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A metric for quantifying adaptation 
to successive disruptions
Floris van Steijn1, Nazli Yonca Aydin1, Neelke Doorn1 & Tina Comes1,2

Complex systems face a myriad of stresses and shocks. The ability of complex systems to deal with 
such shocks is often expressed in terms of the system’s resilience. Although resilience is conventionally 
conceptualised as recovery from a single shock or disruption, in reality, systems often face a sequence 
of successive shocks, as is the case for earthquake aftershocks or epidemic waves. A system’s ability 
to handle such a sequence of disruptions depends on its capacity to learn from preceding events. To 
capture adaptation and learning as transformative aspects of resilience, new approaches to account 
for performance changes across successive disruptions are needed. This paper addresses this gap by 
developing and empirically testing a novel, performance-based method to quantify adaptation to 
successive shocks, thereby contributing to the broader discussion on adaptation and resilience. We use 
the COVID-19 pandemic as a case study which was characterised by multiple waves across different 
countries and contexts, making it an ideal case to test our theoretical model. We use open-source data 
from Our World in Data, ranging from 2020 to 2023, and consider every COVID-19 wave as a disruption. 
Individual waves are identified by fitting mixtures of skew-normal curves to COVID-19 fatality 
time series, and a performance-based resilience metric, called the Total Performance Loss (TPL), 
is computed for each wave. Adaptation across successive waves is modelled using an exponential, 
learning-based metric that captures whether system performance improves or deteriorates over time. 
The results show that many countries initially showed maladaptive behaviour but adapted in later 
pandemic waves. The proposed methodology makes adaptation to successive disruptions measurable, 
and enables systematic comparison of how systems learn, and unlearn over time, which is an essential 
step towards understanding and improving responses to future crises.

Keywords  Adaptation, Measuring resilience, Successive disruptions, COVID-19

Complex systems are frequently exposed to a wide range of disruptions. When these systems are responsible for 
providing critical functions that significantly affect people’s lives, it is crucial that they are capable of effectively 
dealing with these disruptions. In other words, it is crucial that they are resilient.

The conventional view that portrays resilience as a system’s capacity to respond and recover from an isolated 
disruption is becoming increasingly inadequate in this context1. Today’s poly-crises, ranging from COVID-19 
to increasing geopolitical conflict and climate change, have exposed the limitations of the existing resilience 
frameworks and assessment methodologies. Today’s disruptions are unavoidably entangled and interwoven as 
they co-occur, overlap, and persist over prolonged periods of time. Traditional methods to measure resilience 
are not able to describe and analyse this complexity2. Therefore, it is necessary to develop a method that more 
accurately captures the dynamic and interdependent nature of the current disruptions1.

Within the context of continuously evolving and dynamic crises, adaptation emerges as a critical component 
for understanding resilience and enabling a system to achieve a resilient response. Rooted in the definition of 
social-ecological resilience3, adaptation is defined as the capacity of a system to adjust in response to changing 
conditions, thus maintaining or even improving its functionality in the face of disruptions. The concept of 
adaptation focuses on the ability of a system to learn from disruptions and to modify its responses over time. 
Positioning adaptation as a central component of resilience assessment allows for a deeper understanding of the 
long-term behavioural dynamics of systems under crisis, which is essential for informing policy development 
and strategic planning in the context of multiple and overlapping (i.e., poly-)crises.

In general terms, resilience assessment provides the means to evaluate the degree to which a system can 
withstand or how rapidly it can recover from disruptions, thus providing the much-needed empirical grounding 
for strategic decisions4. In current literature, resilience assessment falls broadly into two realms: (a) indicator-
based assessments provide a snapshot of a system’s condition at a particular point in time to model resilience 
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prior to a disruption5, (b) performance-based assessments capture how and how rapidly a system recovers, either 
based on empirical data or model-based simulations6.

Despite the crucial role of adaptation in the context of contemporary poly-crises, much of the current 
literature continues to focus on isolated disruptions rather than evaluating the extent to which systems can 
learn and enhance their adaptive capacities and responses over time7. Consequently, resilience metrics often 
remain focused on isolated disruptions, instead of learning and improving capacities and responses over time. 
This emphasis results in a neglect of the adaptive capacity of systems in resilience policy, a crucial factor when 
considering long-term resilience.

We aim to address this gap by focusing on measuring adaptation to successive disruptions as a core 
component of measuring resilience. The underlying premise is that systems may improve or deteriorate their 
response capabilities over time when they are exposed to successive disruptions. Our adaptation assessment 
approach contains a novel adaptation metric that aims to capture these patterns of learning and improvement, 
or, conversely, patterns of decline. By measuring adaptation across a sequence of events, our approach aims to 
provide insights into the evolving response behaviours of systems over extended periods, thereby facilitating the 
development of adaptive strategies for resilience.

