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Abstract 

Exceedance of global warming thresholds under overshoot, peak and decline 

pathways may leave regional climate legacies that persist even after global 

temperature stabilization. This study examines whether such overshoot pathway 

fingerprints remain detectable after stabilization at similar global warming levels by 

comparing two multi-century CMIP6 simulations with different magnitudes and 

characteristics of temperature exceedance. Using machine learning classifiers and 

statistical tests on regional multivariate climate data, we show that overshoot 

pathways leave detectable regional fingerprints. Regional climate states remain 

distinguishable between pathways, even when global temperatures stabilize. 

Comparisons with transient pre-overshoot periods at similar global warming levels 

further indicate that some regional differences will not reverse to their transient 

pre-exceedance state. These findings underline that the consequences of overshoot 

pathways cannot be assessed from global mean temperature trajectories alone. 

Evaluating possible impacts and risks from temporary exceedance of global warming 

of 1.5 °C requires attention to persistent regional fingerprints, including changes in 

the distribution and spatial structure of climate variables after stabilization. 

 

 



 

Introduction 

2024 was the first year in which global mean temperature reached 1.5 °C. This most 

likely signals that Earth is within the 20-year period that will reach the Paris 

Agreement temperature limit (1). Overshoot, peak and decline pathways have 

become central to mitigation and impact assessment because their risks may persist 

even if warming later declines (2–5). Yet, overshoot pathways are not simply a 

delayed route to the same climate outcome. Global and regional climate risks after 

overshoot pathways can differ from those in a world that avoids them, and 

confidence in the reversibility of impacts after returning global warming to 1.5 °C may 

therefore be misplaced (2). 

Regional climate signals emerge and stabilize at different times because of 

differences in internal variability, feedbacks, and adjustment timescales (6–8). 

Stabilization simulations show that regional temperature, precipitation, sea ice, and 

variability can continue to evolve long after emissions cease, so stabilized climates 

need not resemble transient climates at the same global warming level (9). 

Overshoot pathway studies further show that regional temperature, precipitation, and 

extremes may reverse only partially after peak warming, with path dependence 

linked to ocean heat uptake, hemispheric temperature asymmetry, ITCZ shifts, 

cryospheric change, aerosols, and regional thermal inertia (10–14). Temporary 

exceedance of temperature limits also increases the risk for potentially irreversible 

non-linear shifts in the Earth system (15). Recent work comparing SSP1-2.6 and 

SSP5-3.4OS further shows that overshoot amplitude affects regional climate, with 

larger overshoots producing stronger hemispheric temperature contrasts and 

regional precipitation changes even after global temperature returns toward a 

common level (16). 

Here we ask whether such pathway dependence remains detectable after late-period 

stabilization. Using long ACCESS-ESM-1.5 CMIP6 simulations through 2300 (17), 

we compare ensembles of a high-overshoot pathway, SSP5-3.4OS, and a 

low-overshoot pathway, SSP1-2.6, across AR6 reference regions (18–20). We 

examine near-surface air temperature, daily maximum and minimum near-surface air 

temperature, precipitation, and near-surface wind speed. We test three related 

questions: whether states of the climate system towards global temperature 
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stabilization differ between pathways, whether regional climates continue changing 

within each pathway, and whether pre- and post-peak states at similar global mean 

temperature are regionally equivalent. 

We address these questions by comparing regional climate states in terms of both 

their distributions and spatial organization. This allows us to test whether late-period 

regional climate states are equivalent across pathways, or whether they remain 

distinguishable in ways that reflect the forcing history. 

Methods 

Data and regional preprocessing 

We analysed monthly CMIP6 output from the ACCESS-ESM-1.5 model (17) for five 

climate variables: near-surface air temperature (tas), daily maximum near-surface air 

temperature (tasmax), daily minimum near-surface air temperature (tasmin), 

precipitation (pr), and near-surface wind speed (sfcWind). Analyses were performed 

separately for AR6 reference regions (20). Both land and ocean regions were 

analysed, although some figures present the land-only subset. 

