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Abstract. The Atlantic Meridional Overturning Circulation (AMOC) is an important tipping element of the climate system,

with the potential to undergo an abrupt transition from its present strong state to a weak state. Such a collapse would have severe

global consequences, including regional cooling, sea-level rise, altered precipitation patterns, and cascading impacts on other

climate tipping elements. Both statistical and physics-based early warning signals (EWS) of an approaching AMOC tipping

event have been proposed. Here, we introduce a convolutional neural network (CNN)–based framework designed to predict5

the distance of an AMOC state to its tipping point under imposed freshwater flux forcing. We first evaluate the CNN model

using simulations from the Earth System Model of Intermediate Complexity CLIMBER-X. We then test its generalization

capabilities by applying the CNN model, trained on CLIMBER-X data, to the AMOC tipping trajectory obtained recently in

the Community Earth System Model (CESM). Explainable AI methods are used to identify the spatiotemporal features most

relevant to the predictions. Our results demonstrate the potential of deep learning to provide reliable estimates of the distance10

to the AMOC tipping point and generalize across models of varying complexity.

1 Introduction

The Atlantic Meridional Overturning Circulation (AMOC) is a key component of the global climate system, transporting

heat and salt from the subtropical to the northern Atlantic (Johns et al. (2011)). The present-day AMOC may be in a multi-

stable regime where at least two stable equilibrium states exist: a strong circulation state and a weak or collapsed state. The15

mechanism leading to abrupt transitions between these two states is the salt-advection feedback (Weijer et al. (2019)). When

the subpolar North Atlantic becomes fresher, such as from increased meltwater discharge from the Greenland Ice Sheet, the

surface water density decreases. This reduces deep-water formation, weakening the AMOC and diminishing the northward

transport of salinity, which further freshens the surface waters.

The multi-stability of the AMOC has been demonstrated in models of varying complexity. This includes conceptual models20

(Stommel (1961); Sinet et al. (2024)), Earth System Models of Intermediate Complexity (EMICs) (Hofmann and Rahmstorf

(2009)), and fully coupled General Circulation Models (GCMs) (Hawkins et al. (2011); van Westen et al. (2024b)). The

AMOC is hence classified as a potential tipping element of the climate system (Lenton et al. (2008)). The consequences of

such a transition would be dramatic and global in scale. These include a cooling of several degrees in Western Europe (Liu et al.

(2017); van Westen et al. (2024b); Rahmstorf (2024)), a significant sea level rise along the Atlantic coast of North America25

(Rahmstorf (2024)), and a southward shift of the Intertropical Convergence Zone (ITCZ), potentially increasing the probability
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of severe droughts and extensive flooding (Cerato et al. (2025)). A collapse of the AMOC could also trigger a cascading effect,

potentially destabilizing other tipping elements of the Earth system, such as the Antarctic ice sheet, tropical monsoon systems,

and the Amazon rainforest (Wunderling et al. (2024)).

Given these potentially strong and dramatic consequences, efforts have been made to identify early warning signals (EWS)30

that could anticipate an approaching AMOC tipping event. Previous studies have used both physics-based approaches (van

Westen et al. (2024b)) and statistical indicators (Ditlevsen and Ditlevsen (2023); Boers (2021)), the latter based on the tendency

for the variance and lag-1 autocorrelation of a state variable to increase when the AMOC approaches a tipping point. However,

considerable uncertainty remains in estimating the timing of the tipping onset (Ben-Yami et al. (2024)). A recent machine

learning (ML)–based model employing a Reservoir Computing architecture (Panahi et al. (2024)) has demonstrated promising35

results when applied to an AMOC tipping simulated in the Community Earth System Model (CESM) shown in van Westen

et al. (2024b). Despite its success, the approach has notable limitations. First, it requires prior knowledge about the freshwater

forcing rate, which is a significant constraint for real-world applications. Second, to achieve high predictive performance, the

model must be trained on data from the simulation itself, extending up to 100 years before the onset of collapse. Third, as

the model relies solely on one-dimensional indices, such as the AMOC strength at 26◦N as input, it precludes the application40

of explainable AI techniques, thereby offering little insight into whether the ML model captures dominant physical processes

causing the tipping event.

Here we propose a new AMOC tipping prediction scheme based on a Convolutional Neural Network (CNN) deep learning

architecture. The goal is to predict the distance to the AMOC tipping point under surface freshwater flux forcing, without prior

knowledge of the forcing rate. Section 2 provides an overview of the CLIMBER-X and CESM datasets used in this study, as45

well as a description of the CNN architecture.

In Section 3, we first evaluate the performance of the CNN using different AMOC tipping simulations from CLIMBER-X.

The network is provided with sea surface temperature (SST) and sea surface salinity (SSS) fields over the Atlantic Ocean as

input, as well as the full-depth salinity section at 35◦S (S35S
z ). We also compare the performance of the CNN with that of a

linear regressor (LR) model trained on the same input data.50

Second, we assess the generalization capability of the deep-learning approach by applying the CNN framework, trained

on CLIMBER-X data, to the CESM AMOC collapse simulation from van Westen et al. (2024b). We again compare the

performance of the CNN with that of the LR model, showing that while the CNN successfully generalizes to the CESM

simulation, the LR model fails to do so.

In Section 4, we apply an explainable AI technique to identify the regions and variables that contribute most to the CNN55

and LR predictions, allowing us to assess the physical consistency of the proposed methodology. Finally, Section 5 provides a

summary and discussion.
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2 Models and Methods

In this section, we describe the models used to generate the simulation data analyzed in this study, as well as the CNN archi-

tecture, its hyperparameters, and the validation and testing procedures.60

2.1 CLIMBER-X

CLIMBER-X (Willeit et al. (2022a)) is an EMIC, with a climate core consisting of multiple coupled components: the Semi-

Empirical Dynamical-Statistical Atmosphere Model (SESAM), the frictional–geostrophic 3D ocean model GOLDSTEIN, the

Simple Sea Ice Model (SISIM), and the land surface–vegetation model PALADYN. Each of these interacting modules are

discretized on a 5◦ × 5◦ horizontal resolution. The GOLDSTEIN ocean model includes 23 unequally spaced vertical levels65

and simulates the dynamics of various physical variables, including salinity and temperature. A comprehensive description of

all model components can be found in Willeit et al. (2022a). CLIMBER-X provides an efficient framework to study AMOC

stability. In particular, it reproduces the typical AMOC bi-stability seen across the climate model hierarchy and matches many

aspects of state-of-the-art CMIP6 models across diverse forcings and boundary conditions (Willeit et al. (2022a)).

In particular, CLIMBER-X exhibits hysteresis behavior in the AMOC when the freshwater balance in the North Atlantic is70

perturbed. In our experiments, we identify the tipping point for this kind of forcing scenario by applying a slowly increasing

surface freshwater forcing FH in the Atlantic between 20◦N and 50◦N (compensated over the rest of the surface ocean). For the

slow constant forcing rate rF = 10−5 Sv yr−1 and starting from preindustrial conditions with greenhouse gas concentrations

fixed at preindustrial levels, the AMOC collapses once the freshwater forcing reaches FC
H = 0.22 Sv. This threshold will

be used as an estimate for the AMOC tipping point in CLIMBER-X for this type of quasi-equilibrium freshwater forcing75

experiment.

2.2 CESM

The Community Earth System Model (CESM) is a fully coupled GCM. Its ocean component is the Parallel Ocean Program

version 2 (POP2) (Smith et al. (2010)), the atmosphere component is the Community Atmosphere Model version 4 (CAM4)

(Neale et al. (2013)), and the sea-ice component is the Community Ice Code version 4 (CICE4) (Hunke et al. (2015)). For a80

complete description of the CESM model, refer to Hurrell et al. (2013).

The CESM simulation used in this study is the hosing experiment conducted by van Westen et al. (2024b) using CESM

version 1.0.5, with a horizontal resolution of 1◦ for the ocean and sea-ice components and 2◦ for the atmosphere and land

components. The simulation is initialized from a preindustrial control simulation, on which a slowly increasing surface fresh-

water flux is applied in the North Atlantic between 20◦N and 50◦N (compensated over the rest of the surface ocean) at a rate85

rF = 3× 10−4 Sv yr−1. Under this forcing, van Westen et al. (2024a) estimated that the AMOC reaches its tipping point at

model year 1758, when the freshwater input into the North Atlantic reaches FE
H = 0.53 Sv.
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2.3 CNN

Convolutional Neural Networks (CNN) are a class of deep learning models originally designed for image analysis tasks (Lecun

et al. (1998)). CNNs are particularly well-suited for analyzing two-dimensional data that exhibit spatial patterns and correla-90

tions across input fields, such as climate variables over geographic grids. CNN’s capture the spatial hierarchy of features by

progressively learning patterns from low-level details to high-level representations (Goodfellow (2016)). A CNN typically

consists of three key building blocks: the Convolutional Layer, which extracts local features using learnable filters; the Pooling

Layer, which reduces spatial dimensions while retaining relevant information; and the Fully Connected Layer, which integrates

the learned features for final predictions.95

In this study, we employ a CNN architecture (Fig. 1) comprising three convolutional layers with a progressively increasing

number of 3×3 filters: 32 filters in the first layer, 64 in the second, and 128 in the third. Each convolutional layer is immediately

followed by batch normalization to enhance training stability and accelerate convergence, and by a 2×2 max-pooling layer.

Throughout the network, LeakyReLU activation functions are employed to model nonlinear relationships, allowing the network

to approximate complex and rich nonlinear functions. These initial convolutional blocks act as a feature extractor, transforming100

the input data into a set of high-level representations. The resulting feature maps are then flattened and passed through a fully

connected layer with 256 nodes. Finally, a single output neuron produces the CNN’s prediction.

During the training phase of the CNN, weights are optimized via back propagation. At each iteration, a mini-batch of data is

processed, and the weights are updated to minimize the loss between the CNN’s predictions and the target values. The learning

rate controls the magnitude of these weight updates. In our case, the loss function is the Mean Squared Error (MSE), and the105

optimizer is the Adam method. To improve training efficiency and prevent overfitting, we employ both an early stopping policy

and a reduce-on-plateau policy. According to the early stopping policy, training ends if the loss fails to decrease for a specified

number of epochs (nes), where one epoch is completed when the entire training dataset is processed once. Meanwhile, the

reduce-on-plateau policy lowers the learning rate by a factor of 10 if the loss does not improve for a specified number of

epochs (nrop), always set to nes/2. Consequently, the main CNN hyperparameters are the mini-batch size (bs), the patience of110

the early stopping policy (nes), and the initial learning rate (lr).

The CNN is trained using Sea Surface Temperature (SST) and Sea Surface Salinity (SSS) fields across the Atlantic Ocean

(spanning from 90°N to 35◦S) from freshwater-forced AMOC tipping trajectories obtained in CLIMBER-X. We also use the

combination of these two variables as input. Additionally, the full-depth salinity profile at 35◦S (S35S
z ) is considered as an

input configuration. For all input variables, we extracted annual-mean fields at 10-year intervals and retained only ocean grid115

points, setting all non-ocean cells to zero.

