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Ambiguity of early warning signals for 
climate tipping points
 

Max Rietkerk    1,4  , Vanessa Skiba    2,4  , Els Weinans    1, Raphaël Hébert    2 & 
Thomas Laepple    2,3

There is concern that climate change might lead to abrupt and irreversible 
changes in parts of the Earth system at so-called tipping points. Theoretical 
considerations suggest that statistical measures can be used to detect early 
warning signals (EWSs) for reduced resilience, which could be interpreted as 
an increased proximity to climate tipping points. Here we discuss limitations 
of commonly used EWSs and their detection and discuss how alternative 
explanations can lead to resilience loss in the absence of tipping points. 
We argue for better testing of the existence of tipping points, beyond 
the application of EWSs, and propose a method to better quantify the 
probability of approaching tipping points using EWSs.

On the basis of palaeoclimate and model-based studies, many elements 
of the Earth system, such as the Greenland Ice Sheet, the Amazon rain-
forest, the Atlantic Meridional Overturning Circulation (AMOC) and 
the West Antarctic Ice Sheet, are considered prone to abrupt and irre-
versible changes at so-called tipping points1–3. Crossing tipping points 
may lead to high-impact and catastrophic outcomes4, involving such 
changes of climate system elements. However, quantifying the prob-
ability of tipping is challenging, and the latest IPCC assessment report 
assigned low to medium confidence for most of these climate tipping 
points to be reached in the twenty-first century, with their likelihood 
of occurrence generally increasing at higher warming levels5.

Dynamical systems approaching a tipping point recover more 
slowly from small perturbations6 (Box 1). This phenomenon is termed 
‘critical slowing down’ and is associated with increasing memory and 
variability of the system, which are interpreted as early warning signals 
(EWSs) for tipping points. These can be detected via changes in statisti-
cal properties of time series of variables from the system under study, 
and various metrics for that have been developed (Box 1). Recently, 
such EWS metrics have been used to infer approaching tipping points in 
Earth system components (for example, refs. 7–10). However, detecting 
and interpreting EWSs in empirical data comes with multiple concep-
tual and statistical issues (Table 1), challenging the interpretation of 
the results (for example, refs. 11–13).

In this Perspective, we reflect on these uncertainties regarding 
EWSs and associated metrics to detect approaching climate tipping 

points in Earth system elements from observational data. We review  
the confidence regarding the existence of climate tipping points and the 
lack of mechanistic understanding of EWSs. Furthermore, we discuss the 
potential misinterpretation of EWSs due to overlooked alternative expla-
nations and the pitfalls related to theoretical and statistical challenges 
(Table 1) that might occur when applying EWSs to observational data. 
To address these challenges, we propose a statistical framework for the 
application of EWSs and provide recommendations for future efforts.

We argue that it is crucial to enhance the robustness in the applica-
tion of EWS theory to reduce the probability of false alarms. While we 
critically discuss the ability of EWSs to anticipate tipping points, this 
should not be misinterpreted as diminishing the urgency of climate 
mitigation. Given the potential for catastrophic outcomes, the pre-
cautionary principle necessitates proactive measures even in the face 
of scientific uncertainty.

Tipping points and positive feedback
Tipping points are critical thresholds where a dynamical system with 
alternative stable states abruptly shifts from one stable state to the 
other, due to a relatively small change in environmental conditions1,14 
(Box 1). Because of the causal relation between the occurrence of tip-
ping points and positive feedback, the reversal of the system’s state 
after crossing the tipping point is hindered, a phenomenon called 
hysteresis1,6 (Box 1). Positive feedbacks are ubiquitous in climate sys-
tem elements, such as the Greenland Ice Sheet, the Amazon rainforest 
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and high-complexity Earth system models (ESMs). A systematic search 
for regional abrupt changes has been conducted previously in an ESM 
ensemble to detect potential tipping points for different global warm-
ing scenarios19. This revealed that ‘abrupt shifts’ of each identified 
climate system element were observed in only a minority of these 
models, and mostly under the worst-case high-emissions scenario, 
representative concentration pathway 8.519 (compare table S2 in  
ref. 3). Moreover, detected abrupt shifts are not necessarily the result 
of tipping points, for example, when shifts of climate system elements 

and the AMOC2. An example of such a process, where a change leads 
to further increase of that change, is the evapotranspiration–rainfall 
feedback in the Amazon. There such positive feedback of reduced 
forest cover would lead to decreased evapotranspiration, causing less 
rainfall, leading to even further reduced forest cover.

This type of tipping point is related to fold bifurcations, which 
occur due to changes in stability properties of a dynamical system. 
Such bifurcation-induced tipping can be detected using EWSs6 
(Box 1) and is therefore the focus of this Perspective. We do not con-
sider noise-induced and rate-induced tipping, as these types of tipping 
cannot be anticipated by EWSs14,15. Furthermore, we exclude other, 
qualitatively different, bifurcations with no causal relation with posi-
tive feedback from the tipping point definition used in this Perspective. 
Examples of such different bifurcations are smooth (non-abrupt), 
gradual and potentially reversible transitions, such as the approximate 
linear variation of Arctic summer sea ice with global surface tempera-
ture, or the emergence of regular cycles, such as the onset of climate 
oscillations1,5,14.

Model dependence of tipping behaviour
To obtain a mechanistic understanding of feedbacks, such systems 
dynamics are often reduced to simple models, whereby positive feed-
backs drive the existence of tipping points (for example, refs. 16,17). 
In such ‘idealized’ or ‘minimal’ models1,16, positive feedbacks are often 
isolated as mechanisms to study their effects on properties of system 
variables, typically through varying parameter values determining the 
strength of feedbacks1,17,18. Thus, such simple models are well suited to 
infer causal relations between the occurrence of tipping points and the 
strength of positive feedbacks.

