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The consideration of disaster resilience as a multidimensional concept provides a viable and promising
way forward for reducing risk and minimizing impacts today and in the future. What is missing is

the understanding of the actual dynamics of resilience over time based on empirical evidence. This
empirical understanding requires a consistent measure of resilience. To that end, a Technical Resilience
Grading Standard for community flood resilience, was applied in a longitudinal study from 2016 to
2018 in 68 communities across the globe. We analyse the dynamics of disaster resilience using an
advanced boosted regression tree modelling framework. The main outcome of our analysis is twofold:
first, we found empirical evidence that the dynamics of resilience build on a typology of communities
and that different community clusters experience different dynamics; and second, the dynamics of
resilience follows transitional behaviour rather than a linear or continuous process. These are empirical
insights that can provide ways forward, theoretically as well as practically, in the understanding of
resilience as well as in regard to effective policy guidance to enhance disaster resilience.

Floods are one of the major hazards around the world: more than 90% of the total 7200 events recorded in EM-
DAT in the last two decades were climate-related, with floods being the most frequent type of disaster, comprising
about 43% of total events. Over the same time period, floods caused more than 661 billion USD of losses (around
23% of total losses from all events) and around 124,088 fatalities (around 11% of all fatalities)'. Dealing with
such disasters is a challenge for many reasons but especially because impacts are often disproportionally borne
by the poor**. This is particularly troubling since reduction of poverty is a key dimension for the efficient and
sustainable management of flood risk. Concerningly, the number of disaster events and the amounts of both total
and insured disaster losses have all been increasing over time®. The current understanding is that the increases
in disaster risk has been largely driven by the extent to which humans and assets are increasingly exposed to
natural hazards and the extent to which they are resilient to them>®. While it is now generally acknowledged
that the actual occurrence of a natural hazard can be influenced by climate change’, the level of impact is largely
influenced by non-climatic factors®. Hence, a deeper understanding of the factors underlying and causing disaster
risks is becoming increasingly imperative.

The consideration of resilience as a multidimensional concept provides a viable and promising way forward
for achieving this understanding, as well as for identifying the most promising options for reducing risk today
and in the future®'°. The Sendai Framework for Risk Reduction and the Sustainable Development Goals have
both integrated this need for resilience in their goals®!!. However, while the resilience discussion has progressed
immensely over the last years'? and it is understood that resilience may vary spatially, temporally and over dif-
ferent sub-groups of the exposed population (e.g. the distributional aspects), the actual, empiral, understanding
of the dynamics (here understood as temporal or spatial changes'?) of resilience over time remains still limited"*.
Additionally, apart from a few exceptional examples that focus on specific local regions to assess the dynamics
of resilience, empirical analysis of the possible dynamics from a global perspective at the local level is yet to be
undertaken'. There are a few major challenges that can explain the scarcity of much needed empirical research
on the dynamics of resilience. One of the largest challenges is to establish a standardized resilience measurement
approach that can explicitly take into account the distributional aspects of resilience across different dimensions,
while still being comparable globally.

Although myriad of definitions and conceptualizations about resilience have been proposed by the academy,
multilateral organizations, development agencies, nongovernmental organizations and others'®, standardized
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measurements and assessments of resilience which can be used across the globe are still lacking'”. This is problematic
because it makes it impossible to compare resilience levels between risk bearers (e.g. households, communities or
countries), to track progress over time and to learn and establish best practices. To fill this gap the Flood Resilience
Measurement for Communities and Technical Resilience Grading Standard (TResGS)—was developed by the Zurich
Flood Resilience Alliance (see Keating et al.'® and Campbell et al."?). The FRMC is a consistent benchmark against which
to quantify flood resilience at the community level. In addition to this consistent benchmark, an impact assessment is
conducted for measuring the revealed resilience of the disaster (called post-flood event study).

The definition of resilience underlying the FRMC is: “The ability of a system, community, or society to pursue its
social, ecological, and economic development and growth objectives, while managing its disaster risk over time in a
mutually reinforcing way”'®, Central to this concept is the distinction between five key capitals which holistically make
up the socio-economic system of communities. Across these capitals are 88 indicators of sources of resilience (sources) as
they contribute to a community’s capacity to reduce risk, prepare for, withstand and recover better from a flood disaster.
These sources were measured at baseline and endline of the project, and a post-flood study impact assessment taken
after a flood event within selected communities across the globe. How resilience changes over time (e.g. due to hazard
events or interventions) is what we will call the ‘dynamics of resilience’ These dynamics include interactions (such as
substitution and complementation) among the sources of resilience within each of the capitals at different times and
in different regions®.

The main outcome of our analysis is twofold: first, we find empirical evidence that the dynamics of disaster resilience
shows similar patterns based on the typology (i.e. specific characteristics) of communities and second, the dynamics of
resilience can also follow a non-linear behaviour pattern rather than a linear and continuous process. These are important
empirical insights that have good theoretical underpinnings but to date have not been empirically tested®. We start our
discussion with the resilience measurement and data gathering process.