The CNN output is a normalized index dF specifically designed to eliminate the need to explicitly provide information about

the freshwater forcing rate during training and testing. This index represents the distance to the AMOC tipping point and is

defined as:

dF (t) =
FH(tp)−FH(t)

FH(tp)
(1)120
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Figure 1. Schematic representation of the CNN architecture. For each convolutional layer, the filter dimension is reported, with the number

of filters indicated in parentheses. The fully connected layer consists of 256 nodes.

where FH(t) denotes the freshwater flux value FH at time step t, and FH(tp) represents its value at tipping. Specifically, in

CLIMBER-X, FH(tp) = FC
H = 0.22 Sv (see section 2.1) under pre-industrial conditions. The index dF ranges between 0 and

1, corresponding to the AMOC in pre-industrial conditions and at its tipping point, respectively. This definition follows from

restricting the dataset to FH < FC
H , such that only pre-collapse states are used for training and testing. As the aim is to estimate

the distance to the tipping point under increasing freshwater forcing (FH ), post-collapse data are excluded.125

2.4 Validation and testing

The performance of our CNN approach is initially evaluated using seven distinct AMOC tipping simulations conducted with

the CLIMBER-X model, each generated by applying a uniform freshwater forcing perturbation between 20◦N and 50◦N

in the North Atlantic, with a different forcing rate rF . The different forcing rates considered are rF =[10−5, 10−4, 2× 10−4,

3×10−4, 4×10−4, 5×10−4, 6×10−4] Sv yr−1. For all forcing rates, dF (t) is defined with respect to a freshwater flux at tipping130

FH(tp) = FC
H = 0.22 Sv, which corresponds to the tipping point identified for the slowest forcing experiment (rF = 10−5).

Following a leave-one-out strategy, one simulation is set aside for testing while the remaining six are used to determine

the optimal set of hyperparameters through a K-fold cross-validation approach. The complete list of hyperparameter values

evaluated during validation is reported in table A1. Once the optimal hyperparameters are identified, the CNN is retrained on
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the six simulations used for validation and then evaluated on the trajectory excluded from both training and validation. This135

validation and evaluation procedure, carried out separately for each input variable configuration explored in our study, ensures

that each of the seven simulations serves as a test set once, providing a robust assessment of model performance.

By testing on data unseen during training and validation, and with distinct characteristics due to different forcing rates, we

rigorously evaluate the CNN’s ability to generalize across different forcing conditions. A complete summary of the optimal

hyperparameter configurations, determined independently for each CLIMBER-X test simulation and for each input variable140

configuration, is provided in A2.

3 Results: Performance and Generalization

In this section, we present the outcomes of two complementary analyses. Section 3.1 reports the results of training and testing

our CNN model on CLIMBER-X data. Section 3.2 examines the generalization capability of our framework by applying a CNN

trained exclusively on CLIMBER-X simulations to data from the CESM. It also outlines the modifications to the validation and145

training procedure required for this generalization. For both experiments, we also report the performance of a linear regression

(LR) model trained and evaluated under the same conditions, providing a baseline for comparison.

3.1 CLIMBER-X data

The AMOC strength at 26◦N from two CLIMBER-X simulations with the slowest and fastest forcing rates, rF = [10−5,6×
10−4] Sv yr−1, is shown in Fig. 2a and b, respectively.150

As described in Section 2.4, we evaluate the performance of the CNN using seven independent AMOC collapse simulations

produced with CLIMBER-X. Four input configurations are considered: Atlantic sea surface temperature (SST) fields, Atlantic

sea surface salinity (SSS) fields, their combination (SST+SSS), and the full-depth salinity profile at 35◦S (S35S
z ). For each

configuration, the CNN is evaluated on all seven CLIMBER-X simulations following the procedure outlined in Section 2.4.

To account for stochasticity arising from random weight initialization, the entire evaluation procedure is repeated 20 times for155

each simulation.

The LR model is trained using the same input variables and target (dF ), again following the procedure outlined in Section 2.4.

Unlike the CNN, the LR model does not require random initialization or hyperparameter tuning via cross-validation. In the

following, we first present and discuss the CNN results, and subsequently analyze the performance of the LR model.

Figure 2c–f presents the CNN predictions of the distance to tipping for the slowest and fastest CLIMBER-X simulations,160

with rF = [10−5,6× 10−4] Sv yr−1, across all four input configurations. The reported predictions are the median across 20

independent training trials; variability across trials is negligible and therefore not shown. To assess the overall performance

of the CNN, Fig. 3 shows the distribution of mean squared error values obtained by testing the CNN on each of the seven

CLIMBER-X AMOC collapse simulations, each characterized by a different forcing rate rF .

The results indicate that the CNN performs well across all CLIMBER-X simulations, regardless of the forcing rate rF .165

However, a consistent improvement in performance is found as rF increases and when SSS fields are included during training,
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(a) (b)

(c) (d)

(e) (f)

Figure 2. (a)-(b) Evolution of AMOC strength at 26°N in the CLIMBER-X model, under forcing rates rF =[10−5, 6× 10−4] Sv yr−1,

respectively. (c)-(e) CNN predictions vs actual distances to tipping for rF =10−5 Sv yr−1. The CNN is trained using SST or SSS fields over

the Atlantic individually in (c), while in (e), the combination of SST and SSS fields over the Atlantic and S35S
z is adopted. (d)-(f) Same as (c)-

(e) but for rF =6×10−4 Sv yr−1. In all cases, the median predictions out of 20 trained CNN realizations are shown. For each input-variable

configuration and for both test simulations, the corresponding predictions from the LR model are also included for comparison.
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with the best results obtained adopting the SSS-only configuration and the worst with the S35S
z configuration. This behavior

is consistent with the fact that SSS fields are directly influenced by the applied freshwater forcing in the Atlantic Ocean (see

section 2.1).

The worst results occur for the slowest forcing rate (rF = 10−5 Sv yr−1), when the CNN is trained on S35S
z fields, with the170

SST-only and SST+SSS configurations performing slightly better but still comparable (Fig. 2c,e). Specifically, the S35S
z input

configuration provides a median MSE of 1.93×10−3, corresponding to a prediction uncertainty of 961 years (9.61×10−3 Sv

if we express the error in terms of freshwater forcing). In contrast, training solely on SSS fields produces the best results, with

a median MSE of 1.79× 10−4, corresponding to a prediction uncertainty of 293 years (2.93× 10−3 Sv). These errors remain

acceptable given that, under a freshwater forcing of 10−5 Sv yr−1, the CLIMBER-X model requires 21,890 years to reach the175

tipping point. Thus, an error of 961 years corresponds to 4.39%, while 293 years corresponds to 1.34% of the total temporal

span of the simulation.

The CNN’s accuracy improves consistently as rF increases. From rF = 2× 10−4 Sv yr−1 onward, the CNN achieves an

almost perfect fit between the predicted and actual distances to tipping, with very low percentage errors relative to the total span

of the test simulations. This improvement holds across all input configurations but is particularly clear when the CNN is trained180

solely on SSS fields. For example, for rF = 6× 10−4 Sv yr−1 (Fig. 2d,f), training on SSS fields results in a median MSE of

1.7×10−5, corresponding to an uncertainty of 1.5 years (9.03×10−4 Sv). In contrast, training on S35S
z fields, which represents

the worst-performing configuration also at rF = 6× 10−4 Sv yr−1, produces a median MSE of 2.04×10−4, corresponding to

an uncertainty of 5.2 years (3.13× 10−3 Sv). For rF = 6× 10−4 Sv yr−1, the SST-only configuration performs slightly better

but remains comparable to S35S
z . Given that under a freshwater forcing rate of rF = 6×10−4 Sv yr−1, the CLIMBER-X model185

requires 365 years to reach the tipping point, errors of 5.2 and 1.5 years correspond to low percentage errors of 1.42% and

0.44%, respectively, relative to the total simulation length.

Having analyzed the performance of the CNN, we now turn to that of the LR model. Figures 2 and 3 show that the LR

provides skillful predictions that are comparable to those of the CNN when using the S35S
z input configuration, and that

outperform the CNN for the SST, SSS, and SST+SSS configurations. The LR exhibits its weakest performance for the slowest190

forcing rate rF = 10−5 Sv yr−1, when trained on S35S
z . Specifically, for the test simulation obtained for rF = 10−5 Sv yr−1,

training on S35S
z fields results in an MSE of 5.96× 10−3, corresponding to an uncertainty of 1690 years (1.69× 10−2 Sv).

Unlike the CNN, LR performance improves substantially when trained on SST fields for the same slow-forcing simulation.

In this case, the MSE decreases to 4.5× 10−4, corresponding to an uncertainty of 464 years (4.64× 10−3 Sv). The best LR

performance for rF = 10−5 Sv yr−1 is obtained using the SST+SSS configuration, which yields an MSE of 1.06× 10−5,195

corresponding to an uncertainty of 71.4 years (7.14× 10−4 Sv), with the SSS-only configuration performing slightly worse.

As found for the CNN, LR accuracy improves consistently with increasing forcing rate, and, in general, the LR performs

best when trained using the SSS-only input configuration. However, unlike the CNN, the SST+SSS configuration for the LR

yields performance comparable to that of the SSS-only case and, for two forcing rates (rF = 10−4 and rF = 10−6 Sv yr−1),

slightly outperforms it.200
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As previously discussed, the LR provides skillful predictions that are comparable to those of the CNN when using the

S35S
z input configuration, and that outperform the CNN for the SST, SSS, and SST+SSS configurations. The largest relative

improvement of the LR with respect to the CNN is obtained for rF = 5× 10−4 Sv yr−1. In this case, the LR model trained on

SST, SSS, and SST+SSS fields yields MSE values of 1.13×10−5, 4.34×10−7, and 7.65×10−7, corresponding to uncertainties

of 1.45 (7.37× 10−4 Sv), 0.283 (1.44× 10−4 Sv), and 0.376 (1.91× 10−4 Sv) years, respectively. These results correspond205

to improvements of 83.43%, 94.64%, and 95.65% relative to the CNN MSE. For all other forcing rates, LR performance

improvements for the SST, SSS, and SST+SSS configurations remain above 65%, with the only exception being the SST+SSS

configuration at rF = 10−4 Sv yr−1, where the improvement is approximately 50%.

Taken together, the LR results presented in this section suggest that, within the CLIMBER-X model, the relationship be-

tween the input variables (SST , SSS, SST +SSS and S35S
z ) and the normalized distance-to-tipping index df can be well210

approximated by a linear mapping. Consequently, when both models are trained and evaluated solely on CLIMBER-X data,

there is no clear advantage in using the more complex CNN architecture.