In contrast to the simplified models often used in tipping-point 
analysis, tipping points are less often found in more comprehensive 

Table 1 | Theoretical and statistical challenges addressed 
in this Perspective related to the use of EWSs for climate 
tipping points

Challenge References Theoretical Statistical

Complex noise regimes 39,40,42,96,97 X X

Timescales of system relative 
to driver

44,45 X

Critical slowing down occurs 
also without tipping points

11,12,98 X

Changes in data availability, 
quality and processing 
techniques

61,64–67 X

Spatial autocorrelation 73 X

Changes in climate variability 
or random events (for example, 
volcanic eruptions)

41,68–71 X X

Changes in observational 
system (for example, 
bioturbation in sediment 
cores)

74 X X

BOX 1

Tipping points and their anticipation using statistical EWSs
Tipping points (black dots; see example from the Ricker model99 in 
the figure) are critical thresholds at which a small change in a control 
parameter (x axis) can lead to a shift of a system from one stable 
state to another. Such shifts with tipping points are synonymously 
called catastrophic shifts or critical transitions (as opposed to 
non-catastrophic shifts or non-critical transitions without tipping 
points)1,6,12,100 and are indicated in the figure by the dashed black 
arrows starting at the tipping points and moving towards the other 
stable state. Tipping points are caused by positive feedbacks, and 
reversal of these critical transitions is associated with hysteresis. This 
is illustrated in the figure where the collapse to the lower system state 
at tipping point 1 occurs at a higher value of the control parameter 
compared with the recovery to the higher system state at tipping 
point 2. Statistical EWSs have been proposed to detect such tipping 
points, on the basis of the phenomenon of critical slowing down, that 
is, increased recovery time of system state variables (for example, 
refs. 6,100,101).

Critical slowing down results in an increased amplitude of 
fluctuations of system state variables as the system approaches 
a tipping point. This is indicated by the blue fluctuating line in the 
figure, also depicted as blue double arrows in the inset sketches. The 
blue line fluctuates around an equilibrium of a system, illustrated by 
the red line in the figure, also shown by the position of the red balls 
in the inset sketches. This indicates an ongoing destabilization of a 
system when approaching a tipping point.

EWSs can be found in a system that is subject to critical slowing 
down. Variables of this system will exhibit changes in their statistical 
properties, in particular increases in amplitude of fluctuations and 
memory, which can be used as EWSs (for example, ref. 63). Those 
EWSs can be estimated statistically via variance, lag-1 autocorrelation 
(AC1) or the restoring rate6,38,50. Various more recent metrics based on 
this principle have been developed (for example, refs. 8,42,47,102–104). 
Much recent work has focused on the detection of critical slowing 
down in climatic and environmental data using EWS metrics (for 
example, refs. 7,8,10,34,59,105). Those metrics are usually computed 
in a running window following detrending of the time series (the trend 
is illustrated as the red equilibrium line in the figure). If an increase in 
the metrics over time is detected, this is interpreted as EWSs indicating 
critical slowing down and an approaching tipping point.
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are reversible (that is, without hysteresis; Box 1), such as demonstrated 
for Arctic sea-ice loss20. So, although abrupt shifts can be detected, 
there is so far only limited evidence from high-complexity ESMs for the 
existence of climate tipping points. Further model intercomparisons 
with improved ESMs will help to clarify this evidence and refine the 
assessment of the likelihood of climate tipping points3.

As an example, tipping of the AMOC has commonly been dem-
onstrated with simple models16,17,21,22, but rarely in high-complexity 
ESMs19,23 (compare table S2 in ref. 3, but see refs. 24,25). This is probably 
because increasing model complexity and spatiotemporal resolution 
leads to smoother transitions and more stability in the AMOC18,26–28. It 
is plausible that stabilizing mechanisms operating in high-complexity 
ESMs may counteract or override positive feedbacks, thereby pre-
venting tipping points. In addition, spatial effects such as spatial het-
erogeneity can obscure or prevent the occurrence of tipping points28. 
For example, the coexistence of different stable states in one spatial 
domain is associated with multi-stability, that is, multiplicity of stable 
states28. One example is the possibility of multiple states of the AMOC, 
besides the convective and non-convective states that are seen in 
simplified models. Convection may also occur only in various parts 
of the spatial domain, depending on its size and spatial heterogene-
ity29. This may lead to fragmented or intermediate tipping, or partial 
spatial reorganization of the system18,29. Therefore, we suggest that 
counteracting interactions at various spatiotemporal scales could 
explain the lack of clear evidence for tipping points in climate system 
elements in high-complexity ESMs. However, ESMs also have structural 
uncertainties and could be regionally too stable (for example, ref. 30).

Various studies based on conceptual models find that stabilizing 
and destabilizing interactions between potential tipping elements, 
for example, the Greenland Ice Sheet, the AMOC and the Amazon 
rainforest, could increase the probability of tipping and invoke tipping 
cascades4,31–35. This suggests that destabilizing interactions between 
climate system elements could dominate over stabilizing ones4,36,37. 
However, studies investigating climate system element interactions 
so far are based only on simple conceptual models. We postulate that 
the intersystem and large-scale emerging stability of complex systems 
addressed here might not be fully captured by such models. Thus, it is 

still unknown how climate system elements interact in complex ESMs 
and in the real global Earth system.