To illustrate the analytical potential and practical implications of the novel metric, we use the COVID-19 
pandemic as a case study. The COVID-19 pandemic is an ideal case study since its multiple waves constitute 
successive disruptions, and the pandemic is well-documented on a global scale.

Our contribution is thus twofold. First, we propose a novel method for modelling adaptation and the 
resulting metric that quantifies adaptation to successive disruptions. This method seeks to foster a more nuanced 
understanding of dynamic system behaviour under prolonged stresses and disruptions. Second, we use our 
metric to analyse COVID-19 responses globally. This method allows us to identify inter-country variations in 
adaptation patterns and analyse distinct pathways to resilience across countries. The case study thus provides 
empirical insights into the patterns of adaptation capacity during a global crisis.

The remainder of the paper is structured as follows: in the Background, we provide the theoretical and 
analytical context on resilience measurement and adaptation. From there, we present the methodology for the 
adaptation metric in the Quantifying Adaptation section, and describe the application of this methodology to the 
case study in COVID-19 Case Study: Measuring Adaptation of 185 Countries and Territories. The Results section 
provides the results of the case study, and in the Discussion, these results and the limitations are discussed. We 
conclude the paper in the Conclusion section.

Background
Quantifying the resilience of single disruptions
Performance-based resilience assessment methods start from identifying a set of key performance indicators 
that adequately represent and measure the essential or desired functions that the system is meant to uphold. For 
example, the performance of a water distribution system can be measured in terms of the number of customers 
served8,9, the performance of a mobility system can be measured by the percentage of people with access to 
critical locations10, and the performance of a health care system can be captured by measuring waiting time11. 
For every system, these performance indicators may be different12, and need to be chosen according to the 
context.

Performance-based resilience metrics are conventionally designed to assess resilience based on (a) the 
severity of a disruption (or maximum loss of performance) and (b) the speed of recovery, e.g12–17.. The underlying 
assumption is that the more effectively a system restores its performance to acceptable levels after a disruption, 
the more resilient the system is. Conversely, a lower or more prolonged decline in the performance of a system 
indicates reduced capacity to manage the disruption. Previous research has mapped different approaches to come 
to a performance-based resilience metric6. The authors distinguish between 6 categories of resilience metrics: 
based on magnitude (e.g., maximum performance loss18), duration (e.g., total duration of disruption19), integral 
(for example, the total performance loss: duration of disruption × impact13), rate (of recovery, or of failure17,20), 
threshold (e.g. continuity of critical functions21), and ensemble (a mix of the previous categories, e.g22).

While some disruption functions are generic8, others advocate tailoring the disruption function to the specific 
hazard and context10. For instance, in the context of infectious disease outbreaks, epidemic wave functions have 
been developed that are fit to disease cases over time23. By tailoring the disruption function to the specific 
contexts, the characteristics of the behaviour of the system can be captured. For instance, while at times it is 
assumed that infectious diseases follow a normal distribution pattern, empirical data show that asymmetrical 
behaviour exists, indicating that distributions with non-zero skewness are more appropriate23. This can then be 
captured by using dedicated functions.

To capture the full dynamics of the recovery trajectory for individual crises, disruption approximation 
functions have been proposed8. These disruption functions are generally meant to be fit to (potentially noisy) 
performance data over time, such that the trajectory and level of resilience of an individual disruption can be 
identified. While such modelling is useful for isolated events, it falls short in capturing the evolving dynamics of 
consecutive disruptions that occur in the context of poly-crises.

Measuring adaptation
The resilience cycle, which is commonly used to describe how systems respond to disruptions, is usually defined 
with 4 different phases: absorption, recovery, adaptation (and sometimes transformation) and preparation or 
mitigation24–26. Adaptation has thus been recognised as a crucial component of resilience science, particularly 
in social-ecological resilience research, but also increasingly in the engineering resilience context, where the 
focus is not just on short-term absorption and recovery after a disruption, but on long-term change27. From the 
perspective of the resilience cycle, adapting means to learn from previous events and implementing changes that 
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improve coping with future disruptions (inspired by definitions given in26,28). Together with transformation, 
adaptation is often conceptualized as a capacity to influence the resilience of a system. While adaptation tends 
to be characterised as a more reactive, transformation is regarded as a proactive mechanism of a change29–31.

The literature refers to several closely related concepts, such as adaptation, adaptive capacity, and adaptability, 
which show important distinctions despite their similarities. One distinction is that adaptive capacity32 and 
adaptability33 are often used to describe the potential for change, whereas adaptation refers to observable 
outcomes32. In this context, adaptation can be understood “as a manifestation of adaptive capacity”32. Other 
definitions also exist, putting emphasis on the human dimension, so that adaptability is defined as “the capacity 
of actors in the system to influence resilience”27.

