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ii 

The concept of resilience in social-economic systems has become so popular in the policy 

making and research communities; the building, enhancing or maintaining of resilience has 

become almost cliché. However, as a concept we don’t often know very much about the 

underlying forces that drive resilience in social-economic systems. Complicating this, our 

applications might be misleading; resilience in social and economic policy is often 

approached using the tools from ecological resilience, although decision-makers don’t have a 

formalised role in such approaches. We argue that the presence of a decision-maker in social-

economic systems requires an entirely new approach, which explicitly treats decisions as the 

thresholds among alternative regimes. We show how economic resilience differs from 

alternative resilience concepts and provide a mathematical framework that can be used 

to evaluate the resilience of an economic regime. 

We show how new developments in the application of real options analysis to questions 

of optimal timing can be used to more clearly define and measure the concept of 

economic resilience. Each regime has its own patterns of costs, benefits and risks which 

determine the position of thresholds through time. This perspective on economic resilience 

is important because the thresholds between alternative regimes can be characterized 

as decision thresholds. In these systems we don’t know how much time we have before a 

decision must be taken and a threshold is crossed.  

We develop a concept of expected time as a measure of economic resilience and illustrate the 

levers which can enhance or diminish the resilience of a regime. Because any uncertain 

decision-context can be expressed using the expected time to a threshold, we can use 

this approach to investigate resilience in systems which don’t have stable attractors. 

This means that the approach is relevant to a broad range of economic contexts and 

applications. Examples are developed for understanding poverty traps (a resilient and 

undesirable regime), the adoption of new technologies and of government intervention in 

market pricing.       
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1. Introduction 

This is a report about resilience from the perspective of economic decision-making. We show 

how economic resilience can be defined and measured from the perspective of a decision-

maker operating under conditions of uncertainty. Our new definition of economic resilience 

differs from related concepts that are sometimes called ‘economic resilience’, because we 

explicitly consider the role of this decision-maker. Our definition allows us to better 

understand how the biophysical, social and economic properties of a system affect the trade-

offs between alternative economic regimes and the resultant patterns of economic resilience.  

  

1.1 Economic resilience and the decision-maker 

To be clear about our definition of economic resilience it is important that we are clear about 

defining economics. This helps us explain why economic resilience cannot just be the 

resilience of an economy even though the ability of an economic systems to recover from 

shocks or variability is an interesting and important property of these systems. As we show 

later, this kind of resilience is an important determinant of economic resilience, but just as 

economics is not only the study of the economy, economic resilience cannot only be the 

resilience of the economy. Instead, to be economic resilience, our definition must define 

resilience from the perspective of a decision-maker.  

Decision-making plays a central role in economics because economics is the study of how to 

allocate scarce resources in order to make people better off. Because of the necessity of 

making trade-offs between alternative allocations of scarce resources, decision-making plays 

a central role in economics. People’s preferences help them distinguish between the relative 

benefits of alternative uses for resources. The static cost of choosing one alternative is the 

opportunity cost – the value of the next best foregone alternative – and represents what is 

given up to benefit from the preferred use. In a dynamic world, this is given by the related 

concept of option value – the discounted summation of opportunity cost through time.  

Because we are interested in the relationship between a decision-maker and all the properties 

of the system they interact with to generate returns, it is also important that we encourage a 

broad view of economic systems. The biophysical properties of resources, institutional 

arrangements, and human behaviour all interact to determine the structure of the decisions 

faced by a decision-maker. Accordingly, it is important to understand that the economy may 

be viewed as not just a system of markets but can be seen more broadly as the social systems 

that govern the allocation of scarce resources. In general, the economy is the system of rules 

and regulations that determines who gets what, i.e. resolves conflict over the alternative 

allocations of scarce resources (Alchian and Demsetz, 1973). The biophysical properties of the 

system interact with the social system to establish the operational boundaries of decision-

makers.   

Therefore, resilience in social systems is different to resilience in ecosystems because of the 

presence of a decision-maker. Indeed, the most basic point of differentiation along these lines 

is that people as decision-makers are conscious of the future in a way that ecosystems are not 

(Holling and Walker, 2003). Knowledge of the current state of a regime in an economic system 

is not enough to understand its resilience, because time matters and people’s expectations 

about the future affects their decisions. Accordingly, we are interested in understanding how 
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the value of flexibility, uncertainty, and degrees of irreversibility affect trade-offs in decision-

making over alternative expected streams of costs and benefits.  

To inform this perspective we need to understand economic resilience in relation to decision 

thresholds between alternative economic regimes (Figure 1). An economic regime is uniquely 

defined by the activities undertaken within it and the systems which result in streams of 

benefits and costs, which may be associated with uncertainties. For example, an individual 

switching between employers may be thought of as crossing a decision threshold among two 

economic regimes. The benefits, costs and uncertainties among alternative employers are 

unique, even if they differ in relatively trivial ways. Likewise, a landholder actively clearing 

native vegetation to implement an agricultural production activity has crossed a decision 

threshold considering the benefits, costs and uncertainties which attend these alternative 

regimes.  

 

Figure 1: Economic returns from two alternative economic regimes. 

The benefits and costs don’t need to be expressed in monetary terms, for example, the 

benefits could be a measure of human or environmental wellbeing. It is simply an expression 

of the thing that the relevant decision-maker cares about. Uncertainties can come from any 

feature which exerts an unpredictable influence on the economic returns of the regime. These 

could arise from biophysical uncertainties, such as climate or pest/disease outbreaks, or from 

the social systems themselves, such as market prices. 

From the perspective of a decision-maker, economic resilience is the ability of an economic 

system to remain in a particular economic regime before reaching a decision threshold. An 

economic system is comprised of whatever combination of components interact to generate 

the economic returns, be they social, financial, or biophysical. Decision thresholds are 

characterised by a decision-maker’s knowledge of conditions in the current economic regime 

and their expectations about conditions in alternative economic regimes. These properties 

include the social, economic, and biophysical properties of the system that affect its ability to 

generate returns and that affect the decision-maker’s knowledge and expectations of 

conditions in the current regime and alternative regimes. Observing changing environmental, 

social and market conditions, a decision-maker may decide to change from the current regime 

to an alternative economic regime.  
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This type of economic resilience results from the properties of the system that enable it to 

remain in a particular regime. Defining economic resilience in this way means we can 

measure economic resilience as the expected time until a system crosses a decision threshold. 

The advantages of this approach to defining and measuring economic resilience include the 

ability to use concepts of probability that incorporate time and the ability to measure 

economic resilience in terms of the expected time to a threshold using analytical approaches 

that do not require a system to have stable attractors. Importantly, this means that the 

approach is relevant to a broad range of economic contexts and applications. 

 

1.2 The resilience of social-ecological systems 

We have defined economic resilience as the ability of an economic system to remain in a 

particular economic regime before reaching a decision threshold. This results from the 

properties of the system that enable it to remain in a particular regime, including the 

biophysical or social properties of the system and the decision-maker’s expectations about 

returns from an alternative regime. We are proposing this definition of economic resilience as 

a complement to related ideas about the importance of resilience to understanding social-

ecological systems.  

To help understand how defining economic resilience from the perspective of a decision-

maker builds on related concepts, it is useful to look more closely at ecological resilience, 

since ideas derived from thinking about the resilience of ecological systems have also been 

applied to help us better understand the resilience of social and economic systems. What 

these definitions have in common is that they can be used to analyse the resilience of an 

economic system as if from an external vantage point, although understanding that the 

manager is part of the system being managed is an important part of frameworks that have 

been developed around the idea of resilience (e.g. Walker and Salt 2006). 

In many important economic systems, the ability of an ecological system to absorb shocks or 

perturbations before some ecological threshold is crossed and the system enters an 

alternative regime with a new structure (Holling 1973; Walker et al. 1969) will greatly impact 

the ability of the economic system to remain in a particular regime before a decision threshold 

is reached. That is, its ecological resilience might greatly affect economic resilience; in some 

cases, ecological or environmental factors will have a major influence on the position of a 

decision threshold – perhaps this is true for a farmer responding to a changing climate – 

whereas in other cases, market expectations may dominate (see Sanderson et al. 2016). This 

ability to more clearly understand the contribution of ecological resilience, and the role of 

other environmental conditions, to economic resilience is one of the advantages of defining 

economic resilience from the perspective of a decision-maker.  