Theoretical challenges for detecting EWSs
To formulate dynamical models, assumptions have to be made about 
which processes to implement and which to ignore. Under these 
assumptions, the dynamics of a system may be reflected by a simple 
model, such as illustrated in Box 1. We know that in such simple systems, 
and with relatively simple noise regimes, slowing is a relevant pro-
cess that can be detected by an increase in metrics for autocorrelation 
and variability6 (Box 1), as well as by measures more directly related to 
slowing, such as the recovery rate38 (Box 1). However, various studies 
indicate that the performance of EWS metrics is reduced with more 
complex noise regimes39,40 (but see refs. 41,42). Another limitation in 
EWSs lies in the assumptions necessary for interpreting EWSs, such as 
the premise that a system should be in a stable equilibrium before a 
tipping point occurs. In real systems, the distinction between a stable 
state and a long transient state may not be clear43–45. In addition, the rate 
at which the system approaches the tipping point must be sufficiently 
slow relative to the internal dynamics of the system (compare ref. 46), 
but these relative rates are typically unknown.

If EWSs are robustly detected from data, confirming slowing 
and resilience loss, this cannot yet be interpreted as approaching a 
tipping point. Slowing occurs in dynamical systems not only before 
tipping points (for example, fold bifurcations; Box 1) but also before 
other bifurcation points that are qualitatively different, and before 
smooth and reversible changes with no bifurcations (Fig. 1). Such other 
bifurcations include gradual and reversible transitions from stable 
equilibria to unstable equilibria (so-called transcritical bifurcations 
or non-catastrophic transitions) and transitions from stable equi-
libria to periodic oscillations and vice versa (so-called Hopf bifurca-
tions)12,39. Hence, slowing and EWSs also occur in models that do not 
include tipping points and positive feedbacks when changing their 
control parameters (Fig. 1; compare refs. 47,48). In systems without 
tipping points, spurious EWSs may arise from stochastic fluctuations 
or disturbances49,50, climate oscillations51, self-organization and emerg-
ing chaos52,53, (consumer-resource) cascades, such as the increase in 
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Fig. 1 | EWSs can occur with and without tipping points. EWSs can arise also 
in the absence of a tipping point, demonstrated here on the basis of a simple 
AMOC model17. The model describes salinity differences, dependent on 
freshwater flux and strength of a positive salinity–advection feedback. With 
increasing freshwater flux over time, for a strong positive feedback there is a 
critical transition with a tipping point, and for a weak positive feedback there is 
a smooth, non-critical transition (not abrupt and reversible) without a tipping 
point. The autocorrelation variance, and corrected restoring rate λcor (ref. 8) all 

show a significant increase and thus provide EWSs, for both the critical transition 
with a tipping point and the smooth transition without a tipping point. The EWSs 
are all scaled between 0 and 1 for ease of visualization. a, Time series of salinity 
differences for increasing freshwater flux over time towards a critical transition 
with a tipping point and associated EWS metrics. b, Time series of salinity 
differences for increasing freshwater flux over time towards a smooth transition 
without a tipping point and associated EWS metrics. See Methods for details.
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rainfall due to forest transpiration upwind54, and spatial pattern forma-
tion with associated multi-stability18,28,55,56. Thus, since slowing down 
can also occur in models without tipping points, this phenomenon 
alone cannot be used to robustly identify whether a tipping point is 
approached12,39. Note that even if a tipping point is approached, clas-
sical EWSs cannot be used to predict when exactly the tipping point 
will be crossed because they do not provide absolute distance values 
towards it (for example, ref. 13).

Statistical challenges for detecting EWSs
EWSs have been detected from observational data, including palaeo-
climate reconstructions (for example, refs. 7,57–59), instrumental 
datasets (for example, ref. 8) and remote-sensing data (for example, 
refs. 9,60,61). In this section, we identify and reflect on pitfalls associ-
ated with the detection of EWSs in real data (Box 1).

The standard procedure is to assess the statistical significance 
of positive trends in EWS measures (Box 1) to determine whether the 
observed trend reflects expected random variations on the basis of the 
underlying statistical properties of the time series (compare ref. 62). 
For this, a null model must be defined. To ensure a meaningful result, 
it is important that this null model reflect relevant data properties of 
the system in the absence of critical slowing (for example, ref. 63).

For example, increasing data availability over time can increase the 
variance when more data points are available64 (Fig. 2a) or decrease the 
variance when averaging over an increasing number of time series for 
spatial composites reduces the noise level (Fig. 2b; similar to ref. 61). In 
both cases, this results in an opposite trend in the lag-1 autocorrelation 
and corrected restoring rate λcor (with decreasing lag-1 autocorrelation 

and corrected restoring rate λcor when variance increases, and vice 
versa; Fig. 2). This underlines the sensitivity of EWS metrics to changes 
in data availability and quality, which needs to be accounted for when 
testing statistical significance.

Data products often rely on observations that vary in quantity and 
observation systems over time and involve processing to homogenize 
noisy and irregular data. Examples include variations in the density 
and type of palaeoclimate data65 and transitions from palaeoclimate 
proxies to instrumental data or from bucket-based to more accurate 
buoy-based water temperature measurements (for example, ref. 66). In 
all cases, such changes can alter statistical properties of resulting data 
products (as in the example in Fig. 2a). Observational data products, 
such as EN4.2.1, HadSST4 or VODCA (for salinity, temperature and vege
tation variables, respectively), are produced using observations with 
increasing availability over time, with varying types of measurement 
techniques, usually becoming increasingly more accurate with time61. 
Processing techniques employed to homogenize various sources of 
data affect higher-order statistics of resulting data products64. For 
example, in the EN4.2.1 dataset, grid cells are filled with climate back-
ground information (mean of period 1971–2000) whenever there are no 
data available (usually for earlier periods). This can result in increasing 
variance and autocorrelation in more recent periods when more data 
are available and, if unaccounted for, spurious positive trends of EWS 
metrics64. Likewise, data assimilation techniques, which utilize climate 
model data as prior information that is updated by proxy data, will lead 
to increase in variance when and where proxy data are available67. When 
testing for significant positive trends in EWS metrics, it is thus impor-
tant to consider that these effects can occur in various combinations, 
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Fig. 2 | Examples for spuriously significant positive trends in EWS metrics 
produced from noise. Spurious increase in EWS metrics can arise due to 
increasing number of data points, increasing number of time series or non-
stationary response and could thereby be wrongly attributed to critical slowing 
or decreased resilience if not accounted for. a, Interpolation over increasing 
number of data points with time can lead to increase in variance. b, Averaging 
over increasing number of time series can lead to increase in autocorrelation 