For each experiment, we compared two 20-year climate states. The five experiments 

were as follows: 

Overshoot pathway fingerprint: SSP5-3.4OS in 2281-2300 (Window #3) was 

compared with SSP1-2.6 in 2281-2300. This tests whether the high-overshoot 

pathway state differs from a low-overshoot pathway state over the same late-period 

interval. 

SSP1-2.6 stabilization: SSP1-2.6 in 2241-2260 (Window #2) was compared with 

SSP1-2.6 in 2281-2300 (Window #3). This tests the extent to which regional climates 

remain stable within the SSP1-2.6 pathway during the 23rd century. 

SSP5-3.4OS stabilization: SSP5-3.4OS in 2241-2260 (Window #2) was compared 

with SSP5-3.4OS in 2281-2300 (Window #3). This tests the extent to which regional 

climates remain stable within the SSP5-3.4OS pathway during the 23rd century. 
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SSP1-2.6 reversibility: A pre-peak SSP1-2.6 window (Window #1) was selected to 

match the global-mean temperature of SSP1-2.6 in 2281-2300 (Window #3) and was 

then compared with SSP1-2.6 in 2281-2300 (Window #3). 

SSP5-3.4OS reversibility: A pre-peak window (Window #1) was selected to match 

the global-mean temperature of SSP5-3.4OS in 2281-2300 (Window #3) and was 

then compared with SSP5-3.4OS in 2281-2300 (Window #3). Because SSP5-3.4OS 

branches from SSP5-8.5, the candidate pre-peak trajectory used SSP5-8.5 before 

2041 and SSP5-3.4OS from 2041 onward. 

For the reversibility experiments, the pre-peak comparison window was not fixed by 

calendar year. Instead, we computed the ensemble-mean global-mean temperature 

trajectory using tas, then selected the 20-year pre-peak window whose mean global 

temperature was closest to the mean global temperature of the 2281-2300 target 

window. The same resolved window was then used for all variables, so that 

reversibility was evaluated at approximately matched global-mean temperature 

rather than at an arbitrary earlier date. We use CO₂ data per scenario (21) for 

illustrative purposes. 

To assess whether the ACCESS-ESM-1.5 results were sensitive to structural model 

uncertainty, we also performed a multi-model sensitivity analysis using one available 

member per CMIP6 model for models with simulations extending to 2300. This 

analysis used the same regional preprocessing, comparison windows, and statistical 

tests as the main ACCESS-ESM-1.5 analysis, but excluded the machine-learning 

classifier because the grouped cross-validation framework requires multiple 

ensemble members from the same model. The multi-model analysis was therefore 

used as a statistical sensitivity check rather than as a direct replication of the 

ensemble-based machine-learning framework. We used one available member from 

each CMIP6 model for which the relevant variables and scenario simulations were 

available through 2300: ACCESS-ESM-1.5 (17), CanESM5 (22), CESM2-WACCM 

(23), EC-Earth3-Veg (24), GISS-E2-1-G (25), GISS-E2-1-H (25), GISS-E2-2-G (26), 

IPSL-CM6A-LR (27), MIROC-ES2L (28), MRI-ESM2-0 (29), and UKESM1-0-LL (30). 

Distributional tests 
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For each AR6 region, variable, and experiment, we compared the distributions of 

annual values from all simulations of the two 20-year periods relevant for the 

experiment (labeled A and B) using two complementary two-sample tests. First, we 

used a two-sided Kolmogorov-Smirnov test to detect differences in the full 

distribution of annual regional values, rather than only differences in the mean (7, 9). 

Second, we used a Mann-Whitney U-test to assess whether values from one window 

tended to be systematically larger or smaller than values from the other window, 

without assuming normally distributed samples (31). Finally, we used a Welch 

two-sample t-test to test for differences in the mean while allowing unequal 

variances. Because Welch’s t-test assumes approximately normally distributed 

samples, results from this test are presented in the Supplementary Information and 

used as a sensitivity check rather than as the primary distributional evidence. All 

three tests were applied to annual regional samples from the same A and B 

windows. 

In addition to the distributional testing, we assign the direction of change using the 

sign of the mean difference, A minus B. For member-wise analyses, the test was 

applied separately to each ensemble member, and regional significance was 

summarized across members. Directional robustness was quantified by the fraction 

of members agreeing on the sign of the A minus B mean difference. A region was 

classified as a robust increase or decrease only when the statistical test was 

significant, and the member-wise sign agreement exceeded a 60% threshold. 