Resilience measurement and data gathering

To date, there is much theory about what contributes to resilience and how disaster impacts and resilience capacity are
related, however, empirical studies that analyze these dynamics on the ground in multiple and diverse contexts are still
an underdeveloped topic'>'®. One reason for that is the need to have a standardized resilience measurement framework
to collect the required data across the globe. We describe the developed framework and tool that can be used for such an
analysis, called Flood Resilience Measurement Approach. The theoretical conceptualization and framework of the Flood
Resilience Measurement for Communities and Technical Resilience Grading Standard are extensively discussed in
Keating et al.'%. The central concept is around key community capitals which is based on and further developed within
the sustainable livelihood framework (Ashley and Carney*'). As our definition of resilience indicates, the focus is on
resilience-wellbeing nexus, rather than the more prominent emphasis on rapid recovery in other resilience definitions
(see for example the discussion in Hassan and Mahmoud?®?). In a nutshell the FRMC approach measures the pre-
flood characteristics (called ‘sources of resilience’) that contribute to a community’s capacity to reduce risk, prepare for,
withstand and recover better from a flood disaster. A comprehensive set of 88 sources of resilience across five capitals
(human, physical, social, natural and financial) was developed that can ultimately be quantified through a systematic,
multi-option, and flexible data collection methodology and grading process.

The underlying framework was designed by members of the Zurich Flood Resilience Alliance comprising of repre-
sentatives from the NGO sector, academia, and risk engineering expertise. In this way, the framework balances flexibility
so that it can be implemented collaboratively by community stakeholders, while maintaining enough consistency to
get comparable data with high standard. The outcome of the framework design resulted in the operationalized tool
(FRMT)—an integrated, web-based and mobile device platform for creating questionnaires based on a flexible com-
bination of data collection methods for each of the 88 indicators (sources of resilience), assigning data collection work,
collecting data, undertaking grading ranging from A to D for each source, generating outputs, and storing data on a
(protected) central database (see Fig. 1).

An initial empirical analysis of the FRMT can be found in Campbell et al.'® and an analysis of the resilience char-
acteristics can be found in Laurien et al.'*. In Hochrainer-Stigler et al.> and Laurien et al.' the internal consistency of
the framework and the inter-grader reliability was tested. Here, the characteristics of resilience are linked to disaster
impacts (post-event study) to assess the dynamics between two time periods (baseline and endline measures), as well as
for communities that experienced a flood event over the study period. It should be mentioned that the framework and
analysis presented here are complementary to rather than a replacement for current vulnerability and capacity assess-
ments (for a detailed discussion of resilience and vulnerability see Keating et al.'® and for a vulnerability related analysis
see for example Kreibich et al.*). As mentioned, resilience is a latent construct until an event happens. The sources of
resilience were designed to provide a measure of the capacities in a community to be resilient in the event of a flood. The
post-event studies measure a community’s actual resilience in the event of a flood. As this paper is the first paper to pre-
sent findings from the post-event studies, we give some additional information of the structure of the variables assessed.

The post-event studies are designed to measure the impact of flood events in terms of revealed resilience (level of
losses and time to recovery). Similar to the baseline (BL) and repeated baseline (endline EL) measures of the sources
of resilience, the post-event study is also a holistic measure to evaluate the impacts and effects across the community
functions. Specifically, community post-event studies are structured around seven themes and consists of three control
variables, 19 impact variables and seven action variables (see Keating et al.'®). It is a measure of revealed flood resilience
in the case a flood event occurs in the community. Three types of variables are considered in the post-event studies:
control variables that gauge the severity of the flood itself, impact variables that measure direct and indirect damages, and
action variables that measure actions taken prior, during or after the flood event to mitigate the losses (the specific
questions asked in the baseline and post-event study can be found in Keating et al.'8).
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Figure 1. FRMT data implementation process. [Source: (Laurien et al.'*)].
@ FLOOD
BASELINE STUDY AT TIME 1 POST-EVENT STUDY REPEATED STUDY AT TIME 2
88 SOURCES OF RESILIENCE 29 OUTCOMES AFTER FLOODING 88 SOURCES OF RESILIENCE
Dataset Description Number of communities

Baseline (BL)

Baseline measurement of 88 assigned grades of ‘sources of resilience’ and ‘essential’ community characteristic data | 118

Post-flood impact data based on 26 outcome indicators (if a flood occurred in the community), including flood

Post-event (PE) - . 17
severity information

Endline (EL) Endline measurement which is a repeat of the baseline exercise conducted one to 2 years after the baseline data 68
measurement

Community characteristics (CC) Qualitative data collected on interventions implemented in the community, including timeline of interventions and 118

flood (if it occurred), as well as community, regional, and country characteristics (in total 25 CC)

Table 1. Datasets over time periods and community characteristics used for analysis. Adapted from'*.

Baseline, post-event and endline data. Trained expert assessors review the on-the-ground data collected
from surveys, interviews or third-party sources and assign a grade from A to D for each indicator (i.e., source of resil-
ience or actual resilience indicators). This was done for two time periods, called baseline (BL) and endline (EL). For
those communities which experienced a flood event an additional post-event study (PE) was performed. Hence, the
final database for our analysis consisted of all 88 graded sources of resilience for the BL and EL studies, as well as the 26
post-event (outcome) indicators (plus 3 ungraded indicators) in those communities which experienced a flood event
between the two data collection periods (i.e. between 2016 and 2018). The 88 sources are also summarized (averaged)
into the five capitals (for more details see also Keating et al.'¥). Summarizing, in each community where the FRMT was
implemented the following data was collected (Table 1).