Adaptation as a measurable, outcome-based metric also has theoretical roots in learning theory and complex 
adaptive systems. Essentially, learning is understood as a feedback process34: systems facing repeated similar 
challenges can show learning behaviour, whereby previous experiences influence the performance in the future35. 
This learning manifests as changes in responses (via development of capabilities and capacities) that affect how 
well systems handle subsequent disruptions. Unlike one-time responses to isolated shocks, adaptation involves 
cumulative learning that spans multiple disruptions.

Building on social-ecological resilience theory27,36, we define adaptation as the capacity of a system to adjust its 
responses to a disruption over time, resulting in improving (or declining) its performance in responding to successive 
disruptions. This definition focuses on performance outcomes, rather than capabilities or capacities, which 
allows us to measure directly if system performance improves or deteriorates across a sequence of disruptions. 
The definition explicitly includes the possibility of negative adaptation (i.e., declining performance), which is the 
situation where the resilience of individual disruptions decreases over successive disruptions.

In contrast to the resilience literature, only a few metrics to measure adaptation have been developed. Most 
assessment methods and metrics for adaptation can be found in the context of climate change37. In this domain, 
the adaptation metrics are typically used to track progress towards a specific goal (such as the implementation 
of key policies) of being better prepared for a changing climate38. As such, these metrics focus on ex-ante 
preparedness rather than providing ex-post assessments of a system’s performance in response to climate change 
disruptions.

Adaptation has also been assessed in the healthcare domain. For example, previous research developed an 
adaptability index to evaluate how non-COVID-19 healthcare in the USA counties responded to two consecutive 
COVID-19 waves39. For this, the authors defined an adaptability index by taking the relative increase in the 
disruption and recovery rate of two consecutive disruptions. In this way, they conceptualise adaptation as the 
positive change in dealing with two consecutive disruptions. In case of more than 2 consecutive disruptions, 
this approach takes the adaptation to be the average adaptation of all pairs of 2 consecutive disruptions. While 
insightful, this approach narrowed down adaptation to a two-event sequence. However, adaptation and learning 
clearly unfold over a longer period of time and through multiple disruptions, as exemplified by COVID-19.

This highlights a gap: current methods do not capture the learning dynamics that unfold across multiple 
disruptions. Nowadays, it is not only acknowledged in the social-ecological resilience literature, but also in 
the engineering resilience literature that adaptation is a crucial part of the resilience cycle. Still, existing 
measurement approaches treat each disruption independently or average across pairs of events. Thereby, the 
existing adaptation metrics miss the cumulative dynamic processes across multiple disruptions. Since learning 
is a continuous process and adaptation unfolds over extended periods, there is a clear need for methodological 
approaches capable of evaluating long-term adaptation under consecutive disruptions.

We build here on learning theories and model adaptation based on exponential functions. The theoretical 
and empirical foundations for this choice are provided by organisational psychology and operations research, 
where learning curves are used to measure how performance improves if organisations or people are repeatedly 
exposed to similar tasks. The resulting learning curves follow exponential patterns, with rapid initial gains that 
diminish over time40. This pattern reflects the potential processes underlying adaptation: initial learning is steep, 
but further improvements are increasingly difficult to achieve41. The exponential function f(t) = a · e−bt + c 
captures this dynamic, where b represents the learning rate and c represents the asymptotic performance limit 
that systems approach through experience. Inspired by theory on learning and forgetting42, we introduce the 
concept of adaptation patterns, allowing for modelling periods of adaptation or maladaptation. Periods of 
adaptation represent learning and adjusting to a disruption, whereas maladaptation represents a pattern of 
’forgetting’, whereby the disruption results in worse outcomes than for prior disruptions.

In summary, this paper aims to develop a methodology and a corresponding adaptation metric to quantify 
how a system adapts in response to multiple successive disruptions. Our approach is the first to quantify 
adaptation by modelling the process using an exponential function. As a result, the proposed approach also 
allows for a robust quantification of the initial resilience within a sequence of disruptions.

Quantifying adaptation
This section describes the generic approach to measure adaptation in four steps, while in the next section, we 
showcase how this approach is applied to the COVID-19 case study.

Identify individual disruptions
We start from a system’s performance as represented by one or more indicators, which evolve over time. 
Disruptions are represented as drops in performance. While there may be some overlap between the disruptions 
in the case of overlapping or compound events, we here assume that the individual disruptions can be identified.
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Compute resilience metrics
For each disruption, a resilience metric needs to be computed. The metrics are inspired by resilience measurement 
theory, see the Background section. To fit different contexts, cases or priorities, our method is metric-agnostic 
and flexible, meaning that adaptation can be measured using any resilience metric of choice that is relevant to 
the system. In our case study, we use the Total Performance Loss (TPL) as the metric of interest, as it is a widely 
used metric that combines both information on the extent of the performance loss, as well as on the duration 
of the disruption. Other possible metrics that could be applied include maximum performance loss, disruption 
duration, time to next disruption or recovery speed in case the measurement context calls for this, cf. Fig. 1.