Machine-learning distinguishability 

As a complementary pattern-based measure of regional distinguishability, we trained 

binary classifiers to distinguish samples from windows A and B (32). For each AR6 

region, the classifier was trained separately using gridded values within that region 

as predictors. In the monthly-feature configuration, each sample corresponded to 

one ensemble-member year, and each regional grid cell contributed 12 monthly 

features. The main classifier used is LightGBM (33), trained as a binary model with 

labels indicating whether each sample came from window A or window B. Model 

performance was evaluated using grouped cross-validation by ensemble member, so 

that all samples from a given member were assigned to the same fold and were not 

split between training and validation sets. The primary performance metric was the 
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receiver operating characteristic area under the curve (ROC AUC), which measures 

how well the classifier ranks samples from the two windows across all possible 

classification thresholds (34) and is commonly used in classification benchmarks (35, 

36). An AUC of 0.5 indicates no better-than-random discrimination, while an AUC of 

1 indicates perfect separation. AUC values significantly above 0.5 (where 

"significant" accounts for the finite ensemble size) indicate that the two climate states 

are distinguishable from regional spatial patterns. 

For monthly feature experiments, each regional grid cell contributed one feature per 

calendar month. To reduce dimensionality and computational cost, fields were 

regridded or coarsened to a 5° latitude-longitude grid before classification. For each 

experiment, variable, and region, we recorded cross-validated AUC and 

permutation-based p-values for AUC. The permutation test was repeated 20 times 

by randomly shuffling the A/B labels and recomputing the cross-validated AUC, 

providing a null distribution against which the observed AUC was compared. The ML 

analysis therefore tested whether regional spatial patterns contain enough 

information to distinguish the two climate states, while the KS and Mann-Whitney 

analyses tested distributional or rank-based differences in annual regional values, 

and the Welch t-test tested mean differences. 

The different methods are summarized in Table 1. 
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Table 1. Summary of the detection methods used in the study. 

Role in paper Assumes 
normality? 

Null 
hypothesis 

What it tests Method 

Machine-learning 
detection of 
separability 
between 
windows, 
evaluated with 
grouped 
cross-validation 
by ensemble 
member 

No A classifier 
cannot 
distinguish 
the two 
windows 
better than 
chance 

Whether 
regional climate 
fields from 
window A and 
window B are 
distinguishable 

Machine 
learning 

Non-parametric 
test for 
distributional or 
rank shifts 

No The two 
windows 
have the 
same rank 
distribution 

Whether values 
in one window 
tend to be larger 
or smaller than 
values in the 
other 

Mann-Whitney 
U test 

Primary 
distributional test 

No The two 
windows are 
drawn from 
the same 
distribution 

Whether the full 
distributions 
differ 

Kolmogorov-S
mirnov test 

Parametric 
sensitivity test for 
mean shifts 

Yes Mean(A) = 
Mean(B) 

Whether the 
mean differs 
between 
windows 

Welch 
two-sample 
t-test 

 

Summary and visualizations 

For each method, results were summarized by counting the number of AR6 regions 

showing robust increases, robust decreases, non-robust changes, or no significant 

change. Summary bar plots were produced for all AR6 regions and land-only 

regions. Maps show the regional significance category for each variable and 

experiment using a five-variable panel layout, allowing comparison across variables 

and experiments. 

 



 

Fig. 1 summarizes the study design. We compare late-period differences between 

pathways, continued change within each pathway, and reversibility between pre- and 

post-peak states at a similar global mean temperature. Together, these comparisons 

test whether regional climates converge after stabilization or retain detectable 

memory of the pathway. 

Fig. 1. Study design and statistical framework. (a) Global mean temperature trajectories and the 

comparison windows used to test overshoot pathway fingerprints, stabilization, and reversibility. (b) 

Regional climate states are then compared using the Mann-Whitney test and Kolmogorov-Smirnov 

test for distributional shifts, and machine-learning classifiers for spatial-pattern distinguishability. 

