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Abstract. In order to address the emerging global polycrisis, it is essential to develop quantitative indicators for estimating

resilience of essential bio-geophysical and social drivers of change. Such indicators are required to navigate the Anthropocene

and to assess which actions increase the likelihood of achieving a safe and just operating space (SAJOS). In this paper, we

propose a novel information-based resilience metric. We define it as the conditional probability of a system reaching a desired

system state, e.g. a SAJOS, given initial conditions and an information set. This information set reflects knowledge about rel-5

evant ranges of bio-physical and socio-cultural system dynamics, boundaries and perturbations. The resulting resilience index

is highly dependent on the available information about the system and its intrinsic action capacities. An increase in epistemic

knowledge about the system does not necessarily result in enhanced resilience. It is still possible to envisage scenarios in which

one could find oneself in a world that is capable of attaining a SAJOS in only a limited number of circumstances. Our proposed

approach facilitates the operationalization and quantification of resilience in complex World-Earth system (WES) models.10

Resilience should be understood as being constrained by available information about the system, its internal processes, bound-

aries, and the capacity of the system to act in an uncertain future. This further implies the importance of making informed

investment decisions that balance improving system understanding (i.e. gaining information), increasing (anticipatory) capaci-

ties of action, and taking common-sense action to enhance resilience. Our information-based index can be applied to any kind

of system. Since it answers the classical question of “resilience of what, to what” on a meta level, it allows moving beyond a15

highly specified and static notion of resilience, allowing for a wide range of application cases.
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1 Introduction

The concept of resilience has been gaining traction in a number of fields related to environmental change as a potentially useful

concept for setting goals (Folke et al., 2010; Scheffer et al., 2015) such as poverty alleviation (Lade et al., 2017) or building

community resilience (e.g. Berkes and Ross (2013)) and more specific policy applications such as designing institutions to20

govern for resilience in SES (e.g. Lebel et al. (2006); Barfuss et al. (2018); Milkoreit et al. (2018); Milkoreit (2025)). However,

a policy-relevant definition of resilience remains elusive. The challenge of developing policy-relevant notions of resilience

stems from several factors. First, resilience is a system-level concept that characterizes the dynamics of nonlinear dynamical

systems involving advanced mathematical understanding (Krakovská et al., 2024), typically beyond the scope of practical

policy action. Second, resilience is used in various ways in the literature to refer broadly to the capacity of some entity to25

“bounce back” from a “shock” or “perturbation” (Folke et al., 2010). Although an appealing idea, the entity in question, the

nature of the shock, and the nature of the process of bouncing back are often vaguely defined. The questions of what capacity,

what entity, what shock, and what bouncing back looks like are rarely defined with enough precision to generate practical policy

utility. Third, because resilience is a complex systems concept, defining easy-to-understand metrics for resilience is difficult

(Anderies et al., 2013b; Baird et al., 2024; Franco-Gaviria et al., 2022; Tamberg et al., 2022). Finally, given the challenges30

of characterizing different forms of uncertainty (initial condition, parametric, structural or aleatoric, epistemic, etc.) and its

relation to decision-making, notions of resilience of practical decision-making utility remain underdeveloped. Therefore, we

need concepts beyond the well-known notions of persistence resilience, adaptation resilience and transformation resilience

(e.g. Folke et al. (2010)).

Given the rapid progression of climate change and globalization, resilience has entered the discourse around global change,35

e.g., the notions of Earth system resilience (Anderies et al., 2013a; Rockström et al., 2021, 2023; Steffen et al., 2018) and

World-Earth system resilience (Anderies et al., 2023), which underlie science-policy frameworks such as the planetary bound-

aries and Earth system boundaries frameworks (Milkoreit, 2025; Richardson et al., 2023; Rockström et al., 2023). The more

degrees of freedom in the system under study - that is, the higher the number of independent ways it can change - and the

deeper the uncertainties involved, the more difficult resilience analysis becomes. Early studies of resilience in social-ecological40

systems focused on reasonably well-bounded and well-understood systems, e.g., shallow lakes (Carpenter and Cottingham,

1997; Scheffer et al., 1993; Scheffer and Carpenter, 2003; Scheffer and Van Nes, 2007), rangelands (Anderies et al., 2002),

and thus could extract reasonably well-defined characterizations of resilience. In such studies, the “resilience of what to what”

(Carpenter et al., 2001; Tamberg et al., 2022) question could be answered, i.e., the resilience of the oligotrophic regime of

a shallow lake to phosphorus loading or the resilience of a mixed grass-shrub regime in a fire-driven rangeland to grazing45

pressure. For resilience analysis to be concrete, measurable, and relevant, answering this question is crucial. However, in the

current Anthropocene epoch many global processes are no longer driven only by a geo-biophysical “Earth system” but also by

the aggregation of social decisions manifested globally in a human “World system”, e.g. carbon emissions, land use change,

biodiversity loss and other (Beckage et al., 2018; Crutzen, 2002; Edwards, 2015; Schellnhuber, 1999). Given the high com-

plexity of a “World-Earth system” (WES), i.e., a planet with the capacity to support life on which an organism capable of50
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organizing a complex network of societies has emerged with enormous information, energy, and material processing capacity,

operationalizing and quantifying resilience is an entirely different challenge.

In this study, we extend an existing World-Earth model (Fig. 1A) to provide guidance on how to develop an aggregate metric

of World-Earth system resilience, an index, to estimate the remaining buffering capacity of the global social-ecological system

towards shocks and adaptability to changes that can be meaningfully used in policy processes. Our approach hinges on the55

importance of uncertainty and, more precisely, on the role of information and agency in determining the resilience of a system

(Brown and Westaway, 2011; Donges and Barfuss, 2017). We outline our approach in detail in the Theory and Methods,

Sect. 2, but the essence is straightforward: The information-based resilience index we develop is the conditional probability of

reaching a desired system regime given an initial system state and an information set. This conditional probability incorporates

traditional topological elements of resilience (the geometry of basins of attraction generated by tipping elements, tipping60

cascades, etc.), the interaction of very fast, fast, and slow dynamics (very fast = e.g. extreme weather events such as floods,

heat waves and hurricanes, fast = system drivers such as recent carbon emissions, slow = e.g., increase in atmospheric carbon

stocks), and the potential of human agency. In this study, agency is based on the idea of controllability which characterizes

relevant actors’ capacities to navigate through the topological landscape defined by fast and slow dynamics while being buffeted

by high-frequency shocks (very fast dynamics) to remain in or move between different basins of attraction.65

Our focus on an information-based resilience index (IBRI), framed as an intuitive conditional probability, is strongly mo-

tivated by the need to provide tools for practical policy action and offer clear guidance on which interventions best support

desirable system outcomes. A resilience index is most useful if it can inform a recursive decision-making process in a dynamical

system, in our case the World-Earth system. More specifically, it should be a useful, practical signal in a coevolutionary feed-

back control process embedded in the complex, self-organizing, coupled World-Earth system (Beckage et al., 2018; Donges70

et al., 2017, 2020). Unlike theoretical mathematical characterizations of resilience based on the topology of potential fields

(Hellmann et al., 2016; Van Kan et al., 2016; Menck et al., 2013; Scheffer et al., 2009; Schultz et al., 2017; Yi et al., 2025), the

information-based index acts as a tool to translate what policy actors think they know (e.g., their priors) into a single number

using conditional probability as discussed above. This may drive policy actors to reflect on what they think they know and point

to the most important areas where uncertainty must be reduced. It may also help reconcile different narratives and beliefs of75

policy actors engaged in collective decision-making and accelerate the pace of collective action required to address challenges

in the World-Earth system.