and corrected restoring rate λcor. Grey vertical lines mark the start point of each 
time series (all end at time point 1,000). c, A time series with a piecewise linear 
trend with a constant value of –1 unit for the first half of the time series and 
an increase from –1 to 4 units for the second half (indicated by the grey line), 
which is recorded only above a certain threshold (here ‘0’), can show increase in 
autocorrelation, variance and corrected restoring rate λcor (ref. 8). See Methods 
and Supplementary Fig. 1 for details.
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and inferences about critical slowing or resilience loss cannot be made 
without accounting for these effects.

Furthermore, changes in autocorrelation and variability unrelated 
to critical slowing can arise from mean climate changes (for example, 
refs. 68–71) or perturbations such as a random volcanic event (for 
example, a related temperature decrease) and can result in spuriously 
detected positive trends of EWSs metrics (Fig. 3 and Supplementary 
Fig. 2). This can be addressed by removing or otherwise considering 
the forced response41 or, in case of intermittent perturbations, by hav-
ing a more general stochastic surrogate model with intermittency72.

In addition to accounting for temporal autocorrelation in sig-
nificance testing, one also has to consider the prevalent spatial auto
correlation in climate fields when attempting to detect critical slowing 
in individual grid cells of a spatial dataset. For example, testing each 
grid cell of a global climate field separately for positive trends in  
EWS metrics with a confidence level of P = 0.05 will often result in 
more than 5% false positives, depending on the degree of spatial auto
correlation73. As an example, in the surface temperature field of a  
CMIP5 (Coupled Model Intercomparison Project Phase 5) climate 
model simulation, a 13% threshold is required in periods with weak  
volcanic activity, whereas for the period with a strong volcanic 
eruption, the threshold increases to 30% (Supplementary Fig. 2 and 
Methods) due to increasing spatial autocorrelation. Consequently, 
continuous areas of grid cells showing seemingly significant positive 
trends in EWS metrics could be erroneously interpreted as indicating 
critical slowing.

In palaeoclimate records, secondary processes change the statis-
tical properties of measured proxies. For example, biological mixing 
in sediments or isotope diffusion in ice cores reduces variance and 
increases autocorrelation74. Changes in parameters of the recording 
process, such as the rate of sediment or snow accumulation, are often 
linked to changes in the mean climate and modulate the time-series 
properties by affecting the time window over which the mixing occurs, 
as well as influencing the noise level75. Finally, in nonlinear observa-
tional systems such as melt records in ice cores7, where crossing the 
melting point is required to record any signal, mean climate changes 
can result in increases in autocorrelation and variance (Fig. 2c).

The estimation of EWS metrics usually involves a range of  
methodological and parameter choices such as for detrending and 
removal of the seasonal cycle. The number of choices has to be limited 

and based on independent data or information sources to avoid an infla-
tion of false positives due to the multiple testing effect76. For that, prior 
knowledge on the timescale of perturbations41 and the intrinsic time-
scale of the system, that is, on which it responds to the perturbations, is 
important, for example, when choosing the window size for analysis63. 
In many cases, this knowledge is not available, and therefore, detecting 
critical slowing through trends in EWS measures remains a challeng-
ing statistical problem. Successful detection depends strongly on  
the length of the time series, the amount of noise and the rate at  
which the tipping point is approached (for example, refs. 77,78).

Bayesian framework for more robust early warning
Studies generally interpret EWSs detected from observational data 
as indication that a tipping point is approaching. The probability of 
encountering EWSs when approaching a tipping point is relatively 
high because of associated critical slowing (Box 1). However, this is 
easily confused with the probability of a tipping point approaching 
under the condition that EWSs are observed. This latter probability 
could be much lower, for example, due to the existence of multiple 
alternative explanations for the presence of positive EWSs, besides 
chance (Fig. 4).

To further illustrate this, a comparable error would be to conflate 
the probability of a car alarm going off given the condition that a bur-
glary occurs, with the probability that a burglary is happening given 
the condition that the car alarm goes off. The first probability will  
be relatively high, as the breaking of the window glass will be sensed  
by the alarm. However, the latter probability will be relatively low, as 
events more likely than a burglary, such as a passing truck or a thun-
derclap, could have the same effect. Conflating these probabilities is 
called ‘transposing the conditional’, which results in biased assessment 
of statistical significance79–82. This issue has also been observed in 
studies employing EWS theory to detect approaching tipping points83.

To overcome these challenges, we advocate the use of a Bayesian 
framework82 to consider the prior probabilities of the hypothesis, in 
our case the prior evidence of approaching tipping points besides 
EWSs as well as the alternative explanations for positive trends of 
EWS measures in the data (Fig. 4). Information on the occurrence and 
frequency of tipping events independent of the EWSs is required to 
estimate the prior probability of a tipping point approaching, P(TP) 
(Fig. 4). Important information sources are model simulations, either 
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Fig. 3 | Spuriously significant positive trends in EWS metrics in a global climate 
model simulation. Trends of EWS metrics estimates in the MPI-ESM-P model 
simulation for the past millennium (past1000) are calculated for each grid point 
of the 2-m air-temperature field. Shown are the locations with locally statistically 
significant (P < 0.05) increase in EWS metrics, that is, in variance (circles) and 
autocorrelation (AC1, crosses). The statistics were calculated over a 150-year 