Results 

Across the five experiments, the three diagnostics give a consistent but 

method-dependent picture of pathway memory, late-period stabilization, and 

 



 

reversibility. The machine-learning classifier is generally the most sensitive 

diagnostic, because it tests whether regional spatial patterns distinguish the two 

climate states. The Kolmogorov-Smirnov and Mann-Whitney tests are more 

conservative, because they test differences in regional annual distributions or ranks. 

Global-mean near-surface temperature does not differ significantly between 2241 to 

2260 and 2281 to 2300 in either SSP1-2.6 or SSP5-3.4OS under the 

Kolmogorov-Smirnov and Mann-Whitney tests. This indicates that these late-period 

windows are broadly comparable in global temperature and can be considered 

stabilized in terms of their global temperature outcome (16). 

In the overshoot pathway fingerprint experiment, SSP5-3.4OS and SSP1-2.6 remain 

distinguishable in the late 23rd century across all five variables, although the 

strength and direction of the signal differ by variable and method (Fig. 2). 

Machine-learning distinguishability is widespread, indicating that regional spatial 

patterns retain information about the pathway even after global temperature 

stabilization. The KS and Mann-Whitney tests show fewer robust changes than the 

machine-learning classifier, but they still identify significant and robust regional 

differences for several variables and regions. This indicates that the late-period 

overshoot pathway fingerprint is not only a spatial-pattern effect, but in some regions 

is also expressed as a shift in regional distributions or ranks. The same comparison 

with non-significant and non-robust sign categories separated is shown in Fig. S1, 

and the corresponding all-region version including oceans is shown in Fig. S2. 
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Fig. 2. Overshoot pathway fingerprint in late-period regional climate states. Number of AR6 land 

regions showing regional climate-state differences between SSP5-3.4OS and SSP1-2.6 in 2281 to 

2300. Results are shown for five climate variables and three diagnostics: machine-learning 

classification, the two-sample Kolmogorov-Smirnov test, and the Mann-Whitney U-test. Positive bars 

indicate regions where the A minus B mean difference is positive, and negative bars indicate regions 

where the A minus B mean difference is negative. Dark colors show statistically significant and 

directionally robust increases or decreases, while lighter colors show non-significant or non-robust 

changes. Grey envelopes indicate the total number of available AR6 land regions. The comparison 

tests whether regional climates reached through a high-overshoot pathway remain distinguishable 

from those reached through a lower-overshoot pathway after late-period global temperature 

stabilization. 

 

The within-pathway stabilization experiments show a different pattern (Fig. 3). For 

both SSP1-2.6 and SSP5-3.4OS, most regions fall into non-significant or non-robust 

categories for the KS and Mann-Whitney tests, indicating that late-period regional 

distributions are mostly stable between 2241 to 2260 and 2281 to 2300. 

Machine-learning distinguishability remains somewhat present in some variables and 

 



 

regions, especially for temperature variables, suggesting that residual adjustment 

can persist in regional spatial patterns even when regional distributions show limited 

robust change. The two stabilization experiments do not provide clear evidence that 

late-period regional stationarity is systematically stronger in SSP1-2.6 than in 

SSP5-3.4OS. Instead, both pathways show broadly limited but nonzero residual 

change during the late 23rd century. The separated category versions of these 

stabilization summaries are shown in Fig. S3 for land regions and Fig. S4 when 

ocean regions are included. 

 

 



 

 

Fig. 3. Late-period stabilization within SSP1-2.6 and SSP5-3.4OS. Number of AR6 land regions 

showing regional climate-state differences between 2241 to 2260 and 2281 to 2300 within each 

pathway. The upper panel shows SSP1-2.6 and the lower panel shows SSP5-3.4OS. For each 

variable, machine-learning classification, the Kolmogorov-Smirnov test, and the Mann-Whitney U-test 

 



 

are shown side by side. Positive and negative bars indicate the direction of the A minus B mean 

difference, with dark colors denoting statistically significant and directionally robust changes and 

lighter colors denoting non-significant or non-robust changes. Grey envelopes indicate the total 

number of available AR6 land regions. These comparisons test whether regional climate states 

continue to evolve during the late 23rd century after apparent global temperature stabilization. 