In this work we illustrate the capabilities of the information-based resilience index as a tool to assess resilience of real-world

systems by rigorously including the inherent uncertainties of these systems and the modeling process. The contribution of this

paper is twofold: first, the concept and (mathematical) formalization of the information-based resilience index is elaborated80

(Sect. 2), including a brief description of the World-Earth simulation model used for formalization (Sect. 2.1). Second, the index

is used to assess a deterministic and stochastic version of this model (Sect. 3), showing its interpretational and informational

power. Finally, Sect. 4 concludes the paper. The most significant contribution of the paper is to illustrate what decision makers

think they know critically impacts resilience, leads to different resilience measures for each decision maker and how these
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various resilience measures may feed into collective decision processes. Our index can therefore help to bound belief systems85

and offers a narrative opportunity to focus on change rather than current states.

2 Theory and methods

While there is a large literature on building theory around the notion of resilience (see e.g. Yi et al. (2025) for a recent review),

there are certain elements of a theory of resilience that are often not made explicit in the governance of SES/environmental

policy literatures that are important to highlight for our study:90

1. Social-ecological resilience (as opposed to engineering resilience) is fundamentally based on the existence of multiple at-

tractors (subregions of state space) in a nonlinear dynamical system, generated by the interaction of fast(er) and slow(er)

processes within the system. Thus, while resilience is a ‘system-level’ concept, it makes little sense to refer to ‘resilient

systems’ or ‘system resilience’ because resilience refers to characteristics of attractors within a system, i.e., to subsets

of the system state space, not the entire system. The one exception here may be the case that a system is globally stable,95

i.e., there is a single attractor for the system. In that case, the system is “perfectly resilient” (in contrast, engineering

resilience measures the rate of return to an equilibrium state even in this case). Thus, in this study, World-Earth System

resilience refers to particular (desirable) attractors in the state space of all possible World-Earth system attractors.

2. A policy-relevant notion of resilience must make explicit all relevant processes and time scales present in the system

in question and identify those that are actionable, i.e., answering the ‘resilience of what to what’ question (Carpenter100

et al., 2001). Furthermore, what is considered the system being acted upon and the control system (e.g., the sensor-

action-response loop) acting on that system must be distinguished. This distinguishes resilience theory from viability

theory (Martin, 2004), highlights the importance of agency, and has practical implications for problem framing and

communication of any resilience index. We discuss this further below.

3. Building on points 1 and 2, a practical, policy-relevant resilience concept should combine elements of information,105

agency, and traditional notions of topological resilience (the ball-and-cup metaphor).

These three theoretical considerations/axioms form the basis of our information-based resilience index. To build up our

index, we begin with the traditional framework for topological resilience as depicted in Fig. 1B that appears very frequently in

the research literature. On top of this framework, we add fluctuations and the capacity for control. The safe (left, light grey)

and unsafe (right, dark grey) operating spaces are shown. The notion of resilience in the classic framework is often understood110

as the distance between the branch of desirable equilibria at the top (note that justice considerations - i.e. how desirable is

defined - may move the equilibria along this branch and thus have implications for resilience) and the branch of unstable

equilibria (dashed) for a given value of the slower variable, as shown by the red arrow. We refer to this as topological resilience

(of the safe operating space) and define it as the maximum perturbation in the fast(er) variable the (uncontrolled) system can

tolerate before moving into the unsafe operating space. For a detailed overview of resilience concepts and their mathematical115

foundations, see Krakovská et al. (2024).
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Figure 1. A) Schematic of the two-region World-Earth System analyzed here. World-Earth systems are created by regions connected by

globalized infrastructure such as trade or information networks that create a global economic system (GES) which are in turn connected

to the Earth system via a global process (GEX) such as the atmospheres. See Anderies et al. (2023) for a comprehensive treatment of the

World-Earth system concept. B) Standard depiction of resilience and tipping points. The solid and dashed curves represent stable and unstable

equilibria, respectively. We assume the upper branch of equilibria are desirable. C) The importance of information for the notion of resilience.

Cyan entities illustrate limited knowledge and limited measurement capabilities.

The vertical and horizontal blue arrows represent the maximum variation in the fast(er) and slow(er) variables, respectively,

and capture the notion of stochastic resilience. Stochastic resilience is defined as the probability that the system will not

transition from the desirable regime to the undesirable regime and is thus represented by the joint probability distribution of

this transition. Note that in the example in the Fig. 1, the maximum range stochastic fluctuation is within the SOS so the120

probability of this transition is equal to zero and thus stochastic resilience is equal to 1 (the desirable regime is perfectly

resilient). Imagine now that the slow(er) variable, e.g. atmospheric greenhouse gas concentrations, is increasing, and the blue

arrows are moving to the right along the upper branch. Eventually, the topological resilience will become smaller than the

range of stochastic variation, and stochastic resilience will drop below a value of 1.

Stochastic resilience thus defined corresponds to Earth System resilience: for a given value of the slow variable (slow vari-125

ables are treated as parameters in resilience studies) such as atmospheric carbon concentration, the Earth System can tolerate a

specific range of variation. Such an index does not incorporate human agency beyond the fact that it may (typically passively)

impact the value of the slow(er) variable and change Earth system resilience. Active human agency has two key elements: 1)

access to information and knowledge to inform how to act and 2) capacity to translate a decision to act into actual action (e.g.

move the slow variable to the left). In Fig. 1B, agency is incorporated through controllability. Agents can act to drive the sys-130

tem back to the safe operating space, if they act soon enough and strongly enough to overcome the topological dynamics. This

incorporation of agency into our analysis adds the element of World system resilience to Earth system resilience. The impact

of knowledge and measurement capacity on agency is depicted in Fig. 1C. (reflected as uncertainty bounds and measurement

limitations by the cyan curves in the Fig.) . Actors in the system may not have a complete understanding of the underlying

topology, such as the location of attractor boundaries. Moreover, they may not be able to accurately measure the state of the135
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system and thus assess their location in a given attractor. In this case, an information-adjusted value of topological resilience

can be calculated as the minimum distance between possible system states and basin boundaries. Whereas in Fig. 1B, the

importance of stochastic fluctuations (a kind of uncertainty) and controllability for resilience is emphasized, Fig. 1C highlights

the importance of more fundamental information limitations on resilience. Combining all of these processes to assess com-

bined World-Earth system resilience requires a pathwise perspective. That is, we need to assess all possible pathways for the140

dynamics of the system given a certain characterization of system information, i.e. how much is known about the system and

the capacity to measure and steer it and assign a resilience index to this bundle of paths.