period covering 1120–1270 ce and thus encompassing one of the strongest 
volcanic eruptions of the Holocene epoch, the 1257 ce Samalas eruption in 
modern-day Indonesia. Local significant EWS trends in AC1 and variance cover 
20% and 24% of Earth’s surface area, respectively. However, these results are still 
overall not statistically significant when accounting for spatial autocorrelation 
(P > 0.05 field significance; Methods and Supplementary Fig. 2).
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systematically analysing and interpreting recent ESM ensembles (com-
pare ref. 19) or specific model studies investigating tipping mechanisms 
in detail (compare ref. 17). A complementary source to estimate the 
prior probability of tipping points is palaeodata84. Regional analogue 
situations, such as the Greenland climate during past interglacials85, or 
spatial analogues (similar climate changes but at different locations) 
can provide information about the probability of tipping points. Finally, 
estimation of the prior probability of an approaching tipping point 
might also employ expert judgement, which integrates the evidence 
from models, palaeodata and mechanistic understanding (Fig. 4). 
Although these probabilities are also subject to high uncertainty, 
including and explicitly stating the prior probability allows for trans-
parency and adds information as there are some tipping points with 
lower or higher prior probabilities3,5. If the prior probability is lower, 
stronger evidence derived from EWS measures through the likelihood 
ratio, P(EWS+|TP)/P(EWS+|non-TP), is necessary to yield a high prob-
ability of an approaching tipping point based on the observed data, 
P(TP|EWS+) (Fig. 4).

Studies searching for EWSs using observational data often con-
sider only expected random variations in the underlying statistical 
properties of the time series as alternative explanations for observing 
positive trends in EWS metrics besides the TP hypothesis. However, 
more parsimonious alternative explanations exist, potentially result-
ing in positive trends in EWS metrics, some of which are discussed 
in this Perspective (Fig. 4). For example, slowing can precede a wide 
range of impending transitions, hence can also occur for transitions 
without tipping points. This implies that one also has to estimate the 
probability of positive trends in EWS metrics under the hypothesis that 
no tipping point is approaching, P(EWS+|non-TP), and consider the 
prior odds, P(TP)/P(non-TP). While it might be impossible to account 
for all possible non-TP hypotheses, already including the most likely 
alternative explanations, besides random variations, will lead to more 
accurate estimates of P(TP|EWS+).

To illustrate the framework, let us assume we have observed a  
specific trend in EWS metric from observations, here chosen as an arbi-
trary Kendall’s tau of 0.3 (Fig. 4). Following the frequentist approach, 
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Fig. 4 | Bayesian framework for estimating the probability of approaching a 
tipping point based on observational data via EWSs. TP is the hypothesis that 
a tipping point is approaching, and non-TP is the hypothesis that no tipping 
point is approaching and instead includes potential alternative explanations for 
EWSs. P(TP) is the probability for the TP hypothesis and P(non-TP) for the non-TP 
hypothesis (or hypotheses, since non-TP should be the union of all the possible 
alternative hypotheses; Methods). Listed in the box on the right are examples 
for non-TP given in this Perspective. P(EWS+|TP) is the probability that the EWS is 
found under the hypothesis that the tipping point is approaching. P(EWS+|non-TP)  
is the probability that the EWS is found under the assumption that no tipping 

point is approaching. What is usually tested for is only the probability of 
observing EWSs at least as extreme as the one observed solely by chance, that is, 
considering only random fluctuations of data properties as a non-TP hypothesis. 
The left-hand side of the equation represents the posterior odds for tipping 
to occur. The probability of a forthcoming tipping event, P(TP|EWS+), can be 
directly estimated from the posterior odds ratio, P(TP|EWS+)/P(non-TP|EWS+), 
but will be overestimated if P(non-TP|EWS+) is not exhaustive. The bottom of the 
figure describes an example application of the framework using the AMOC box 
model utilized for Fig. 1 and based on ref. 17. See text for further explanation and 
Methods for details.
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this observed value would be compared with realizations of a stationary 
stochastic process and considered statistically significant (P < 0.05  
in our example; Methods). This result might be misinterpreted as 
indicating a tipping probability greater than 95% (ref. 86). In the ideal  
case, we have a realistic model for the system approaching a tipping 
point alongside one or multiple alternative models. Such a model- 
based approach for tipping-point detection using EWSs was proposed 
by ref. 83.

For our toy example, we use a simplified AMOC model17  
where varying parameter values allow simulation of both TP and non-TP 
scenarios. This allows us to calculate the probabilities for observing  
the trend in the EWS metric (Kendall’s tau of 0.3) under both hypo
theses and the likelihood ratio. In our example, we simplify by using  
realizations from two fixed parameters (thus assuming a fixed expected 
time to tipping and to a non-catastrophic transition), resulting in  
a likelihood ratio of 0.191. This would mean that the trend in the  
EWS metric is about five times more likely under the model where 
no tipping point is approaching compared with the model where a 
tipping point is approaching. If the scenario without a tipping point 
is twice as likely as the TP scenario, that is, prior odds of 0.5, then the 
resulting posterior odds for an approaching tipping point would be 
0.0955, corresponding to a tipping probability of 0.087 (equation (6)). 
Note that this is a hypothetical calculation with an arbitrary choice of  
the observed value and parameters for illustration, and no inferences 
can be made from it. As prior probabilities are often unknown and  
have to be estimated, the framework adds more complexity to appli
cations. However, it makes these unknowns transparent and reveals 
what needs to be better understood to accurately assess the risk.

