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Reply to Reviewer 2 

 
Dear reviewer,  
 
We thank you for taking the time to engage with and review our manuscript and for providing de-
tailed and constructive comments! We will address them one by one in the following. All references 
to line numbers in our replies refer to the track-changed manuscript. We hope that the revised 
manuscript addresses your concerns adequately! 
 
Comment: An important assumption behind CSD-based early warning signals is not clearly stated 
in the introduction. These signals are expected only when there is a slow and gradual change in a 
particular driver, so that the system gradually loses resilience while remaining fluctuating around its 
equilibrium. Many forest mortality events, however, are caused by droughts or heatwaves that are 
abrupt or fast. In such cases, CSD is not always expected. Making this assumption explicit would 
help to better frame the results. 
 
The manuscript further assumes that large-scale forest mortality events that lead to lasting 
changes in ecosystem composition or function can be treated as bifurcations that should be pre-
ceded by CSD. This assumption is too strong in my view. Persistent ecosystem change can also 
result from sudden shocks, fast environmental change, or combinations of stressors. In these 
cases, the absence of CSD is expected and does not mean that early warning signals “fail”. 
 
Reply: We thank the reviewer for pointing this out and have heavily revised the manuscript to rep-
resent the role of bifurcations, gradual drivers and shocks more clearly, as well as be more trans-
parent about expected performance.  
 
First, we want to point out that the EWS we assess here are not just based on Critical Slowing 
Down (CSD). We do use the concept of CSD as measured by rising AC1 and var, but we also con-
sider flickering (as manifesting in increasing skewness and kurtosis; Dakos et al., 2013), and 
changes in cross-scale system memory as measured by the fractal dimension (Dakos et al., 2012; 
Gneiting et al., 2012). Flickering describes a behaviour in which a system briefly explores alterna-
tive stable states and is more common in stochastic systems close to a basin boundary (Dakos et 
al., 2013). We added a text box with definitions in the introduction to make clearer what we define 
as EWS (cf. Box 1). Additionally, we added a more explicit description of our different EWS ap-
proaches to the introduction (cf. lines 70ff, 146f); as well as a clearer overview of the theoretical 
assumptions underpinning the different EWS in the discussion (cf. Figure 6 and lines 326-356 and 
368 – 384). 
 
Overall, we agree with the reviewer that it is important to consider what other system dynamics 
could be at play that would lead to forest mortality without showing any of the considered EWS. We 
revised the relevant section in the introduction to be more transparent about the limitations of all 
EWS in real systems and it now reads as “Saddle-node and other bifurcations are, in theory, 
preceded by Critical Slowing Down (CSD), which describes that before the bifurcation, the 
system's local stability, i.e., its capacity to recover after small disturbances, is eroded, and it takes 
increasingly longer for the system to return to equilibrium (Scheffer et al., 2009). Changes in local 
stability of low-dimensional systems are often approximated with statistics such as variance and 
autocorrelation, interpreted as proxies of resilience (Carpenter & Brock, 2006; Dakos et al., 2008; 
Scheffer et al., 2009). However, when applying such methods to real-world ecological transitions, it 
is important to critically evaluate how far the theoretical assumptions underlying them are actually 
met. Real ecosystems are generally multivariate and influenced by multiple drivers, as well as by 
shocks and noise, which might prevent classic measures of CSD from showing up. More recently, 
the fractal dimension (FD) of the time series has been proposed as an alternative measure of 
system memory (Gneiting et al., 2012; Mei et al., 2024). It captures the self-similarity of a system 
over multiple scales and has been suggested to be less sensitive to non-stationary noise in 
measurements than autocorrelation (Mei et al., 2024; Bian et al., 2024). Additionally, bifurcations in 
highly stochastic systems with alternative stable states can be preceded by flickering instead of 
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CSD (Dakos et al., 2013). Flickering describes a behaviour where the system briefly explores the 
different alternative states, before fully switching to one of them. It can manifest in rising 
autocorrelation and variance, as well as rising skewness and kurtosis (Dakos et al., 2013; Guttal 
and Jayaprakash, 2008). Other cases where we do not expect CSD to provide warning signals are 
critical transitions that are driven by noise, the rate of change of external drivers, or purely by a 
perturbation that is large enough to not require previous resilience loss (Ritchie and Sieber, 2017; 
Ritchie et al., 2023). Understanding what dynamics are at play in a specific case of critical 
transitions is, therefore, key.” (lines 67ff).  
 