2.1 Model

To operationalize the IBRI, some sort of model (conceptual, computational, statistical, mathematical, or otherwise) that reflects

understanding (with attendant characterization of uncertainties) of the system in question is required. We have chosen to145

operationalize the IBRI using the World-Earth system model as presented and specified in Anderies et al. (2023), without

migration. This model captures a World of N regions (we set N = 2 in our analysis here) with human population dynamics

P , capital fluxes K, and economic production infrastructure. The Earth system is represented by a global (e.g. atmospheric

carbon) externality G that introduces damages and a stylized tipping element (e.g. Amazon rainforest dieback or permafrost

thaw), i.e. a positive feedback in the global externality once a threshold G0 is passed (see e.g. Armstrong McKay et al. (2022)150

and Lenton et al. (2025)).

This model strikes a balance between capturing biophysical, social, and economic processes and the appropriate level of

complexity for a resilience analysis. The interaction between the regions is governed by the Earth system externality that

impacts (e.g. extreme weather events) World systems economies and the capacity of the World system to manage the externality

through coordination.155

The dynamics of the model are captured by the dynamical system

dPj

dt
= rjPj

(
1− Pj

κj

)
, (1)

dKj

dt
= Ij − δjKj −σjSj(G)Kj , (2)

dG

dt
= e1(t)Yi1 + e2(t)Yi2−u(G−Ge) + θ(G−G0), (3)

where j ∈ {1,2} denotes the different regions and their parametrization. Parameters κj and rj denote intrinsic growth rate and160

carrying capacity of the population, δj the depreciation of built infrastructure, σj the scaling of climate damages Sj(G) that

depend on the global externality. Capital stocks Kj increase with investment Ij . The parameter u represents the intrinsic as-

similation capacity for G (e.g. carbon sequestration by marine and terrestrial systems), respectively. G is the global externality,

e.g. atmospheric carbon concentration, and is increased via emissions e from economic output Y . Ge is the carbon concentra-

tion toward which the ES will tend within a given climate regime in the absence of anthropogenic forcing, e.g. Ge = 280 ppm165

based on pre-industrial levels. Economic output is given by Yj = max{Ybj ,Yij} where Ybj is a "backstop", very low emission
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technology and Yij is much higher emission industrial technology modeled using the standard Cobb-Douglas technology:

Yij = AjK
αj

j L
βj

j , (4)

with Lj and Aj , the labor supply and total factor productivity with constant returns to scale (αj + βj = 1). We assume full

employment so L = P . When a decarbonization threshold Tg in ppm is reached, regions begin to decarbonize according to170

dej

dt
=−z(G,Tg) re,j ej , (5)

where rej is the decarbonization rate and z(G,Tg) is a threshold function that switches smoothly from 0 to 1 as G crosses the

threshold. Where not indicated otherwise, we use the standard initial parametrization of the model as shown in Table 1, with an

increased Earth system carbon uptake parametrization of u = 0.014, yielding a more realistic match of G with historical data.

Additionally, we assume σ = σ1 = σ2 and re = re1 = re2 for computational reasons that become apparent in the following175

Sect. 2.2. For the full derivation and rational of the model beyond the main dynamics shown here (e.g., investment Ij , backstop

technologies, etc.) consult Anderies et al. (2023). We also use the standard initial conditions from Anderies et al. (2023) also

shown in Table 1.

Table 1. Parameter definitions, units, and default values and initial conditions that are copied from the original Anderies et al. (2023) model.

Sources and fits can be found in the original publication. See text for definitions of other parameters that are varied extensively in the analysis.

Parameters

Symbol Definition/units Default value

r1, r2 Intrinsic growth rates (1/time) 0.038, 0.042

κ1,κ2 Carrying capacity (109 persons) 1.5, 9.7

δi Entropic decay rates (1/time) 0.05

ei Emission intensity (hecto ppm/1012$) 0.0004

A1,A2 Total factor productivity 2.7, 1.7

β1,β2 Output elasticity/factor share of labor 0.5, 0.5

α1,α2 Output elasticity/factor share of capital 0.5, 0.5

Initial Conditions

Variable Initial Condition

K1 0

K2 0

P1 0.24

P2 0.24

e1 0.0004

e2 0.0004

G 280

2.2 Operationalization of the information-based resilience index

Using this model we generate a very large number of possible trajectories over an information set starting from a historically180

grounded initial condition (e.g. start of industrial revolution with atm [CO2] at 280 ppm). We track the long-run evolution of

each trajectory and ask: “Does it reach a SAJOS (safe And just Operating Space (Dearing et al., 2014; Raworth, 2012))”? We

extend the approach by Anderies et al. (2023) in not only characterizing the SOS using atm [CO2] as the example for G, but by

including a notion of “just” with a per capita income floor per region as a basic proxy. This IBRI thus represents the probability

P that the system state at a specified terminal time T , X(T ), is in a set Ω deemed to be safe and just, e.g. Ω can be defined by185
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the planetary boundaries ∩ minimum living standards. Then, given the information set I:

IBRI = P(X(T ) ∈ Ω | I) (6)

The information set I can, for example, contain information on n degrees of freedom, the initial condition X0, the possible

perturbations (e.g. strength of climate damages σ in our model), boundary thresholds (G0 in our model) or other system

parameters in an n-dimensional object Θ.190

In our analysis and results we compute the IBRI for two illustrative information cases a) the underlying model structure

is perfectly known (no model uncertainty) but some parameters are unknown (parametric uncertainty) and 2) the underlying

model structure is not perfectly known, i.e. there is model (structural) uncertainty as well and parametric uncertainty. Therefore,

an information set also contains information about the mapping of the state X(t), which is encoded by the model M. We

refer to case a) as the “deterministic many-worlds” (information set Id = {Md, ...}) and case b) as “stochastic many-worlds”195

(information set Is = {Ms, ...}). IBRI is then calculated by integrating (summing and normalizing) over “many-worlds” to

determine what proportion of possible World-Earth trajectories reaches the SAJOS (see Fig. 2 for mathematical details.