Recommendations for future research
Crossing climate tipping points can lead to catastrophic impacts. To 
prevent harm to humanity, one might prefer not to accept any risk 
and to sound a false alarm rather than to fail in predicting an immi-
nent catastrophe, according to the precautionary principle. However, 
here we argue that the probability of a false alarm could be reduced 
through more accurate assessments of tipping probabilities. When 
detecting approaching tipping points, the amount of observational 
data will always be limited (as in reality we can typically observe only 
one trajectory of an Earth system element); therefore, incorporating 
physical reasoning and prior knowledge into the statistical analysis 
is necessary82.

In general, mechanistic understanding of the processes associ-
ated with the tipping point under study is required. For example, the 
relevant intrinsic timescales of the tipping element need to be known 
to inform parameter choices for statistical analysis, such as the window 
size. In addition, the connections between relevant timescales and 
mechanisms help to explain observations made. For example, resil-
ience loss of Amazon rainforest seems to be associated with drought 
and human disturbance, pointing towards biological mechanisms 
related to water stress and land use9.

Furthermore, the power of the data for discriminating between the 
TP and non-TP hypotheses will be maximized by an optimal combina-
tion of well-tested EWS metrics, as well as including processes in the 
probability model that might bias the EWS metrics, such as changes in 
the amount of data. An accurate probability model also accounts for 
temporal and spatial correlations87 as well as multiple testing. This is 
necessary regardless of whether a frequentist or Bayesian approach 
is applied.

To further improve the detection of approaching tipping points, 
EWSs based on a mechanistic understanding of the physical or biologi-
cal mechanisms, going beyond the statistical EWS metrics, should be 
developed25,88. These could include multiple variables, such as ice-sheet 
height and meltwater flux, and involve specifically designed observa-
tion systems of a tipping-prone system, such as the RAPID array observ-
ing the overturning circulation89.

Recently, AMOC-induced freshwater transport at the south-
ern boundary of the Atlantic has been proposed as a physics-based  
EWS on the basis of an AMOC tipping event forced in the commu-
nity Earth system model25. Future studies also need to consider the  
probability that the same signal would occur in the absence of  
tipping under similar forcing. According to the Bayesian framework, 
this influences the evidence for approaching AMOC tipping obtained 
from the EWS as higher probabilities for the alternative hypothesis 
lower the likelihood ratio for a tipping to occur (Fig. 4).

Current community modelling efforts, such as the Tipping Point 
Model Intercomparison Project, will provide a set of climate model 
simulations exploring the tipping mechanisms and critical thresholds 
of Earth system components. Such model simulations will, on one hand, 
provide probabilities for future crossing of tipping points independent 
of EWSs and can thus act as prior information for probability assess-
ments. On the other hand, they will also allow us to improve the use 
of EWSs via their simulated linkage between EWSs and approaching 
tipping events. This can be done directly such as recently done25 or 
by using the models for estimating the likelihood ratio of the EWSs 
(Fig. 4). While it will be challenging to create such large ensembles of 
simulations usually needed in this procedure, methods targeted to 
increase the ensemble size such as emulators or machine learning, and 
other methods to efficiently approximate likelihoods from complex 
simulators90, will prove useful. When formulating the hypothesis to test 
for, one needs to consider how much time is left to the tipping event. 
Thus, when producing a model ensemble, one might choose either a 
prior distribution of the parameter that determines the time to tipping 
or an ensemble of simulations where the tipping occurs at different 
times. In cases where changing mean state can be neglected, selecting 
different periods relative to the tipping event allows for the inclusion 
of a prior on the time to tipping without requiring larger ensembles.

Here we considered tipping points to be associated exclusively 
with fold bifurcations. However, one might want to use EWSs to 
additionally detect other types of bifurcations. This can similarly be 
achieved by considering the individual probabilities for each type of 
bifurcation.

After obtaining the probability of a forthcoming tipping event on 
the basis of the observed data, one needs to decide what probability 
is deemed ‘acceptable’ to raise alarm. Making this decision involves 
considering the size of the risk, which is the product of the probability 
and the consequence. In climate tipping studies, raising alarm could 
be already warranted in case of finding a relatively low probability of 
an imminent tipping event to occur. To address this challenge and 
include the consequences in decision making, physical climate story 
lines91, climate model simulations in which certain phenomena such as 
tipping points are artificially prescribed, are a promising approach92.

Finally, to reduce the uncertainties in risk assessment of tipping 
points, all lines of evidence from observational datasets, palaeoclimate 
information, different climate models and expert judgement should 
be combined. Here Bayesian networks93 can provide a tool to integrate 
these different information sources into a transparent and reproduc-
ible risk assessment.

Imminent tipping is often put forward as an important motivation 
for urgent climate action (for example, refs. 4,94). Such strong claims of 
approaching tipping clearly demand robust evidence. If tipping points 
that were predicted to be imminent do not occur as expected, this could 
undermine communication efforts on the necessity of mitigation. We 
argue that the robustness of this evidence can be increased by care-
fully considering the theoretical and statistical challenges associated 
with the use of EWSs. In light of the potentially dangerous outcomes 
of crossing tipping points, the precautionary principle should apply 
until improved probabilistic assessments are available that result 
in robust risk assessments for informed decision making. However, 
regardless of whether climate tipping points are imminent, immediate 
and transformative climate action remains essential95. The ongoing 

http://www.nature.com/natureclimatechange


Nature Climate Change | Volume 15 | May 2025 | 479–488 486

Perspective https://doi.org/10.1038/s41558-025-02328-8

and escalating impacts of gradual climate change on nature and soci-
ety, exemplified by the increasing frequency and severity of extreme 
weather events5, including devastating floods, heatwaves, droughts 
and wildfires, demand urgent and decisive measures, independent of 
uncertainties surrounding tipping points.
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Methods
EWS calculation and significance test
For EWS metric calculation, we run 70-year windows over the time 
series and linearly detrend each sub-segment. From these residuals of  
each window, we compute the statistical properties of interest (vari-
ance, AC1 and λcor; details in ref. 8). Kendall’s tau is then employed to 
estimate the correlation between the resulting time series and time.