Fit exponential curves
From an adaptation perspective, the focus lies on examining how a given resilience metric evolves over the 
course of consecutive disruptions. This can be illustrated visually and intuitively by representing each disruption 
as a point on a two-dimensional plot, where the x-axis denotes the timing of the disruption and the y-axis 
represents the corresponding performance metric value. Inspired by the theory on learning and adaptation as 
discussed in the Background section, the following exponential function is fitted to these data points:

	 f(t) = a · e−b·t + c� (1)

The benefit of this function is that it contains interpretable coefficients to characterise the adaptation, which 
are used as inputs in the next step. Furthermore, as opposed to a simple linear function, this function is able to 
model both convex and concave adaptation behaviour, allowing it to capture different learning dynamics over 
time. Concave adaptive behaviour reveals quick initial adaptation, while convex adaptive behaviour captures 
delayed learning.

Since real-world systems may not show a single and consistent adaptation behaviour over time, we explore 
the possibility of multiple adaptation patterns. For example, a system may initially adapt by showing improved 
response and later maladapt and show deteriorating response, or visa versa. To capture this shift in system 
behaviour, we allow multiple adaptation patterns rather than the single exponential trend across all disruptions. 
An adaptation pattern is then a period of consistent improvement (or deterioration) of resilience, with limited 
instances of deterioration (or improvement). In practice, this means that we fit not one, but multiple exponential 
curves, in successive order. The best overall fit (the highest R2 on the combined fit) is chosen. If a fit contains two 
exponential curves, this indicates a presence of two separate patterns, while a single exponential curve indicates 
a single adaptation pattern. See Figure 2 for an example.

Since the exponential function contains three parameters, at least three disruptions are required to estimate 
a single adaptation pattern. Therefore, from three disruptions, one adaptation pattern is possible, while from six 
disruptions, two adaptation patterns are possible, etc.

For systems with more than 6 disruptions, the breakpoint where the first adaptation pattern ends and the 
second adaptation pattern begins needs to be determined. In case of 7 disruptions, like the example in Fig. 2, 
break-off points are possible between disruptions three and four, or between four and five. In such a case, the best 
overall fit determines the placement of the break-off point.

Exponential coefficients as adaptation metric
In equation 1, b is the rate of change. For positive values of a, positive values of b mean adaptation, while negative 
values mean maladaptation. For negative values of a, this interpretation reverses. Therefore, the final adaptation 
metric α is equal to b multiplied by the sign of a. Thus, positive numbers of α mean adaptation, and negative 
number mean maladaptation. Therefore α represents the learning rate in our proposed adaptation metric.

	 α = sgn(a) · b� (2)

Fig. 1.  The performance over time of a system X under three consecutive disruptions. Given that individual 
disruptions are identifiable, performance metrics for each single disruption can be computed. In this case, we 
show the following: MPL = Maximum Performance Loss, TPL = Total Performance Loss, DD = Disruption 
Duration, TTND = Time to next Disruption.
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COVID-19 case study: measuring adaptation of 180 countries and territories
In this section, we first describe the data and how it is preprocessed. Then, we go into detail on how we applied 
the approach for quantifying adaptation to the case study. This process can be broken down into 5 subprocesses: 
1) identifying individual COVID-19 waves by skew-normal curve fitting, 2) computing performance metrics of 
every individual COVID-19 wave, 3) fitting exponential curves to these performance metrics, 4) extracting the 
function’s coefficients and 5) computing the adaptation metric. Figure 2 provides a conceptual overview of the 
methods and where these are discussed.

The COVID-19 pandemic was selected as a case study due to its consecutive waves and the varying levels of 
adaptation across countries. The COVID-19 case provides a suitable setting for demonstrating our approach to 
quantifying adaptation, particularly because national adaptation levels of countries were not fully understood.

Data
Since it is one of the important public health objectives of countries to prevent avoidable mortality due to disease, 
the key performance indicator used in this study is the number of COVID-19 fatalities per million inhabitants. 
Data on COVID-19 fatalities over time is available at Our World in Data for 219 countries and territories43,44. 
Data is available for some countries starting from January 1 st 2020, and for some countries ending on June 18th 
2023 (data collection date). The time interval for which data was available for all countries is January 8th 2020 to 
June 14th 2023, therefore our analysis is done on this time interval.