The ability of any component of an economic system to recover from shocks or perturbations 

before undergoing fundamental changes, or the ability of a component to return to an 

equilibrium after a shock, can be important factors for understanding economic resilience. As 

well as the resilience of system components, we might also be interested in understanding the 

contribution of the resilience of an entire social-ecological system to economic resilience from 

the perspective of a particular decision-maker. For example, if viewing a social or economic 

system as if from the outside looking in, we might be interested in understanding the ability of 

a particular business to recover from some shock before it goes bankrupt, or, in 
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understanding the ability of a system of markets to return to some equilibrium after a 

financial crisis.  

Here, it is important to note that analyses of the resilience of an economy effectively apply an 

‘outside-in’ view of resilience in order to better understand the ability of an economy to resist 

or recover from a particular shock (e.g. Goetz et al. 2016). This kind of resilience can also be 

important for understanding economic resilience from the perspective a decision-maker; for 

example, the resilience of the housing market may well affect someone’s decision to buy or 

sell a house. However, this kind of resilience can be seen as applying a definition derived from 

an ecological or engineering perspective (Pimm, 1984; Holling, 1996), rather than seeking to 

understand how expectations and trade-offs affect the resilience of economic regimes from 

the perspective of a decision-maker. 

 

1.3 Measuring and analysing resilience 

Decision thresholds will possess option values (Arrow and Fisher 1974), which are directly 

derived from the underlying system dynamics (Hertzler 1991). Resilience in ecological 

systems has previously been discussed as a type of option or insurance value (Norton 1995; 

Perrings 1995; Holling and Gunderson 2002; Maler 2008). For example, Baumgartner & 

Strunz (2014) describe the value of resilience as deriving from the insurance properties of the 

system, which increases with the degree of resilience. Resilience in economic systems is 

closely entwined with the concept of option value, because the positon of decision thresholds 

is identified where the option value is maximised (Whitten et al. 2012). In particular, Norton 

(1995) argues that resilience is closely aligned to value of holding of options.  

There exists some combination of conditions which would maintain our agent in a particular 

regime and there are others which would cause our agent to cross a regime threshold and 

decide to make a change. This suggests that the resilience of economic systems is determined 

in part by the resilience of the ecological systems on which those economic systems depend 

(Adger 2000; Speranza et al. 2014). In simple terms, this may be observed where a regime 

change in an ecological system, such as the collapse of a fishery, has precipitated the collapse 

of a related economic regime, such as the associated fishing industry. However, economic 

systems may also cross regimes independent of ecological systems, for instance a substantial 

drop in demand for the products of a fishery may result in the collapse of that production 

regime, irrespective of the state of the fishery. Economic resilience is at least located on the 

nexus of ecological and market systems, and in some cases may exist in direct conflict with 

ecological resilience (Xu et al. 2015). 

With the position of the decision threshold in mind, how do we characterise the resilience of 

the economic regime? Resilience of systems has been defined in a variety of ways, using 

distance, speed, time and probabilities. Time has been used to quantify the resilience of a 

system, for example, Pimm (1984) employs an expected time definition. In this interpretation 

the loss of resilience in a system may be thought of as an increase in the time taken to return 

to equilibrium following a shock (Perrings & Stern 2000; Martin et al. 2011). Resilience 

measures which incorporate time make intuitive sense, because observed system states and 

associated risks of threshold transgression are all functions of time (Naevdal 2006).  

Resilience may be measured using the probability of crossing some state threshold, because 

probability defined dynamically is a function of system speed (dynamics), the current state 
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and the time horizon of concern. Using this approach, the resilience of a regime may be 

defined in terms of the probability of crossing a state threshold (Perrings 1998; Brozovic and 

Schlenker 2011). This view is reflected where resilience defined in terms of the physical 

distance to the threshold, with associated value of resilience dependant on the probability of a 

regime shift (Maler 2008; Maler, Aniyar & Jansson 2009). Specifically, the value of resilience 

increases with decreasing probability that the system will cross some threshold into the non-

desired state. 

The following sections of this report are organised as follows. Section 2 presents a real 

options perspective on quantifying economic resilience with respect to decision thresholds. 

Section 3 provides an illustration of economic resilience. Section 4 concludes the paper. 

 

2. An approach to quantifying economic resilience 

In economics, decisions are the thresholds among alternative economic regimes. Consider an 

example of a landholder presented with the option to clear native vegetation to implement an 

agricultural production activity. This option involves a decision threshold, which is informed 

by the benefits, costs and uncertainties which attend these alternative regimes. Consider a 

possible sequence of regimes available to the landholder outlined in Figure 2.  

 

Figure 2: Possible sequence of economic regimes 

We have an initial state, Regime 1, which could be the intact native vegetation. Given the 

knowledge, technology and other resource available to the landholder, there could be two 

alternative regimes which could be implemented, 2 or 3. Adding to this is the knowledge of 

subsequent options, as Regime 3 may be followed by Regime 4. Evaluating the decision to 

enter an alternative regime involves assessing the benefits, costs and uncertainties of the 

current Regime 1, as well as those involved with the alternatives. Presented with the choice to 

switch among economic regimes, we are evaluating the value of the flexibility to implement a 
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decision at a time of our choosing. In the absence of uncertainties, we could perform a 

simplistic reconciliation of benefits and costs to evaluate the decision to move among regimes. 

Most real-world cases involve uncertainty to some degree, which means that a typical 

reconciliation of benefits and costs is not sufficient. How do we evaluate these decisions under 

uncertainty?  

The value of the flexibility to make or delay a decision under conditions of uncertainty is 

captured in option value, which is the value of the right, but not the obligation, to implement 

some decision (Arrow and Fisher 1974; Henry 1974). This involves quantifying the trade-off 

between acting sooner rather than delaying with the retained option to act later. This trade-

off becomes important when the uncertainties associated with decisions are substantial. For 

example, Regime 3 might be a high-risk high-return economic regime, whereas Regime 1 may 

be described as a low-risk low-return regime. In this case, the option value tells us how much 

a decision maker values the flexibility to leave the relatively safe Regime 1 and enter the 

riskier Regime 3. This can be explained diagrammatically with graphs of some value function, 

such as profits (Figure 3).  

 

Figure 3: Value functions, (a) with the obligation to continue in Regime 1, and (b) with the option to exit 

Regime 1. 

In panel (a), the profits which the decision-maker enjoys from the various states of Regime 1 

is given simplistically by the linear relationship. This relationship doesn’t have to be linear, for 

instance we may have functions with concavities, convexities, or a complex arrangement of 

both. In this case, the decision-maker is obligated to continue in Regime 1 and can experience 

positive profits for state values above x* and negative profits below, with no flexibility to 

avoid the negative profits. In panel (b), we have an option to exist Regime 1 so the same linear 

profit-state relationship is represented for positive profits above x*. However, the option to 

exit means we don’t have to experience negative profits below x*, so the relationship for those 

corresponding state values will give us profit values of zero. The payoff V(x) from the option 

to exit Regime 1, thereby avoiding the negative profits, is given by the profit in panel (b) minus 

the profit in panel (a). This result is shown in Figure 4, where option value is now given by the 

profit

state

profit

state

(a) obligation to continue (b) option to exit

x* x*
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y-axis and the state of Regime 1 is on the x-axis. It is important to note that while we can 

identify the schedule of payoffs V(x) from the option, which are option values, we need more 

information to identify the precise option value for a given decision. This requires the 

specification of the risk-adjusted dynamic profit function, and will be examined below.  

 

 

Figure 4: Value of option to exit a regime 

Similarly, if a decision-maker is not yet committed to a regime negative profits are 

automatically avoided, although positive profits are not captured. These profits can only be 

captured by committing to enter the regime for which the option value function is given by 

the mirror of the option value to exit (Figure 5). The ability to exit one regime and enter 

another is the compound expression of Figure 4 and Figure 5, with the respective state values 

coming arising from the respective regimes. We will explore this case in more detail below.  