Of course, our approach works for any uncertainty set, i.e. all parameters are unknown, all equations are stochastic, etc. Our

choice of information sets reflects recent sentiments on key uncertainties around the effectiveness of international efforts to

decarbonize, support of clean energy, realistic maximum rates of decarbonization, etc. (Lesk et al., 2022; Sinha et al., 2024),200

Earth system tipping elements (Armstrong McKay et al., 2022; Lenton et al., 2008, 2023), damages due to extreme weather

(Newman and Noy, 2023). We therefore choose the decarbonization start point Tg , the location of the stylized tipping point

G0, the scaling of climate damages σ and the annual decarbonization rate re as the part of a 4-dimensional hypercube Θ that

will in small variations be shared for both modeling approaches and that represents the parametric uncertainty. To reduce the

dimensionality of this object and thus computation times we chose the parameters to be shared between both regions.205

3 Results

The elegance of the information-based resilience index (IBRI) is the fact that it incorporates different forms of uncertainty and

“subjectivity” in a “rigorous way”. Recall that unless we had a perfect model of the world (“all models are wrong”) and had

perfect measurement capabilities, evaluative aspects always enter decision-making processes prominently (“subjectivity”), in

particular when answering the question “resilience of what, to what?” (Carpenter et al., 2001). With perfect information, IBRI210

is either 0 or 1 - trajectories will either reach the SAJOS or not. In the “real world” without perfect information, with limited

measurement capacity and irreducible uncertainty due to, e.g., variability and chaotic dynamics, 0 < IBRI < 1. The beauty of

IBRI is that it can be distinct for each actor in the system, based on their information set. Of course it may be the case that

many actors converge to the same IBRI as their information sets converge because of high confidence in shared evidence.

We are not suggesting that scientific evidence be disregarded in resilience discussions but, rather, are highlighting the impor-215

tance of acknowledging epistemic uncertainty and of information as a resource. In fact, IBRI allows us to incorporate epistemic

uncertainty with “objective” knowledge. An example might be climate change: it is basically “perfect” knowledge that human

8
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Calculating the information-based resilience index IBRI

Calculating IBRI involves averaging over the resilience score over a given information set, I = {M,Θ,X0}, i.e. a collec-
tion of models, parameter sets, and initial conditions. For clarity, and without loss of generality, we will illustrate the com-
putation for our case in which M and X0 are fixed so that I = Θ, the hypercube containing all parameter combinations. Let
θi = {Tgi,G0i,σi, rei} ∈Θ (see Table 2). For each θi, a simulation is run for 610 time steps (1890-2500) and a resilience score,
R(θi) is calculated. In the deterministic case,

Rd(θi) = 1{Xi(T ;θi,X0)∈Ω}. (7)

For the stochastic case, for each θi, Monte-Carlo simulations (we set Nsim = 100) are performed and averaged:

Rs(θi) =
1

Nsim

Nsim∑
j=1

1{Xij(T ;θi,X0)∈Ω}. (8)

Finally, IBRI is calculated by averaging over the samples i ∈ {1,2, ...Nsamp}:

IBRIk(Θ) =
1

Nsamp

Nsamp∑
i=1

Rk(θi ∈Θ), k ∈ {d,s}. (9)

IBRI may be easily generalized to the continuous case:

IBRI(Θ) =
1

|Θ|

∫
Θ

R(θ)dθ, (10)

where |Θ| is the volume of Θ.

Figure 2. Mathematical details for calculating IBRI.

emissions cause dangerous change in the climate (IPCC, 2023), but the exact shape of climate futures and human capabilities

to steer the climate back to a SAJOS are features of the system that are afflicted with uncertainty. IBRI allows for an honest

evaluation of resilience in the light of such uncertainties and helps to signify where they need to be reduced for improved220

decision-making. What matters (for resilience) is that the IBRI is used in a dynamic, iterative (feedback) policy process to steer

the WES in a desirable direction.

One important choice that highly impacts the result of a resilience analysis is the boundary of what constitutes a safe and

just operating Space. After defining our choice of the SAJOS, we illustrate the capacities of the IBRI with two exemplary

information sets.225

3.1 Defining a safe and just operating space

To evaluate whether a trajectory reaches a safe and just operating space, Ω must be bounded. We follow Richardson et al.

(2023); Rockström et al. (2009) in their definition for the planetary boundaries to set the safe boundary for G at 350 ppm.

Additionally, we can define a just boundary, for example by assuming that average per capita income y = Y/P should be

above roughly $4000 USD per year for both world regions, which reflects the threshold for being regarded as an upper-middle230
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Table 2. The most relevant parameters for resilience in the model and their ranges for the analysis. Note that these parameters are assumed

to be equal for both regions, therefore we omit subscript j. In the many-worlds case G0 is either i) distributed in an iso spaced fashion

or ii) along a log-normal distribution that is fit to the estimated threshold ranges for the Greenland ice shield. To reduce computational

complexity, we assume that both world regions share the same parameters. In the stochastic many-worlds case we additionally vary the type

of stochasticity, choosing either gaussian white noise or a jump process reflecting shocks to the economy. Note that the resolution of some

of the parameters is reduced in the stochastic case to account for the increase of computational time due to the Monte-Carlo runs with 100

ensemble members.

Para-

meter

Interpretation Case 1: Range,

Many Worlds

Case 2: Range, Stochastic

Many Worlds

Tg Marks the CO2 concentration at which serious

decarbonization efforts begin.

420 – 620,

1 ppm steps

420 – 620,

2.5 ppm steps

G0 CO2 concentration at which the feedback

between CO2 and uptake switches from

negative to positive (tipping point).

i) 420 – 620,

1 ppm steps

ii) log-normal distributed

420 – 620,

2.5 ppm steps

σ Scaling factor of damages to build

infrastructure associated with extreme weather

events, in the following referred to simply as

climate damages.

1 – 10 % in

1 % steps

2.5 – 10 % in

2.5 % steps

re Annual decarbonization rate, e.g. 10 %/year

takes the planet to net zero by 2050.

1 – 15 % in

1 % steps

2.5 – 15 % in

2.5 % steps

income economy by the world bank (World Bank, 2025). Such a choice might be justified by the fact that income correlates

with increased living standards. Of course, a higher national income does not necessarily come with better living conditions

for everyone (Nolan, 2020), in particular if distributed unequally, but within our simplified model we cannot reflect on intra-

regional inequalities and have to rely on a reduced measure for the moment. Eventually, for the safe and the just dimension

alike, it will be crucial to explore the bounds of Ω in a way that reflects what is deemed critical for a livable future on the235

planet. This can mean including, for example, further planetary or social boundaries (Fanning and Raworth, 2025; Richardson

et al., 2023; Rockström et al., 2023).

As a last dimension, it is important to choose the time point, T , at which the condition X(T ) ∈ Ω is checked. A strength of

this model is its capacity to tractably model relevant basic processes of the World-Earth system that can be expected continue

to function, at least in a mid-term future. We therefore set T = 2500. Thus, we have240

IBRI = P
(
G(T = 2500) < 350 ppm ∧ y(T = 2500) > 4000 USD yr−1 | I

)
. (11)

Figure 3 illustrates a choice of safe and safe and just Operating Spaces (SOS and SAJOS, respectively) that show the three

possible attractors of a model trajectory. The shape of a trajectory depends on the 4 parameters from Table 2. These attractors
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are: A) A decarbonized, high income world, which coincides with a system range that could be considered safe and just, for

example. C) A certainly unsafe attractor, with a stylized global Earth system tipping point leading to a hothouse Earth state245

with collapse of economic productivity. B) A world in which high climate damages prevent further economic growth while

at the same time hindering decarbonization, locking civilizations in at medium to high carbon concentrations with decreased

economic development. Decarbonization is prevented as the initialization-of-decarbonization threshold of atmospheric carbon

(Tg) is not reached. Note that the shape of a trajectory before decarbonization (Tg , re) and before reaching the stylized tipping

point or not (G0) solely depends on σ, which scales climate damages: all ensemble members that share a value of σ share the250

same path before they differ depending on the the other parameters.