In the next step, we apply 7-day smoothing to daily new fatalities per million inhabitants to reduce the noise 
resulting from high variability in small countries (see step a in Fig. 2). This helps in a later step, where we fit a 
mixture of skew-normal curves. For some low-population countries it is difficult to identify a COVID-19 wave 
due to very noisy data, so we exclude countries with a population of less than 50.000, eliminating 15 countries 
and territories from further steps.

To compare several adaptation groups, we examine whether differences between groups can be identified 
based on country-level statistics related to the health system. Our World in Data also has descriptive statistics 
available from the same aforementioned data set.

Fig. 2.  Step-by-step illustration of the methodology. It depicts the steps taken in the proposed approach for 
quantifying adaptation (but applied to an example country (Kuwait) from the case study).
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Applying the approach for quantifying adaptation step by step
In this section, we walk through the same steps as described in the previous section on quantifying adaptation, 
but here we discuss the details of applying this to the case study.

Identifying individual COVID-19 waves by fitting a mixture of skew-normal curves
Identifying the different COVID-19 waves is done by fitting a mixture of skew-normal curves to the temporal 
fatality data for every country, as shown in step c in Fig. 2. A skew-normal distribution is normally used as a 
probability distribution that generalises the normal distribution to allow for non-zero skewness. In this case, 
we use this distribution to approximate a wave of COVID-19 fatalities, to allow for epidemic waves where the 
increase and decrease rates are not the same. In order to do this, the distribution is multiplied by a weight, a 
parameter that is fitted together with the distributions’ parameters. A single curve or wave C(t) can be described 
by the skew-normal function F taking the location parameter ξ, a scale parameter ω and a shape parameter α 
and multiplied by a weight parameter w (see Equation 3). The curve provides an overall temporal pattern of 
COVID-19 fatalities in a country, specifically determining when waves happened and with which intensity.

	 C(t) = w · Fξ,ω,α(t)� (3)

Now, the mixture of curves to approximate the total trajectory T(t) is described as summing the n curves together.

	
T (t) =

n∑
i=1

Ci(t)� (4)

An important step here is to determine n, the number of curves that each trajectory consists of. The objective 
is to approximate the empirical data well, while avoiding overfitting to short-term fluctuations or noise. This is 
why we chose to determine n as follows. First, we fit a range of ten different mixtures from two to eleven curves, 
using the Trust Region Reflective optimisation algorithm that minimises the residual sum of squares. Then, the 
R2 value is computed for every mixture to determine the goodness of fit. The mixture with the highest R2 value 
is the best fit, but visual inspection shows that this leads to overfitting to noise. Therefore, we choose the mixture 
with the smallest number of n, but within a 0.01 range of the maximum R2 value across all candidate mixtures. 
We validated this method by systematic visual inspection across countries and comparing our approach to: 1) 
taking the n for which R2 is the maximum (the maximizing method), and 2) taking the lowest n for which the 
R2 does not improve significantly any more (the plateauing method).

Across various cases, our method consistently produced the most interpretable and realistic wave 
decomposition, when compared to the two alternatives, resulting in a median R2 value of 0.9583, and 86% of 
the countries having R2 values higher than 0.90.

The expectation could be that for countries with less waves, the fitting process is easier, resulting in good fits 
being more likely. However, even for countries with six or more, the median R2 value remains high at 0.9495 
which indicates robust performance.

Since this method might result in having consecutive waves that overlap significantly in some countries, we 
explicitly measure the extent of this overlap. For each pair of consecutive waves C1 and C2 we computed the 
Intersection over Union (IoU) metric (see Supplementary Material S1), which reveals the proportion of shared 
area relative to the total area covered by both waves. These IoU values are used to identify the cases where two 
waves cannot be separated. Countries that have at least one pair of consecutive waves with an IoU score larger 
than 0.4 (40% overlap) are removed from further analysis. This results in 5 countries being removed.

Computing resilience metrics
Next, the Total Performance Loss (TPL) is computed for every COVID-19 wave, as visually displayed in Fig. 2 at 
step d for the examples of 3 pandemic waves. TPL is computed as the total area under each fitted wave.

Fitting exponential curves through resilience metrics
In order to fit the exponential curve (1) to the resilience metrics over time, we take the position in time of 
each wave to be the time that the highest point of the (fitted) wave occurred. To make the comparison easy, we 
shift these times such that the first wave is set to begin at time 0, and all other waves are shifted on the x-axis 
accordingly. So, if the highest point of wave 1 occurs on day 50, every wave time is subtracted by 50 (see step d 
in Fig. 2).