Communities were selected based on a set of criteria including the need for external support, exposure to flood
risk, location of communities within broader river basins as well as willingness to be part of the program (see Supple-
mentary A for more details). It should be mentioned that while the criteria for selecting communities across countries
were similar, the communities vary in regards to several key community characteristics, e.g. communities ranged in
terms of settlement type between urban (20%), peri-urban (30%) and rural (50%) settings®. As of June 2018 (when
the data used for this analysis was downloaded from the system) the FRMT BL had been applied in 118 communities
across 9 countries. Of those, 17 communities had conducted a PE due to a serious flood event and 68 communities
had also completed an EL study. The very resource intensive task for setting up resilience measurement over different
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Figure 2. Comparing BL and EL average grades for the five capitals.

time periods on such detailed level hindered the inclusion of more datapoints for the PE and EL studies. However, our
study is still the only one currently available that can analyze the dynamics of resilience in a globally consistent way.
For example, the data generated from this endeavor already consists of more than 1.2 million responses on the house-
hold and community level, roughly 17,000 source grades and 442 graded resilient outcome variables. For the sake of
comparison and consistency, the report focuses on those communities with completed BL and EL studies, and/or BL
and PE studies. Thus, this paper focuses exclusively on the data collected from 68 communities who completed BL and
EL studies, and the 17 communities who completed BL and PE studies. For static and multivariate statical analyses of
resilience dimensions we refer to Campbell et al.'® and Laurien et al.'*.

Results

Due to the huge output produced during the analysis we frequently refer to the Supplementary for details and focus here
on the main outcomes and give specific examples to provide clarity and to avoid confusion. As indicated, our approach
focuses on 88 sources of resilience grouped into five capitals (see Keating et al.'®). It should be noted that the results
of community resilience measurement presented here were discussed with the experts on the ground to validate the
outcomes as well as provide a narrative for the changes in resilience sources. That is, the NGO partners on the ground
that are collecting the data in the communities have been working in those communities for a number of years. Thus,
the measurements are not taking place in a vacuum but rather are part of a larger program to help build flood resilience
in these communities.

Changes between baseline and endline resilience levels. To start our discussion, Fig. 2 shows the aver-
age grades between baseline and endline studies grouped by the five capitals. Social capital saw the biggest absolute
increase, on average, but no change in the median, pointing to the fact that a few community outliers are driving this
change. Some of the changes can be also partly explained by learning curve effects (e.g. additional training on assessing
natural capital sources was provided between the BL and EL data collections) as well as explicit actions taken to increase
resilience between the BL and EL (e.g. social capital increases due to NGO actions to strengthen social connections).

Additionally, we also found increases in nearly all sources between BL and EL, irrespective of a flood disaster event
occurring. However, the magnitude of increases is quite different across capitals and communities. Furthermore, the
ranges (i.e. minimum and maximum mean grades in each capital) are quite different in the EL compared to the BL. In
the BL the range between the maximum and minimum mean grades is smaller than in the EL, e.g. grades in the financial
capital group in the BL have a minimum mean grade of 0 and a maximum mean grade of 48; in the EL data the range
increases substantially from 0 to 80. The trend is similar for the other capitals (see Fig. 2).

In summary, we indeed find increases for aggregate mean grades, as well as for each of the five capital means and
most of the individual sources of resilience between the BL and EL. Additionally, a larger spread in mean grades for
each capital for the endline is found, indicating higher variation in the endline. This may suggest that all communities
started out relatively similarly but differences in community development and flood risk management interventions, and
increases in experience between the two periods, mean that grades diverged. Thus, while not conclusive, this provides
some evidence of the efficacy of work being done to enhance flood resilience capacity as well as demonstrating the ability
to benchmark and track flood resilience capacity in a consistent and systematic way.

Baseline and post event outcome analysis. Related to the dynamics between the BL and EL is the question
of how the sources may be linked to actual outcomes (impacts) when a flood event occurs (see Table 1). To explore this,
we first looked at the correlations between the capitals and individual sources, as well as the overall grades of the PE.
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Figure 3. Relating the average capital grades with Death and Injury due to flood (O01).

While we acknowledge that correlations do not yet indicate which sources are effective (causal) for flood resilience, it
can demonstrate that some sources and outcomes move together in a systematic way (either positive or negative).