Additionally, following also the comments of reviewer 1, we have revised our framing of forest mor-
tality events as bifurcations, as we believe our wording might have been misleading. We want to 
highlight that while we assume that forest mortality can cause a shift of a site into an ecologically 
distinct, self-reinforcing state (cf. lines 88ff), we do not assume that this is driven purely by slowly 
varying, linear drivers. Instead, we consider the mortality events investigated here to be the result 
of a combination of slow, long-term erosion of resilience that increases a site's vulnerability to per-
turbations and shocks, such as the droughts and heat waves, that finally push it into mortality 
(Seidl et al., 2017; Kannenberg et al., 2020). We rephrased several sections in the introduction (cf. 
lines 84ff, 102ff) to reflect this more clearly. 
 
By using the paired setup of mortality and control locations, we aim to compare two sites that have 
undergone the same perturbation history, but with different outcomes. We assume this to be the 
result of previous resilience loss at the site that ultimately experiences mortality. Thus, even while 
we do not expect the EWS to provide a specific warning for the actual tipping point, i.e., the mortal-
ity (as expressed explicitly in the revised section in lines 132ff, 136ff, 150ff), we do expect them to 
indicate higher resilience loss at the site that is ultimately more vulnerable to the same perturba-
tion. Therefore, we do still believe that this methodological setup should allow us to detect signs of 
resilience loss at the true positives when comparing them to the control sites. We revised both the 
introduction (lines 102ff, 134ff), methods section (lines 198ff.), as well as the discussion (lines 
372ff, 400ff) at multiple locations to be more explicit about the intention and assumptions behind 
this, e.g., “ We further assume that although the immediate trigger of mortality may be a perturba-
tion such as drought or a heat wave, two nearby sites exposed to the same disturbance can re-
spond differently depending on their resilience. Thus, when comparing two sites with otherwise 
similar ecosystem dynamics — one that experiences mortality and one that does not — we as-
sume that the site undergoing mortality has experienced a greater loss of resilience.” (lines 102ff). 
As expanded on as a response to the comment further below, we also added a more explicit con-
sideration of potential problems or limitations with this paired setup (cf. lines 377ff). 
 
Comment: At several points in the paper, early warning signals are (literally, e.g. line180)) dis-
cussed as if they should robustly predict mortality events. However, CSD-based indicators were 
developed to detect changes in recovery rates or local stability, not to predict specific events or to 
serve as management tools. It would help to clarify that the study tests whether these indicators 
can be used for mortality prediction, rather than evaluating them against expectations they were 
not designed to meet. 
 
Reply: We thank the reviewer for pointing this out. We, of course, agree that EWS are indicators of 
changes in statistical system properties and cannot be direct predictors of tipping points, as shown 
widely in the literature. As outlined earlier, we have changed the framing of our approach to high-
light more explicitly that we do not aim to test EWS as immediate warning signals of collapse but 
rather as indicators of higher vulnerability to perturbations. For this, we revised relevant phrases in 
the abstract (lines 7, 11, 17), in the introduction (lines 136ff) and in the research questions: “Based 
on an empirical analysis, how well do commonly applied EWS based on CSD, flickering, and the 
fractal dimension serve as actual warning signals of resilience loss before events of forest mortal-
ity?”, lines 146ff). 