 

Figure 5: Value of option to enter a regime 

The ability to reverse the decision is also important, because the act of reversing may be 

costly or associated with irreversibility. In simple terms this may involve the cost of 

reinstating infrastructure or equipment to return to an earlier regime, while in others the 

costs will be infinitely high and essentially irreversible given the current state of technology 

and knowledge. Option values capture the degree of irreversibility as reflected in reversal 

costs, and in general, the greater the reversal costs the smaller will be the option value. That 

option value

statex*

V(x)

statex*

option value V(x)
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is, the decision maker will value more highly the options which allow them to avoid 

commitment to actions with greater degrees of irreversibility.  For example, the decision to 

switch from Regime 1 to Regime 2 may be associated with the irreversible loss of values 

associated with the native vegetation, and the resulting sequence of future regimes available 

to the decision maker don’t involve a return to Regime 1. However, other sequences of future 

regimes may allow the decision maker to eventually return to Regime 1, albeit through several 

intermediate regimes.  

The analytical method for estimating these values is called Real Options, which models 

decisions to switch from one economic regime to another (Dixit and Pindyck 1994; Copeland 

and Antikarov 2001). Extensions to this method, including Real Options for Adaptive 

Decisions (ROADs) (Hertzler 2012b; Sanderson et al. 2016), also allow us to understand the 

optimal timing of decisions. When we are evaluating a sequence of regimes, we need to 

calculate the value of remaining in a current regime whilst retaining the option to switch later. 

Under conditions which are uncertain and possibly changing over time, the identification of 

the optimal sequence of regimes is calculated by applying real options analysis to a series of 

choices among alternative regimes. In general, a sequence which has the highest option value 

will be preferred to those which have lower option values.  

 

2.1 Option value 

This is a two-step approach to using real options to estimate regime transition thresholds and 

associated option values. First, we need to characterise the systems which drive the outcomes 

of concern in given regimes; this is performed by estimating the parameters of underlying 

dynamic stochastic processes. Second, option values are calculated using the well-known 

option pricing equations, and state-transition thresholds are identified. Given these, we can 

then proceed to characterise the associated dimensions of economic resilience.  

 

Stochastic characterisation of economic systems 

A stochastic process is a probability process, which can evolve over time and space (Doob, 

1942). These processes evolve over time according to some set of rules, which can be defined 

as a stochastic differential expression in time. Analytical expressions for probabilities in both 

space and time arise from these differential equations. The state dynamics of a stochastic 

system can be defined generally by: 

 𝑑𝑥 = 𝑔(𝑥)𝑑𝑡 + ℎ(𝑥)𝑑𝑧 (1) 

where a change in the state of the system dx, depends upon the expected change 𝑔(𝑥)𝑑𝑡, and 

the random shock ℎ(𝑥)𝑑𝑧. In principle, these equations may be represented by any 

combination of  𝑔(𝑥) and ℎ(𝑥) which appropriately characterise those dynamics. However, 

there are only a handful of known representations which yield analytical solutions for 

associated probability functions. Included in these is Geometric Brownian Motion, 𝑔(𝑥) = 𝛼𝑥 

and ℎ(𝑥) = 𝜎𝑥, where 𝛼 represents the trend of the process with variability of 𝜎. This process 

has no stable equilibrium which would make it unsuitable for applications in ecological 

resilience, although this property makes it useful in socio-economic systems to characterise 

the dynamics of continually growing or decaying systems. These systems are known as non-
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ergodic processes and are defined by their lack of stationarity. A common ergodic 

(equilibrium attracted) alternative is the Ornstein-Uhlenbeck process, 𝑔(𝑥) = 𝛼(𝜇 − 𝑥) and 

ℎ(𝑥) = 𝜎, where the process reverts at rate 𝛼 to a stable equilibrium 𝜇 over time (Uhlenbeck 

and Ornstein, 1930). This is a suitable representation of a system which tends towards a 

mean-state equilibrium, such as annual rainfall, although the linear reversion property is a 

limiting factor. Analytical solutions for more exotic stochastic processes are being developed, 

for example, Hertzler (2016) has identified solutions for polynomial, exponential, asymptotic, 

sigmoidal and cyclical trends in location and scale. Among these are ergodic stochastic 

systems which don’t require linear reversion, thereby allowing for non-symmetric behaviour 

of the process above and below one or more equilibria.  

For the purposes of illustration, we could examine the case of some system, which is shown in 

Figure 6. This could be a representation of some system of outcomes we care about, such as 

social welfare, employment, profits or rainfall. The important thing here is that we observe a 

degree of variability for observations of state (x) over time which suggests that this system is 

likely to be stochastic.   

 

Figure 6: example stochastic system 

An equivalent way of representing a stochastic system is in the form of a phase diagram 

(Figure 7). This involves plotting the time period-to-period variations in state, dx, on the y-

axis against the current state, x, on the x-axis. A phase diagram tells us for a given point what 

the state is for that time period and the change in the state that occurs in the following period. 

This representation is now in a form which corresponds to Equation 1, which allows us to 

estimate a suitable stochastic process. For example, we could apply the structure of an 

Ornstein-Uhlenbeck process to the data involves the estimation of parameters for a linear 

function using maximum likelihood procedures.  
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Figure 7: phase diagram representation of the stochastic system from Figure 6 

The resulting parameters for this system are, 𝛼 = 0.70, 𝜇 = 1145.56, and 𝜎 = 311.27. So, the 

system is defined as: 𝑑𝑥 = 0.70(1145.56 − 𝑥)𝑑𝑡 + 311.27𝑑𝑧. This doesn’t mean to suggest 

that the Ornstein-Uhlenbeck process is the most appropriate characterisation of this system, 

although we can statistically analyse the extent to which this process captures the dynamics 

of the data. In Figure 7, we have a visual representation of this, where the solid centre line is 

the fit of the estimated process given by 𝑔(𝑥) = 𝛼(𝜇 − 𝑥) = 0.70(1145.56 − 𝑥). The outer 

dotted lines are standard error bars, where the standard error is given by ℎ(𝑥) = 311.27, so 

the resulting error bars are 𝑔(𝑥) ± ℎ(𝑥) = 0.70(1145.56 − 𝑥) ± 311.27. Visually, we can 

assess whether an Ornstein-Uhlenbeck characterisation is reasonable by examining the extent 

to which the data in the phase diagram appears around the solid centre line and within the 

dotted error bars. Data which didn’t predominantly cluster around the solid centre line and 

generally appear within the error bars would appear to suggest an alternative type of 

stochastic process was required.  

 

Estimating option values and regime thresholds  

The identification of option values and regime thresholds is achieved by solving the well-

known option pricing equations (Hertzler 1991; Dixit and Pindyck 1994):   

 𝜕𝑊

𝜕𝑡
− 𝑟𝑊 +

𝜕𝑊

𝜕𝑥
𝑔(𝑥) +

1

2

𝑑2𝑊

𝑑𝑥2
ℎ2(𝑥) = 0 (2) 

 𝑊{𝑇, 𝑥(𝑇)} = 𝑉{𝑥(𝑇)} (3) 

Equation 2 is a partial differential equation called the Hamilton-Jacobi-Bellman equation; it 

could also be called a risk-adjusted dynamic profit function. W is the option value, r is the 

interest rate and x is the state variable. The first term in the option pricing equation is the 

shadow price of time. It may be positive or negative. The second term is the opportunity cost 

of investing instead of leaving the money in the bank. The opportunity cost is always negative. 

The third term is the total user costs or benefits, in which the shadow price of the state 

multiplies the expected change in the state. This term can be negative as a cost or positive as a 
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benefit. The fourth term is the risk premium, which will usually be positive, but can be 

negative. Together, the last two terms are the risk-adjusted capital gains from retaining the 

option. If the capital gains exceed the opportunity cost, the option price will increase, 

otherwise it will decrease. 

Equation 3 specifies the terminal condition, which establishes the position of the state-

decision threshold. In this equation, V is the payoff function identified in either of the exit and 

entry cases of Figure 4 and Figure 5. As in these figures, the payoff functions are kinked, and 

in the case of simple non-compound options, are specified by 

 
𝑉{𝑥(𝑇)} = {

𝜒[𝑥(𝑇) − 𝑘]; 𝜒[𝑥(𝑇) − 𝑘] > 0

0 𝜒[𝑥(𝑇) − 𝑘] ≤ 0
  (4) 

Where 𝜒 is equal to +1 for an option to enter some regime and -1 for an option to exit. We can 

also include a parameter k, which is has a different interpretation in cases of entry or exit. 