We summarize the findings from this analysis as follows. 75% of the physical capital sources are highly correlated
with at least one resilient outcome; 69% of human capital sources are correlated; 65% of financial capital sources are
correlated; 61% of social capital sources are correlated, and, 33% of natural capital sources are correlated with at least one
resilient outcome variable. Interestingly, social capital, which has the greatest number of sources, has only one source
that has four or more significantly high correlations with resilient outcomes (defined here as a correlation coefficient
larger than 0.6 at the 5% confidence level). Perhaps not surprisingly (because of the link of losses and measurability
of these indicators), financial capital has the most sources that have four or more high and significant correlations.
The fact that there are sources from every capital that have significant and high correlations with outcome measures
demonstrates the importance of measuring a holistic set of capacities for community flood resilience (for a summary
we refer to Supplementary B). We also examined which resilient outcome indicators are most highly correlated with
which sources. From this analysis, we find that many of the outcome measures show up as the most highly correlated
variable with at least one source (see Supplementary C). This again points to the importance of measuring pre-event
(sources) as well as post-event (outcome) characteristics to better understand how they contribute to actual resilience
within a holistic perspective.

Indications of non-linear dynamics. Before moving to the advanced statistical analysis of our data we first
indicate through a visual example, that there are strong indications that outcomes are related to the level of pre-event
resilience in a non-linear way. While the correlations provide a good indication of what capitals are potentially more rel-
evant for an outcome measure than others, the distribution of the capitals against outcomes gives a fuller picture. Visu-
alization of non-linearity through boxplots was found to be especially revealing. As an example, Fig. 3 below shows the
boxplots for each capital separated into the four grades (A-D, or 0, 0.33, 0.66 and 1) for one important resilient outcome
measure— Death and injury due to flood’ (O01). By examining the median and the mean (the line and circle inside the
boxes), it can be seen that the larger the resilience measured in the capitals, the larger a positive outcome observed (100
for the outcome measure means that the maximum possible resilient outcome was achieved—no or very minimal death
and injuries). However, and as already indicated in the correlation analysis outlined above, financial capital in particular
shows a good fit (see corresponding line) indicating that higher financial capital leads to lower death and injury tolls,
however, in a non-linear way suggesting the interaction of other sources of resilience with financial capital is likely criti-
cal for achieving positive resilience outcomes.

As mentioned, we can only make indicative estimates given that there are only 17 PE studies. A backward stepwise
regression analysis shows that financial capital is indeed the most significant variable for Death and injury due to flood
(O01) but financial capital is by no means the most significant one for all outcome measures. For example, for Building
losses and damage (002) the most significant sources are physical capital, for Food security (O09) it is social capital.
This indicates that post-event outcomes are also dependent in regards to the content-related capitals. However, we also
found significant correlations of some outcomes to multiple capitals providing evidence that different types as well as
combinations of content-related capitals are relevant. So far we have not included such multivariate and non-linear
behavior in the analysis. We proceed now with an advanced statistical analysis using the data at hand to gather informa-
tion about this possibility using all information available in the dataset.

Dynamics from baseline to endline given post-events. Because we have communities that did and did not
experienced a flood event, we have a quasi-controlled experiment with which to analyze the changes (called the dynam-
ics) of BL and EL results and compare it to cohorts with and without flood events in the investigation period. Due to
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Cluster name # communities
Cluster 1 | Very poor, struggling rural communities 29
Cluster 2 | Poor but thriving rural communities 51
Cluster 3 | Middle-income urban communities with less frequent flood risk 24
Cluster 4 | Middle-income mixed type communities with more frequent flood risk | 14

Table 2. Typology of community flood resilience'.

space restrictions we focus on financial capital in this section, as it is usually seen as one very important dimension of
resilience (for the other capitals we refer to the Supplementary D). We start with some overall observations. Firstly, it is
worth noting that the mean difference between the BL and EL for financial capital is higher in communities that have
not experienced a flood event, approx. 14.6 (median 9.8, std. deviation 14.5); while in communities that have experi-
enced a flood, the mean difference is approx. 13.3 (median 11.7, std. deviation 11.8). The situation is similar for the other
capitals as well. In other words, compared to the no-flood event communities, the improvements in resilience grades for
flood event communities were much smaller on average. This is an indication that the average increase in the sources
is smaller in flood affected communities, providing support for our hypothesis that floods impact resilience capacities.
However, using a series of parametric and non-parametric simple groups tests for the paired samples we found, that
these differences are not statistically significant. One reason for this could be the large standard deviation and the small
sample size which makes such testing procedures difficult to interpret. More data is needed here for future analysis.

Secondly, some increases in average grades can be explained by action taken between the BL and EL, as well as
learning curve effects of graders. For example, feedback from partners explained that the social capital increases are
likely due to the efforts of the NGOs engaging in the community, both directly via their community capacity building
work, and indirectly through helping to strengthen the social channels through which they work. After social capital, the
second biggest absolute increase was found in natural capital and is substantial across communities. Partners feedback
indicated that it was difficult to find data for natural capital and thus to assess it in detail in the BL. Therefore, additional
training on assessing natural capital took place in April 2017 prior to EL studies. Hence, the increase in natural capital
grades is most likely largely attributable to this training and the results of the Boosted Regression Tree (below) supports
this explanation. Natural capital was unique in that such comments and additional training were not observed for the
other capitals and sources of resilience. Again, more data as well as further studies are needed to fully understand the
multiple and complex relationships between sources of resilience and its measurement over time.