Now that we have the resilience metric and time placement for each wave, we can fit an exponential function 
for each country to determine whether a clear pattern of adaptation emerges, which is visually depicted in 
step e in Figure 2. Fitting is performed using the Levenberg-Marquardt algorithm, minimising the residual 
sum of squares. For countries with less than 3 waves (and thus less than 3 data points) identified in the skew-
normal fitting step, it is not possible to fit the exponential equation, since the exponential equation consists of 3 
parameters. We disregard these 19 countries from further analysis. Thus, for 180 countries, we can now compute 
the adaptation metrics. Figure S3 and Table S4 in the Supplementary Material give an overview of how well the 
exponential functions fit (in R2) for individual countries. It can be seen that for some countries, the R2 is quite 
low.
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Exponential coefficients as adaptation metric
Since the exponential curves model the general adaptation behaviour of a single country for a specific 
performance metric, we take the curve coefficients as metrics for adaptation (step f and g in Fig. 2). Here, as 
discussed in the previous section, we take b and sgn(a) to compute the adaptation metric.

Adaptation profiles of countries
Having fitted the exponential curve(s) for every country, we categorize countries based on the number and 
direction of the adaptation patterns they exhibit. An adaptation pattern is defined as a period of which the fitted 
exponential function shows a consistent adaptation behaviour indicated by the sign of the adaptation metric. 
Since the maximum number of disruptions in our data is 11, a country can exhibit at most three adaptation 
patterns. This means that there are three primary profiles: countries with one, two or three adaptation patterns. 
Within these profiles, we create categories based on adaptation behaviour: adaptation or maladaptation. The 
first profile includes countries with a single adaptation pattern. Within this profile, there are two categories; 
one with a positive adaptation metric α, and one with negative α, representing adaptation and maladaptation, 
respectively.

The second profile includes countries with two adaptation patterns, where the sign again determines four 
distinctive adaptation trajectories: adapt-adapt, adapt-maladapt, maladapt-adapt and maladapt-maladapt. 
Countries with three adaptation patterns form the third profile due to the small number of such cases (i.e. 
8 countries). To avoid excessive fragmentation, we do not further subdivide this group. This profiling and 
categorization yield a set of mutually exclusive adaptation trajectory types for all countries.

Results
To understand the behaviour associated with the adaptation patterns, we plot the raw COVID-19 fatality time-
series data of countries that correspond to each category separately in Fig. 3. The median and interquartile range 
are included as well. This visualization allows us to examine the temporal evolution of COVID-19 responses.

To compare countries with different mortality levels, we normalize each country’s time series data such that 
its maximum fatality value equals 1. Since the timing and duration of the pandemic vary across countries (i.e., 
occurrence of the first and last disruption), the time axis is rescaled such that the peak of the first identified 
disruption is set to 0, and the time of the last disruption is set to 1. This normalization enables comparison of 
the relative progression of fatalities throughout the pandemic and, therefore, highlights the adaptation dynamics 
associated with each profile.

On the world map (Fig. 3h), adaptation profiles appear to be spatially dispersed. For the profiles with a single 
adaptation pattern, a clear difference in the trend of fatalities over time can be observed. Specifically, the profiles 
categorized as “adapt” (Fig. 3a) tend to show a decrease in fatalities over time, while the “maladapt” (b) profile 
shows an increasing trend. For the countries with 3 adaptation patterns (g), no clear trend is observed, since 
these patterns do not have the same adaptation direction.

Fig. 3.  For each subgroup of countries, the COVID-19 fatalities over time (normalised) are plotted, including 
a subgroup median (black line) and interquartile range (filled area). For each country, time 0 is the time of the 
modelled peak of the country’s first wave, and time 1 is the peak of the last wave. The countries included in 
each cluster are plotted on a world map (colour-coded).
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The four subgroups in the profile with two adaptation patterns, also exhibit behaviour that can be linked 
back to their subgroup association. It can be observed that the two groups that adapt in the second pattern (c 
and f) tend to have relatively lower COVID fatalities towards the end of the pandemic. This trend is less obvious 
in the other two subgroups (d and e). For the two subgroups that adapt in the first pattern (c and e), we can see 
relatively higher peaks at the beginning followed by decline, which is consistent with adaptation occurring in 
the first pattern. The other groups, with maladaptation as a first pattern (d and f), do not exhibit evidence of this 
behaviour.

When the adaptation metrics of the first and second patterns are plotted for every country (see Fig. 4), it 
is evident that most countries tended to adapt during the second pattern. Out of 66 countries, only twelve are 
characterized as maladapting in the second pattern. Remarkably, most countries show maladaptation in the first 
pattern, while the majority shows the signs of adaptation in the second pattern.