When the decision-maker considers entry into a regime there can be fixed costs, such as 

equipment or licensing fees, which are incurred irrespective of performance in the regime. 

We must deduct these from the payoff function for entering the regime. In the case of an exit 

option, there may be some assets which could be salvaged, such as equipment or resources, 

and subsequently sold to recoup some money. We must add these to the payoff function for 

exiting the regime. 

The exercise of the option is chosen by the decision maker at some time T, at which point they 

are indifferent between remaining in the current regime and exercising entry into a future 

regime of value V. If the option price given by equation 2 exceeds our payoff function V, then 

the decision maker will choose to retain the option and remain in their current regime. If the 

payoff function exceeds the option price in equation 2, then the decision maker will exercise 

their option and switch regimes.  The optimal exercise time occurs where the option price in 

equation 2 is just equal to the payoff function, and this is time T.  

The decision to switch regimes is more complicated again, because when the decision maker 

chooses to enter a new regime the option to exit the new regime is simultaneously created. 

We might call these compound options. For example, consider a decision maker entering 

Regime 2 in Figure 2.  The decision-maker has knowledge of the sequence of regimes that 

could follow this new regime and anticipates this before entering Regime 2. In simple terms, 

this means that the payoff function V for the option to enter Regime 2 also includes the value 

of the option to exit. Taking this further, because the decision maker is aware of the sequence 

of possible regimes, the payoff function V for the option to enter Regime 2 includes the option 

values of all the subsequent exit and entry options that the decision maker may possess. This 

makes things complicated.  

In Figure 2, entry into Regime 2 can be followed by an exit from Regime 2 to an end (of some 

sort). Perhaps this is leaving agriculture, or entering retirement. The concept of an end is a 

little complicated but for our purposes an end means we move beyond the economic regimes 

in which we are interested. This assumption makes the calculation of the compound payoff 

function a little more straight forward. Things become very difficult when, for example, we 

have a sequence of regimes which is open-ended or rather than a linear sequence we have a 

branching set of options that could follow our current regime. In summary, this would involve 
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identifying an optimal sequence of perpetual options, which is computationally challenging 

and cognitively traumatic.  

The payoff function associated with the optimal sequence of regimes is given by: 

 
𝑉{𝑥(𝑇)} = 𝑤𝑓 (𝑥𝑓(𝑇𝑓)) + {

𝜒[𝑥(𝑇) − 𝑘]; 𝜒[𝑥(𝑇) − 𝑘] > 0

0 𝜒[𝑥(𝑇) − 𝑘] ≤ 0
  (5) 

In equation 5, wf is used to denote the compound value of all the relevant future options. For 

example, in a case where we were entering into the last regime in a sequence before some 

end point (for instance, selling out and putting money in the bank), this is just the option 

value of exiting. In earlier regimes, wf summarises the value of all future options by Bellman’s 

‘Principle or Optimality’, although this prescribes that we solve any possible sequence 

backwards. The optimal sequence of regimes is given where we maximise the value of wf at 

each switch among regimes.  

Computationally, solving any possible sequence in reverse involves identifying the last regime 

and identifying the optimal switching (stopping) time T. The usual approach to such problems 

is to differentiate with respect to T, however the option pricing function often has no defined 

analytical solutions.  These functions are poorly behaved at the best of times, and more so 

when we are examining sequences of entry and exit options. One common approach is to 

employ global search algorithm in a finite difference environment to identify optimal 

solutions. For example, the search algorithm employed in ROADs (Hertzler 2012a; Sanderson 

et al. 2016) has a number of steps: 

1. For each regime decision problem (e.g. exit Regime 1), create a table with one 

dimension for all the possible states (e.g. profits from -$500 to $1000, or rainfall from 0 

to 2500mm) and the other dimension for all the possible times (e.g. 0 to 10 years). 

Each can be defined in whatever increments are appropriate, although finer 

increments will yield more precise solutions.  

2. Then, solve the option pricing equation (2) for all possible time and state increment 

combination, in other words, for all cells in the table. This creates a table of option 

values for each payoff at each time.  

3. For a given state value, search the table in the time direction for the largest option 

value. Identify the option value; this is the option value for the state.  

4. Repeat Step 3 for all possible state values. Record option values with their 

corresponding states. Using these solutions make a plot of the option values (y-axis) 

against their associated state values (x-axis).  This is a plot of 𝑊{𝑇, 𝑥(𝑇)} from 

equation 3.  

5. Include in the plot from Step 4 the payoff value function 𝑉{𝑥(𝑇)}, from equation 3. 

This is plotted against the state values on the x-axis. As in Figure 4 and Figure 5, these 

payoff functions are kinked at the x-axis.  

6. Identify the point at which the two plots intersect with one another, i.e. where 

𝑊{𝑇, 𝑥(𝑇)} = 𝑉{𝑥(𝑇)}. At this point, the terminal value condition is met and this will 

give the state, with corresponding option value, at which the decision maker will 

choose to exit one regime and enter another.   
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For example, consider a very simple option to enter some regime from a currently riskless 

regime, with no subsequent regime switching options (Figure 8). In this case, we have a payoff 

function, 𝑉{𝑥(𝑇)} defined by equation 4, which is kinked in the usual way and we are just 

looking for the state (x) at which 𝑊{𝑇, 𝑥(𝑇)} = 𝑉{𝑥(𝑇)}. Having identified this point, we will 

be able to identify the corresponding option value (W). In this case, the option value W is 

simply the payoff the decision maker is willing to forego until they observe the threshold state 

x. Upon the observation of a state value equal to or greater than x, the decision maker will 

exercise their option and enter the regime.  

 

Figure 8: simple entry decision, option value and associated state threshold  

A more complicated example involves the valuation of an option to enter some regime with 

the compound option to exit, plus all the future entry and exit options that could apply (Figure 

9). This is not easy to illustrate, because the compound payoff function can be funky to say the 

least. In this instance we have 𝑉{𝑥(𝑇)} defined by equation 5. The solution is still given at the 

point where 𝑊{𝑇, 𝑥(𝑇)} = 𝑉{𝑥(𝑇)} which will produce a state value (x) at the decision 

threshold and a corresponding option value (W). The option value has the same 

interpretation as above, although this willingness to forego payoffs is now formulated in light 

of the ability to exit after entering, and to engage with all the future entry and exit options.  

 

Figure 9: compound regime entry decision, option value and associated state threshold 
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2.2 Economic resilience as an expected time 

In dynamic systems, a probability is a function of the present state and time of the system, and 

some future state or time. Resilience has previously been defined as the probability of 

crossing a critical threshold, for example, Perrings (1998) and Brozovic and Schlenker (2011). 

However, there exist two equivalent approaches to framing this probability, which arise 

directly from the state-time duality in dynamic systems (Kamstra and Milevsky 2005; Naevdal 

2006). One approach arises by defining the future time and allowing the state to vary, which 

will present us with a state-transition probability. The alternative approach defines the future 

state and allows time to vary, which results in a time-transition probability. This probability is 

also known as a distribution of the first-passage times, or waiting time probability. In this 

approach, time may be considered a random variable simply because we cannot be certain 

how long we will wait before the system delivers us to the threshold and causes a switch in 

regimes. This random time is a definable function of the current state, the location of the 

critical threshold and the system dynamics which define the current regime. First passage 

times are represented by a probabilistic distribution of time for a given current state, from 

which we may take expectations. As such, for any given current state we can define an 

expected time to the threshold, which is itself a measure of the resilience of the system. In 

other words, we are defining a measurement of economic resilience as the expected time to 

the threshold.  

The identification of first-passage time distribution for stochastic process is relatively easy 

given the current state (y) and time (s) of the system, and some future state. This future state 

could be the value (x) at the decision threshold, signalling the transition from one regime to 

another. As usual, Geometric Brownian Motion has an analytical expression for the first-

passage time distribution, for some state-threshold x given an initial value y (Lin 2006). 