Resilience dynamics over time. To take these considerations into account, i.e. assuming in the case of learning curve
effects they would be the same for all communities as well as that the change in ranges is the same across these com-
munities, our starting point for the Boosted Regression Tree (BRT) analysis is the differences between the average
capital scores of the BL and EL, where a positive/negative score means an increase/decrease in resilience capacity. These
differences are considered as our dependent variables, while the BL capital scores, sources of resilience scores, the PE
outcomes and socioeconomic variables are treated as our independent variables. In total there are 168 variables in the
independent variable candidate set.

It is important to note before proceeding that using all the communities for the boosted regression tree approach
did not result in very good predictive models. This indicates that different resilience indicators, e.g. depending on the
geographical and socioeconomic context, may be relevant for the dynamics of resilience. From a conceptual perspective,
this can be explained because communities are very heterogeneous and it would be unrealistic to assume that the same
dynamics can be observed in all regions and socioeconomic facets. To investigate this matter in more detail, Laurien
et al.™* developed a community typology of flood resilience using the baseline dataset and hypothesized that these
typologies will also be important for the dynamics over time. We therefore followed the findings in Laurien et al."* and
separated the dataset into four community clusters based on resilience levels and socioeconomic characteristics (see
Table 2). As we use a subset of communities used in Laurien et al.'* we checked that the clusters in our dataset are the
same using also the Wald criterion.

In a next step we linked the EL and PE data with the BL in these clusters to empirically test if and in what way differ-
ent dynamics can be observed for each cluster, as suggested by Laurien et al.'%. Using the community clusters in Table 2
we applied the BRT approach and the models’ performance increased significantly compared to the full dataset model.
One interpretation of this result is that different dynamics for each cluster need to be assumed. This finding is important
because it provides empirical support for the hypothesis that communities at different stages of development have dif-
ferent mixes of resilience capacity and therefore resilient capacity will be prioritized differently.

Below we provide some examples using financial capital (the full analysis for all capitals and clusters can be found
in Supplementary D and a summary is presented in Table 3 in the discussion section). Figure 4 (and the Figures in the
Supplementary) shows the 10 most important sources of resilience in terms of influencing the Mean Squared Error of
the given BRT model, i.e., the sources of resilience which showed the best predictive power for explaining the differ-
ences between the BL and EL.

As seen in Fig. 4, the most influential variables for cluster 1 (characterized by socioeconomic condition as very
poor, struggling rural communities) are the relative proportion of middle-income population (by national standards)
and the capacity of ‘appropriate and equitable access to energy’. By comparing it with the cluster description in Table 2
we see a dynamic interaction between poor people who strive for wellbeing-through higher incomes. Other sources
such as financial ones have a very low influence which can be partly explained by the low capacity levels in all cluster 1
communities. In addition, cluster 1 has very little experience in past flood events and therefore it is not very surprising
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Figure 4. The 10 most important variables for cluster 1 and cluster 3 for the best fitted boosted regression tree
model for financial capital.

that outcome variables are less influenced. For cluster 3 (characterized by socioeconomic condition as middle-income
urban communities with less frequent flood risk), we found more influential variables for explaining the changes in
financial capital. For example, we found high explanatory power for the relative population living on social welfare,
social capital in general, the proportion of people working on cultivating land, past flood experience, the continuity of
businesses after an event, financial recovery time, community education rate and (appropriate and equitable) access to
mobility. Again, we can find especially large dependencies of what drives financial capital. In cluster 3 which predomi-
nately consists of urban communities, socioeconomic characteristics (like public financial support) play an important
role to foster financial stability during or after a flood disaster. It is worthwhile to note that no satisfactory BRT model
for Cluster 4 was found, which partly can be explained by the small number of communities within this cluster and
the possibility that for this cluster the dynamics actually do not follow an overall but rather individualistic pattern (as it
also includes the wealthiest communities which have a diverse set of resilience options available). For the other cluster-
capital dynamics and corresponding discussion we refer to the Supplementary Section D. A summary of the findings
is presented in the Table 3 further down below.

Threshold effects in resilience levels. While there are strong indications that different dynamics of resilience need to
be assumed for each cluster, a further important finding from our analysis is that the changes in resilience levels over
time do not occur linearly but rather follow a ‘step’ pattern with specific thresholds. In other words, we found that based
on the results of the BRT models, when a certain resilience capacity level or transformational threshold is reached, we
can expect a triggering of increases in other capitals. To explain this process, we focus here on individual conditional
expectation curves (ICE curves) from the BRT models. The ICE curve in Fig. 5 shows on the y axis how the prediction
(expected value) changes as the variable on the x axis changes under the condition that all other variables remain fixed.
The results are separated into non-centered ICE and centered ICE as the later can highlight heterogeneity in the results
better, e.g. effects going into the opposite direction.

On the left hand side of Fig. 5a, we see that there is a distinct threshold value at 30%: when 30% of the
population fall into the middle-income bracket, we see a large jump in the financial capital delta (on average
20 points). On the right hand side of Fig. 5a, we see that a few lines are showing a small jump into the opposite
direction, however, most of them follow an increase of financial capital after this threshold is reached (i.e. the
results are relatively robust). In Fig. 5b we see a very drastic drop in financial capital delta if 5% or more of the com-
munity population rely on social welfare as their primary source of income. These results as well as in Supplementary
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Figure 5. ICE curves for clusters 1 (a) and 3 (b) for the most influential variable of the best BRT model. The
x axis shows the values of the independent variable and the y axis shows the predicted (expected) change
while conditionally holding all other variables at their original values. The average of the ICE curves (red line)
indicates the average predicted change for the variable value.

