE 7
Temporal evolution of mean AMOC sensitivity obtained from AR(1) responses to linear (A), meltwater runoff (B), temperature (C), and random forcing
(D), respectively, using all available window lengths w > 30 years (colors). AR(1) models have been fitted within each time window individually to
obtain distributions of sensitivity s, whose means E(s) are shown at the windows" mid-point. Note the logarithmic scale of the y-axis.
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Temporal evolution of mean AMOC sensitivity obtained from fGn responses to linear (A), meltwater runoff (B), temperature (C), and random forcing
(D), respectively, using all available window lengths w > 30 years (colors). f{Gn models have been fitted within each time window individually to obtain
distributions of sensitivity s, whose means E(s) are shown at the windows’ mid-point. Note the logarithmic scale of the y-axis.
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FIGURE 9
Probability of a sensitivity increase considering AR(1) (A) and fGn responses (B) to linear (blue), meltwater runoff (yellow), temperature (green) and
random forcing (red), respectively. The probability p = P(S,, > s,,) is obtained for each window length w > 30 years and associated with the final year
yn of the corresponding sensitivity estimates, following the scheme shown in Figure 3. Note that for a given final year, window sizes differ between
iCWG and other forcing scenarios due to its shorter length. The corresponding window lengths are shown in gray and yellow, respectively. Increases
(decreases) of s are indicated by pale red (blue) shaded areas. Significant increases p > 0.95 are underlaid in red above the significance threshold
(black horizontal line).

When considering linear forcing, we see significant sensitivity
increases for individual years starting in the 1950s, which are
consistently significant between 2000 and 2005. The probability of
such an increase remains high and close to the significance level
between 1950 and 2005.

For runoff forcing, we observe significantly increases in
sensitivity between ca. 1962 and 1983. After this time period,
the probability of a sensitivity increase decreases and despite an
increase from 1900 is not found to be significant for the time
windows > 30 years considered here.

For the temperature forcing scenario, we find this probability
to be significant between 1970 and 1987, as well as from 1998
to 2005.

Assuming an fGn response to a random driver, we observe most
significant probabilities of increasing sensitivity, notably until 1971
to 1990, and until the time period between 1995 and 2005.
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4.2 PARCAD

Applying our method of multiple parabolic approximations, we
find little evidence for the proximity of the AMOC to a critical
threshold. Looking at the PARCAD matrix for the linear forcing
scenario (Figure 10A) we see a vertical pattern toward the end
of the AMOC fingerprint time series in the 21st century, similar
to the one observed in Figure 4B for a system approaching a
critical transition, indicating that the AMOC might approach such
a transition. We further see that the corresponding PARCAD-
N score (Figure 10D) becomes significant (i.e., exceeds the 95%
confidence interval) close to 2020. This indicates that the mean
AMOC state seems to change in response to linear forcing.
Nevertheless, we note that the PARCAD-N score remains low
and not considerable: less than half the considered estimation
intervals indicate a close transition. Hence, we do not find
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estimation intervals [a, b].
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clear indication that the AMOC might be close to a critical
threshold.

In contrast to that, we cannot identify similar vertical patterns
close to present day in the PARCAD matrix, when Greenland runoft
is considered as forcing (Figure 10B). In this case, the PARCAD-N
score yields higher values than for linear forcing, where the 50%
threshold to be deemed considerable is only marginally exceeded
for single years in the 1950s (Figure 10E). Furthermore, we see no
significant changes of PARCAD N. This rather indicates that the
observed dynamics are externally driven, with little evidence to
support the presence of intrinsic system behavior contributing to
those changes. Additionally, we observe very low values, close to
zero, approaching 2020.

Assuming a temperature driver, however, yields clear vertical
patterns in the PARCAD matrix, which are especially pronounced
in the 1970s (Figure 10C). We observe steep increases in
the N score around 1950, and again, after a decrease in
the 1960s, in the 1970s (Figure 10F). This is followed by a
sharp decrease in 1980. Toward the end of either increase,
we see that this indicator becomes significant. PARCAD-N
between 1950 and 1980 and
reach their maximal value right before their decrease in 1980.
When comparing PARCAD-N to the corresponding correlation
coefficients, we see that the peak of N score values coincides
with a decrease in PCC,; during the 1970s. Before and after
this time period, the N score remains low and decreases to
values close to zero throughout the 21st century. Nevertheless,

score values are considerable
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it was found to be significant between approximately 1990 and
2003.