However, we also want to point out that these indicators have in fact been widely applied to map 
the large-scale resilience of terrestrial systems without clear evaluations of indicator performance 
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on in-situ data (e.g., Smith & Boers, 2022; Lenton et al., 2022; Forzieri et al., 2022) and sometimes 
clearly tied to the objective of deriving input for management (e.g., Lenton et al., 2022). At the 
same time, a recent publication shows that there is less than 30% agreement in the spatial pat-
terns of resilience loss of terrestrial vegetation found by different studies (Runge et al., 2025). This 
raises concerns about the promises and limitations of these methods. 

Throughout the literature, the question of the applicability of EWS as real-world warning signals or 
management interventions has repeatedly been raised as an opportunity and open challenge (see 
e.g., [under ‘open questions’] “will integrating CSD-based resilience indicators in decision-making 
and environmental policy improve ecosystem management?”, (Dakos et al., 2015) or “The next 
step is to test the real potential of early warnings as preventive and management tools in anticipat-
ing natural and human-induced changes to come.”, Dakos et al., 2024), hence we do still consider 
it important to refer to and question this notion.  

Nevertheless, we have adjusted the references to these calls to be more nuanced and to refrain 
from framing the EWS under unrealistic expectations. The revised section now reads as “Most re-
mote sensing-based studies do not include a comparison of EWS detection on true positive cases 
of mortality and controls, i.e., locations where there was no dieback (Forzieri et al., 2022; Feng et 
al., 2021; Smith et al., 2022; Lenton et al., 2022). This is concerning, given the increasingly wide-
spread applications of EWS (Dakos et al., 2024) and suggestions that they might have the poten-
tial to contribute to ecosystem management applications (Dakos et al., 2015; Scheffer et al., 2012; 
Lenton et al., 2022) ,despite the remaining conceptual and methodological knowledge gaps for 
practical application. Most system-agnostic EWS were not originally developed as predictors of 
specific tipping points, but as indicators of changes in system properties as proxies of resilience 
(Scheffer et al., 2009), and thus any potential management application requires a careful evalua-
tion of - as Dakos et al. (2024) put it - "the real potential of early warnings as preventive and man-
agement tools in anticipating natural and human-induced changes to come. To be useful in an ap-
plied context, EWS need to be able to clearly distinguish locations that have undergone resilience 
loss and are therefore more vulnerable and likely to experience mortality as a result of perturba-
tions.” (lines 127ff) 

Comment: Control sites are selected to be similar to mortality sites before the event but without a 
collapse in the mortality year. It could well be that control sites may show similar loss of resilience 
as mortality sites but simply did not experience a triggering disturbance, and therefore no mortality 
event. At the same time, mortality sites may not have experienced a gradual background change at 
all. This makes it difficult to interpret differences, or lack of differences, between selected mortality 
and control sites. 
 

Reply: We agree with the reviewer that we cannot ensure we have captured all relevant dynamics 
playing a role in the distinction between the mortality and the control site. As the respective 
matched sites are reasonably close together (on average 3.2 km), we do think it is reasonable to 
assume that they have experienced the same larger-scale drought or heat wave event, as these 
usually act over much larger spatial scales (Sheffield et al., 2009; Skinner et al., 2025). Addition-
ally, by matching control sites to mortality sites based on both maximum similarity in time series 
before the mortality year and maximum difference during it (cf. lines 195ff), we do assume that we 
can capture comparable ecosystems. However, we cannot account for aspects such as microcli-
mate, root length adaptations, or potentially different species composition and have added this as 
an explicit caveat (cf. lines 380ff). Furthermore, as discussed earlier, the mortality events might 
also not be the result of a slow resilience loss paired with a perturbation, but instead be caused by 
a rate-induced or noise-induced shift. We revised the relevant sections of the manuscript (lines 
80ff, 347ff, 378ff) to discuss this option explicitly and be transparent about the challenges in trans-
lating real-world systems onto theory-based indicators. 
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Comment: The discussion of Smith et al. (2022) and relation of that work to this manuscript draws 
a strong distinction between engineering resilience and ecological resilience. While these concepts 
are mathematically different, CSD-based early warning signals are based on the idea that changes 
in recovery rates (engineering resilience) reflect changes in the size of the basin of attraction (eco-
logical resilience), so they are an indirect measure of recovery rate, and therefore assumed to be 
an indicator of ecological resilience. Presenting these as largely separate may overstate the differ-
ence and weaken the theoretical argument. 