The primary advantage of the CNN lies in its generalization capability. When trained on CLIMBER-X data and evaluated

on the more complex CESM model, the LR model fails to provide reliable predictions, whereas the CNN demonstrates robust

generalization performance (see Section 3.2). The limited generalization ability of the LR is further illustrated by its behavior215

when tested on the CLIMBER-X simulation with rF = 10−4 Sv yr−1. In this case, the LR maintains strong predictive perfor-

mance for most of the simulation but exhibits a clear degradation in the vicinity of the actual tipping point. This performance

decrease is particularly found when the model is trained with the S35S
z input configuration.

For rF = 10−4 Sv yr−1, the collapse of the AMOC is initiated approximately 200 years before the system reaches its actual

tipping point, marking the onset of a regime shift. While the CNN can adapt and generalize across this transition, the LR fails220

to do so, resulting in a pronounced performance degradation after collapse initiation. A detailed analysis of this limitation of

the LR, which does not occur for the CNN, is provided in the Appendix (B).

A complete summary of the results obtained from training, validation, and testing on CLIMBER-X data for both the CNN

and the LR models is reported in Table C1.

3.2 Generalization on CESM data225

After assessing the CNN’s performance when trained, validated, and tested exclusively on CLIMBER-X data, we evaluate its

generalization capabilities. To this end, the CNN is trained using data from all seven CLIMBER-X simulations described in

Section 3.1, and its performance is subsequently evaluated on the CESM AMOC collapse simulation presented in van Westen

et al. (2024b). In this section, we first describe the preprocessing steps adopted to ensure compatibility between CLIMBER-

X and CESM data. We then outline the modifications introduced to the CNN validation procedure for the generalization230

experiments. Finally, we present and discuss the CNN generalization results and compare them with those obtained using an

LR model trained and evaluated under the same conditions.

For this analysis, we adopt the same input variable configurations as in the CLIMBER-X experiments. To ensure compati-

bility between CLIMBER-X and the CESM datasets, several preprocessing steps are applied. First, CESM SST and SSS fields
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Figure 3. Box plot showing the distribution of the results obtained using as test each of the seven distinct CLIMBER-X AMOC collapse

simulations, each generated with a different forcing rate rF . The boxes represent the distributions over 20 trials: for each trial, the model

was reinitialized, retrained on all simulations except the one held out for test, and re-evaluated on that simulation. The black line inside

each box marks the median; the lower and upper edges correspond to the 25th and 75th percentiles, spanning the interquartile range

(IQR). Whiskers extend to the most extreme results within 1.5×IQR. Dots indicate outliers beyond this range. Triangles correspond to the

performance of linear regressors trained using the same input-variable configurations as the convolutional neural networks and evaluated

on the same test simulations.

over the Atlantic are bi-linearly re-gridded to the 5◦ × 5◦ horizontal resolution of CLIMBER-X, and the 35◦S salinity profile235

is interpolated onto CLIMBER-X’s vertical levels using the same scheme. Second, for SST and SSS fields, the Baltic Sea

and Hudson Bay are masked by setting the corresponding grid points to zero. These regions exhibit anomalously low surface

salinities compared to the Atlantic mean (∼ 30 PSU), particularly the Baltic Sea, which has an average value of only ∼ 7 PSU.

While CESM represents these low salinity features, CLIMBER-X does not, and their inclusion would produce strong outliers

relative to CLIMBER-X’s salinity distribution, thereby limiting cross-model prediction skill. For the same reason, the region240

along the Russian coast in front of the East Siberian Sea is also masked, since its salinity values are comparably low to those of

the Hudson Bay and similarly deviate from the Atlantic mean. Third, in all generalization experiments, both CLIMBER-X and

CESM inputs are normalized using the mean and standard deviation of the CLIMBER-X training data. Finally, the normalized
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distance to tipping is computed relative to FH(tp) = FE
H = 0.53, identified by van Westen et al. (2024b) as the AMOC tipping

threshold in their CESM freshwater forcing experiment.245

For CNN’s hyperparameter selection, a different validation strategy than in the previous section is adopted. Instead of the

leave-one-out scheme used previously (see section 2.4), the CESM data are partitioned into three sets: the first 430 years

are discarded to remove transient effects, the following 440 years are used for validation to tune the hyperparameters, and

the remaining 880 years serve as the test set (see Figure 4a). As in the CLIMBER-X experiments, validation and performance

evaluation are performed separately for each input variable configuration. The complete list of hyperparameter values evaluated250

during validation is reported in table A1.

During these experiments, we found that combining early stopping with a reduce-on-plateau policy led to stronger overfit-

ting on CLIMBER-X data and reduced the CNN’s ability to generalize. To avoid this, the CNN is trained for a fixed number of

epochs (nep) with a constant learning rate. The hyperparameters are therefore identical to those used in the CLIMBER-X ex-

periments, except that nes is replaced by nep. To ensure robustness, we perform 50 independent trials for each hyperparameter255

configuration. In each trial, the mean squared error (MSE) and the Pearson correlation between predicted and true distances

to tipping on the validation set are computed and then averaged across trials. The optimal hyperparameter set is defined as the

one that minimizes the median MSE, while also maintaining the mean correlation above a minimum threshold, ρmin (we use

the median rather than the mean for MSE to reduce the influence of outliers). This criterion ensures that the selected hyperpa-

rameters not only minimize error but also capture the expected decreasing trend in the distance to tipping. Thresholds are set260

to ρmin = 0.8 for SSS-only, SST+SSS, and S35S
z , and to ρmin = 0.5 for SST-only, since no higher correlations are consistently

achieved with this input setup.

Despite these measures, some variability remains in the validation results. For the SST+SSS and SSS-only configurations,

the hyperparameter search does not always converge to the same optimal set. In contrast, for SST-only and S35S
z , the search

consistently yields a unique configuration. To account for this instability in the SST+SSS and SSS-only cases, we identify the265

top five hyperparameter configurations during validation, rather than relying on a single best configuration. In what follows,

we present results obtained with the best-performing configuration on the CESM test set (last 880 years).

The optimal hyperparameters for the CESM generalization experiments, along with additional sets for the SSS-only and

SST+SSS configurations, are listed in Tables A3 and A4, respectively. The results for the additional hyperparameter sets are

shown in Figures A1 and A2.270

Compared to the CLIMBER-X experiments, the optimal configurations for CESM generalization consistently favor a much

smaller number of epochs. This suggests that successful generalization from the simpler CLIMBER-X model to the more

complex CESM requires limiting the number of training epochs to prevent overfitting the CLIMBER-X data and to encourage

the learning of more general patterns shared across models.

After hyperparameter selection, the CNN’s generalization performance is tested separately for each input variable configu-275

ration on the last 880 years of CESM data. Since CESM performance shows greater variability than CLIMBER-X, we assess it

more robustly by running 500 independent trials per input variable configuration. In each trial, the CNN is randomly reinitial-

ized, trained on all seven CLIMBER-X simulations with the previously identified optimal hyperparameters, and then evaluated
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(a)

(b)

Figure 4. (a) Plot illustrating how the CESM data is partitioned for the generalization experiments. The first 430 years (transient behavior)

are discarded, the subsequent 440 years of data are used for validation, and the remaining 880 years are used for testing. (b) Box plot

showing, for each input variable configuration, the distribution of results obtained by testing the CNN generalization performance on the

CESM test dataset. Each box summarizes 500 trials: in each trial, the model was reinitialized, retrained on all seven CLIMBER-X simulations

(see section 3.1), and then evaluated on the CESM test dataset. The black line inside each box marks the median; the lower and upper edges

represent the 25th and 75th percentiles, defining the interquartile range (IQR). Whiskers extend to the most extreme values within 1.5×IQR,

and dots indicate outliers beyond this range. Triangles indicate the corresponding LR performances included for comparison.

on the CESM test set. Figure 4b presents the distribution of the MSE scores across the 500 trials for each input configuration.

Figure 5 shows the median and the 90% confidence interval (5th to 95th percentile of the distribution) of the predicted distances280

to tipping across all 500 trials, along with the predictions obtained by the best-performing CNN realizations, compared to the

actual distances to tipping. For comparison, the performances obtained from training and evaluating a linear regression (LR)

model under the same conditions are also reported.
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From both Fig. 4(b) and Fig. 5, it is clear that the LR model fails to generalize to the CESM data and does not provide reliable

predictions. This behavior is consistent across all input-variable configurations considered. Although the LR performance285

improves when trained on SST+SSS fields, its generalization ability remains poor. Even for this configuration, the LR results

are consistently worse than those obtained by all 500 CNN realizations trained on SST+SSS fields (see Fig. 5).

In contrast, the CNN demonstrates the ability to generalize to a more complex climate model, maintaining reliable perfor-

mance on the CESM data despite being trained exclusively on simulations from CLIMBER-X. This task cannot be achieved

using the simple LR model considered here. Given the poor generalization performance of the LR model when trained on290

CLIMBER-X and evaluated on CESM data, the remainder of this section focuses exclusively on a more detailed analysis of

the CNN performances obtained with the different input-variable configurations considered in this study.

The CNN shows the worst generalization perfomances among all input variables configuration when is trained solely on SST

fields. In this case, the CNN is, on average, unable to capture the decreasing distance to tipping, as shown when examining

the median of the 500 CNN realizations in Fig. 5b. The median prediction decreases only from 0.5 (model year 870) at the295

first time step to 0.48 (model year 918) at the final time step, whereas the actual value corresponds to model year 1750, the

last time step before tipping at a 10-year temporal resolution, with tipping occurring at model year 1758. The median MSE

between predictions and true distances is also relatively high, equal to 0.032, which corresponds to an uncertainty of 354 years

(or 0.1 Sv in terms of freshwater forcing), as shown in Fig. 4b. Additionally, a significant variance in predictive performance is

found among the different CNN realizations. This variability can be quantified as the interquantile range (IQR), defined as the300

distance between the 25th and 75th percentiles of the distribution of the 500 MSE scores. For the SST configuration, the IQR

is 0.03, corresponding to an uncertainty of 100 years (0.03 Sv).

Also, when considering the best-performing realization among the 500 trials, the SST-only input configuration shows the

worst results. The corresponding MSE is 1.5× 10−2 for SST, equivalent to an uncertainty of 218 years (0.065 Sv). In con-

trast, for the [SST+SSS, SSS, S35S
z ] input configurations, the best-performing CNN realizations achieved MSE scores of305

[1.4× 10−3,1.7× 10−3,6× 10−4], corresponding to uncertainties of [69, 73, 43] years ([0.02,0.022,0.013] Sv), respectively.

These results demonstrate that for these input configurations, there exist CNN realizations capable of strong generalization

performance, closely matching the actual distances to tipping, even for the CESM data.

Considering average performance, the SSS-only configuration provides the best results among all the input configurations.

As shown in Figure 4b, the median MSE score among the 500 CNN realizations is 0.026, corresponding to an uncertainty of 286310

years (0.086 Sv). This aligns with the results obtained when the CNN was trained, validated, and tested only on CLIMBER-X

data (see section 3.1). This consistency is expected, as both the CLIMBER-X and CESM datasets are generated through the

same type of freshwater forcing experiments (see section 2.1 and 2.2). Therefore, in both datasets, the SSS fields are directly

influenced by the applied freshwater perturbations, making them highly informative input variables for the CNN.