We note that those results differ greatly when annual means
of NH NST are considered, where no filtering has been applied
to smoothen the temperature time series. In this case, we cannot
identify clear vertical patterns in the PARCAD matrix. Even
though the N score can be deemed considerable for many years
between 1950 and 1990, it was found to fluctuates a lot. These
fluctuations appear to mirror the high interannual variability of
NH NST itself. Hence, changes in PARCAD-N might represent
internal climate variability and can not be interpreted as a sign of

destabilization.
A comparison between PARCAD  results using
filtered and unfiltered temperature forcing is shown in

Supplementary Figure S10 of the Supplementary material.
Moreover, we detect relatively low correlation between the
AMOC fingerprint and its parabolic approximations across
all cases (Figure 10G-I), particularly for the runoff forcing
(where PCC,, 0.3). While we generally find higher
correlation in the linear forcing case than in the non-linear

<

ones, the values remain comparably low and do not exceed
0.8.

This suggests that the given data represents phenomena
too complex to be adequately captured by a one-dimensional
ODE or parabolic approximations. The low correlation values
further highlight the potential need for higher-dimensional
models or more sophisticated analytical frameworks to fully
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capture the intricacies of the AMOC’ response to different
potential drivers.

5 Discussion
5.1 Key findings

This study introduces two novel methods, RMLA and
PARCAD, to assess whether the AMOC might be destabilizing
and approaching a potential collapse. These methods incorporate
non-linear and physically motivated forcing scenarios, such as
Northern Hemisphere temperature and Greenland meltwater
runoff, which contrast with the linear forcing assumptions
commonly used in previous studies (Boers, 2021; Ben-Yami et al.,
2023; Ditlevsen and Ditlevsen, 2023). By explicitly considering
non-linear drivers, our approach provides a more flexible,
potentially more representative, model of AMOC dynamics
and highlights the importance of accounting for the complex
interactions between potential drivers, such as atmospheric
temperature, freshwater fluxes, and the AMOC.

Using the RMLA method, we found that the linear AR(1) model
emerged as the “best” based on Bayes factor analysis. While this
might be seen as an indication that classical CSD-based EWSs could
provide a valid approach to analyse AMOC destabilization, other
evaluation criteria provided no clear support for this conclusion,
and alternative response functions or forcing scenarios might yield
equally good or better fits.

This underscores the challenge of identifying a “best” or
“realistic model representation. Significant increases in sensitivity
s were observed across all forcing scenarios and response models,
of which the majority were found after 1970, and in all but one
case around the year 2000. These results are in line with multiple
independent lines of evidence, from models and observations,
for a weakening of the AMOC, characterized by significant
changes in AMOC mean state and variability during the late
20th century (Zhu and Liu, 2020; Zhu et al., 2023; Coquereau et al.,
2026). However, our results varied substantially depending on the
chosen model, forcing, and length of time window. Even though
this ensemble of sensitivity estimates yields mixed results when
considered as a whole, these findings do not stand in direct contrast
to previously found EWSs in observational AMOC fingerprints
(Boers, 2021; Ditlevsen and Ditlevsen, 2023; Hallali et al., 2025),
and should not be seen as an “all-clear” signal. Instead, they
highlight that small changes in methodological choices, such as
window size, can change the conclusions from EWS analyses, which
raises questions about the reliability of EWSs for abrupt transitions.

Significant increases in the PARCAD-N score under linear
forcing suggest that recent AMOC changes were driven by an
increase in a linear driver, consistent with prior studies (e.g.,
Boers, 2021; Ditlevsen and Ditlevsen, 2023; Hallali et al.,, 2025).
However, the consistently low values of this indicator reveal no
evidence of an imminent AMOC collapse. We further found no
indication in PARCAD-N for a destabilization when the runoff
forcing scenarios has been considered. Once again, these results
can not be interpreted as an indication for a stable AMOC. In
contrast to that, we found clear increases to high, considerable,
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and in part significant values of the N score in the second half
of the 20th century, followed by a drop to lower values from
1980, which continued to decrease, despite being significant before
the turn of the century. While this might be seen as a sign that
the AMOC could have already passed a critical threshold around
1980, which aligns with previous results on significant AMOC
changes in that time period (Zhu and Liu, 2020; Zhu et al., 2023;
Coquereau et al., 2026), we simultaneously observe a maximal N
score and a decrease in correlation. It is thus highly uncertain
whether the parabolic approximations underlying the PARCAD-N
score are reliable, which questions the validity of the apparent EWS
observed here. Hence, a false warning cannot be ruled out. Low
correlation values generally indicate a poor parabolic fit between all
forcing time series, especially iCWG, and the AMOC fingerprint.
Such low correlation might further be explained by the use of
relatively short approximation intervals, as low correlation values
for shorter intervals were also found for conceptual systems (see
Figure 4E, F). Low correlation there, especially close to the diagonal
of the matrices, i.e., as a — b, indicate that approximately 100-150
data points are required for reliable polynomial fits. The analyzed
AMOC fingerprint, however, only spans 150 years, which primarily
allows for considerably shorter estimation intervals, which appear
to be dominated by noise. This is in accordance with previous
findings by Cotronei et al. (2026), where it has been shown that the
variability of the AMOC fingerprint prevents reliable polynomial
approximations. Our results further highlight the complexity gap
between highly complex and multi-dimensional climate (sub-
)systems, like the AMOC, and one-dimensional models providing
the backbone of EWS analyses.