Even though a world stuck in such a trajectory might arguably be better off than a world that is heading to attractor C, we

choose not to count it as “resilient”, due to the inherent myriad of potential dangers in a high-carbon, low-income world (Kemp

et al., 2022).

3.2 The deterministic many-worlds information-based resilience index255

In this example, we begin with the deterministic standard version of the model, i.e. information set Id = {Md,Θ}. Here,

one world is unambiguously resilient or not, depending on the fulfillment of the resilience condition (see Fig. 2. We create

our many worlds by varying the parameters shown in Table 2, informed by realistic uncertainty about our world to create

the 4-dimensional hypercube Θ in parameter space. An individual’s many-worlds IBRI is thus defined by their choice of

hypercube. Obviously, this is a subjective choice and can be adjusted accordingly, depending on objectively plausible beliefs260

about plausible socio-economic pathways (similar to the construction of the shared socio-economic pathways; SSPs), which is

the whole point of the information-based approach.

If we know nothing more about the world than the ranges mentioned above, we can average over the whole space to obtain

an overall resilience of 0.31. The strength of the information-based resilience index is now that one can imagine all possible

subsets and geometric variations of this parameter space and analyze the overall resilience of the whole object, volumes, areas,265

lines, or points, all reflecting different uncertainties or, put the other way, knowledge about the world. This is illustrated in

Fig. 4A, which shows the 4-dimensional knowledge landscape projected onto the 2-dimensional space of the decarbonization

initialization point Tg versus the location of the stylized tipping threshold G0.

Figure 4 is a map of the resilience index IBRI (the conditional probability for reaching the desired state as indicated by

the color bar to the right) to a 2-dimensional G0-Tg subspace of the parameter hypercube Θ . For each coordinate (G0,270

Tg), the model is run for all possible combinations of the remaining 2 parameters knowledge ranges, decarbonization rate

re = 0.01, . . . ,0.15 and climate damage strengths σ = 0.01, . . . ,0.10. IBRI is calculated using Eq. 9 given a particular value of

G0 and Tg . Consider, for example, the point (450,500): this case would reflect either the assumption or the knowledge that

decarbonization will begin at 500 ppm, but that the stylized tipping threshold is at 450 ppm. At this point, the resilience index is

0 (dark red color) because when decarbonization begins, the threshold has already been crossed. No matter what combination275

of re and σ, i.e. no matter how low climate damages and how high decarbonization rates, no trajectory will end up in a safe

and just space and the resilience index is 0. The resilience index is indeed 0 for all G0-Tg combinations in the dark red region.
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Figure 3. Evaluative choices of safe and safe and just operating spaces for the World-Earth model used in this study. Trajectories combine a

range of values for decarbonization time point Tg (from 380 to 700 ppm), stylized tipping threshold G0 (500 or 1000 ppm), climate damage

σ (2.5 % or 7.5 %) and decarbonization rate re (10 %). The trajectories showcase the three attractor ranges (A, B, C) of the model. Gray

circles indicate long run equilibria, i.e. X(T ) for large T . Arrows indicate direction of motion for various trajectoriesfor different θi.

Analogously, the resilience index is 1 for all G0-Tg combinations in the dark blue region because decarbonization begins well

before the stylized tipping threshold so uncertainty in other parameters does not matter.

The narrow white diagonal region indicates the combinations of G0 and Tg for which the resilience index is roughly 0.5.280

For these values roughly half of the trajectories reach the desired state as re and σ are varied. As we move up and to the left,

decarbonization occurs progressively later relative to the threshold and, as we would expect, the resilience index decreases

rapidly and fewer trajectories reach the desired state. As we move down and to the right, decarbonization occurs progressively

earlier relative to the stylized tipping threshold and the number of trajectories reaching the desired state increases.

Based on this analysis, the G0-Tg state space can be divided into three regions: a mostly (non-)resilient space shown in dark285

blue (red) in which decarbonization occurs so early (late) that information about parameters is not important and the system is
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Figure 4. Panel A: The information-based resilience index, i.e. the conditional probability of a simulation run to end up in the desired

state, mapped onto the parameter space of the decarbonization Point Tg and the stylized tipping threshold G0 (∼ 106 ensemble members).

Each pixel shows the average resilience index over fixed Tg and G0, summing over all combinations of decarbonization rate re and climate

damage strengths σ. For example, at G0 = 450 ppm and Tg = 500 ppm, meaning that decarbonization is only started after the threshold has

been crossed, none of the simulations ends up in the desired state, no matter which of the possible decarbonization rates or climate damage

strenghts. Therefore, the resilience index is 0. Some different possible information scenarios indicated, for example, by the rectangles R1

(solid) and R2 (dashed) and their respective resilience indexes are indicated in Table 3. Panel B: IBRI map over (re1 + re2)-Tg space with

the distribution of G0 informed by data from the Greenland ice sheet (∼ 106 ensemble members). See Table 3 for resilience values.

completely resilient or perfectly non-resilient. These zones are divided by an intermediate zone around the white diagonal line

where information about re and σ becomes important.

The location of this boundary region shows that because of inertia in the model, decarbonization has to start some 20-30 ppm

before the threshold is reached. This is what we call critical delay, which could be interpreted as a reaction time to start the290

decarbonization. The sharpness of this shift is determined by the ranges of the decarbonization rates and the parametrization

of climate damages, i.e. the more options there are the smoother the transition becomes. Thus, in a setting close to where Tg

and G0 are separated by this critical delay, re and σ become very important in determining whether the WES is resilient or not.

As Tg and re are arguably the only two parameters that a World system might influence, the most effective way to design a

resilient WES, rather unsurprisingly, is therefore decarbonising early enough before the threshold. The more nuanced insights295

from the analysis occur near the threshold region which, given historical response to climate change, are the most relevant (it

seems unlikely that nation states will agree to decarbonise early).

One important nuance is the occurrence of step-like gradients in the resilient (blue) regime below the diagonal regime

shift in which full resilience is not reached everywhere, even though decarbonization would start early enough in most cases.
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This originates from the hidden dimensions encoded by parameters of climate damage strength σ and decarbonization rates.300

In particular, where climate damages σ are high, trajectories can get stuck in a low economic output world (attractor B in

Fig. 3), which prevents them from returning to a safe and just operating space. The frequency of occurrence of these worlds

depends on the possible values of σ. The resolution of 10 possible values of σ, which is constrained by computational costs,

is thus reflected in the 10 visible steps. For very high values of Tg the starting point of decarbonization occurs at very high

atmospheric carbon concentrations and is never reached, as even very low climate damage rates are at some point strong enough305

to suppress economic growth and thus emissions that would otherwise trigger the decarbonization. Lowering Tg (moving down

the heatmap) at some point the set of trajectories with the lowest climate damages (that all follow the same path before Tg or

G0) touches the decarbonization threshold and all of them are enabled to return to the safe attractor, as G0 is high enough in

this region. For lowering Tg further, the next higher set of trajectories with a shared σ is reached and so on, until Tg is low

enough such that even high damage trajectories with a very bent curve are able to reach decarbonization and all sets reach the310

safe attractor. The 10 values of σ with a possible safe or unsafe (true, false) outcome thus yield the 11 regions of different

resilience below the diagonal, according to combinatorics.