To investigate whether the social-demographic factors explain the adaptation patterns, we used country 
statistics and plotted the distributions of the percentage elderly population and population density, in Figs. 5 
and 6. The percentage of people aged 65+  of the two profiles that end the pandemic in a maladapting pattern 
(adapt-maladapt and maladapt-maladapt)  are significantly higher. For the population density, the maladapt-
maladapt subgroup stands out, having a significantly higher population density. The adapt-adapt profile shows 
a significantly lower population density. For both variables, not many significant differences were found 

Fig. 5.  Boxplots of the percentage of population older than 65, split out over the adaptation pattern profiles, 
with on the right a table with p-values of the two-sided Mann-Whitney U statistical test between the groups.

 

Fig. 4.  For the countries with two adaptation patterns, the value of the adaptation metric of the first and 
second pattern are plotted.
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among other profiles, such as between those with a single adaptation pattern (i.e., adapt and maladapt). Based 
on previous research, both variables are considered relevant for total fatality, since the elderly population was 
particularly vulnerable, and population density has been identified as one of the key determinants in the spread 
of disease45,46. Therefore, it is surprising that there seems to be a correlation to the adaptation capacity as well. 
The potential mechanisms through which this may happen may be numerous, and are suitable topics for further 
research.

The adaptation categories are spatially dispersed on the world map (Fig. 3h), with subgroups being present 
in several continents. This is different from research where countries are clustered based on fatalities temporal 
behaviour47,48. For example, research that performed country-wise hierarchical clustering on COVID-19 fatality 
data found clusters that, to a large extent, follow similarity in distance as well, meaning that clusters were often 
present in the same continents48. They also found that this clustering may be explained by the difference in 
percentage of population above 65 years of age.

Discussion
Our study focuses on adaptation patterns to differentiate between improvement or deterioration in responses 
across successive waves of disruptions. Even though especially for COVID-19 there is a substantial body of 
literature on the evolution of COVID-19 fatalities over time, most of these studies focused on clustering countries 
based on similarities in observed time series data47–49. In contrast, our study quantifies adaptation as a dynamic 
process of learning and unlearning that evolves across successive disruptions.

The proposed approach identifies whether performance improves or deteriorates over time by fitting 
exponential functions to a sequence of resilience metrics. The proposed approach using the exponential function 
captures the non-linear nature of adaptation. Concave curves are characterized by rapid initial adaptation 
followed by decline, and convex adaptation curves represent delayed learning where adaptive behaviour 
increases in the later stages.

Furthermore, the proposed approach allows for multiple adaptation patterns for each system. In this way, we 
can track changes of the adaptation behaviour itself. Rather than assuming a uniform adaptation trend across all 
disruptions, the approach identifies temporally bounded phases in which adaptation behaviour is similar, while 
still allowing for transition between these phases. By doing so, patterns such as early maladaptation followed by 
later improvements to adaptation or initial adaptation that diminishes over time, leading to maladaptation, can 
be captured by our approach. These adaptation patterns offer an in-depth analysis of when systems learn, delay 
learning, or fail to adapt.

This methodological flexibility enables the method to represent a wide range of real-world adaptive 
behaviours that involve delayed learning, which could be due to institutional inertia, policy changes, or other 
socio-spatial constraints. While the proposed approach captures temporal patterns that are consistent with 
learning and unlearning, it is not intended to reveal causal relationships between adaptation trajectories and 
specific policies, institutional arrangements, or socio-spatial factors. Rather, the method provides a systematic 
way of identifying and comparing adaptation dynamics, which can then serve as a basis for subsequent causal 
or explanatory analysis.

Adaptation measured in this study is a purely quantitative measure that relies on the selected metric rather 
than a normative measure. This means that specific adaptations may vary and involve trade-offs. For example, 
adaptation in one domain (in our case, measured by COVID-19 fatalities) may lead to maladaptation in another, 
as it may come at the expense of social equity, political stability, and other important considerations. Therefore, 
it is essential to acknowledge that our approach captures adaptation through a single performance metric lens, 
while adaptation is inherently multidimensional across social, economic, and ecological domains. Consequently, 
any single metric will provide only a partial view. Different performance indicators will reveal different 
adaptation trajectories, potentially leading to contradictions among them. The result is not a complete picture 

Fig. 6.  Boxplots of the population density, split out over the adaptation pattern profiles, with on the right a 
table with p-values of the two-sided Mann-Whitney U statistical test between the groups.
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of adaptation; rather, it is a cross-section of a complex phenomenon. Nevertheless, our approach provides an 
analytical, systematic, and reproducible method for quantifying and observing adaptation dynamics over time.

Although we illustrated this approach using COVID-19 data, it is not pandemic-specific. COVID-19 is a 
suitable case as it involves successive disruptions over time and presents a measurable performance indicator. 
However, the method can be applied to any system experiencing successive disruptions, provided that system 
performance can be quantified. Examples include infrastructure systems that are exposed to consecutive 
natural hazards, operational shocks due to attacks, etc. The proposed method offers systematic insights into the 
adaptation dynamics across a wide range of domains.