A recent study (Ritchie et al., 2021) suggests that the critical
threshold of the AMOC, and other slow-onset tipping elements,
might be temporarily exceeded (“overshot”) without triggering an
abrupt state transition under the current high rates of warming.
This phenomenon is closely related to rate-induced tipping
(Ashwin et al., 2012). It has been shown that an overshoot due to
different timescales of a system and its control parameters typically
leads to detection of CSD after the critical threshold has been passed
(Ritchie et al., 2023; Radhakrishnan et al., 2025). Furthermore, it
cannot be ruled out that random perturbations might lead to
state transitions before the critical point of a system has been
reached (noise-induced tipping), which cannot be captured by
CSD-based EWSs. Alternative approaches (e.g., Ritchie et al., 2023;
Huang et al., 2024) have been developed to foresee and predict
rate- and noise-induced tipping. The approaches presented here
are designed to detect stability changes prior to bifurcation-
induced transitions and might not be readily applicable to systems
undergoing rate-induced tipping. However, directly including non-
linear forcing scenarios into our RMLA approach allows us to
estimate the AMOC’s sensitivity to a given control parameter,
which, e.g., in the case of runoff forcing, changes on a faster
timescale than the AMOC fingerprint.

To obtain reliable EWS prior to rate-induced transitions with
the PARCAD methods, its assumptions, such as closeness of
the AMOC fingerprint to an underlying stable branch of the
system, should be fulfilled. PARCAD relies on multiple estimations
of the bifurcation point and we expect significant high values
in the N score to occur before a critical point in forcing has
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been reached. Late-onset tipping could therefore be reflected
by a decreased N score once the bifurcation point has been
passed. While such behavior has been observed for the AMOC
with temperature forcing, we do not necessarily interpret this
as an indication of having overshot a critical transition in the
late 1970s, as low correlation coefficients indicate rather poor
parabolic approximations.

Our
complementary tools adds breadth to the current understanding
of AMOC stability by demonstrating the sensitivity of EWSs
to assumptions about forcing scenarios, response models, and

analysis of multiple forcing scenarios via two

evaluation criteria. Our results suggest that incorporating non-
linear forcing scenarios and alternative approaches can provide
a more nuanced perspective on possible tipping dynamics of the
AMOOC. This emphasizes the importance of methodological rigor
and the need to account for the inherent complexity of the system.
Moreover, we highlight that the robustness of EWS analyses
is crucial for their interpretation, as it ensures the reliability
and credibility of the results. It is thus imperative to avoid a
selective presentation of only the most favorable results. Such
“cherry-picking” can lead to biased conclusions and undermine the
integrity of analyses. Finally, our findings underscore that multiple
avenues of validation are required to draw reliable conclusions
about the stability of potential TEs.

5.2 Limitations

While our methods represent a step forward, they are
not without limitations. Similar to other commonly used EWS
approaches, both RMLA and PARCAD rely on good model and
polynomial fits, respectively, of the AMOC fingerprint, i.e., the
assumed state variable, and forcing data, which may not always
be achievable given the complexity of the system. However, the
precise fit of a statistical model within the RMLA framework does
not imply that the given model accurately describes the underlying
system dynamics. To ensure reliable results within the PARCAD
approach, the observed state, here the AMOC fingerprint, should
remain close to its equilibrium state. Unfortunately, this cannot
be easily verified for the highly complex dynamics of the
AMOC. However, this is counter-indicated by the low correlation
coefficients PCC, , observed for both linear and non-linear forcing
scenarios. The observed low correlation might further be attributed
to the use of relatively short approximation intervals, whose lengths
are constrained by the relatively short AMOC and forcing proxy
time series. Moreover, PARCAD requires data with a relatively low
signal-to-noise-ratio, which might be obtained by smoothing the
data.