D indicate that specific sources of resilience or community characteristics are quite considerably related to an increase
or decrease in capital levels.

Discussion

Table 3 summarizes the overall findings focusing on the number of sources of resilience explaining (and indi-
cating possible substitution effects) these dynamics the most (a threshold of 10% is selected here) and the most
influencing source of resilience, (the detailed description of results can be found in Supplementary D).
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Cluster 1 (poor, rural) Cluster 2 (poor but thriving) Cluster 3 (middle income, semi-urban) Cluster 4 (rich, urban)
o 2 . 2] [d] o

Financial capital i\i/f)lgdle-mcome proportion of the popula- Average of all financial capital sources Sszicaeln‘;aeglga(r)ef the population living on X
. [2] (1] [3]

Natural capital Flood types Average of all natural capital sources Basin level flood controls X
. ) 2] ] (1]

Social capital Proportion of very high income population | Average of all social capital sources Financial recovery X
] 2] [4]

Physical capital Educational attainment Middle-income proportion of the popula- | Functioning and equitable education X

tion system
Human capital B3] 21 (3] X
P Proportion of very high income population | Average of human capital sources Functioning and equitable water services

Table 3. Summary of capitals and cluster related BRT results: each cell shows (i) the total number of sources
found which had a significant predictive power (in square brackets) and (ii) the most important source of
resilience within the best BRT model.

We find that in most cases not one but rather quite a few independent sources are important for different
capitals and clusters. For cluster 1 a high diversity was found in terms of number and types of sources to be impor-
tant. For cluster 2 the changes are very much related with the specific capital forms (e.g. a set of sources within
specific capitals). Cluster 3 again shows quite some diversity and sources related to changes and are again source
specific. As already indicated, for cluster 4 no satisfactory model could be found, indicating that the dynamics
in this cluster are highly individualistic and specific, with no generalizable dynamics.

It should be noted that given the limited number of observations available and the inability of any statistical
model to test causality, the specific sources of resilience which are found to be most important for each cluster
can only be seen as indicative. Furthermore, the changes in resilience level were measured between a couple
of years and long-term changes (e.g. after 3 years or even longer) were not looked at within this study design.
Keeping these limitations in mind, we conclude that we found empirical indications that the overall dynamics of
the sources of resilience are different and very much dependent on specific community characteristics and that
there are threshold effects that show an increase in resilience rather dramatically once reached.

Conclusion

We performed an analysis of the dynamics of resilience based on a standardized community flood resilience
grading approach and corresponding measurement tool applied across the globe for two time periods including
PE studies in case of a flood event. One of the major findings of our research is that building resilience capac-
ity follows a dynamic structure that differs substantially for different types of communities based on their level
of development. This has been theorized in the literature but was shown here empirically including how these
dynamics differ. While data limitations preclude definitive results at this stage and therefore our results should
be considered indicative, they identify new directions for understanding resilience, both from a conceptual as
well as policy and implementation perspective.

Our results indicate that resilience dynamics are context specific, which has important implications regarding
appropriate resilience-building initiatives. From a policy perspective, our analysis leads to reccommendations
regarding the prioritization of specific short- and long-term pathways as communities transition from one to
another cluster type where different dynamics will be important. Our second major finding is that resilience does
not change continuously or smoothly, but rather changes also occur abruptly when a given level of resilience
reaches a specific threshold.

Regarding future work our results have important conceptual, policy and practical/implementation impli-
cations. We demonstrate that measuring resilience in a holistic way is important because there is no single
source of resilience or even capital that is a silver bullet. Furthermore, depending on the level of development,
sources of resilience take on different prioritizations. This means that it is important that policies and interven-
tions are tailor-made rather than done in a broad-brush manner, as the most efficient increase in resilience
through specific implementation of strategies is dependent on the underlying resilience levels and community
characteristics®. Additionally, underlying dynamics may be more complex than previously anticipated and
non-linearities including critical threshold levels'?> may have to be emphasized more strongly to understand the
actual real-world dynamics of resilience and realized risk. In this context it should be noted that our results and
recommendations are based on an analysis of resilience measures 1 to 2 years after a flood event and there is the
question if and how the results relate to long term resilience development. For example, in case of severe flood
events much more time and resources are needed to recover. In this context we suggest to relate our resilience
measurement framework explicitly to comprehensive risk management approaches that can take different risk
realizations into account, either empirically or through advanced modelling approaches such as agent-based
modelling®. Our paper has taken some first steps to contribute to this discussion but more research is needed
to further deepen the understanding.
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Methodology

Our results for the BL and EL as well as the PE analyses are reported in a step by step manner. The analysis
builds the case for a systematic approach for studying flood resilience capacity at the community level. First, we
present an overall picture of the differences between the BL and EL grades and discuss the results from the PE
data analysis. Secondly, we discuss how the BL data can provide indications of which sources of resilience are
important for decreasing the severity of PE outcomes. In doing so, we use classic statistical approaches includ-
ing correlation and linear regression models. Based on these results we thirdly construct different sub-groups
and apply a boosted regression tree (BRT) approach for analyzing the combined effects of BE-PE-EL dynamics
over time (see Fig. 2). This method was selected because it is a state-of-the-art approach for exploring possible
non-linear effects over time that other approaches such as generalized linear models are unable to incorporate.
Due to its importance for our study, we discuss the approach in more detail below and refer to the more classic
statistical techniques used here to the many textbooks available.