 

The matched-global-temperature reversibility comparisons show the strongest and 

most widespread separation between climate states (Fig. 4). In both SSP1-2.6 and 

SSP5-3.4OS, pre-peak and late-period regional climates remain widely 

distinguishable despite having similar global mean temperatures. This separation is 

strongest for the machine-learning classifier, which identifies widespread regional 

separability across temperature variables, precipitation, and wind speed. The KS and 

Mann-Whitney tests also show substantial numbers of robust regional differences, 

especially for precipitation and temperature-related variables. These results show 

that matching global mean temperature is not sufficient to ensure regional 

climate-state equivalence. Because the pre-peak windows occur during transient 

warming, the differences should not be interpreted as direct proof of hysteresis on 

their own. They are nevertheless consistent with regional path dependence and 

show that late-period regional climate states cannot be inferred from global mean 

temperature alone. The corresponding separated-category reversibility summaries 

are shown in Fig. S5 for land regions and Fig. S6 when ocean regions are included. 

 

 



 

 

Fig. 4. Reversibility at matched global mean temperature. Number of AR6 land regions showing 

differences between pre-peak and late-period climate states selected to have approximately matched 

global mean temperature. The upper panel shows SSP1-2.6 and the lower panel shows SSP5-3.4OS. 

Results are shown for five climate variables and three diagnostics: machine-learning classification, the 

 



 

Kolmogorov-Smirnov test, and the Mann-Whitney U-test. Positive and negative bars indicate the 

direction of the A minus B mean difference, with dark colors denoting statistically significant and 

directionally robust changes and lighter colors denoting non-significant or non-robust changes. Grey 

envelopes indicate the total number of available AR6 land regions. These comparisons test whether 

regional climates after stabilization resemble earlier climate states at the same global warming level, 

or whether they retain path-dependent differences after peak warming. 

 

 

To assess whether the main findings were specific to the ACCESS-ESM-1.5 

ensemble, we also performed a multi-model sensitivity analysis using one available 

member per model. This analysis provides an independent check on the statistical 

results across a broader set of models. Because the machine-learning analysis 

requires multiple ensemble members for grouped cross-validation, it is excluded 

from this analysis. The multi-model analyses are shown in Fig. S7 for the overshoot 

pathway fingerprint experiment, Fig. S8 for the stabilization experiments, and Fig. S9 

for the reversibility experiments. 

The regional maps of the overshoot pathway fingerprint experiment show that 

late-period pathway distinguishability is widespread but spatially heterogeneous (Fig. 

5). For several variables, classifiers achieve high ROC AUC values across many 

AR6 land regions, indicating that regional spatial patterns contain information that 

separates SSP5-3.4OS in 2281 to 2300 from SSP1-2.6 over the same period. The 

corresponding permutation-based p-values show that this distinguishability is 

statistically strongest in a subset of regions rather than uniformly significant 

everywhere. This pattern indicates that the late-period overshoot pathway fingerprint 

is not simply a global or spatially uniform offset, but is expressed through regionally 

varying differences in the spatial structure of climate fields. 

 



 

Fig. 5. Regional machine-learning performance for the overshoot pathway fingerprint 
experiment. ROC AUC (left column) and permutation-based p-values (right column) for machine 

 



 

learning in the overshoot pathway fingerprint experiment, shown separately for each climate variable. 

Dark green regions indicate high ROC AUC (left column) and low p-values (right column). 

 

The within-pathway stabilization maps provide little evidence that late-period 

stabilization is more complete in SSP1-2.6 than in SSP5-3.4OS (Figs. S10 and S11). 

If anything, the SSP1-2.6 comparison shows equal or greater residual 

distinguishability in several regions and variables, suggesting that the low-overshoot 

pathway is not necessarily more regionally stationary over the late 23rd century. This 

indicates that apparent stabilization of the global trajectory does not translate 

uniformly into stationary regional spatial patterns, even in the lower-emissions 

scenario. 

The matched-global-temperature reversibility maps show that the contrast between 

pre-peak and late-period climates is spatially widespread in both pathways (Figs. 