To test whether the trends in EWS metrics are statistically signifi-
cant, surrogate data are generated by randomizing the phases of the 
Fourier transforms of the studied time series. This approach preserves 
the statistical characteristics of the original time series while ensuring 
the surrogate data are stationary. In this way, we generate an ensemble 
of 1,000 Fourier surrogates on which we perform the same analysis, 
computing the EWS metrics and the Kendall’s tau as measure of the 
trend. The P value is derived from the ensemble as the proportion 
of members with a higher Kendall’s tau than the original time series.

We use the code published in ref. 8 and calculate the data surro-
gates as in ref. 64. To calculate the λcor, ref. 8 used a linear regression 
for dx onto x in the equilibrium point. To reflect the eigenvalue more 
closely, we divide by the size of the time step and thus regress dx/dt 
onto x in the equilibrium point. This leads to a linear scaling of the 
calculated lambda and thus has no effect on our visualizations, as we 
scale all EWS metrics between zero and one.

The same method is used to calculate the statistically significant 
positive trends in EWS metrics for the MPI-ESM-P past1000 simula-
tion covering the 850–1850 ce period. The significance is assessed 
for 70-year running windows on 150-year intervals with 1,000 Fourier 
surrogates. We show the results for the 1120–1270 ce period as the  
presence of the Samalas eruption in 1261 results in particularly wide-
spread spuriously significant positive trends of EWS metrics (Fig. 3).

To calculate the spatial area (as a fraction of Earth’s surface) 
required for field significance, we take a Monte Carlo approach based 
on ref. 73. We calculate the spatial area that is significantly correlated, 
that is, where P < 0.05 locally, using 10,000 fractional noise realizations 
with power-law type scaling behaviour, that is, S(f) = f-ß with ß = 0.5. The 
distribution of locally significantly correlated spatial areas indicates 
the effective spatial degrees of freedom and can be used to derive the 
threshold needed to obtain spatial statistical significance. For a signifi-
cance level P < 0.05, we need a spatial area greater than the 95% quan-
tile of the distributions. We performed this analysis for two periods: 
850–1000 ce, which contains only weak volcanism, and 1120–1270 ce, 
which includes the strong Samalas eruption towards its end (Supple-
mentary Fig. 2a,b). The resulting distributions (Supplementary Fig. 2c) 
align with theoretical expectations73 and show a higher threshold for 
the spatial area (30%) for the period with the Samalas eruptions than 
for the period with weak volcanism (13%). On the basis of the binomial 
distribution73, we calculate a lower number of effective spatial degrees 
of freedom around 7 for the former period, compared with around 37 
effective spatial degrees of freedom for the latter period. Therefore, 
while the volcanic forcing increases the spatial area covered by locally 
significant positive trends in EWS metrics, it still falls short of being 
considered significant if the higher spatial autocorrelation is taken 
into account.

AMOC model
For Fig. 1, we consider a stochastic version of the simple Stommel– 
Cessi AMOC model22 in its dimensionless form as used and analysed 
by ref. 17.

This model is described by:

dx = [μ − x (1 + η2 (1 + x))]dt + σdW (1)

where x represents a dimensionless salinity difference, and the bifur-
cation parameter µ represents the freshwater flux. Depending on 
the parameter η2, the model can show either a smooth transition or 

a critical transition, with two saddle-node bifurcations (see ref. 17 for 
a more extensive analysis of the model). For our smooth transitions, 
we set η2 = 2, and for our critical transitions, we set η2 = 7.5. The noise 
is simulated with a Wiener process with a standard deviation of 0.005.  
We use a Euler Maruyama scheme with an integration step of 0.0025 and 
simulate for 200,000 time steps using the sdeint package in Python.

Generalized examples
For all generalized examples in Fig. 2, we produce a 1,000 time-units- 
long climate surrogate time series consisting of realizations of frac-
tional noise with power-law type scaling behaviour with a scaling 
exponent ß of 1. Such a scaling relationship has been shown to well 
approximate the behaviour of climate time series over a large range 
of timescales106.

Interpolation over an increasing number of data points. For 
Fig. 2a, we add white noise (mean = 0, s.d. = 1) to the power-law time 
series (scaled to s.d. = 0.5) to mimic a typical observation that can 
be described as the sum of a climate signal and measurement- or 
sampling-induced noise. We randomly draw 300 samples from this 
time series (n = 1,000) with linearly increasing probability to be drawn 
with time (from 0 to 1 for time point 0 to 1,000). Thus, the youngest 
time point is always drawn. We also add the oldest time point so that 
the final time series covers the full period of the original time series. 
This results in approximately 20 times more points in the last 70-year 
window than in the first 70-year window (note that this varies as we 
randomly draw the samples; see the results for 100 realizations in 
Supplementary Fig. 1a).

Averaging over an increasing number of time series. For Fig. 2b, we 
create 30 time series as the sum of individual white noise time series 
(mean = 0, s.d. = 1), mimicking measurement- or sampling-induced 
noise, and the same power-law noise time series (s.d. = 0.5), mimick-
ing the common signal recorded by all the time series. To mimic the 
decreasing number of observations going further back in time, each 
time series has a random length but ends at the most recent time point 
(1,000). We also add one time series of full length (1,000 time units) for 
the final time series to cover the full period of the original time series. 
We then take the mean of these time series for which more time series 
are available with increasing time. See the results for 100 realizations 
in Supplementary Fig. 1b.