The SST+SSS and S35S
z configurations yield a median MSE of 0.028 and 0.03, respectively, corresponding to 295 and 320315

years (0.088, 0.096 Sv).

Overall, all three configurations outperform the SST-only setup in terms of median MSE, indicating substantially improved

predictive skill. As discussed earlier, the CNN trained on SST only fails to capture any meaningful variability in the distance
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(a) (b)

(c) (d)

Figure 5. CNN predictions of the distance to tipping versus the true values for the CESM test dataset. Panel (a) shows results for the

CNN trained on the combined SST and SSS fields over the Atlantic and the CNN trained on SSS fields only. Panel (b) shows results for

the CNN trained on SST fields only and the CNN trained on S35S
z . Shaded areas indicate the 90% confidence interval computed over 500

independent trials. In each trial, the network was randomly reinitialized, retrained using all seven CLIMBER-X simulations (see Section

3.1), and subsequently evaluated on the CESM test dataset. For comparison, panels (c) and (d) present the results obtained for an LR model

trained and evaluated on the same datasets. Panel (c) shows results for the LR trained on SSS fields only and on the combined SST+SSS

fields over the Atlantic, while panel (d) shows results for the LR trained on SST fields only and on S35S
z .
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to the tipping point. In contrast, when trained on SST+SSS, SSS-only, or S35S
z fields, the CNN is able, on average, to predict

a clear and consistent decreasing trend as the system approaches the tipping point (Fig. 5). At the first time step of the test320

period, the median predicted distances are 0.48 (corresponding to model year 918) for the SST+SSS configuration, 0.657

(model year 603) for the S35S
z , and 0.44 (model year 982) for the SSS-only configuration. At the last time step, the median

predictions are approximately 0.12 (model year 1550) for SST+SSS, 0.14 (model year 1511) for the S35S
z configurations, and

0.1 (model year 1584) for SSS-only. These results demonstrate that, when trained with any of these three input configurations,

the CNN is capable of producing, on average, a coherent and consistent decreasing dF over time. The variability in predictive325

performance across the 500 realizations differs among the configurations. The SST+SSS and SSS-only setups show relatively

high interquartile ranges (IQR) of 0.042 and 0.05, corresponding to uncertainties of 221 years (0.066 Sv) and 252 years (0.076

Sv), respectively. By contrast, the S35S
z configuration exhibits much lower variance, with an IQR of 0.033, corresponding to

155 years (0.047 Sv) of uncertainty.

Finally, we discuss the biases and variability in the results associated with the three input configurations, also considering330

the predictions obtained using the other optimal hyperparameter configurations identified during validation for the SSS and

SST +SSS input configurations (see Figs. A1 and A2 in the Appendix).

The SST +SSS configuration exhibits greater variability in performance compared to both the SSS-only and S35S
z con-

figurations, as shown in Fig. A2. Among the optimal hyperparameter configurations identified during validation, two produce

results comparable to those obtained with the best configuration reported in this section. In contrast, one configuration performs335

poorly and fails to capture the decreasing distance to the tipping point, while another systematically overestimates the distance

to tipping, although it still reproduces a coherent decreasing signal as the system approaches the tipping point.

Although not immediately clear from the predictions obtained using the best-performing configuration shown in this section,

the SSS-only configuration tends to systematically underestimate the distance to tipping. This behavior is found when exam-

ining predictions obtained with the other optimal hyperparameter configurations identified during validation (see Fig. A1).340

Across these configurations, the CNN trained solely on SSS consistently underestimates the distance to tipping, while still

capturing a reliable decreasing signal over time. As a result, the SSS configuration appears more robust than SST +SSS,

which exhibits greater variability in performance across different hyperparameter configurations.

For the S35S
z input configuration, the CNN exhibits a systematic overestimation bias that gradually decreases as the tipping

point is approached. Despite this tendency and its slightly lower performance compared to the SSS and SST +SSS configu-345

rations, the S35S
z configuration can be considered more stable, as only one hyperparameter configuration consistently performs

best during validation.

Overall, these results highlight the potential of all three input configurations to enable reliable generalization to more com-

plex climate-model data. In particular, the good performance of the S35S
z configuration is consistent with the findings of van

Westen et al. (2024b), which identified the freshwater transport of the AMOC at 35◦S as a physics-based early warning indi-350

cator of AMOC tipping in the CESM model.
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4 Results: Explainability

4.1 Temporal trends and relevance maps computation

To identify the spatial patterns in the input data that are most relevant to the CNN and LR predictions for the CLIMBER-X

data, and to the CNN predictions for the CESM data, we apply the SHAP methodology (see Appendix D). Shapley values355

assign a relevance score to each input feature relative to a reference prediction. This reference prediction corresponds to the

expected value of the model output evaluated over a subset of the input data, referred to as the background state.

For the CLIMBER-X explainability analysis, the background state is constructed from the first 1000 years (model years

0–1000) of the simulation with the slowest forcing rate, rF = 10−5 Sv yr−1. For the CESM analysis, the background state

is defined using the first 100 years of the CESM test dataset, corresponding to model years 870–970 of the AMOC collapse360

simulation presented in van Westen et al. (2024b).

This choice reflects the experimental setup: the first 430 years of the CESM simulation are discarded as transient, the fol-

lowing 440 years are used for validation, and model performance is evaluated only on the remaining 880 years (corresponding

to model years 870-1750). Accordingly, the explainability analysis is restricted to this test period, and the background state is

selected from the same subset to ensure consistency.365

With this choice of background state, the reference prediction corresponds to different regimes in the two experiments. In

the CLIMBER-X case, the background samples correspond to conditions close to a stable AMOC state. In the CESM case, the

background samples correspond to intermediate states of the simulation, with predicted distances to tipping of approximately

dF ≈ 0.5, reflecting conditions roughly halfway to collapse.

Since the samples analyzed in both the CLIMBER-X and CESM explainability analyses correspond to system states that370

progressively approach the tipping point relative to the chosen reference state, the sign of the Shapley values can be interpreted

in terms of AMOC stability. Negative Shapley values highlight input regions associated with contributions pointing toward

AMOC destabilization, whereas positive Shapley values correspond to contributions pointing toward AMOC stabilization.

To assess the robustness of the SV relevance maps, we examine whether regions identified as highly relevant exhibit consis-

tent and physically meaningful temporal evolution as the AMOC approaches the tipping point. For this purpose, we analyze375

the temporal trends of the input variables at the grid points highlighted by the explainability analysis. The underlying rationale

is that, if a location consistently receives high relevance scores, variations in the corresponding variable strongly influence the

predicted distance to tipping. Consequently, the variable at that location is expected to display a consistent temporal evolu-

tion as the system approaches tipping, in the form of a systematic increasing or decreasing trend that reflects the progressive

destabilization of the AMOC.380

To identify the grid points most relevant for the CNN predictions, meaning those consistently associated with strong rele-

vance scores, we follow a three-step procedure. First, for each time step prior to tipping, and for each input variable configura-

tion and CLIMBER-X or CESM collapsing trajectory used for testing, we compute the corresponding relevance map. Second,

the relevance values at each grid point are normalized by the maximum absolute relevance across the entire map at that time
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step. Third, we compute the temporal average of the normalized relevance for each grid point and retain only those whose385

mean relevance in absolute value exceeds a specified threshold, denoted by ρrel.

For the grid points identified as most relevant, we then examine whether the associated input variables evolve consistently

as the system approaches tipping. To do so, for each grid point we extract the associated time series, we isolate its trend

component, and apply the Mann–Kendall test to determine whether the trend is significantly increasing or decreasing at the

95% confidence level. For grid points with a significant trend, the magnitude is quantified using Sen’s slope estimator.390

4.2 Explainability results: CLIMBER-X

To ensure that the analysis of input-field relevance is not affected by poorly performing CNN realizations, we select, for each

input-variable configuration and for each CLIMBER-X simulation used for testing, the best-performing model among the 20

independent training trials (see Section 3.1). Since the LR model does not involve random weight initialization, its training

procedure is deterministic, and therefore, this selection step is not required for the LR model. We first present the explainability395

results obtained for the CNN model and subsequently those obtained for the LR model. Figure 6 shows the results of the trend

analysis for the SST and SSS fields derived from CLIMBER-X simulations performed under two freshwater forcing rates,

rF = [10−5,6× 10−4] Sv yr−1. Superimposed contours highlight regions where the CNN Shapley value relevance scores

remain consistently high over time, defined as grid points with a mean absolute relative relevance score ρrel ≥ 0.2. These

relevance scores are obtained from CNN models trained separately on the SST and SSS fields. For visualization purposes,400

Arctic Ocean regions located north of Siberia and Canada are not displayed, although they were included during training, as

they do not exhibit significant contributions to the model predictions.

The relevance maps for intermediate forcing rates (rF =[10−4, 2× 10−4, 3× 10−4, 4× 10−4, 5× 10−4] Sv yr−1) are not

shown for SST and SSS inputs, as they closely resemble those obtained for the slowest (rF = 10−5 Sv yr−1) and fastest

(rF = 6× 10−4 Sv yr−1) forcing cases. Similarly, relevance maps obtained when the CNN is trained on combined SST and405

SSS inputs are also omitted, as they display patterns very similar to SSS alone. This outcome is expected, given that the network

achieves significantly better performance when trained solely on SSS fields (see section 3.1). As a result, during training, the

network tends to assign greater relevance to the SSS fields.

First, we note that patterns are consistent with those reported by Stouffer et al. (2006), who conducted an inter-comparison

of several EMICs, including an earlier version of the CLIMBER-X model used here. Their perturbation experiment applied410

a freshwater flux of 0.1 Sv over 100 years in the North Atlantic between 50°N and 70°N. Consistent with their findings, our

results indicate that a weakening of the AMOC is accompanied by a decrease in SST in the North Atlantic, with particularly

strong cooling south of Greenland. In the South Atlantic, a modest SST increase is occurs, peaking along the coasts of West

Africa, South America, and near the equator. Our analysis also reveals SSS patterns similar to those reported by Stouffer

et al. (2006). In the North Atlantic, surface salinity decreases significantly in response to the freshwater perturbation, which415

in our case is applied between 20°N and 50°N. This freshening is particularly pronounced around 25°N near the coasts of

Africa, where CLIMBER-X simulations show a strong and persistent decline in salinity. The most substantial reduction occurs

in the Greenland-Iceland-Norwegian Seas (GINS), a key region for deep water formation. Although less intense than in the
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GINS, the 25°N freshening remains sustained over time. We also find an increase in SSS in the South Atlantic, linked to

reduced northward salt transport, with the largest anomalies around 30◦S extending from South America to the central basin.420

An increase in salinity is also found in the Gulf of Mexico.