Generally speaking, BRTs “can be understood as an additive regression model in which individual terms are
simple trees fitted in a forward, stagewise fashion” (Elith et al.?, p.1). They have several advantages compared
to classic techniques as they (1) can handle complex nonlinear relationships, (2) automatically consider inter-
action effect between the many variables, and (3) incorporate missing data. As the name indicates, the basic
ingredients are regression trees that relate the dependent with the independent variables by including recursive
binary splits, and boosting which is used to combine simple models by an adaptive method to improve predictive
performance. While BRT approaches are complex, corresponding results can be clearly summarized to illustrate
important insights. The predictive performance is also often superior to many traditional modelling methods
(see Elith et al.?®). Limitations of using such an approach can be related to the comparatively time-consuming
and highly resource intensive task of running such models, and the somewhat arbitrary choice of split points
which we circumvent by selecting a very fine scaled search algorithm to increase the robustness of the results.

When utilizing BTR methods, not only the best predictors but also split points are chosen for minimizing
prediction errors. For example, one starts at the top of a tree (i.e. where all observations fall into a single region
or dimension) and successively splits the predictors space into new branches. Importantly, for each step the best
split at that particular region is chosen rather than the split based on the best split for all the next steps (hence it
is sometimes called a ‘top-down, greedy’ approach). The criteria for selecting the split points for each potential
variable can be based on different measures, most often the Mean Squared Error (MSE)—which we also selected
for our analysis. Boosting means that the models, i.e., respective decision trees, are fitted iteratively to the training
data. The main idea is that it is easier to find an average rough rule of thumb(s) rather than a single, highly accu-
rate prediction rule. For example, if one introduces a function representing the loss in predictive performance,
a so-called loss function, boosting can be seen as a numerical optimization technique for minimizing the loss
function by adding, at each step, a new tree that best reduces the value of the loss function. This is done in a step
by step way, i.e. the first regression tree with a given tree size maximally reduces the loss function and for each
following step the focus is then on the residuals, or in other words the remaining variance in the response that
is not yet explained by the model (similar to forward stepwise linear regression approaches).

In our case, the training data was set to be 85% of the total observations and the other 15% were therefore
our out-of-sample testing set. We give some further information especially in terms of robustness in the sen-
sitiviy analysis section and for an introduction to BRT refer to Ridgeway?’, Myles et al.”® and the seminal work
by Elith et al.?.

Sensitivity analysis and limitations

To test the robustness of the BRT results a series of robustness checks were performed. Firstly, we used rand-
omized in and out sampling to test the sensitivity of the results in regard to the training and prediction model.
In other words, we trained 100 models each time randomly selecting (100 iterations of) the observations to be
used for the training sample and each time conducted a grid search in order to find the optimal combination of
hyper parameters corresponding to each iteration. We found that model performance remained constant, without
large deviations of out of sample performance and that the grid search converged to similar hyperparameter
combinations across the 100 models. Secondly, in order to prevent in sample overfitting, each model was trained
using a fivefold cross validation approach, i.e. when evaluating each individual tree we use only a random 80%
subsample of in-sample data, the remaining 20% are used to evaluate if the algorithm is starting to overfit. Similar
to a “leave one out” approach if the algorithm starts to overfit to the “left out” data this indicates that one has
reached the “end” condition. Thirdly, we run each cluster’s data with the BRT model found in the other clusters
in order to check if the other cluster models performed equally well as the one found for the specific cluster. As
aresult, we can say that all results discussed above are significant. Hence, our results can be seen as quite robust
at least in statistical terms.

Additionally, as mentioned above for each of the 100 models for each cluster we performed a separate grid
search in order to find the optimal (best performing in terms of in sample MSE) hyperparameters corresponding
to the specific in—out of sample iteration. These hyper parameters are Bagging, Shrinkage, Minimum observa-
tions and Interaction depth. The Bagging parameter controls the size of the subset of the variables each tree is
allowed to use in its prediction and prevents overfitting. The Shrinkage parameters is the value of the boosting
multiplier, it prevents overshooting in the loss function. The Minimum observations parameter dictates the
minimum number of observations allowed to be split at the end of the tree node. The interaction depth dictates
the maximum complexity each tree can have. The main findings from this computation is firstly that our models
are robust and consistent, secondly that the data within clusters is homogenous and thirdly that models behind
each cluster are different from that of another cluster.
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However, still various limitations of our approach and analysis have to be acknowledged. Most important here
is that while the number of communities as well as distribution over the world are unique, the total number of
observations especially in regard to statistical analysis is small, specifically if the post-event studies are included.
One of the drivers for the inclusion of the post-event studies in the analysis was indeed the hypothesis that if a
flood event occurs in a community, ceteris paribus, the average difference in the resilience sources will be smaller
or even negative than if no flood event occurred. This is based on the assumption that some resilience capacity
is ‘used up’ in the flood event and thus lowers the level. An alternative hypothesis is that sources of resilience
(resilient capacity) could actually be strengthened in a flood event. It was interesting to find that flood events play
a rather minor role in regard to overall resilience level changes between baseline and endline. Again, the number
of observations was small so the results are to be treated with caution. A specific look at some of the outcome
measures as well as the BRT results nevertheless show that flood events rather decrease resilience levels. More
data in the future should provide a clearer picture of these dynamics and corresponding sensitivities.