S12 and S13). Regional classifiers distinguish the late-period state from the earlier 

pre-peak state across most regions and variables, with stronger and more spatially 

coherent distinguishability than in the within-pathway stabilization maps. These maps 

reinforce the summary results by showing that the reversibility signal is not confined 

to a small number of regions or variables. 

Discussion 

This study shows that climate stabilization at similar warming levels does not 

necessarily imply reversibility. Even after global temperature has approximately 

stabilized, regional climates reached through different forcing histories can retain 

detectable pathway memory. Across variables and regions, SSP5-3.4OS and 

SSP1-2.6 often differ not only in regional distributions but also in spatial patterns 

within AR6 regions. The matched-global-temperature comparisons further suggest 

that many regional differences cannot be explained by global mean temperature 

alone. Instead, regional climate states may depend on whether a given level of 

warming is reached before or after the peak of an overshoot pathway. 

The diagnostics capture different aspects of regional climate-state separation. KS 

and Mann-Whitney test changes in regional distributions or ranks, whereas the 

 



 

machine-learning classifier tests whether spatial patterns within a region distinguish 

the two states. This explains why ML distinguishability can be more widespread than 

distributional significance. Cases that are statistically significant but lack robust sign 

agreement should be interpreted cautiously: for example, a 20-year window affected 

by decadal variability could produce a significant regional distributional difference in 

some ensemble members, while other members show the opposite sign of change. 

Such cases indicate separability between samples, but not necessarily a directionally 

consistent forced response. 

Several mechanisms may help explain why regional climate states remain 

distinguishable after global temperature stabilization. First, ocean adjustment occurs 

on longer timescales than global surface temperature, so heat uptake, heat 

redistribution, and circulation recovery can leave persistent regional anomalies (37, 

38). This is especially relevant for high-latitude ocean regions, where previous 

studies show persistent North Atlantic and Southern Ocean warming after global 

temperature returns to a target level (37). More generally, deep-ocean heat uptake 

can modulate late-century and post-net-zero surface temperature trajectories, 

providing a physical basis for continued regional adjustment after apparent global 

stabilization (39). 

Atmospheric circulation and aerosol forcing may also contribute to the regional 

structure of the fingerprints. Overshoot pathway and CO₂-removal experiments have 

shown pathway-dependent shifts in the ITCZ, Hadley circulation, ENSO behavior, 

and monsoon area, all of which can alter regional climates even when global 

temperature is similar between periods (40–44). In addition, aerosol reductions can 

produce strongly regional climate responses, especially near major historical 

aerosol-emission regions, and may be relevant for interpreting differences over East 

and South Asia in the reversibility comparisons (45, 46). These processes suggest 

that the fingerprints detected here are unlikely to reflect a single uniform offset, but 

rather a combination of ocean-memory, circulation-adjustment, and 

forcing-composition effects. 

These findings are consistent with previous work showing that overshoot pathway 

impacts may be only partially reversible (2, 10, 16). Pfleiderer et al. showed that 

regional temperature, precipitation, and extremes do not always reverse with 
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declining global mean temperature (10), while Roldán-Gómez et al. linked 

post-overshoot irreversibility to hemispheric temperature asymmetry, ITCZ shifts, 

regional thermal inertia, aerosols, cryospheric change, and ocean heat transport 

(11). Our results extend this literature by focusing on late-period stabilization and by 

evaluating whether regional climates remain distinguishable as overall climate 

states, rather than assessing only the reversal of regional mean changes. They also 

align with stabilization studies showing that regional climate variables can continue 

to evolve after global forcing or temperature has stabilized (6, 9, 47). 

Several limitations should be noted. First, the ensemble-based machine-learning 

analysis is limited to ACCESS-ESM-1.5 (17), because this was the only model with 

sufficient ensemble members for grouped cross-validation. To partly assess 

robustness across structural model uncertainty, we therefore complemented the 

ACCESS-ESM-1.5 analysis with a multi-model sensitivity analysis using one 

available member per model. This multi-model analysis supports the statistical 

interpretation of the results, but it does not provide a direct replication of the 

machine-learning framework. Second, the comparison between the 23rd-century 

state and the pre-peak window should be interpreted with caution, because the 

pre-peak window occurs during a transient warming period rather than under 

approximately stabilized climate conditions. Next, machine-learning distinguishability 

indicates that regional spatial patterns contain information about pathway or period, 

but it does not by itself identify the physical mechanisms responsible for the 

difference or its impact relevance. Finally, the analysis focuses on selected 

atmospheric variables and could be expanded to additional variables in future work. 