One limitation of our proposed approach is that the exponential function used to model the adaptation 
behaviour does not always provide a strong fit to the resilience metrics. For 30.8% of countries, the R2 is less 
than 0.5 (see Supplementary Material S2) indicating that in some cases, adaptive behaviour is not monotonic. 
Therefore, the goodness of fit itself may be interpreted as an informative indicator of (non-)smoothness or 
stability of adaptation behaviour, rather than solely as a measure of model performance. However, it must be 
noted that the assumption of exponential learning may hold less for different types of successive disruptions, 
underlining the potential for tailoring this function to specific contexts. Moreover, the exponential fits depend 
on previous steps, such as how the disruptions are identified. If the disruption identification approach is adjusted 
such that fewer or more disruptions are identified, this alters the fitting of the exponential function and the 
resulting adaptation metric.

Another methodological limitation stems from the parametric nature of the exponential function, which 
requires a minimum of three disruptions to estimate its parameters (a, b, and c) for assessing adaptation. As a 
result, systems experiencing only two successive disruptions cannot be analyzed using the proposed approach, 
which leads to the exclusion of countries like China, which had only two COVID-19 waves.

While this case study did not go into detail to the role of exponential parameters a and c, a + c determines the 
value of the function at t = 0. Therefore, a + c is an assessment of resilience at the beginning of the successive 
disruption event. This could be used in future work as a robust estimate for the resilience value in the the 
beginning of a long-term crisis. Other future work could include a multi-metric approach. Since it is known 
that some resilience metrics may also be conflicting, applying our method with multiple resilience metrics at 
the same time might further the understanding of the potential trade-offs between these resilience metrics in 
the long-term.

A case-study-specific limitation is the quality and consistency of COVID-19 fatality data. To identify 
individual disruptions, we fitted skew-normal curves to the COVID-19 fatality data over time. In some cases, 
this resulted in suboptimal fits. Our adaptation results depend on how well we can identify individual COVID-19 
waves, and improving this step would likely lead to robust adaptation estimates. However, it is possible that 
skew-normal curves will sometimes remain challenging to fit despite better fitting methods, due to the fact that 
COVID-19 data is not always reliable. Therefore, differences and inconsistencies between the fitted waves and 
observed trajectories do not necessarily indicate the failure of our approach but may be due to heterogeneous 
data reporting, differences in data collection, and the absence of a unified reporting protocol. Nevertheless, some 
degree of uncertainty may remain inherent in such empirical pandemic data.

Conclusion
In this paper, we introduced a novel approach for quantifying the adaptation of systems to successive disruptions. 
Since the response to successive disruptions cannot be disentangled from each other, adaptation becomes a 
crucial part of successive event resilience. Our proposed approach uses an exponential equation, of which the 
coefficients give insight into a system’s adaptation behaviour. Like the recovery rate quantifies the speed of 
recovery after a single disruption, our proposed adaptation metric quantifies changes over the course of multiple 
consecutive disruptions. Thus, it indicates the adaptation or learning of a system over a long period of time 
known as an adaptation pattern.

The contribution of this paper is twofold. First, by building on the existing resilience measurements that focus 
on single disruptions, the proposed approach introduced a means to quantify adaptation, and therefore, offers 
a deeper understanding of long-term behaviour. Second, the COVID-19 case study showcases the application 
of the approach and provides empirical insight into adaptation profiles exhibited by countries. The resulting 
profiles show different behaviours based on the direction of adaptation patterns. This gives crucial insight into 
the adaptation pathways of individual systems over the course of multiple successive disruptions.

The approach is general in two ways. First, it can be applied to any successive disruption event for which 
a performance indicator exists. Secondly, it is not restricted to the resilience metric used in this paper (TPL), 
but can be applied to any of the numerous existing resilience metrics that can be computed from individual 
disruptions.

In the case study, we have chosen to select COVID-19 fatalities as a performance indicator. However, this kind 
of disruption is typically not represented by just one (healthcare outcome) performance dimension. In future 
work, other dimensions like economic, social, and policy indicators also need to be taken into consideration 
when doing a comprehensive adaptation assessment. The extension of the proposed adaptation methodology 
to multiple performance indicators would have the potential to identify observed trade-offs between different 
indicators. Next to relating adaptation to these dynamic indicators, future work could also relate static or slowly 
changing variables of systems to the degree of adaptation.

Data availability
The datasets generated and/or analysed during the current study are available in the Github repository, ​h​t​t​p​s​:​/​/​g​
i​t​h​u​b​.​c​o​m​/​f​v​s​t​e​i​j​n​/​A​d​a​p​t​a​t​i​o​n​-​M​e​t​r​i​c​.​g​i​t​​​​​.​​
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