Turning to the explainability results obtained when the CNN is trained solely on SSS fields, we find that under both the

slowest (rF = 10−5 Sv yr−1) and fastest (rF = 6× 10−4 Sv yr−1) forcing scenarios the network assigns high relevance to

regions located within and near the hosing area. Strong negative contributions originate from areas around 25◦N, close to the

African coast, where a consistent decrease in salinity occurs. This signal clearly reflects the progressive destabilization of the425

system as it approaches the tipping point.

For the slower forcing scenario (rF = 10−5 Sv yr−1), strong negative relevance scores are also assigned to regions around

15◦N, just outside the hosing area, where salinity exhibits a persistent increase. In the faster forcing case, a single grid point

associated with a relevant positive contribution appears close to the region around 25◦N that exhibits strong negative relevance

scores. Although this point is identified as positively contributing, its relevance score is much smaller than those associated430

with the surrounding negative contributions. Its overall influence on the model output can therefore be considered negligible

and effectively compensated by the stronger negative contributions in the surrounding area, allowing the network to produce a

coherent decreasing prediction of the distance to the tipping point.

Overall, these results indicate that the CNN correctly focuses on regions where the most consistent salinity changes occur

within and close to the hosing area.435

According to the SHAP results for SST, grid points over the Greenland, Norwegian, and Barents Seas consistently provide

the strongest negative contributions to the predicted distance to tipping under both forcing scenarios. This result is consistent

with our trend analysis and previous studies (e.g., Willeit and Ganopolski (2024)), which show that in CLIMBER-X a slowdown

of the AMOC is accompanied by a pronounced and sustained SST decline across the Nordic Seas. The CNN captures this

relationship by assigning high negative relevance to regions where cooling signals a weakening of the AMOC.440

Under both forcing scenarios, strong negative scores are also assigned to the Labrador Sea. SST anomalies in the subpolar

North Atlantic, including the Labrador Sea, have been identified as a characteristic fingerprint of AMOC weakening (Caesar

et al. (2018)).

For the faster-forcing case, additional negative contributions appear along the European coast around 45°N and in a small

area off the African coast at 15°N, two regions where the simulations exhibit a persistent decrease in SST over time. In445

contrast, for the slower forcing case, additional positive contributions emerge in parts of the Nordic Seas, i.e., in regions that

are otherwise strongly associated with AMOC destabilization. These positive contributions are comparable in magnitude to

the negative contributions in the same region but are spatially less extensive. As a result, they are compensated by the more

widespread negative contributions, producing an overall coherent decreasing signal in the model output.

Moreover, when trained on SST and tested on the rF = 10−5 Sv yr−1 scenario, the CNN exhibits the worst predictive450

performance among all experiments performed on CLIMBER-X data. The presence of strong positive contributions in regions

physically linked to AMOC weakening may therefore reflect the reduced predictive skill of the model in this configuration,

leading to less consistent attribution patterns.
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(a) (b)

(c) (d)

Figure 6. Maps showing temporal trends in SST and SSS fields from CLIMBER-X simulations as the system approaches the AMOC tipping

point, based on Sen’s slope estimator. Two freshwater forcing rates are considered: rF = 10−5 Sv yr−1 (panels a, c) and rF = 6× 10−4 Sv

yr−1 (panels b, d). Panels (a–b) show SST trends; panels (c–d) show SSS trends. Crosses mark locations where trends are not statistically

significant (p-value from the Mann-Kendall test ≥ 0.05). Grey areas denote grid points excluded from the CNN input (set to zero). Red and

blue contours highlight grid points with consistent positive or negative contributions to the CNN output over time. A point is considered

relevant if its mean absolute relevance over time (ρrel) exceeds 0.2, with relevance at each time step normalized by the maximum across

all grid points. Relevance scores are computed using the SHAP methodology, applied to the best-performing CNN realization (out of 20),

trained solely on either SST or SSS fields. 19
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Having examined the SST and SSS relevance patterns, we now turn to the vertical salinity structure at 35°S. As shown in

Fig. 7, the temporal trends in S35S
z are broadly consistent with those reported by Stouffer et al. (2006). On average, positive455

salinity anomalies extend down to approximately 1000 m. This increase results from the reduced northward transport of high-

salinity surface waters as the AMOC weakens. Below this depth, salinity decreases. This deep freshening reflects a reduction

in North Atlantic Deep Water formation, which weakens the southward transport of saline deep waters into the South Atlantic

and allows Antarctic Bottom Water to penetrate farther northward.

We next examine the S35S
z SHAP scores, also shown in Fig. 7. As in the previous analysis, we present results only for the460

forcing rates rF = 10−5 and 6× 10−4 Sv yr−1, as the intermediate forcing rates exhibit similar relevance patterns.

For both forcing scenarios, strong negative relevance scores are associated with grid points in the upper ocean layers, down

to roughly 500 m depth. These regions extend from approximately 15°E to 30°W for the slower forcing case (rF = 10−5 Sv

yr−1) and from about 10°E to 15°W for the faster forcing case (rF = 6× 10−4 Sv yr−1). In these areas, salinity increases

substantially over time as a consequence of the reduced northward export of high-salinity surface waters during the AMOC465

weakening. The CNN assigns strong negative relevance to these regions, correctly highlighting an area where variability in

upper-ocean salinity provides a strong signal of AMOC destabilization.

Positive relevance contributions are also present for both forcing scenarios. In the case of rF = 10−5 Sv yr−1, these positive

contributions occur in regions that exhibit relatively weak temporal variability as the tipping point is approached. It is therefore

plausible that the network associates these areas with conditions that remain closer to the stable regime, since salinity values470

in these regions vary much less over time than those highlighted by negative contributions.

For both forcing rates, these positive contributions are smaller in magnitude and spatial extent than the negative contributions

discussed above. Consequently, their overall influence on the CNN prediction is limited, and the combined relevance pattern

remains consistent with the network producing a coherent decrease in the predicted tipping distance as the system approaches

the critical threshold.475

Having analyzed which spatial patterns in the input data lead to the most important CNN predictions, we now perform the

same explainability analysis for the LR model. Figure 8 presents the results of this analysis for LR models trained individually

on SSS and SST fields. As before, the two forcing rates considered are rF = [10−5 Sv yr−1,6× 10−4 Sv yr−1]. To identify

the most relevant features in the input data, the SHAP methodology is applied again, and a feature is considered relevant if its

mean normalized relevance score over time (ρrel) exceeds 0.2.480

For the LR model, regions of the Arctic Ocean north of Siberia and Canada are also displayed, since the LR model tested

on rF = 10−5 Sv yr−1 and trained solely on SSS fields tends to assign large relevance scores to some grid points in this area.

Overall, the LR explainability maps for models trained on SSS and SST fields appear more scattered and difficult to interpret

than those obtained for the CNN, and they also vary substantially across different rF values (not shown).

The only stable patterns found for the SST fields across the different forcing rates correspond to regions with a higher485

density of relevant contributions. In the South Atlantic, these contributions are concentrated along the African coast and extend

toward the central basin, while in the North Atlantic they appear close to the African coast around 15°N. These regions indeed
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(a) (b)

Figure 7. Maps showing temporal trends in S35S
z fields from CLIMBER-X simulations as the system approaches the AMOC tipping point,

based on Sen’s slope estimator. The freshwater forcing rates considered are: rF = 10−5 Sv yr−1 (panel a) and rF = 10−6 Sv yr−1 (panel

b). Crosses mark locations where trends are not statistically significant (p-value from the Mann-Kendall test ≥ 0.05). Grey areas denote grid

points excluded from the network input (set to zero). Red and blue contours highlight grid points showing consistent positive or negative

contributions to the CNN output over time. A point is considered relevant if its mean absolute relevance over time (ρrel) exceeds 0.2, with

relevance at each time step normalized by the maximum across all grid points. Relevance scores are computed using the SHAP methodology,

applied to the best-performing CNN realization (out of 20).

exhibit consistent temporal trends as the system approaches the tipping point, with an increase in SST in the South Atlantic

region and a decrease in SST in the North Atlantic region.

For the SSS fields, the only robust patterns across the different forcing rates are regions with a high density of relevant490

contributions around 30°S in the South Atlantic, where salinity increases over time, and within the hosing region near 25°N,

where salinity consistently decreases. When the LR model is trained on the combined SST +SSS fields, these same regions

also emerge as areas of high relevance density. However, within these regions, the model assigns positive and negative con-

tributions to a comparable number of grid points. As the tipping point is approached and the predicted distance decreases, no

clear dominance of negative contributions is found. This indicates that the LR model does not clearly distinguish which spatial495

patterns contribute to the destabilization of the AMOC.

The relevance patterns identified for the S35S
z fields appear more stable across the different forcing rates rF . The only

exception is the case rF = 10−5 Sv yr−1, for which the LR model also assigns relevance to grid points in the deeper layers.

Starting from rF = 2× 10−4 Sv yr−1, the LR explainability maps begin to resemble the relevance map obtained for rF =

6× 10−4 Sv yr−1, which is shown in Fig. 9.500
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(a)

(b)

(c)

(d)

Figure 8. As in Fig. 6, but here red and blue contours highlight grid points with consistent positive and negative contributions to the LR

output over time. As in Fig. 6, the panels refer to simulations obtained for rF = 10−5 Sv yr−1 in (a)–(b) and rF = 6× 10−4 Sv yr−1 in

(c)–(d). The variables analyzed are SST fields in (a) and (c) and SSS fields in (b) and (d) over the Atlantic.
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(a) (b)

Figure 9. As in Fig. 7, but here red and blue contours highlight grid points with consistent positive and negative contributions, respectively,

to the LR output over time. As in Fig. 7, the panels refer to simulations obtained for rF = 10−5 Sv yr−1 in (a) and rF = 6× 10−4 Sv yr−1

in (b). In both panels, the variable analyzed is S35S
z .

In these cases, the LR model tends to focus primarily on the upper layers down to about 500 m depth, with most of the

relevant contributions concentrated in the top layers above 200 m and extending across the entire basin. As found for the SSS

and SST fields, we do not find a clear predominance of negative contributions. This again suggests that the LR model is unable

to clearly identify which spatial patterns contribute to destabilizing the AMOC.

The LR relevance maps reveal that, in contrast to the CNN model, the LR is not able to clearly identify coherent and stable505

large-scale spatial patterns associated with the destabilization of the AMOC. Instead, the LR tends to assign importance to indi-

vidual grid points rather than capturing extended spatial structures in the input fields. As a consequence, the relevance patterns

appear more scattered and less physically interpretable than those obtained with the CNN. This behavior likely contributes to

the poorer generalization capabilities of the LR model, both when applied to the more complex CESM simulations (see Section

3.2) and when evaluated under different dynamical regimes within the CLIMBER-X model itself (see Appendix B).510

4.3 Explainability results CESM data

The same explainability analysis applied to the Climber data and described in section 4.1 has also been conducted to interpret

the predictions made on the CESM data. For the CESM relevance analysis, we focus on the best-performing CNN realization

among 500 (see section 3.2). Figure 10 presents the SHAP relevance maps obtained from the best-performing CNN realizations,

when the model was trained either on SSS fields alone or on S35S
z fields from all seven CLIMBER-X simulations used in the515

preliminary experiments (see section 3.1). Relevance maps for the CNN trained solely on SST fields are not shown, as this
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configuration exhibited poor generalization performance (section 3.2), making the resulting patterns unreliable. For this reason,

the relevance scores for the LR model are also not shown, as it is unable to generalize on the more complex CESM data. In

the SST+SSS configuration, most relevance is attributed to the SSS component. Consequently, the relevance maps for the SSS-

only and SST+SSS configurations (not shown) display very similar patterns, since the network largely focuses on SSS features520

during training.