IBRI can also be used to explore different information (sub)sets, by either redefining the original parameter hypercube, or

only considering part of it: Θ′. This yields a new information set I ′d = {Md,Θ′}. For example, if we believe that the threshold

lies between 450 and 550 ppm and that decarbonization will possibly start between 450 and 550 ppm, we can integrate over the315

area in the rectangle R1 and obtain an overall resilience of 0.32, slightly increasing from the overall resilience for the original

parameter range. If even more information is obtained, such that Tg = [470,520] and G0 = [440,520], i.e. it becomes certain

that decarbonization will start a bit later overall and the stylized tipping threshold is closer, integrating over R2 produces an

IBRI of only 0.17. Therefore, depending on the knowledge (and given appropriate action if knowledge is available) about the

system, the resilience can change. This is the essence of the information-based resilience index. With learning more about320

the system and thus reducing uncertainties, you could learn that you are more or less resilient. Such changes in resilience are

critical inputs in a dynamic policy process.

3.3 Refining the information set with Earth system resilience knowledge

In Fig. 4B, a resilience index landscape is shown again, as governed by the two parameters that can possibly be controlled by

the World system as means to adapt, Tg and total combined decarbonization rates (re1 + re2). Those parameters were shown325

before to be crucial to overall resilience. Now the stylized tipping threshold is not distributed uniformly but, rather, along a log-

normal distribution motivated by a threshold range of a typical tipping element. Here, we take the Greenland ice shield as an

example for several tipping elements at risk to be triggered by projected global warming projections (Armstrong McKay et al.,

2022; Robinson et al., 2012). The 5 % quantile of the distribution is chosen such that it coincides with the lowest estimated

possible temperature threshold for Greenland ice sheet tipping, 0.8 °C, and the 95 % quantile to match the highest, 3.0 °C. For330

this, ppm is converted to temperature using a rough rule-of-thump linear approximation, where an increase of 100 ppm equals

1 °C temperature change, as our model does not include a more sophisticated representation of climate. The other parameters

remain the same as in Table 2 ii).
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Table 3. The results of the information-based resilience assessment depending on the chosen information subset, i.e. the modelling choices

and parameter uncertainty ranges included within the assessment.

Information Set Parameter Uncertainty IBRI

G0 Gridded

Whole object 0.31

R1 0.32

R2 0.17

G0 Informed by Greenland Ice

Sheet

Whole object 0.21

5% decarbonization rate 0.18

With this newly informed threshold, overall resilience of all parameter ranges is 0.21. In this case, it becomes even clearer

that the relevant parameter to improve resilience is the start time of decarbonization, as even an increase of decarbonization335

rates to very high and seldomly observed values (>8-10 %/yr per region) increases resilience only marginally if decarbonization

starts too late. If one considers an annual per region decarbonization rate of 5 % (which can already be considered high, keeping

in mind that emissions are still rising in parts of the world), resilience decreases even further to 0.18. This tells a grim story

of the likelihood to reach a desired operating space with the presence of a possible stylized tipping threshold informed by

estimates of the Greenland ice sheet tipping range. Of course, a range of modeling decisions play a role here, such as the340

assumed log-normal shape for the distribution of possible threshold locations, but this further emphasizes the importance of

reducing knowledge gaps for crucial boundary elements of the Earth system in resilience analysis. In general, this shows that

knowledge about the functioning and resilience (represented by the threshold here) of the Earth system is central to constrain

our information-based approach. Table 3 summarizes the IBRI values for each of the cases discussed so far.

3.4 Modeling stochasticity in the World–Earth system345

After having laid out how an information-based resilience assessment works with the deterministic many-worlds model in

two cases, we further showcase its applicability and comparability for different variations of the original model. We therefore

include multiple model representations in the set of models for the stochastic information set M∫ . For this, in particular,

we allow for stochastic variation of two kinds (a Wiener process and a Ornstein-Uhlenbeck process with Poisson jumps) in

the model and compare the resulting implications on resilience. Additionally, we implement a possible variation of the Earth350

system where crossing the stylized tipping threshold G0 does not lead to a hothouse runaway climate, but to a loss of buffering

capacities of the Earth system sinks, i.e. the carbon uptake rate by the Earth system u in Eq. 3 is set to zero, u = 0, after crossing

the threshold G0 instead of an additional release of carbon. This leads to a strong drifting of the Earth system, similar to the

trajectories that reached attractor B of Fig. 3 before, but reaching deeper into a high carbon, high damage world. We include

this variant to showcase how our model can be extended to answer related resilience questions, i.e. what if the Earth system355

lost its supporting buffering capacities.

In the first stochastic variant, we apply a multiplicative Wiener process for the capital fluxes Kj and the emission intensity

ej in both regions (j = 1,2), such that from Eq. 3 and Eq. 5 we obtain a stochastic differential equation with classical Brownian
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motion of the form

dKj =
(
Ij − δjKj −σS(G)Kj

)
dt + ςKj dWKj

(t), (12)360

dej =
(
− z re ej

)
dt + ςej dWej

(t), (13)

where ς describes the scaling of the multiplicative noise, in our analysis either 2.5 % (“small”) or 7.5 % (“large”), to the current

state Kj(t). Thus, additionally to the continuous climate damages introduced by σS(G), there can now be processes that mimic

annual random shocks to the economy. The same is done for the decarbonization rate, allowing for stochastic variation also to

the resulting level of G. Both capital fluxes and emissions are inherently fluctuating properties in the real world. For both, we365

assume the fluctuations to be proportional to their current level, leading to the representation via multiplicative noise.

Figure 5 showcases the changed dynamics of the model for a set of representative trajectories and each type of stochasticity,

as well as Earth system response. Figure 5B shows how the trajectories of the continuous stochastic system (for a small 2.5 %

scaling of the noise) have increased variability, but still follow the overall attractors that are found for the deterministic system,

shown in Fig. 5A. We choose one parameter set for a favorable (no stylized tipping threshold), a drifting (to loss of sinks for370

crossing of threshold) and a critical (runaway hothouse climate for crossing of threshold) Earth system, where Tg = 500 ppm,

σ = 3 % and re = 10 %. In the second stochastic variant, we implement shocks to the total factor productivity Aj .