Reply: We thank the reviewer for pointing this out and agree that the distinction here was over-
stated. We have instead restructured the paragraph to focus not on the difference between engi-
neering and ecological resilience, but on the difference in data sources and their associated spatial 
resolution. The Smith & Boers (2022) study had found that AC1 and var were good representations 
of the recovery rate only on Vegetation Optical Depth (VOD) and not on NDVI, which we are using 
due to its uni-sensor data source and much higher spatial resolution (cf. lines 479ff). 

Comment: In the conclusion, the authors argue that researchers should be cautious when promot-
ing simplified, theory-based resilience indicators for ecosystem management. I agree that there is 
a clear gap between theory and practice. However, the study itself applies simplified theory to 
coarse and highly heterogeneous data, where poor performance is not surprising. The paper would 
benefit from a clearer discussion of the assumptions and limits of CSD theory, clearer alignment 
between expectations and theory, and a nuanced discussion on when these and other approaches 
are more appropriate. 

Reply: We thank the reviewer for this constructive comment and have revised the introduction and 
discussion in multiple locations to reflect the gap between theory and practice more clearly and 
provide a more nuanced view of expected and observed behaviour. 

First, we have aimed to highlight more explicitly why we considered it important to test the perfor-
mance of system-agnostic EWS despite their theoretical assumptions potentially not being fully ful-
filled, as the possibility to involve these indicators more in management has been raised in multiple 
publications (cf. lines 129ff; e.g., Dakos et al., 2015; Dakos et al., 2024; Scheffer et al., 2012). 

We also put more emphasis on explaining the different EWS we are evaluating in this paper – 
CSD, flickering, and the fractal dimension as a measure of long-term memory (cf. lines 146ff), as 
well as the assumptions, theory, and limitations associated with each of them (cf. in the introduc-
tion lines 70ff and in the discussion lines 340ff, 368ff and Figure 6). We also more explicitly high-
light cases where the different EWS are expected to fail (lines 345ff and 378ff). 

Moreover, in providing recommendations for future applications, we added more reflections on the 
appropriateness of system-agnostic EWS, comparing these to a less theory-driven approach, or to 
more system-specific indicators (“Future applications should carefully consider how far the underly-
ing assumptions for specific EWS are fulfilled regarding the dimensionality of the ecosystem and 
the characteristics of its drivers. However, as outlined earlier, it is important to note that such a the-
oretical evaluation might be difficult for real systems. Testing multiple alternative representations of 
a specific system (e.g., univariate or multivariate; driven by slowly varying drivers, noise, or rate-
induced transitions) for a specific, clearly defined case, might be more useful in developing applica-
ble EWS than relying on CSD-based indicators without additional validation.” (lines 514ff) and 
“Lastly, taking one step backwards, researchers should also critically evaluate the usefulness of 
theory-based, system-agnostic, and simplified resilience indicators and EWS for ecosystem man-
agement (Dakos et al., 2024) [...] Many researchers have called for moving beyond purely system-
agnostic EWS to system-specific, biophysically meaningful, and hypothesis-driven approaches 

(Boettiger et al., 2013, Boulton et al., 2013, Dakos et al., 2024)” (lines 351ff). 
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Lastly, we also adjusted the conclusion section to be more reflective of the fact that the theoretical 
assumptions underlying each EWS are narrow and that it might be challenging to assess whether 
a real application actually fulfils them (lines 551ff). 

 
  