Overall, the results suggest that risks associated with overshoot pathways cannot be 

assessed from global mean temperature trajectories alone. Even after apparent 

stabilization, regional climate distributions and spatial structures may retain 

detectable memory of the forcing pathway. Assessing the consequences of 

overshoot pathways therefore requires attention not only to how high global 

temperature rises and when it returns, but also to the regional climate states left 

behind. 
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Supplementary Information 

Fig. S1. Overshoot pathway fingerprint experiment with non-significant and non-robust sign 

 



 

categories separated. Similar to Fig. 2, but bars separate robust increases and robust decreases 

from regions that are statistically significant but lack sufficient member-wise agreement in the sign of 

change, and from regions that are not statistically significant. Direction is defined from the A minus B 

mean difference, and sign robustness is based on member-wise agreement exceeding the 60% 

threshold. Grey envelopes show the total number of available AR6 land regions for each variable. 

 

Fig. S2. Overshoot pathway fingerprint experiment with non-significant and non-robust sign 
categories separated, including oceans. Similar to Fig. S1, but includes oceans. 

 



 

Fig. S3. Stabilization experiments with non-significant and non-robust sign categories 
separated. Similar to Fig. 3, but bars separate robust increases and robust decreases from regions 

that are statistically significant but lack sufficient member-wise agreement in the sign of change, and 

from regions that are not statistically significant. Direction is defined from the A minus B mean 

 



 

difference, and sign robustness is based on member-wise agreement exceeding the 60% threshold. 

Grey envelopes show the total number of available AR6 land regions for each variable. 

Fig. S4. Stabilization experiments with non-significant and non-robust sign categories 
separated, including oceans. Similar to Fig. S3, but includes oceans. 

 



 

 

Fig. S5. Reversibility experiments with non-significant and non-robust sign categories 
separated. Similar to Fig. 4, but bars separate robust increases and robust decreases from regions 

that are statistically significant but lack sufficient member-wise agreement in the sign of change, and 

 



 

from regions that are not statistically significant. Direction is defined from the A minus B mean 

difference, and sign robustness is based on member-wise agreement exceeding the 60% threshold. 

Grey envelopes show the total number of available AR6 land regions for each variable. 

 



 

Fig. S6. Reversibility experiments with non-significant and non-robust sign categories 
separated, including oceans. Similar to Fig. S5, but includes oceans. 

 

 



 

Fig. S7. Overshoot pathway fingerprint experiment with non-significant and non-robust sign 
categories separated using the multi-model analysis. Similar to Fig. 2, but for the multi-model 

analysis. The machine learning model is excluded as it requires multiple ensemble members. 

 



 

Fig. S8. Stabilization experiments with non-significant and non-robust sign categories 

 



 

separated using the multi-model analysis. Similar to Fig. 3, but for the multi-model analysis. The 

machine learning model is excluded as it requires multiple ensemble members. 

 

 



 

Fig. S9. Reversibility experiments with non-significant and non-robust sign categories 

 



 

separated using the multi-model analysis. Similar to Fig. 4, but for the multi-model analysis. The 

machine learning model is excluded as it requires multiple ensemble members. 

 

 



 

 

Fig. S10. Regional machine-learning performance for the SSP1-2.6 stabilization experiment. 
Similar to Fig. 5, but for the SSP1-2.6 stabilization experiment. 

 



 

Fig. S11. Regional machine-learning performance for the SSP5-3.4OS stabilization experiment. 
Similar to Fig. 5, but for the SSP5-3.4OS stabilization experiment. 

 



 

Fig. S12. Regional machine-learning performance for the SSP1-2.6 reversibility experiment. 
Similar to Fig. 5, but for the SSP1-2.6 reversibility experiment. 

 



 

Fig. S13. Regional machine-learning performance for the SSP5-3.4OS reversibility experiment. 
Similar to Fig. 5, but for the SSP5-3.4OS reversibility experiment. 
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