Defining 𝑃(𝑠, 𝑦, 𝑡, 𝑥) as the first-passage time distribution (time-probability density function):  

 
𝑃(𝑠, 𝑦, 𝑡, 𝑥) ~ 𝐼𝐺 (

𝜌𝜃

𝜎2
,
𝜃2

𝜎2
) (6) 

Where,            
𝜃 = {  

𝛼 − 0.5𝜎2   𝑖𝑓 𝛼 > 0
 

 0.5𝜎2 − 𝑎   𝑖𝑓 𝛼 < 0
 𝜌 = {  

𝑙𝑛(𝑥 �̅�⁄ )   𝑖𝑓 𝑥 > �̅�
 

 𝑙𝑛(�̅� 𝑥⁄ )   𝑖𝑓  𝑥 < �̅�
  

For other stochastic processes, such as the Ornstein-Uhlenbeck, the time-probability density 

function with respect to the state-threshold can be approximated using numerical simulation 

methods (Giraudo, et al. 2001). For example, given a stochastic process we simulate the 

process from a current state and time and count the elapsed time until the threshold state is 

observed. This procedure can be repeated several-hundred thousand times, where each 

repetition yields a time to the threshold (the R code for this is presented in Appendix B). We 

can then identify the frequency with which a given time ti appears and assign a probability Pi. 

Collectively these probabilities P define the first-passage time distribution. Usefully, the first 

passage time distribution is known to conform to an Inverse-Gaussian (𝐼𝐺) distribution 

(Kamstra and Milevsky 2005) which allows for relatively easy verification of the goodness of 

the simulation procedure. We can then define the expected time to the decision threshold E(t) 

as: 
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𝐸(𝑡) = ∑ 𝑡𝑖𝑃𝑖

∞

𝑖=1

 (7) 

The lower (higher) the expected time to the threshold, the lower (higher) the resilience of the 

current economic regime to the alternative regime. Using the expected time as a measure of 

economic resilience in this way provides us with a relatively simple way to evaluate patterns 

of resilience. Most importantly, it also implicitly summarises all the information about the 

initial distance to the threshold, the speed and variability of the system, as well as the features 

of the alternative regime.  

The next logical question is then, what are the determinants of the expected time vis-à-vis 

economic resilience? In general, changing any parameter contained within 𝑔(𝑥) or ℎ(𝑥) of the 

stochastic processes we are using to define the economic regimes will result in some change 

in E(t). Likewise, changing the salvage values associated with exiting a regime and investment 

costs associated with entering another, will impact upon E(t). Any change of these features, 

ceteris paribus, which makes the current regime more attractive will tend to increase E(t), 

whereas changes which make the alternative regime more attractive will tend to decrease 

E(t). To say something more useful about how these changes will influence E(t), we need now 

to develop an illustration and work through some comparative dynamics to identify the 

nature of these relationships. 

 
 

3. An illustration of economic resilience 

Let us consider a decision-maker who is currently in Regime 1 (Figure 2) and is considering 

options to switch to some alternative regime. For the purposes of illustration, this decision-

maker could be a farming landholder, where Regime 1 is a grazing regime and they are 

presented with various options to intensify their production activities. This could involve 

switching to Regime 2, which involves clearing the land to establish an intensive cropping 

system. The choice to switch initiates a sequence of events, of which the landholder is aware. 

That is, there is no possibility to return to Regime 1, and choosing subsequently to exit either 

Regime 2 will deliver the landholder to some end-point. This end-point could be thought of as 

the exit from farming activities.  

As this is simply an illustration of the concept, we will assume that we have data available on 

the nature of the systems that underpin these alternative economic regimes. For example, we 

may have 100 years of observations of the performance of Regime 1 over time, which could be 

annual measurements of profits obtained per hectare (Figure 10). In the same way that we 

defined the phase diagram above, we can express the stochastic dynamics of profits in Regime 

1 (Figure 11) and estimate a suitable stochastic process, such as an Ornstein-Uhlenbeck or 

Geometric Brownian Motion. The annual profit series for Regimes 2 is given by Figure 12 and 

the associated phase diagram by Figure 13. Corresponding data are presented in Appendix A.  
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Figure 10: Regime 1, profits ($/ha) over time 

 
Figure 11: Regime 1, profit phase diagram 

 
Figure 12: Regime 2, profits ($/ha) over time 

 

 
Figure 13: Regime 2, profit phase diagram 

 

Visual assessment of the phase diagrams suggests that the stochastic dynamics for each of 

these Regimes could be characterised using an Ornstien-Uhlenbeck process. Assuming an 

underlying stochastic process of this form seems sensible, given that each data series appears 

to display general ergodicity.  

 

Table 1: Estimated parameters for Ornstien-Uhlenbeck process for Regime profits ($/ha) 

Regime 𝜶 𝝁 σ 𝑪𝑽 

1 0.89 62.26 46.66 4.44 

2 1.05 136.08 89.11 5.27 

Source: Calculated 
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Here, 𝛼 is the rate of reversion to the mean 𝜇, with variability of the process given by σ. CV is a 

measure of the volatility relative to the mean, which is scaled by the rate of reversion, so that 

𝐶𝑉 = √𝜐 𝜇⁄ , where 𝜐 = σ2 2𝛼⁄ .  This is a measure of risk vs return in the regime, which 

suggests that Regime 1 (CV = 4.44) is the lower-risk lower-return counterpart to the relatively 

higher-risk higher-return Regime 2 (CV = 5.27). If the decision-maker is risk-averse, then we 

might expect lower values of CV will be preferred to higher values. 

Applying this information we can examine the regime switching problem, using ROADs 

(Hertzler 2013), to calculate the state thresholds and associated option values. First, we need 

to identify the sequence of regime switching decisions, and second, the associated switching 

costs which we defined above as k. Our switching decisions are (1) Exit Regime 1 to Enter 

Regime 2, and (2) Exit Regime 2 to end the sequence (i.e. sell out and put money in the bank). 

Here we are dealing with compound options (exit + entry decisions), so k is referred to as a 

net switching cost. As we exit one regime we may receive some money from salvage, and as 

we enter the next regime we may have to pay for some investment costs. The net switching 

cost k, is the value of the salvage minus the size of the investment costs. It may take negative, 

positive or zero values depending on the relative size of salvage and investment values. In 

order to keep things simple, let us set the salvage value of exiting Regime 1 at $100 and the 

investment cost of entering Regime 2 at $50. That is, the net switching cost for our first 

decision is $50. Finally, the salvage upon exit of Regime 2 will be set at $0 with no further 

investment costs, so that the net switching cost of our second decision is $0.  

Using ROADs the calculated option value W and state transition threshold x are presented in 

Table 2. In practice, these problems are solved backwards so we compute the solution to 

regime switch (2) first, and add the resulting option value onto the terminal value for the 

calculation of regime switch (1). All compound switching problems are exit problems, so the 

regime switch will be triggered when the observed state takes a value at or below the 

calculated threshold x. For example, the switch from Regime 1 to Regime 2 is triggered when 

we observe a state value of 23 or below in Regime 1. The corresponding trigger to switch from 

Regime 2 to the end point is -23 (the symmetry of these threshold values is just a coincidence).  

 

Table 2: Estimated option values W, state threshold values x and expected time to the threshold 

E(t) 

Regime switch W ($/ha) x ($/ha) E(t) 

(1) Exit 1 – Enter 2 54.03 23 4.83 

(2) Exit 2 – End 23.74 -23 26.45 

Source: calculated using ROADs (Hertzler 2013) and R script (Appendix B, Guidoum and Boukhetala 2016)  

 

The option values are interesting but less important. They tell us the value which exists due to 

the flexibility to make a switch between regimes at a time of the decision-makers choosing 

(i.e. when the transition threshold is crossed). When we have compound sequences of 

regimes, we have compound option values. This means that option values will become larger 

when we have a greater number of regimes in the sequence, simply because the option values 
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sum together from each possible future regime. This suggests, for instance, the possibility that 

among many possible regimes there exists an optimal sequence of regimes which may be 

identified by evaluating the marginal option value contribution of adding in a particular 

regime. All fun for another time.  