For this, we implement Aj as two new state variables that follow a classic relaxation process (Ornstein-Uhlenbeck without

noise):

Aj = γi(A0,j −Aj), (14)375

where γj = 0.1 is the relaxation rate equal for both regions and A0,1 = 2.7 and A0,2 = 1.7 are the maximum total factor

productivities for both regions. We then define Poisson jumps dNj(t) that afflict Aj(t) with rates λ depending on the current

state of the externality (i.e. the higher the G, the more often a climate shock affects the economy):

λj(G) =
λ0

1 + exp[−k(G−Gp)]
, (15)

where λ0 = 0.05 and k = 1 are scaling factors and Gp = 300 ppm gives the minimum externality for a shock to occur. When a380

shock occurs, it randomly gets assigned a shock size ξi of 0 - 20 % of the current level:

Aj 7→Aj − ξiAj , ξi ∼ DiscreteUniform(0,0.2), (16)

yielding the final stochastic SDE:

dAj = γj(A0,j −Aj)dt− ξjAj dNj(t). (17)

With this, we obtain trajectories with larger jumps rather than continued variability, as can be seen in Fig. 5C. Both cases of385

stochasticity are a way to include dynamic uncertainty on how the World system in particular will react to opposing pressures.

In principle one could use one or an overlay of both types of the model to include negative impacts like societal unrest or

positive improvements, for example technological progress.
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Figure 5. Comparative trajectories total world income vs. atmospheric carbon for A) the deterministic standard model, B) a stochastic model

with continuous variation in K and re (for 2.5 % variation) and C) a stochastic model with a jump process reflecting sudden losses in total

factor productivity. Additionally, three types of Earth system response are depicted: a) favorable, i.e. the threshold is not crossed, b) drifting,

the threshold is crossed and the Earth system response is a complete loss of buffering capacities and c) critical, the threshold is crossed and

the response is an additional release of carbon.

3.5 The stochastic many-worlds information-based resilience index

We repeat our resilience analysis for all three cases (deterministic, shocks and two Wiener process cases with different scalings390

of noise) with the reduced parameter ranges from Table 2 (also applied to the deterministic version, to ensure comparability) to

account for increased computation times in the stochastic cases due to the Monte Carlo analysis with Nsamp = 100 ensemble

members. In the way that our resilience conditions are set right now, the drifting Earth system case does not make a qualitative

difference, since crossing the threshold in all cases does not meet the safe and just operating space requirements. We therefore

use the standard runaway model for crossing for these calculations. Note that this system can still lead to “drifting” trajectories,395

as defined as attractor B in Fig. 3, that eventually get stuck at the very point in which climate damages equal any surplus for

investment, freezing the system in the current state of carbon concentration G, and total economic output Y . In future analyses

with refined resilience conditions the real drifting Earth system case might be of great relevance though, and was introduced

before for illustrative purposes.

The resilience assessment of all four cases is as follows: The IBRI for the deterministic, shock stochastic, continuous stochas-400

tic with small (2.5 %) variation and continuous stochastic with large (7.5 %) variation models are 0.29, 0.28, 0.31 and 0.50,

respectively. It can be seen that the deterministic and the shock case yield similar outcomes, with the shock case being slightly

less information-based resilient overall. This is due to the fact that shocks only affect the economic dimension of the model,

without significantly altering the qualitative shape of trajectories: while shocks can lead to significantly different trajectories

on the micro level (size and frequency of shocks), the overall statistic probability to reach a desired state does not change under405

our assumptions, as the economy cannot “break”.
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This is confirmed by comparing Fig. 6 A and B, which show the 2-dimensional projection of the resilience space onto Tg

and G0 for the reduced information sets for the deterministic and the shock case. The only difference is found in the transition

between the steps that are introduced by σ (now reduced to four possible values): the transitions to the next less resilient

subspace happen at slightly smaller values of Tg , while also becoming smoother. This is due to the probability of a shock410

affecting a trajectory shortly before reaching Tg , trapping the system (temporarily) in the high-carbon, low-income attractor.

For this, a large shock to the economy is needed, which shortly brings the economy into a backdrop state, allowing the Earth

system to take up carbon, reducing continuous climate damages, allowing the economy to grow again. In the meantime, as the

economy has not fully recovered again, another (ever smaller) shock is likely to send it on the same detour again, diminishing

but not eliminating the possibility to escape the limit cycle. This attractor is related to attractor B found in Fig. 3 and only found415

in conditions where climate damages already suppress growth enough, such that additional damage (here via the shocks) can

stop development before reaching Tg and thus getting the trajectory stuck. The probability of such a shock increases quickly

the closer Tg comes to the transition level for the corresponding value of σ, as the aforementioned condition is fulfilled and

more time is spent close to the attractor, allowing badly timed shocks to send a trajectory into such a cycle. This reduces and

smoothens out the transitions, eventually slightly decreasing the overall information-based resilience index.420

In reality, a society would deeply care if it is on a rather smooth or bumpy trajectory, as World–Earth resilience also depends

on the capacity of the World system to recover from economic shocks. In future models such a feedback loop between World

system shocks and adaptive capacities will be a crucial extension to the model.

The continuous stochastic cases on the other hand do show (slightly) increased resilience and also qualitatively a different

picture when looking on their resilience heat maps, as shown in Fig. 7C and D. This is due to the fact that the continuous425

stochasticity does affect economic processes as well as Earth system relevant processes here. The dynamic uncertainty within

the decarbonization process has a twofold effect.

First, trajectories that would have gotten stuck in a high-climate-damage, low-economic output world (attractor B from Fig.

3), now do not get stuck, as stochastic variation allows them to escape the small basin of attraction, which damages exactly

equal investment potential. Therefore the grades that were present in the deterministic and shock-stochastic model now get430

resolved to a more smooth transition spanning the whole (possibly) resilient regime below the diagonal. This transition mainly

depends on the decarbonization time point as well as on values of σ. Now, later decarbonization and higher climate damage

levels bring the system further away from the safe and just operating space, by allowing larger detours into the high-carbon,

low-economic-output world. This costs trajectories substantially more time, as the World system has to recover this on the way

back to the safe and just operating space, making the time constraint for the safe and just operating space, i.e. reaching it by435

2500, relevant in this case. Thus, some trajectories that are headed towards the safe and just operating space are still considered

non-resilient, leading to the smooth transition in the direction of Tg .