The integration of forcing time series, while still a
simplification, allows us to focus on dominant drivers like
temperature and Greenland meltwater runoff. However, our
approaches do not capture the full range of complex and
interacting processes that could contribute to an AMOC collapse,
which are themselves affected by anthropogenic climate change
(Stommel, 1961; Rahmstorf, 1995; Hawkins et al., 2011; Liu et al.,
2017; Weijer etal.,, 2019; Gongetal., 2022). Additionally, the
one-dimensional time series data, both describing the TE and its
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forcing, are assumed to accurately represent complex, spatially
extended systems, which is certainly a simplification. The time
series under investigation should further be suitable for EWS
analyses: long enough to capture the dynamics on relevant time
scales, spanning the time period of interest, without large data gaps
and not dominated by noise. Unfortunately, such data is not always
available and direct observations are often too short to observe
relevant dynamics driving stability changes. For instance, suitable
direct observations of AMOC strength are only available from
2004 (Smeed et al., 2014). Instead, it is common practice to use
proxies (“fingerprints”), such as the AMOC fingerprint analysed
here. While such SPG-based fingerprints are commonly used and
they were found to be sensitive to stability changes (Menary et al.,
2015; Sunetal.,, 2021; Swingedouw etal., 2022; Ben-Yami et al,,
2023), their use as AMOC proxy is debated (Little et al., 2020;
Zhu etal., 2023) and alternative proxies have been developed
(e.g., Zhu and Liu, 2020; Zhu et al., 2023). Ben-Yami et al. (2024)
highlight that uncertainties in such proxy datasets can lead to large
uncertainties in the estimation of future tipping times and we
cannot rule out that data uncertainties of the applied forcing data
could lead to even greater uncertainties regarding the stability of
the AMOC.

Effective
forcing parameter for the AMOC

considered a realistic
(Rahmstorf et al.,, 2005;
Hofmann and Rahmstorf, 2009), but long-term measurements are

freshwater flux is

unavailable. As a proxy, we used cumulative Greenland meltwater
runoff (iCWG), which contributes to the effective freshwater
flux, acknowledging that neither freshwater flux nor runoff scales
linearly with temperature (Bamber et al., 2018; Trusel et al., 2018),
and thus further motivating the integration of a freshwater driver.
However, other contributors to the effective freshwater flux,
such as Arctic freshwater input and changes in evaporation and
precipitation have not been included here since observation-based
time series suitable for our analysis are unavailable.

We further acknowledge that Northern Hemisphere mean
near-surface temperatures (NH NST) only provide a simple proxy
for global warming, which is more directly linked to freshwater
changes in the North Atlantic than global mean temperature, but
cannot fully represent the ongoing anthropogenic climate change
or the complex interactions between (near-)surface temperatures
and the AMOC. This highlights the need for more comprehensive
datasets, more sophisticated analytical frameworks and approaches
that integrate multiple interacting drivers. However, as also pointed
out by Ben-Yamietal. (2024), such approaches, just like the
ones presented here, require a careful consideration of modeling
assumptions and data properties.

5.3 Future directions

Future research should focus on integrating multiple
interacting forcing scenarios into EWS analyses to better
capture the complexity of AMOC dynamics. This could involve
combining temperature, freshwater flux, and sea ice dynamics into
a unified framework. Additionally, the development of more robust
statistical models that account for higher-dimensional dynamics

could improve the reliability of EWSs. For example, extending the
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RMLA method to include interacting drivers could yield valuable
insights.

Another promising direction is the application of these
methods to other potential climate tipping elements, such as the
the Greenland Ice Sheet. The flexibility of the RMLA and PARCAD
approaches makes them well-suited for analysing a wide range of
systems, provided that appropriate system and forcing data are
available. Furthermore, future studies could explore the estimation
of tipping times using PARCAD or extend the RMLA framework
by including alternative response functions and noise structures.

We note that these suggestions are currently still bound by the
same limitations as those described in Section 5.2 above, especially
those concerning observational datasets. It is thus paramount to
ensure that the respective data provides a reliable, appropriate
and representative approximation of the forcing and system state
time series. This further calls for thorough investigations of such
datasets, as they are essential for studies of climate TPs, which
might be crossed due to the ongoing emission of anthropogenic
greenhouse gases.

5.4 Broader implications

Finally, while our results highlight the limitations of EWSs
for the AMOC, they also underscore the potential of these
tools to provide valuable insights into the stability of complex
climate (sub-)systems. Precursor signals like CSD-based EWSs,
increased sensitivity, or the PARCAD-N score can indicate
potential destabilization, but they are not guaranteed to capture
the full dynamics of the system. This is especially the case for
systems with high inter-annual variability or low signal-to-noise
ratio. Future work should aim to bridge the gap between low-
dimensional models, on which EWS analyses are based, and the
high-dimensional reality of climate systems, ultimately improving
our ability to predict and mitigate the impacts of tipping points in
the Earth system.
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calculate iCWG forcing has been obtained from the provided
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articles/s41586-018-0752-4#Sec14). NH NST corresponds to the
annual Northern hemisphere analysis time series ensemble mean
from the HADCRUT5.0.2.0 data set (Morice et al., 2021) and can
be found at the Met Office website https://www.metoffice.gov.
uk/hadobs/hadcrut5/data/HadCRUT.5.0.2.0/download.html. The
INLA.climate R package (Myrvoll-Nilsen et al., 2020) employed
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