Using the parameters of the stochastic process from Table 1 and the calculated transition 

threshold from above, we can now calculate our measure of economic resilience, the expected 

time to a regime switch E(t). As the current state (i.e. starting state value x0) of the system is 

important for estimating expected time we need to set a starting state, for which we will 

always use the value of the process mean, 𝜇. For each of the regime switch decisions, we can 

calculate an expected time to the threshold as if the regime was currently observed at its 

mean state (Table 2). For example, as we have set up our problem in years, the expected time 

to switch from Regime 1 to Regime 2 is 4.83 years. The means that with after approximately 

4.83 years have passed from the present time, there is a 50 percent likelihood that we will 

have transitioned out of Regime 1 and entered Regime 2.  In other words, the economic 

resilience of Regime 1 to Regime 2, given their respective patterns of benefits, costs and 

uncertainties, is given by an expected time of 4.83 years. Likewise, we can say the economic 

resilience of Regime 2 to the end (i.e. retirement, or cashing in and putting proceeds into bank, 

etc) is given by an expected time of 26.45 years. This suggests that Regime 2 is really quite 

resilient to the option of ending it all. 

We should note the importance of selecting an initial value for the current state x0 in this 

calculation, because of the relationship it has with the expected time. For example, Figure 14 

presents a range of initial values 0 – 115 for the expected time calculation for the switch from 

Regime 1 to Regime 2. The expected time reported in Table 2 reflects our initial value choice of 

the mean 𝜇 of Regime 1, which is 62.26 and corresponds to an expected time of 4.83. If we 

chose an initial value of 23 or below, we have already crossed the threshold (x = 23) and all 

expected time values are 0 years (i.e. we are there already). Varying the initial value above 23 

changes the expected time marginally, for example, an initial value of 23.75 gives an expected 

time of 4.59 years and that for an initial 115 gives 5.11 years.   

 

Figure 14: Expected time relationship to starting state X(0) 
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3.1 The prices and value of economic resilience  

When we express economic resilience as a calculated expected time for a given regime switch, 

it is a product of the variables of the stochastic processes and nature of the switching costs we 

use to define the problem. Changing any one of these features will have some impact upon the 

value of the expected time and of the associated measure of economic resilience. Where these 

features can be expressed either directly or indirectly in dollars, we can systematically vary 

their values to elicit an expression of the cost of increasing or decreasing expected time to a 

regime switch. In other words, we can calculate prices of economic resilience.   

Three variable features are immediately appealing because they are already expressed in 

dollars: (i) net switching cost k, (ii) regime average returns given by the mean 𝜇, and (iii) the 

variability of regime returns given by σ. Further, when considered in the broader economic, 

social or institutional context, each of those three features are open to various policy 

interventions. For example, a policy introducing a specific production subsidy for the outputs 

from a regime would impact upon its average returns 𝜇. This suggests that the prices of 

economic resilience are intimately entangled with the ability to make exogenous 

interventions. To illustrate this, we will examine each of the three variable features in 

alternative economic contexts. In each we will continue to use the switch from Regime 1 to 

Regime 2 to examine the respective economic resilience of Regime 1.  

 

Changing the net switching costs: escape from a poverty trap 

A poverty trap is a situation in which an individual is unable to escape poverty (i.e. low-

income) due to the presence of some self-reinforcing mechanism (Banerjee and Newman 

1994; McKenzie and Woodruff 2006). This mechanism can take many forms, among which 

may be limited access to credit and capital markets, which severely constrain the ability to 

finance investment costs associated with entry to a higher-income regime (Sachs 2006; Santos 

and Barrett 2011).  

In terms of net switching costs, it seems most likely that salvage values from a low-income 

regime are likely to be quite small compared to the scale of investment costs required to enter 

a higher-income regime. Consider the implications of some intervention which reduces the 

size of investment costs to enter a high-income regime. For example, this could take the form 

of government subsidies to reduce the size of investment costs, or by establishing institutions 

which facilitate lower cost access to credit to finance investments.  

In our model from above, interventions of this form directly impact upon the net switching 

costs. That is, reducing the investment cost has the effect of raising the value of k. Let’s say 

that Regime 1 is a low-income poverty regime, and system stochastic dynamics given in Table 

1 represent the associated annual income. Then, Regime 2 is some alternative production 

regime associated with a higher annual income. Consider varying k from our initial value of 

$50, by arbitrarily increasing or decreasing its value in $10 increments (Table 3).  
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Table 3: Changing net switching costs, k (Exit Regime 1 to Enter Regime 2) 

k 0 10 20 30 40 50 60 70 80 90 100 

Change from 
baseline (dk) 

-50 -40 -30 -20 -10 0 10 20 30 40 50 

W ($/ha) 48.47 50.08 50.21 50.35 52.15 54.03 56.03 58.33 64.47 74.38 86.82 

X ($/ha) -24 -15 -5 5 14 23 32 41 48 53 57 

E(t) 26.85 19.76 13.36 9.02 6.58 4.83 3.62 2.78 2.25 1.91 1.67 

-dk/dE(t) 1.30 1.41 1.56 2.30 4.09 5.72 8.29 11.89 18.88 29.12 41.46 

 
 

It is important to note here that poverty traps will tend to have a significant negative value 

associated with their net switching costs. That is, entry investment costs will far exceed any 

exit salvage values. The main thing we are illustrating here is that the direction of change in k 

is important. As we increase the value of k the expected time to switching regimes decreases 

(Figure 15). As net switching costs take higher values, the value of any salvage from exiting 

Regime 1 will steadily outweigh the investment costs of entering Regime 2. This acts as a 

stronger incentive for the decision maker to make the regime switch, thereby reducing the 

expected time to switching and so reducing the economic resilience of Regime 1. In other 

words, it is possible to make a strategic intervention to reduce entry investment costs in such 

a way that we diminish the resilience of the poverty trap.  

 
Figure 15: Expected time E(t) with changes in net 
switching costs k 

 
Figure 16: marginal cost of E(t) by changing k 

 

 

This relationship isn’t linear and reducing the expected time by each additional year comes at 

increasingly higher net switching costs. The required increase in net switching costs to 

decrease E(t) by one year is given in Figure 16. Note the high marginal reduction required 

when we are closer in expected time to switching, compared to when we are further away. 

This is one of the prices of economic resilience, in this instance it is a price to reduce resilience 

in Regime 1 expressed as the extra dollars of k required to make the move. There exists a 

symmetric and negative price to increase the resilience of Regime 1, thereby slowing the 

switch to Regime 2, expressed as the dollars of k that must be taken away.  
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Changing the average regime returns: specific taxes and subsidies 

Governments often use combinations of specific taxes and subsidies to affect prices in an 

economy and drive desirable behaviours. Consider the application of specific tax regimes to 

mining and extractive activities in Australia, where there exists a mix of State (i.e. quantity-

based royalties) and Commonwealth (i.e. petroleum profit-based) taxes. These are taxes 

which aren’t applied to manufacturing or agricultural activities, thereby inducing an 

asymmetric response. Often this is socially desirable, for example, specific taxes on cigarettes 

are designed to reduce their demand but not to affect the demand for other goods. The 

reverse is true for applications of a specific subsidy. The intention of negative gearing policies 

in the Australian housing market, is to encourage greater levels of supply in housing stock. In 

general, the collective effect of taxes or subsides applied to a specific activity, as opposed to a 

general tax or subsidy applied to all possible activities, is to affect the general equilibrium 

patterns of regime resilience in the economy. 

The effect of imposing a tax or subsidy on one activity and not some other, can be modelled 

through an adjustment in the average returns of a regime given by the mean 𝜇. These taxes or 

subsidies can take a lump sum or ad valorem form, the main requirement is that they act to 

change the average regime returns. Let’s say that Regime 1 is a production regime which is the 

focus of a specific tax or subsidy, and Regime 2 is some other untaxed and unsubsidised 

production alternative. The system stochastic dynamics given in Table 1 represent the 

associated annual profits from production in each regime. Consider the implications of 

arbitrarily increasing (adding in a specific production subsidy) or decreasing (subtracting a 

specific production tax) 𝜇 in Regime 1 by 10 – 20% increments. We will assume that the initial 

value of 𝜇, 62.26, is consistent with no tax or subsidy. As we steadily add in the subsidy we 

increase the value of 𝜇 to a high of 124.52, and as we steadily subtract the tax we decrease the 

value of 𝜇 to a low of 8.68 (Table 4).  