As in the CLIMBER-X case, relevance scores are overlaid on temporal trend maps, which illustrate the evolution of variable

values across different locations. The temporal trends of the CESM SSS fields resemble those obtained from the CLIMBER-X

data. We find a consistent decrease in SSS in the North Atlantic as a result of the freshwater perturbation, which, consistent

with the CLIMBER-X simulations, was applied between 20◦N and 50◦N. As in CLIMBER-X, a pronounced salinity decrease525

occurs in the Greenland-Iceland-Norwegian Seas (GINS), corresponding to key regions of deep water formation. However,

unlike the CLIMBER-X data, the most pronounced SSS decrease in the CESM data occurs within the hosing area itself. Similar

to CLIMBER-X, the CESM SSS fields also display a consistent salinity increase in the South Atlantic, due to a reduction in

northward salt transport, as well as a consistent increase in the Gulf of Mexico.

The SSS relevance maps for the CESM data reveal strong negative contributions in the hosing region, extending from 30°N530

to 60°N and spanning from 0 to 30°W. This area exhibits the largest decrease in salinity over time within the hosing region

in the CESM simulation, and the network correctly identifies it as strongly associated with AMOC destabilization. Additional

negative contributions are also present farther north, near the coast of Scandinavia.

The SSS relevance maps for CESM also show consistent negative contributions in the South Atlantic near the coast of South

America and in the Gulf of Mexico. Both regions display a persistent increase in salinity over time in both CLIMBER-X and535

CESM as the system approaches the tipping point.

Overall, the relevance maps computed for the CESM SSS fields indicate that the CNN trained on CLIMBER-X is able

to successfully generalize to the CESM simulations. In particular, the network identifies in CESM the regions exhibiting the

most coherent and physically meaningful salinity trends associated with the approach to the tipping point. This behavior likely

reflects the convolutional architecture of the network, which detects spatial structures rather than relying on exact geographic540

coordinates. As a result, the CNN can recognize similar large-scale patterns even when their precise spatial location differs

slightly between models due to differences in model dynamics, provided that these patterns occur within broadly comparable

regions of the basin.

The temporal patterns of the S35S
z fields closely resemble those found in the CLIMBER-X simulations, with a positive

salinity trend in the upper layers down to approximately 1000 m depth and a negative trend below this level. When applied545

to the more complex CESM model, the CNN primarily focuses on the upper ocean layers, extending to about 1000 m depth

across the Atlantic basin. In this region, the relevance maps highlight strong negative relevance scores.

Within the same region, additional positive contributions are present but are more scattered and characterized by smaller

relevance scores and a more limited spatial extent. Consequently, their influence on the model output is much weaker compared

to the dominant negative relevance patterns described above. The predominance of these highly relevant negative regions allows550

the network to produce a consistently decreasing dF as the AMOC approaches its tipping point.
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(a)
(b)

Figure 10. Temporal trends in sea surface salinity (SSS) and full-depth salinity along 35◦S (S35S
z ) as the Atlantic Meridional Overturning

Circulation (AMOC) approaches the tipping point, based on the CESM AMOC collapse simulation (van Westen et al. (2024b)). Trends are

estimated using Sen’s slope estimator. Panel (a) presents SSS trends, panel (b) shows S35S
z trends. Crosses mark areas where trends are not

statistically significant, based on the Mann-Kendall test at the 95% confidence level. Red and blue contours indicate regions of consistent

positive and negative relevance, respectively, derived from SHAP scores produced by the best-performing convolutional neural network

(CNN) out of an ensemble of 500 models. This CNN was trained on SSS fields for panel (a) and on S35S
z fields for panel (b), using data from

all seven AMOC-collapse simulations analyzed in the CLIMBER-X experiments (see section 3.1). A grid point is considered relevant if its

mean absolute relevance score over time (ρrel) exceeds 0.2. All relevance scores are normalized by the maximum absolute value at each time

step.

As discussed earlier, the upper layers down to approximately 1000 m depth exhibit consistent increases in salinity in both

the CLIMBER-X and CESM simulations. Moreover, the increase in salinity in these upper layers is stronger in amplitude and

more persistent over time than the decrease observed in the deeper layers. The CNN therefore correctly identifies the upper

ocean layers as providing a more robust indicator of the AMOC’s destabilization in both CLIMBER-X and CESM, compared555

to the weaker and less persistent signals present at greater depths.

5 Conclusions

Considerable efforts have been made in recent years to develop early warning signals (EWS) for detecting whether the AMOC

is approaching a tipping point that could lead to its collapse. These include physics-based EWS (van Westen et al. (2024b)),

statistical methods (Ditlevsen and Ditlevsen (2023); Boers (2021)), and, more recently, machine learning (ML)–based method-560
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ologies. A Reservoir Computing framework was proposed in Panahi et al. (2024) to assess the approach to an AMOC tipping

point in models of varying complexity, including CESM, and from observations. ML methods have also been recently ap-

plied to related tasks, such as predicting short-term AMOC variability from observations (Zhai et al. (2024)), and estimating

long-term AMOC variability in CESM using symbolic regression combined with different ML architectures (Wu et al. (2025)).

Here, we propose a Convolutional Neural Network (CNN) based method to estimate the distance to the AMOC tipping point,565

here indicated by the normalized quantity dF . Such CNN approaches have previously been applied successfully to climate-

related problems such as El Niño prediction (Ham et al. (2019)) and AMOC reconstruction from historical SST and SSS data

(Michel et al. (2025)). Our CNN was first evaluated using freshwater-forced AMOC collapse simulations from the EMIC

CLIMBER-X, generated under different rates of freshwater forcing. We tested several input configurations: SST fields over the

Atlantic, SSS fields, their combination, and the full-depth salinity section at 35◦S (S35S
z ). While the CNN demonstrates strong570

predictive performance across all input configurations and forcing rates, it is nevertheless outperformed by a simple ordinary

least squares linear regressor (LR). This indicates that, when working solely with CLIMBER-X data, using a more complex

CNN model does not provide a clear advantage over a simpler linear approach.

To evaluate the generalization capability of the CNN, we train it exclusively on CLIMBER-X simulations, validate it on

one-third of the CESM AMOC collapse simulation from van Westen et al. (2024b), and test it on the remaining portion. The575

CNN achieves strong generalization performance on the more complex CESM data when using the SSS, SST+SSS, and S35S
z

input configurations, whereas the LR model fails completely when tested on the same generalization task. This demonstrates

that a more complex CNN architecture is required for this type of cross-model generalization and is capable of predicting the

distance to the AMOC tipping point in a fully coupled Earth System Model, even when trained solely on data from a less

computationally demanding intermediate-complexity model.580

Finally, we evaluated the physical consistency of both the CNN and the LR models using the Shapley Values (SHAP)

methodology, an explainable AI technique. When applied to both CLIMBER-X and CESM data, the CNN consistently focuses

on spatial patterns that exhibit significant temporal variability as the system approaches the tipping point and clearly identifies

large-scale spatial structures associated with AMOC destabilization. This indicates that the CNN is capturing the effects of

physically relevant processes.585

In contrast, when applied to the CLIMBER-X data, the LR model produces relevance maps that appear more scattered

and difficult to interpret, without clearly identifying coherent and stable spatial patterns associated with AMOC weakening.

Instead, the LR tends to assign importance to individual grid points rather than capturing larger-scale spatial structures. Because

these contributions are tied to specific geographical locations, the LR model fails to generalize to the more complex CESM

simulation.590

Our results demonstrate that the proposed CNN framework is a valuable tool for guiding the design of freshwater forc-

ing experiments aimed at studying AMOC stability in complex Earth System Models. These simulations are computationally

expensive and time-demanding, limiting the amount of available data. In contrast, EMICs like CLIMBER-X are less computa-

tionally demanding, enabling the generation of larger synthetic datasets. Our CNN approach leveraged this advantage by being

trained on CLIMBER-X data and then evaluated directly on CESM data.595
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Although our current setup cannot yet be applied directly to real observations, as we focused on the case of linearly increas-

ing freshwater forcing in the North Atlantic without incorporating the effects of anthropogenic forcing, it demonstrates strong

potential. Future developments may extend our method by designing more sophisticated distance-to-tipping indices that ac-

count for anthropogenic drivers and adopting more advanced ML architectures. Another limitation for real-world applications

is that generalizing directly from EMICs to real observations to determine dF is challenging. However, previous studies (?,600

Michel et al. (2025)) have shown that generalization from Earth System Models based synthetic data to real-world observations

is achievable. This suggests that, with the future availability of more data from collapse experiments in Earth System Models,

the framework could be extended and adapted to observations.

Code and data availability. The code and data used in this study are available at Guardamagna (2026)
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Appendix A: Optimal Hyperparameter Configurations605

Experiment Hyperparameters explored during validation

CLIMBER-X data only lr = [0.01, 0.001, 0.0001]

bs = [64, 128]

nes = [100, 200, 500, 1000]

CESM generalization lr = [0.01, 0.005, 0.001, 0.0005, 0.0001]

bs = [64, 128, 256, 512]

nep = [5, 10, 50, 100, 200]

Table A1. Hyperparameter values explored during validation for the two experimental setups considered in this study. Here, lr denotes the

learning rate, bs the batch size, nes the early stopping patience (i.e., the number of epochs without improvement before training is stopped),

and nep the maximum number of training epochs.
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rF test Input Variables Optimal Hyperparameters