Non-stationary response. Figure 2c reflects a non-stationary or 
nonlinear response where a variable is observed only when its value is 
above a certain value (threshold). In this example, when the variable is 
below 0, no signal is observed. We simulate the variable as the sum of 
the power-law noise time series (s.d. = 1.2) and white noise (s.d. = 0.5)  
around a constant mean of –1 units for the first half of the time series, 
adding a positive linear trend (starting from –1 and ending at 4) for 
the second half of the time series. This example could represent an 
ice core where melt rate (the variable) responds to temperature in 
a nonlinear way; that is, melt is observed only when temperature 
exceeds zero. Accordingly, when an increasing fraction of the variable 
rises above zero (due to the positive linear trend), a higher portion 
of the signal is recorded, and this leads to changes in the measured 
statistical properties. See the results for 100 realizations in Supple-
mentary Fig. 1c.

Bayesian framework and toy example
First, we derive the Bayes equation as we use it in the section on the 
Bayesian framework from the standard form of Bayes’ theorem.

Bayes’ theorem states:

P (H|D) = P (D|H )P (H)
P (D ) (2)

http://www.nature.com/natureclimatechange


Nature Climate Change

Perspective https://doi.org/10.1038/s41558-025-02328-8

where H is the hypothesis and D is the data. We can determine P(D)  
only by also considering the alternative hypothesis/hypotheses that 
could also lead(s) to the observed data, ¬H:

P (D) = P (D|H )P (H ) + P (D|¬H )P (¬H ) (3)

We can divide equation (2) by the same expression with H being 
replaced by ¬H , which eliminates P(D) and yields the odds version  
of Bayes’ theorem (for example, ref. 82):

P (H|D)
P (¬H|D) =

P (D|H )
P (D|¬H ) ×

P (H )
P (¬H ) (4)

There the evidence from the data is included via the likelihood 
ratio, P (D|H)/P (D|¬H), which multiplied by the prior odds, P (H )/P (¬H ), 
provides the posterior odds, P (H|D)/P (¬H|D).

The alternative hypothesis should include all the plausible alter
native hypotheses; that is, ¬H  is the union of all the plausible hypo
theses or events, ¬H1, ¬H2,… ,¬Hi. Thus, all corresponding hypotheses 
have to be enumerated for calculating the term P (D|¬H)P (¬H):

∑
i
P (D|¬Hi)P (¬Hi) (5)

One can convert the posterior odds, PO, to probability, because 
P (H|D) + P (¬H|D) = 1:

P (H|D) = PO
1 + PO (6)

In our case, H = TP, ¬H  = non-TP, and D = EWS+.
To illustrate how the Bayesian framework can be used for 

tipping-point detection, we provide an example on how to apply it 
in Fig. 4 using the AMOC box model as utilized for Fig. 1 and based on 
ref. 17. In this example, we arbitrarily assume that a study obtained a 
Kendall’s tau of 0.3 from data. This would be considered to be statis-
tically significant (P < 0.05) from comparing it with the distribution 
of Kendall’s tau from 1,000 realizations of Fourier surrogates of the 
corresponding time series. We employ two model configurations 
(Fig. 1) to simulate AMOC evolution, including with an approach-
ing tipping point (TP model) and without an approaching tipping 
point but instead a gradual, smooth transition (non-TP model; see 
Methods, ‘AMOC model’, for details). Evolution of AMOC strength is 
represented by the salinity difference between the two boxes in the 
model. We use the two model configurations to simulate 1,000 time 
series of AMOC strength for each configuration. For each time series, 
we calculate the AC1 in running windows (width = 70 data points) and 
corresponding Kendall’s tau, which indicates whether there is an 
increase in autocorrelation with time, that is, would be interpreted 
as detection of an EWS. We estimate probability density functions 
from both samples of Kendall’s taus. To estimate the likelihood ratio, 
we use the probability densities for the Kendall’s tau of 0.3 based 
on the TP and non-TP hypotheses, which would be 0.53 and 2.77, 
respectively. These would translate into probabilities of 0.1606 and 
0.8394 (0.1606 = 0.53/(0.53 + 2.77)), respectively, that is, probability 
of 0.1606 to observe the EWSs under the TP hypothesis. The ratio 
of those yields the likelihood ratio; for the assumed Kendall’s tau of 
0.3 from data (dashed black line in Fig. 4), it is 0.191. This would cor-
respond to moderate evidence for the TP model being more likely to 
explain the data107. However, when the prior odds are not 1, but instead 
resemble the notion that tipping events are low-probability scenarios, 
the posterior odds will decrease. For example, if the scenario without 
tipping point is twice as likely as the TP scenario (for example, when 
P(TP) is 0.33 and P(non-TP) is 0.66), that is, prior odds of 0.5, then  
the resulting posterior odds (PO) for an approaching tipping point 

would be PO = 0.0955. This would correspond to only weak evidence 
for the TP model being more likely to explain the data107. If the hypo
theses are mutually exclusive and exhaustive, the resulting probability 
P(TP|EWS+) = PO/(1 + PO) = 0.087.

This toy example is only for illustration purpose as we arbitrarily 
select a Kendall’s tau of 0.3. More important, we use one AMOC model 
where we use constant parameter values to represent TP and non-TP 
scenarios. In practice, more work needs to be conducted for the choice 
of appropriate models to estimate the likelihood ratio, and the full 
parameter space should be sampled. Furthermore, for this illustra-
tion we use pre-transition time series with a constant length from the 
model simulations to calculate the Kendall’s tau and the likelihood 
ratio. Thus, depending on the time it takes for the transition to occur 
in the model simulations, the Kendall’s tau also varies due to varying 
time to the transition. This means that the distributions shown in the 
figure are shifted slightly to lower Kendall’s tau values. However, as we 
choose an arbitrary Kendall’s tau, there cannot be any inferences made 
from the example calculation.

Code availability
All code is publicly available via Zenodo at https://doi.org/10.5281/
zenodo.14185461 (ref. 108).
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