 

Table 4: Changing regime average returns, µ (Exit Regime 1 to Enter Regime 2) 

µ 18.68 31.13 43.58 56.03 62.26 68.49 80.94 93.39 105.84 118.29 124.52 

Change from 
baseline (dµ) 

-43.58 
-

31.13 
-

18.68 
-6.23 0 6.23 18.68 31.13 43.58 56.03 62.26 

W ($/ha) 78.51 66.01 58.19 54.26 54.03 52.25 50.38 50.20 50.03 48.39 48.31 

X ($/ha) 11 17 21 23 23 24 25 25 25 26 26 

E(t) 1.83 2.24 2.90 3.98 4.83 5.80 8.70 13.96 22.62 31.71 36.18 

dµ/dE(t) 58.05 29.75 18.85 11.58 7.57 6.27 4.28 2.37 1.44 1.39 1.37 

 

As we increase the specific tax in Regime 1 we decrease the value of the average returns 𝜇 

with the result that the expected time to regime switching also decreases (Figure 17). 

Reducing the average returns in this way increases the attractiveness of the alternative, 

Regime 2, thereby decreasing the expected time to switching and the economic resilience of 

Regime 1. Conversely, as we increase the specific subsidy in Regime 1 we also increase the 

average returns, making it more attractive relative to the alternative and so act to increase the 

expected time to switching.  
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Figure 17: Expected time E(t) with changes in net 
switching costs 𝝁 

 
Figure 18: marginal cost of E(t) by changing 𝝁 

 

 

The required increase in Regime 1 average returns to increase E(t) by one year is given in 

Figure 18. Again, the marginal increase required is higher when we are closer in expected 

time to switching, compared to when we are further away. This is another price of economic 

resilience, in this case, it is the price to increase the resilience of Regime 1 expressed as the 

extra (subsidy) dollars of 𝜇. In this example, it may be the marginal reduction in tax, or 

marginal increase in subsidy, required buy an additional year of expected time. Alternatively, 

for socially undesirable regimes, where taxation strategies are employed to encourage people 

to switch to other regimes (i.e. smoking, drinking, etc), it is equal to the marginal increase in 

tax (decrease in subsidy) required to diminish the resilience of the regime. Note the non-

linearity in this rate of increase, where reducing the resilience of the regime as E(t) becomes 

small becomes requires increasingly significant marginal tax rises.  

Importantly, this approach directly reinforces the notion that levying profit-based taxes (and 

profit-based subsidies) is distortionary under conditions of uncertainty (Stiglitz 1976). There 

are general equilibrium consequences of affecting the patterns of economic resilience through 

specific taxes and subsidies. That is, enhancing the economic resilience in one regime has the 

effect of reducing the attractiveness of alternatives. Over time, decisions will tend to favour 

remaining in, or switching into regimes which have higher relative resilience.  

 

Changing the variability of regime returns: government intervention in market pricing 

Price stabilisation schemes have a long and varied history in commodity markets; a popular 

feature of government development policy which create more problems in the long-run than 

they solve in the short-run (Knudsen and Nash 1990). Price stabilisation schemes have 

operated in wide range of commodities (Bardsley 1994), with the express purpose of 

supressing or eliminating variability in prices over the short-medium term. Among these 

efforts was the Australian Government supported Wool Price Reserve Scheme which operated 

to stablise wool prices with a minimum reserve price from 1974 until its collapse in 1991. The 

Australian Wool Corporation (AWC) would intervene in the market to reinforce a lower 

bound price control by buying up excess wool, which would be stockpiled and sold when 
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market prices improved. Unfortunately, by 1991 the AWC had amassed 4.7 million bales 

which it was unable to sell above the minimum reserve price and the scheme collapsed. This 

pattern has been surprisingly common in government supported interventions, for example, 

price stabilisation schemes in the US for wheat and feedgrains collapsed under similar 

conditions in 1986 (Hertzler 1993). 

Interventions of this kind have a direct impact upon the variability of returns in wool 

producing regimes, because they eliminate a significant source of variability in the stochastic 

regime returns (profits, gross margins, revenues, etc). Removing uncertainties in wool prices, 

suggests that the residual variability in wool producing regimes may be entirely captured by 

uncertainties in the climate-production relationship. The main thing is that this has the effect 

of decreasing the variability of returns which is reflected in a decrease in the value of σ in the 

wool producing regime.  

Let’s say that Regime 1 is a wool producing regime, and system stochastic dynamics given in 

Table 1 represent the associated annual profits per hectare. Then, Regime 2 is just some other 

non-wool production alternative, such as growing wheat. Consider the implications of 

arbitrarily increasing or decreasing the value of σ by 10 – 20% increments for the wool 

producing Regime 1 (Table 5). The initial value of 46.66 is then simulated to a low of 23.33 

and to a high of 74.66.  

 

Table 5: Changing variability, σ (Exit Regime 1 to Enter Regime 2) 

σ 23.33 28.00 32.66 37.33 41.99 46.66 55.99 60.66 65.32 69.99 74.66 

Change from 
baseline (dσ) 

-23.33 -18.66 -14.00 -9.33 -4.67 0 9.33 14.00 18.66 23.33 28.00 

W ($/ha) 48.23 48.40 50.13 50.37 52.18 54.03 56.19 58.12 60.09 62.66 66.59 

X ($/ha) 26 26 25 25 24 23 22 21 20 19 17 

E(t) 16.44 10.20 7.85 6.24 5.39 4.83 4.07 3.84 3.66 3.52 3.44 

-dσ/dE(t) 0.33 0.75 1.98 2.89 5.50 8.28 12.35 20.58 26.17 32.01 61.37 

 

When σ takes values lower than 46.66 the expected time increases, and as it takes higher 

values the expected time decreases (Figure 19). As variability of returns in Regime 1 

decreases it has the effect of decreasing the attractiveness of the alternative, Regime 2. This 

has the effect of increasing the expected time to switching and so the economic resilience of 

Regime 1 is enhanced. The price of resilience is given by the marginal decrease in variability 

required to increase E(t) by one year, which is given in Figure 20. This is a less obvious price 

of resilience, as the mechanism of reducing variability is likely to more indirect than 

comparable interventions in average regime returns or net switching costs. Nevertheless, a 

translation of policy costs into variability reduction should be a possible, albeit complicated 

task that reveals the price of resilience.   
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Figure 19: Expected time E(t) with changes in net 
switching costs 𝝈 

 
Figure 20: marginal cost of E(t) by changing 𝝈 

 

 

Following this logic, the AWC intervention in the Australian wool market had two significant 

effects on the patterns of resilience in the wool production regime from a variability 

perspective. First, enhancing the resilience of the wool production regime means those who 

may have otherwise switched to some other production activity decided to stay in the wool 

industry. This effect is enhanced by the general equilibrium consequences of changing 

patterns of resilience, so decreasing the variability of returns in the wool regime will have the 

effect of reducing the resilience of alternatives. This means that producers will tend to 

migrate into wool production over time. This is exactly what we observed in the years up to 

1991, with the Australian wool production peaking at a historical high in 1990 (ABS 2013). 

Second, the collapse of the scheme has the effect of reintroducing price variability as a factor 

in the wool production regime. This means that the wool regime moves from right to left 

along the curve depicted in Figure 19, that is, we experience a rapid decrease in the resilience 

of the wool regime. This combined with the effects of generally depressed wool prices and 

government subsidies to exit the wool regime drove a rapid decline in the Australian wool 

industry.  

 

4. Discussion and conclusions 

We have presented a definition of economic resilience as the ability of an economic system to 

remain in a particular economic regime before reaching a decision threshold. An economic 

regime is defined by the activities within it that generate a stream of costs and benefits. 

Decision thresholds are characterised by a decision-maker’s knowledge of conditions in the 

current economic regime and their expectations about conditions in alternative economic 

regimes. Therefore, economic resilience is determined by the properties of the system that 

enable it to react to shocks and variability through resistance or recovery but also by the 

relative attractiveness of alternative economic regimes. This relative attractiveness is 

determined by the decision-maker’s expectations about the costs and benefits experienced 

within an alternative economic regime relative to their current regime, but also by the costs 

and benefits of switching, including any benefit from salvage and any cost of new investment.  
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Using this definition, we have shown how economic resilience can be measured as the 

expected time until a system crosses a decision threshold. In this report, we have presented 

methods for calculating the expected time until a system cross a decision threshold. We have 

also presented methods for calculating the value of economic resilience, as estimated by the 

marginal value of changes in the parameters that characterise the economic regimes, such as 

the variability of economic returns within a regime and the costs incurred at a decision 

threshold when crossing from one regime to another. The advantages of this approach to 

defining and measuring economic resilience include the ability to use concepts of probability 

that incorporate time and the ability to measure economic resilience in terms of the expected 

time to a threshold using analytical approaches that do not require a system to have stable 

attractors.  