10−5 SST lr = 10−4, bs= 64, nes = 103

10−5 SSS lr = 10−3, bs= 64, nes = 103

10−5 SST + SSS lr = 10−3, bs= 64, nes = 5× 102

10−5 S35S
z lr = 10−4, bs= 64, nes = 103

10−4 SST lr = 10−4, bs= 64, nes = 5× 102

10−4 SSS lr = 10−4, bs= 64, nes = 103

10−4 SST + SSS lr = 10−4, bs= 64, nes = 103

10−4 S35S
z lr = 10−4, bs= 64, nes = 103

2× 10−4 SST lr = 10−4, bs= 64, nes = 103

2× 10−4 SSS lr = 10−4, bs= 64, nes = 103

2× 10−4 SST + SSS lr = 10−4, bs= 64, nes = 103

2× 10−4 S35S
z lr = 10−4, bs= 128, nes = 5× 102

3× 10−4 SST lr = 10−4, bs= 64, nes = 5× 102

3× 10−4 SSS lr = 10−4, bs= 64, nes = 103

3× 10−4 SST + SSS lr = 10−4, bs= 64, nes = 103

3× 10−4 S35S
z lr = 10−3, bs= 64, nes = 5× 102

4× 10−4 SST lr = 10−4, bs= 64, nes = 5× 102

4× 10−4 SSS lr = 10−4, bs= 64, nes = 103

4× 10−4 SST + SSS lr = 10−4, bs= 128, nes = 103

4× 10−4 S35S
z lr = 10−3, bs= 64, nes = 103

5× 10−4 SST lr = 10−4, bs= 128, nes = 103

5× 10−4 SSS lr = 10−4, bs= 64, nes = 103

5× 10−4 SST + SSS lr = 10−4, bs= 64, nes = 103

5× 10−4 S35S
z lr = 10−3, bs= 64, nes = 103

6× 10−4 SST lr = 10−4, bs= 64, nes = 5× 102

6× 10−4 SSS lr = 10−4, bs= 64, nes = 103

6× 10−4 SST + SSS lr = 10−4, bs= 64, nes = 103

6× 10−4 S35S
z lr = 10−3, bs= 64, nes = 5× 102

Table A2. Summary of optimal hyperparameter configurations identified during the CLIMBER-X experiments (see Section 2.4). Each of the

seven CLIMBER-X AMOC collapsing runs, generated using different forcing rates (rF = [10−5, 10−4, 2×10−4, 3×10−4, 4×10−4, 5×
10−4, 6×10−4] Sv yr−1), was used once as the test set in a leave-one-out strategy. The remaining six runs were used to identify optimal

hyperparameters via k-fold cross-validation. This procedure was repeated for each input configuration (see Section 3.1).
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Input Variables Optimal Hyperparameters

SST lr = 5× 10−3, bs= 128, nep = 5

SSS lr = 5× 10−3, bs= 512, nep = 10

SST + SSS lr = 1× 10−2, bs= 256, nep = 10

S35S
z lr = 5× 10−4, bs= 512, nep = 5

Table A3. Summary of the optimal hyperparameter configurations identified during the CESM data generalization experiments for each

input variable configuration evaluated in the study (see Section 3.2).
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Input Variables Hyperparameters

SSS lr = 5× 10−3, bs= 128, nep = 5

lr = 5× 10−3, bs= 512, nep = 50

lr = 5× 10−3, bs= 64, nep = 10

lr = 1× 10−2, bs= 256, nep = 50

SST + SSS lr = 5× 10−3, bs= 256, nep = 10

lr = 5× 10−3, bs= 512, nep = 10

lr = 5× 10−3, bs= 128, nep = 5

lr = 5× 10−4, bs= 128, nep = 200

Table A4. Additional hyperparameter configurations identified during the CESM data generalization experiments for the SSS and SST+SSS

input setups (see Section 3.2).
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(a) (b)

(c) (d)

Figure A1. CNN predictions of the distance to tipping versus the true values for the CESM test dataset. Panel from (a) to (d) report the

distribution of the predictions obtained training the CNN with the 4 hyperparameter configurations reported in table ?? for the SSS input

variable configuration. Shaded areas indicate the 90% confidence interval computed over 500 independent trials. In each trial, the network

was randomly reinitialized, retrained using all seven CLIMBER-X simulations (see Section 3.1), and subsequently evaluated on the CESM

test dataset. In every case the CNN is trained using solely the SSS fields.
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(a)
(b)

(c) (d)

Figure A2. Same as figure A1, but for the CNN trained on SST+SSS fields.
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Appendix B: LR model failure on regime shift

As introduced in Section 3.1, when a simple linear regression (LR) model is trained and evaluated exclusively on CLIMBER-X

data, it achieves nearly perfect performance. This indicates an almost perfectly linear relationship between the input variables,

Atlantic SST and SSS fields together with the full-depth salinity profile at 35◦S (S35S
z ), and the distance to tipping, quantified

by the index dF (t) (see Section 2.3).610

An exception arises when the model is evaluated on the CLIMBER-X simulation forced at a rate of 10−4 Sv yr−1. In

this case, predictive performance deteriorates sharply in the vicinity of the tipping point (see Figure B1). The degradation is

particularly severe when the LR is trained on S35S
z fields. In this configuration, the model becomes completely unreliable close

to tipping, exhibiting a dramatic loss of predictive skill as the system approaches collapse. In contrast, when surface variables

(SST and SSS) are used as predictors, the LR performance remains overall strong, without a comparable breakdown near the615

tipping point.

For the slowest freshwater forcing rate considered in this study, 10−5 Sv yr−1, the AMOC collapse is abrupt once the

tipping point at 0.2189Sv is crossed. In contrast, for faster forcing rates, starting from 2× 10−4 Sv yr−1 in the simulations

analyzed here, the transition toward the OFF state becomes smoother and more gradual, and no abrupt collapse is found. At

the intermediate forcing rate of 10−4 Sv yr−1, the collapse remains abrupt, but it is initiated before the CLIMBER-X tipping620

threshold of 0.2189 Sv is reached. At this tipping value, the AMOC strength has already decreased to 7 Sv (see Figure B1).

Similar rate-dependent behavior has been reported in different models of varying complexity (e.g., Chapman et al. (2024);

Lohmann and Ditlevsen (2021)).

These results indicate that, before reaching the tipping threshold, the system enters a different dynamical regime. In this

regime, the LR model fails to generalize appropriately, leading to a marked reduction in predictive skill shortly after the625

initiation of the AMOC collapse. In contrast, the CNN maintains strong predictive skill in the configuration where the LR fails,

when trained on S35S
z , demonstrating substantially greater generalization capabilities.

To further test this hypothesis, we analyze an additional AMOC collapse simulation forced at 5× 10−5 Sv yr−1. For this

forcing rate, the AMOC collapse is initiated even earlier relative to the tipping threshold compared to the 10−4 Sv yr−1

simulation (see Figure B1). In fact, at 0.2189Sv, the AMOC has already fully collapsed.630

To compare model performance, both the CNN and LR were trained on the other seven CLIMBER-X simulations and sub-

sequently tested on the 5×10−5 Sv yr−1 run. For the CNN, we retained the previously identified optimal hyperparameters for

the 10−5 Sv yr−1 simulation. This choice was motivated by the proximity of the two forcing rates and by the fact that the CNN

showed good predictive performance on the 5× 10−5 Sv yr−1 test simulation even without re-validating the hyperparameters.

Under the 5× 10−5 Sv yr−1 forcing, the LR trained on S35S
z exhibits an even more pronounced failure after the initiation635

of the AMOC collapse than in the 10−4 Sv yr−1 case, rendering it effectively unreliable. When trained on surface variables

(SST , SSS, or SST +SSS), the degradation is less severe than for S35S
z but remains evident and more pronounced than in

the 10−4 Sv yr−1 test case.
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By contrast, the CNN maintains substantially more reliable performance when evaluated on the 5× 10−5 Sv yr−1 simula-

tion. When trained on SSS, predictions remain nearly perfect. For the other input configurations, the CNN exhibits a mild640

underestimation of the distance to tipping dF in the vicinity of collapse, but the degradation remains significantly smaller than

that observed for the LR. Overall, these results confirm the superior generalization capability of the CNN, which successfully

captures and extrapolates across the two distinct dynamical regimes of the AMOC system.

To further investigate the reasons for the LR model’s failure, we computed the Pearson correlation coefficient between the

input variables and the normalized distance to tipping, dF (see figure B2 and B3). From this analysis, it appears clear that the645

failure of the LR model after the collapse is not due to the emergence of nonlinear features with respect to the distance index

dF . The input fields are strongly linearly correlated with the index dF ; also, after the onset of the collapse, the type of linear

correlation changes.

From Fig. B2 and B3, we observe that the temporal patterns of the SST and SSS fields prior to the onset of the collapse

resemble those discussed in Section 4.2. In the North Atlantic, a decrease in SST is observed, corresponding to a positive linear650

correlation with the decreasing index dF over time. In contrast, the South Atlantic exhibits an increase in SST, reflected by a

negative linear correlation with the decreasing dF . The SSS fields display a similar spatial pattern.

After the onset of the collapse, the regions of decreasing SST and SSS shift southward, progressively involving the South

Atlantic as well. For the SSS fields, this decreasing pattern extends considerably farther south compared to the SST signal.

As shown in Fig. B3, once the collapse is reached, the signal affects almost the entire South Atlantic, except for a small region655

around 30◦S extending from the African coast to approximately 37◦W, and a limited area near the coast of South America

around 20◦N.

The southward expansion of the decreasing SST and SSS signals is consistent with the weakening of the AMOC. A

reduction in AMOC strength leads to a decreased northward transport of heat and salt; once the collapse is reached, this

transport effectively ceases. This alters the basin-scale distribution of heat and salinity, allowing the anomalies associated with660

the weakening circulation to extend progressively southward.

Furthermore, the collapse of the AMOC is associated with a southward shift of the Intertropical Convergence Zone (ITCZ)

(Cerato et al. (2025)). The ITCZ marks the region of maximum tropical convection and precipitation; therefore, its southward

displacement leads to increased rainfall over the tropical South Atlantic. The resulting freshwater input reduces surface salinity

in this region, contributing to the decrease in SSS observed in the correlation patterns. The southward shift of the ITCZ in665

response to AMOC weakening has also been reported in previous freshwater-forcing AMOC tipping simulations with the

Climber-X model (Willeit et al. (2022b)). Another notable difference between the pre- and post-collapse onset trends is that,

following the onset of the collapse, the Arctic exhibits decreasing surface salinity alongside increasing surface temperature.

Looking at S35S
z , we can notice that the pre-collapse patterns resemble again the patterns already reported in section 4.2,

with positive salinity anomalies extending down to 1000 m and negative salinity anomalies under 1000 m, after the collapse670

initiation the negative salinity anomalies extend deeper, reaching 1500 m. The LR model, which captures linear relationships

between the input fields and the target variable and is trained primarily on data from the pre-collapse regime, cannot generalize
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to the post-collapse regime. The CNN, on the other hand, maintains strong predictive performance even after the collapse

initiation, demonstrating superior generalization capabilities.
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(a) (b)

(c) (d)

(e) (f)

Figure B1. (a)-(b) Evolution of AMOC strength at 26°N in the CLIMBER-X model, under forcing rates rF =[5× 10−5, 10−4] Sv yr−1,

respectively. (c)-(e) CNN predictions vs actual distances to tipping for rF =5× 10−5 Sv yr−1. The CNN is trained using SST or SSS fields

over the Atlantic individually in (c), while in (e), the combination of SST and SSS fields over the Atlantic and S35S
z is adopted. (d)-(f) Same as

(c)-(e) but for rF =10−4 Sv yr−1. In all cases, the median predictions out of 20 trained CNN realizations are shown. For each input-variable

configuration and for both test simulations, the corresponding predictions from a linear regressor are also included for comparison.
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(a) SST: Before (b) SST: After (c) SST: Difference

(d) SSS: Before (e) SSS: After (f) SSS: Difference

(g) S35S
z : Before (h) S35S

z : After (i) S35S
z : Difference

Figure B2. Spatial distribution of the Pearson correlation coefficient between the temporal evolution of SST (a–c), SSS (d–f), and the S35S
z

field (g–i) and the normalized distance-to-tipping index dF . For each variable, the correlation computed before the onset of the AMOC

collapse (ρ1; a, d, g) and after the onset of the collapse (ρ2; b, e, h) are shown. Panels (c, f, i) report the difference in correlation, ρ2 − ρ1.