Second, for high values of stochasticity„ some trajectories of an ensemble for the same parameter choice that otherwise

would cross a threshold G0, will not cross it because of fluctuations in the decarbonization speed. This is due to the variation

an uncertainty in the resulting atmospheric carbon levels G.440
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Figure 6. The information-based resilience index map for A) the deterministic model (note the reduced resolution to account for increased

computational cost due to ensemble runs), B) the model with shocks to the total factor productivity and C) the model with stochastic variation

in the form of a Wiener process, applied to the capital fluxes and the decarbonization rates and scaled to 2.5 % variation from the current

state, or D) 7.5 %. (All: ∼ 106 ensemble members).
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For even larger noise, the resilience thus rises to 0.50. This is surprising, as one would assume the expectation value of

trajectories that cross or do not cross the threshold because of noise to be the same, because of the symmetry of the single

noise processes. This result can be explained when looking at the model dynamics again: While the noise process in the

decarbonization equation itself is symmetric, the decarbonization itself is a process that is asymmetric: in the domain that is

more resilient in the deterministic case, the threshold is far enough away such that the economy can be turned around before445

crossing it in most cases, even for small decarbonization rates. If such a stochastic process reduces these rates temporarily,

it does not reduce the chance to reach the desired state by as much, therefore mostly leaving this domain untouched. In

particular, since the decarbonization by default is never negative, i.e. the worst that can happen is a very slow decarbonization,

not a re-carbonization. In the domain that was already mostly non-resilient before, a decreased decarbonization rate can thus

only marginally decrease resilience, while a highly increased decarbonization rate can actually buffer the trajectory enough450

from reaching the threshold and thus only positively affecting the overall resilience. This can only be achieved because of

highly increased decarbonization efforts due to the dependency of the Brownian motion on the current state, which introduces

a form of path dependency. These increased decarbonization efforts reach values around 2 times the size of the maximum

decarbonization rate of re = 15 % that we allow for (which is already quite high). This path-dependent decarbonization is

hence only possible for a highly adapting world system in which decarbonization can be evermore ramped up, exploiting455

previous achievements. In a realistic world, where decarbonization rates are not likely to exceed a certain upper ceiling, this

increase in resilience is not really reachable. Also here, sufficiently early and speedy decarbonization remains the main tool to

achieve a more resilient world.

The difference in overall resilience between the cases with different types of stochasticity and noise showcases the power of

the information-based resilience approach again. One could not only ask the question of how resilience changes with different460

knowledge about “parameters” of our world, but also how resilience changes with ranges of noises or shocks that one deems

possible. The overall resilience of a world which could have the above described stochasticity is thus the mean of both these

possible worlds, 0.295. This softens the question of “Resilience of what to what”, by allowing the “to what” to possibly

have different ranges and impacts and thus puts the focus on the evaluative, epistemically grounded choice of the “of what”.

Similarly, one could compare scenarios with different relevant processes present or not, for example one extends the analysis465

of one tipping element by allowing for multiple interacting tipping elements, and assess the likelihood/risk of tipping cascades

(Wunderling et al., 2023). In the same modeling framework one can then analyze how the presence of interactions between

tipping elements decreases (or, less likely given the current state of literature (Wunderling et al., 2024), increases) the overall

resilience. This comparability is what makes the information-based resilience understanding so highly operational.

4 Conclusions470

This work has presented an information-based approach to formalizing resilience and operationalized it using a World-Earth

system model. Our goal has been to develop an understandable, policy-relevant measure that can feed into real-world policy

processes. Our study is motivated by the need to move beyond theory-based metrics and vague notions of resilience that are
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of limited value in practice. Understanding resilience through an information-based lens highlights the important fact that

in collaborative decision-making there is a negotiation of beliefs. IBRI provides a vehicle for scientists, citizens, and policy475

actors to think and communicate about their beliefs ans assumptions from the start, consistent with recent calls for relational

approaches to simulation modeling (Klein et al., 2024). Each actor has their own beliefs and IBRI. Some groups with shared

beliefs will share very similar IBRI (but perhaps for different reasons), and differences across groups may be large. The key is

that IBRI provides a currency for negotiating toward collective decisions.

Beyond its virtue as a mechanism to help reconcile and bound different beliefs about WES functioning and potential futures,480

IBRI may also help dislodge attention from the “right” model or “better data”. IBRI is model agnostic, i.e. it can be calculated

over any general information set I = {M,Θ,X0} including a range of models using the simple method summarized in Fig.

2. In particular, it allows for the assessment of future choices given today’s beliefs. Most importantly, IBRI can help identify

the most contested and impactful uncertainties that need to be reduced with urgency. While we fully appreciate that the IPCC

process and model comparison activity are similar in spirit, the outputs, e.g. time trajectories with uncertainty envelopes is485

less intuitive and less readily communicable than a single conditional probability. Further, and perhaps most importantly,

IBRI strongly discourages thinking about resilience in absolute terms because as we have discussed, without uncertainty (i.e.

subjectivity in some form), resilience is either zero or one. What is important is relative uncertainty. How is resilience changing

over time as our understanding of the world changes? It is this change in resilience that is a useful policy tool in driving

decision-making. Additionally, focusing on a change- and solution-based measure instead of a state- and problem-based one490

might be related to a higher motivation to act in general (Said and Wölfl, 2025). In the illustrative model presented here,

this takes the form of investments in learning more about the location of tipping elements through efforts such as the Global

Tipping Points Report and systematic model intercomparison projects like TIPMIP (Lenton et al., 2025; Winkelmann et al.,

2025) or analysis of admissible emission pathways (Bossy et al., 2025; Schleussner et al., 2022). In particular, knowledge

about the resilience of the Earth system was shown to be crucial to constrain IBRI. Measures of stochastic and topological495

resilience and IBRI interact and depend on each other. Operationalizing IBRI in this way will focus attention on the challenging

problem of defining information sets that reflect initial beliefs about the system that will propagate through the assessment.

Deep uncertainties and unknown unknowns form another obstacle. In future work, we plan to analyze how IBRI impacts the

dynamics of the World-Earth system when endogenized in a fully coupled decision-making loop .

One potential risk of IBRI is proxy failure (John et al., 2024). That is, when a measure (IBRI) becomes a target, it ceases to500

be a good measure, according to Goodhart’s formulation. For example, when trying to maximize an IBRI, a policymaker could

update their beliefs and end up with less accurate information about the system than is available. If one does not believe in

climate change-induced damages, one would rate the system as perfectly resilient. Ignorance can improve resilience. The risk

of proxy failure here is not that all IBRI optimizing policy makers would suddenly become climate-change deniers. The history

of proxy failure cases has shown that the mechanisms by which the proxy fails are more subtle, hard to predict, and in some505

cases, have disastrous consequences. Having said that, the fact that all stakeholders may have different IBRIs that enter into

collective decision-making in which beliefs are negotiated may reduce the potential for proxy failure. Of course, as always, it

is the nature of institutional arrangements that structure collective action that is the key determinant of the value of any index.
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In the right institutional context, with an iterative decision-making process that emphasizes changes in the resilience index and

deliberation around uncertainty rather than the “right measure”, IBRI may be a powerful tool for better decision-making.510

In the future, it will be crucial to extend our information-based resilience assessment to, first, a more detailed representation

of bio-geophysical aspects of the Earth system, which is currently showing worrying signs of a resilience loss (Ripple et al.,

2024), and, second, to assess new lines of coupled, co-evolving World-Earth system models that are capable of reflecting

uncertainties within the World-, the Earth-, but most importantly the feedback interactions within the World-Earth system

model. A possible extension to the stochastic model presented here is a feedback loop between shocks that cascade from the515

Earth system to the World system, affecting its adaptive capacities.

Code and data availability. The code of our model is published on Zenodo https://doi.org/10.5281/zenodo.17100929 and available on
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