Importantly, economic resilience is relevant to a broad range of economic contexts and 

applications. We have illustrated our approach to defining, measuring and valuing economic 

resilience using a number of specific examples. This includes the usefulness of the economic 

resilience approach to understanding the costs and benefits of policy intervention designed to 

help people overcome detrimental forms of economic resilience to help them escape a poverty 

trap, the effects of taxes and subsidies on economic resilience, and the effect of interventions 

designed to modify price variability on the resilience of an economic regime. We have 

demonstrated that policies aiming to modify the costs and benefits experienced at an 

investment hurdle, the average returns from an economic regime, and the variability of 

returns can be evaluated in terms of their effect on the expected time to a decision threshold 

and the price of changing this expected time.  

These illustrations are specific examples of broad classes of economic applications where our 

approach to economic resilience provides useful tools for framing and analysing alternative 

policy interventions. This approach has direct applications in many areas of research, 

including problems of technology adoption, development, finance, climate adaptation, and 

measuring and valuing the contributions of the resilience of social and ecological systems to 

the resilience of economic regimes. This means that further research can investigate all of the 

interesting properties of systems that affect economic resilience, by affecting the ability of 

economic returns to resist or bounce back in response to shocks or variability or that affect 

the relative attractiveness of an alternative economic regime when compared with the current 

economic regime.  

All of the interesting properties that have been investigated previously through the outside-in 

approach developed from thinking about ecological resilience and the resilience of social-

ecological systems can now be analysed in terms of their effect on decision-making and 

economic resilience. We now have methods that can be used to investigate and value how 

adaptability to disturbance and reorganisation (e.g. Leibenstein, 1966), diversity and 

diversification (e.g. Levin et al. 1998), scale and connectivity (Siljak, 1978; Lélé, 1998), 

reserves or ‘slack capacity’ (Rochlin, 1997), and ecological thresholds with hysteresis or 

irreversibility (e.g. Walker et al. 2002) affect economic resilience. The relationship between 

ecological or social thresholds in complex systems and the decision thresholds provides a 

method for understanding the contributions of ecological resilience to economic resilience. 

The option values used in our approach can be used to summarise the value of retaining 

flexibility when regime transitions have hysteresis or are irreversible. 
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Technological development and technology adoption represent a large and important 

category of research problems. For example, ACIL Tasman (2010) argued that a real options 

approach to valuing advancements in research and development also has the potential to be 

used proactively to set future research priorities. Effectively, this kind of approach seeks to 

value the contribution of research and development to the set of options that are available for 

dealing with risks and opportunities. Our new methods for measuring and valuing economic 

resilience build on real options methods, providing an opportunity to value the contribution 

of research and development to economic resilience and to help identify more optimal and 

resilient pathways for technological transitions. 

We can now clearly define, measure, and value economic resilience using an analytical 

framework that is applicable to a broad range of economic contexts and applications. This 

means we can better understand how the ability of complex social-ecological systems to 

respond to shocks and variability contributes to economic resilience. In conclusion, future 

research looks like fun. 
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Appendix A

Data for Regimes 1, 2 and 3: 

 

Year 1 2 3 

1 134.7 168.8 11 

2 84.1 28.9 127.5 

3 66.5 104.8 110 

4 53.9 125.7 67.1 

5 56 26.4 56.1 

6 155.8 82.2 50.5 

7 35 101.1 30.3 

8 27.7 37.4 35 

9 32 75.9 41.7 

10 20.6 101.4 65.1 

11 30.4 80 126.1 

12 37.4 74.8 79.7 

13 35.3 149.7 45.4 

14 53.1 383 53.1 

15 18.6 44.7 73 

16 63.6 111.3 25.4 

17 204.6 46.8 195.8 

18 31.5 11.2 7.4 

19 70.4 51.2 82.8 

20 159.7 106.7 216.1 

21 48.8 310.4 28.7 

22 39.6 71.4 81.7 

23 66 161.8 95.8 

24 46.1 176.6 79.1 

25 87.3 147.2 3.6 

26 38.2 50.9 23.6 

27 85.1 43.2 155.4 

28 29.2 137.1 100.7 

29 46.1 47 6.7 

30 44.7 136.8 166 

31 4.8 153.2 30.9 

32 100.6 14.2 97.6 

33 8.6 151.4 39.9 

34 53 40.1 61.6 

35 292.8 29.5 72.3 

36 192.4 253.2 179.8 

37 89.9 124.3 131.6 

38 113.1 123 53.7 

39 35.8 187.9 3.8 

40 25.3 63.6 214.4 

41 19.8 190.7 55 

42 61 117.4 57.7 

43 66.8 80.1 74.2 

44 52.7 118.9 53.5 

45 36.3 21.4 178.9 

46 160.9 156.4 194 

47 48.3 66.5 14.8 

48 4.5 158.8 70.1 

49 31.2 50.7 96.9 

50 37.6 42.6 122.4 

51 82.2 210.9 41 

52 148.2 193.1 107 

53 64.9 188.9 177.6 

54 78.8 489.8 17.6 

55 29.7 51.3 32.1 

56 47.8 126.9 66.9 

57 57.3 203.1 98.3 

58 53.8 129.4 111.8 

59 35.1 119.6 8.5 

60 1.5 105.8 22.6 

61 42.9 258.2 15.1 

62 38.7 254.8 151.5 

63 66.9 183.4 67.6 

64 23.7 59 352.4 

65 99.1 177.5 24.8 

66 122.6 193.7 76.8 

67 29.1 55.9 97.6 

68 71.9 41.5 47.7 

69 37.2 52.3 149.1 

70 61.8 216.5 22.2 

71 7.4 182.5 17.6 

72 61.7 48 239.5 

73 180.3 321.9 98.6 

74 80.3 198.2 73.2 

75 32.5 381.4 68.1 

76 58.3 120.2 187 

77 21.4 358.8 83 

78 65.8 103.2 60.6 

79 62 322.7 56.9 

80 52.8 59.6 23.8 

81 109.4 356.8 139.2 

82 36.6 69.2 78.2 

83 6.6 96 37 

84 8.2 119 180 

85 145.4 145.4 14.6 

86 69.2 76.6 60.2 

87 50.8 213 279.4 

88 82.2 61.6 67.2 

89 101.4 148.2 199.6 

90 12.8 46.6 69.8 

91 76.6 107.5 119.9 

92 11.6 203.7 112.8 

93 54.1 151.7 27.4 

94 25.4 102 43.2 

95 38.4 192 116.2 

96 93.6 94.2 98.8 

97 13.2 35 72.4 

98 171 273.8 117.8 

99 117 191.6 86 

100 88.6 143 28.3 
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Appendix B 

Ornstein-Uhlenbeck simulation code for R (Guidoum and Boukhetala 2016): 
 

# Start by entering OU parameters: 
rho=0.89 
mu=62.26 
sigma=46.66 
 
# Enter threshold values 
St  <- expression(64) 
 
# Enter number of simulations and time horizon 
sims=10000 
time=500 
 
# Run simulation 
library(Sim.DiffProc) 
f <- expression(rho*(mu-x)) 
g <- expression( sigma ) 
mod11 <- snssde1d(drift=f,diffusion=g,x0=mu,M=sims,type=ito,t0=0,T=time, Dt = 1) 
mod11 
summary(mod11, at = 1) 
x11 <- rsde1d(object = mod11, at = 1) 
AppdensI1 <- dsde1d(mod11, at = 100) 
plot(AppdensI1) 
fpt1d1 <- rfptsde1d(mod11, boundary = St) 
 
# Write simulation results to CSV 
x = fpt1d1 
max.len = max(length(x)) 
x1 = c(x, rep(NA, max.len - length(x))) 
table1 <- data.frame(Set1=x1) 
write.csv(table1, file = "simulation_results.csv") 

 
 

 

 