All panels correspond to the AMOC-collapsing CLIMBER-X simulation forced at a rate of 10−4 Sv yr−1.

38

https://doi.org/10.5194/egusphere-2026-1872
Preprint. Discussion started: 10 April 2026
c© Author(s) 2026. CC BY 4.0 License.



(a) SST: Before (b) SST: After (c) SST: Difference

(d) SSS: Before (e) SSS: After (f) SSS: Difference

(g) S35S
z : Before (h) S35S

z : After (i) S35S
z : Difference

Figure B3. Same as Fig. B2, but for the AMOC-collapsing Climber-X simulation forced at a rate of 5× 10−5 Sv yr−1.

39

https://doi.org/10.5194/egusphere-2026-1872
Preprint. Discussion started: 10 April 2026
c© Author(s) 2026. CC BY 4.0 License.



Appendix C: CNN performances675

C1 Performances on Climber data

rF
(Sv yr−1) Input

MSE
CNN
(IQR)

LR

Error (yr)
CNN
(IQR)

LR

Error (Sv)
CNN
(IQR)

LR

10−5 SST

1.42× 10−3

(2.77× 10−4)

4.50× 10−4

824
(79.6)
464

8.24× 10−3

(7.96× 10−4)

4.64× 10−3

10−5 S35S
z

1.93× 10−3

(6.65× 10−4)

5.96× 10−3

961
(165)
1690

9.61× 10−3

(1.65× 10−3)

1.69× 10−2

10−5 SSS

1.79× 10−4

(1.85× 10−4)

5.77× 10−5

293
(166)
166

2.93× 10−3

(1.66× 10−3)

1.66× 10−3

10−5

SST
+

SSS

1.63× 10−3

(3.64× 10−4)

1.06× 10−5

883
(100)
71.4

8.83× 10−3

(1.00× 10−3)

7.14× 10−4

10−4 SST

5.79× 10−4

(2.87× 10−4)

3.58× 10−5

52.7
(12.6)
13.1

5.27× 10−3

(1.26× 10−3)

1.31× 10−3

10−4 S35S
z

1.59× 10−3

(3.48× 10−4)

4.86× 10−3

87.2
(9.77)
152

8.72× 10−3

(9.77× 10−4)

1.53× 10−2

10−4 SSS

2.94× 10−5

(8.04× 10−6)

8.02× 10−6

11.9
(1.59)
6.17

1.19× 10−3

(1.59× 10−4)

6.20× 10−4

10−4

SST
+

SSS

2.87× 10−5

(7.15× 10−6)

1.44× 10−5

11.7
(1.44)
8.26

1.17× 10−3

(1.44× 10−4)

8.30× 10−4

2× 10−4 SST

1.01× 10−4

(2.79× 10−5)

1.35× 10−5

11.0
(1.50)
4.00

2.20× 10−3

(2.99× 10−4)

8.03× 10−4

2× 10−4 S35S
z

3.42× 10−4

(1.27× 10−4)

3.24× 10−4

20.2
(3.68)
19.6

4.05× 10−3

(7.35× 10−4)

3.94× 10−3

2× 10−4 SSS

1.48× 10−5

(5.68× 10−6)

3.36× 10−6

4.2
(0.783)
2.00

8.41× 10−4

(1.57× 10−4)

4.01× 10−4

2× 10−4

SST
+

SSS

2.02× 10−5

(1.88× 10−5)

5.82× 10−6

4.9
(2.00)
2.63

9.84× 10−4

(3.99× 10−4)

5.28× 10−4
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rF
(Sv yr−1) Input

MSE
CNN
(IQR)

LR

Error (yr)
CNN
(IQR)

LR

Error (Sv)
CNN
(IQR)

LR

3× 10−4 SST

1.42× 10−4

(3.87× 10−5)

5.52× 10−6

8.69
(1.20)
1.69

2.61× 10−3

(3.59× 10−4)

5.14× 10−4

3× 10−4 S35S
z

1.72× 10−4

(6.97× 10−5)

1.23× 10−4

9.57
(1.96)
7.99

2.87× 10−3

(5.88× 10−4)

2.43× 10−3

3× 10−4 SSS

1.01× 10−5

(5.47× 10−6)

3.79× 10−6

2.32
(0.637)
1.40

6.95× 10−4

(1.91× 10−4)

4.26× 10−4

3× 10−4

SST
+

SSS

2.88× 10−5

(8.31× 10−5)

2.37× 10−6

3.9
(4.25)
1.11

1.17× 10−3

(1.28× 10−3)

3.37× 10−4

4× 10−4 SST

8.24× 10−5

(1.99× 10−5)

1.56× 10−5

5.0
(0.582)
2.13

1.99× 10−3

(2.33× 10−4)

8.65× 10−4

4× 10−4 S35S
z

1.16× 10−4

(4.02× 10−5)

7.72× 10−5

5.9
(0.966)
4.74

2.36× 10−3

(3.86× 10−4)

1.92× 10−3

4× 10−4 SSS

7.21× 10−6

(1.11× 10−5)

2.95× 10−6

1.47
(0.960)
0.927

5.88× 10−4

(3.84× 10−4)

3.76× 10−4

4× 10−4

SST
+

SSS

4.21× 10−5

(6.12× 10−5)

4.96× 10−6

3.6
(2.48)
1.20

1.42× 10−3

(9.91× 10−4)

4.87× 10−4
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rF
(Sv yr−1) Input

MSE
CNN
(IQR)

LR

Error (yr)
CNN
(IQR)

LR

Error (Sv)
CNN
(IQR)

LR

5× 10−4 SST

6.82× 10−5

(4.99× 10−5)

1.13× 10−5

3.6
(1.20)
1.45

1.81× 10−3

(6.01× 10−4)

7.37× 10−4

5× 10−4 S35S
z

8.01× 10−5

(4.65× 10−5)

8.80× 10−5

3.9
(1.06)
4.03

1.96× 10−3

(5.30× 10−4)

2.05× 10−3

5× 10−4 SSS

8.09× 10−6

(5.83× 10−6)

4.34× 10−7

1.24
(0.433)
0.283

6.23× 10−4

(2.16× 10−4)

1.44× 10−4

5× 10−4

SST
+

SSS

1.75× 10−5

(2.09× 10−5)

7.65× 10−7

1.8
(0.969)
0.376

9.16× 10−4

(4.85× 10−4)

1.91× 10−4

6× 10−4 SST

9.31× 10−5

(2.14× 10−5)

1.10× 10−5

3.5
(0.407)
1.19

2.11× 10−3

(2.44× 10−4)

7.25× 10−4

6× 10−4 S35S
z

2.05× 10−4

(8.16× 10−5)

1.69× 10−4

5.2
(1.01)
4.68

3.13× 10−3

(6.05× 10−4)

2.85× 10−3

6× 10−4 SSS

1.70× 10−5

(2.82× 10−5)

3.28× 10−6

1.5
(1.04)
0.652

9.04× 10−4

(6.22× 10−4)

3.96× 10−4

6× 10−4

SST
+

SSS

1.97× 10−5

(1.40× 10−5)

1.43× 10−6

1.6
(0.531)
0.430

9.71× 10−4

(3.19× 10−4)

2.61× 10−4

Table C1. Summary table reporting the median and interquartile range (IQR) of the MSE distribution, computed between the predictions of

20 different CNN realizations and the actual distances to tipping, for each test run and input variable configuration used in the CLIMBER-X

experiments (see Section 3.1). The table also includes the corresponding errors expressed in years and freshwater forcing. Results obtained

using a Linear Regressor trained on the same input variables and evaluated on the same test simulations are also reported for comparison.
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C2 Performances on CESM data

Input
Median MSE

(IQR)

Median Error

(years) (IQR)

Median Error

(Sv) (IQR)

Predicted

Distance at Final

Time Step (Year

1750)

SST only 0.077(0.03) 487 (100) 0.147 (0.03) 0.48 (year 917)

SSS only 0.0265(0.06) 286 (252) 0.086 (0.076) 0.1 (year 1584)

SST
+

SSS
0.028(0.042) 295 (221) 0.088 (0.067) 0.12 (year 1550)

S35S
z 0.0334(0.03) 321 (155) 0.1 (0.047) 0.14 (year 1511)

Table C2. Summary table showing the median mean squared error (MSE) between the predicted and actual distances to tipping, computed

over 500 independent CNN realizations evaluated on the CESM test dataset (see Section 3.2). The variability in model performance is

indicated in parentheses and corresponds to the interquartile range (IQR). For both the median and the IQR, the corresponding uncertainties

are also expressed in years and in freshwater forcing.
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Appendix D: Shapley Additive exPlanations

Shapley Additive exPlanations (SHAP) (Lundberg and Lee (2017)) is a model-agnostic explanability method that can be

applied to any machine learning model, from simple linear models to complex deep neural networks. SHAP can be used to680

estimate which input features a model relies on to produce a specific output.

The SHAP method is based on Shapley values, a concept from cooperative game theory. In this framework, a group of players

jointly produces a single outcome, and the Shapley value of each player quantifies its average contribution to that outcome. In

the context of machine learning, the players correspond to the input features of a given sample, while the outcome corresponds

to the model’s prediction.685

Given an input sample x with m features, the Shapley value ϕi associated with the ith feature xi is defined as the average

marginal contribution of that feature to the model output:

ϕi =
∑

S⊆F\i

|S|!,(m− |S| − 1)!

m!
[f(S ∪ i)− f(S)] , (D1)

where S is a subset of features that does not include feature xi, F is the set of all input features, and f(·) denotes the model

being analyzed.690

In practice, computing the model output when a feature is missing requires an approximation. This is done using a background

dataset Xbackground, which is a subset of the dataset X . When a feature i is not included, its value in the input sample is replaced

with a value randomly drawn from Xbackground, while the other feature values are kept unchanged. This procedure is repeated

multiple times, and the average model output is used as an estimate. In the SHAP framework, the average prediction over the

background dataset is used as a reference value. Feature contributions are computed as deviations from this average prediction.695

Due to its interpretability and robustness, SHAP has been used in previous ocean science studies involving convolutional neural

networks (CNNs) to better understand model behavior. For example, Smith et al. (2023) used SHAP to identify which surface

variables are most important for a CNN reconstructing subsurface ocean temperature and salinity profiles. Similarly, Park

et al. (2025) and Yao et al. (2024) applied SHAP to identify the main drivers of CNN-based predictions of surface chlorophyll

concentration and the Pacific Decadal Oscillation, respectively.700
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