Received: 20 January 2021; Accepted: 3 August 2021
Published online: 02 September 2021

References
1. CRED/UNISDR. Economic losses, poverty & disasters: 1998-2017. https://www.preventionweb.net/files/61119_credeconomiclos
ses.pdf (2018).
2. UNDRR. Sendai Framework for Disaster Risk Reduction 2015-2030. https://www.preventionweb.net/files/43291_sendaiframework
fordrren.pdf (2015).
3. United Nations. Transforming our world: the 2030 Agenda for Sustainable Development. https://www.un.org/ga/search/view_doc.
asp?symbol=A/RES/70/1&Lang=E (2015).
4. Munich Re. Topics Geo: Natural catastrophes 2017. https://www.munichre.com/en/risks/natural-disasters-losses-are-trending-
upwards.html (2018).
5. Bouwer, L. M. Observed and projected impacts from extreme weather events: implications for loss and damage. In Loss and Dam-
age from Climate Change (eds Mechler, R. et al.) 63-82 (Springer, 2019).
6. Mechler, R. & Bouwer, L. M. Understanding trends and projections of disaster losses and climate change: Is vulnerability the
missing link?. Clim. Change 133, 23-35 (2015).
7. IPCC. Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation (Cambridge University Press,
2012).
8. Linkov, I. & Trump, B. D. The Science and Practice of Resilience (Springer, 2019).
9. Bahadur, A. V, Ibrahim, M. & Tanner, T. The resilience renaissance? Unpacking of resilience for tackling climate change and disasters.
https://opendocs.ids.ac.uk/opendocs/handle/20.500.12413/2368 (2010).
10. Birkmann, J. et al. Scenarios for vulnerability: Opportunities and constraints in the context of climate change and disaster risk.
Clim. Change 133, 53-68 (2015).
11. UNDP. Sustainable Development Goals. https://www.undp.org/sustainable-development-goals (2015).
12. Trump, B. D., Florin, M.-V. & Linkov, I. IRGC Resource Guide on Resilience (Volume 2). https://irgc.org/risk-governance/resilience/
irgc-resource-guide-on-resilience/volume-2/ (2018).
13. Huai, J. Dynamics of resilience of wheat to drought in Australia from 1991-2010. Sci. Rep. 7, 1-11 (2017).
14. Laurien, E et al. A typology of community flood resilience. Reg. Environ. Change 20, 1-14 (2020).
15. Cai, H. et al. A synthesis of disaster resilience measurement methods and indices. Int. J. Disaster Risk Reduct. 31, 844-855 (2018).
16. Keating, A. et al. Operationalizing resilience against natural disaster risk: opportunities, barriers, and a way forward. Zurich Flood
Resilience Alliance (2014).
17. Ganin, A. A. et al. Operational resilience: Concepts, design and analysis. Sci. Rep. 6, 1-12 (2016).
18. Keating, A. et al. Development and testing of a community flood resilience measurement tool. Nat. Hazards Earth Syst. Sci. Discuss.
17, 77-101 (2017).
19. Campbell, K. A. et al. First insights from the flood resilience measurement tool: A large-scale community flood resilience analysis.
Int. J. Disaster Risk Reduct. 40, 101257 (2019).
20. Mahmoud, H. & Chulahwat, A. Spatial and temporal quantification of community resilience: Gotham City under attack. Comput.
Civ. Infrastruct. Eng. 33, 353-372 (2018).
21. Ashley, C. & Carney, D. Sustainable Livelihoods: Lessons from Early Experience (Department for International Development London,
1999).
22. Hassan, E. M. & Mahmoud, H. Healthcare and education networks interaction as an indicator of social services stability following
natural disasters. Sci. Rep. 11, 1-15 (2021).
23. Hochrainer-Stigler, S., Finn, L., Velev, S., Keating, A. & Mechler, R. Standardized disaster and climate resilience grading: A global
scale empirical analysis of community flood resilience. J. Environ. Manag. 276, 111332 (2020).
24. Kreibich, H. et al. Adaptation to flood risk: Results of international paired flood event studies. Earth’s Future 5, 953-965 (2017).
25. Chmutina, K., Lizarralde, G., Dainty, A. & Bosher, L. Unpacking resilience policy discourse. Cities 58, 70-79 (2016).
26. Elith, J., Leathwick, J. R. & Hastie, T. A working guide to boosted regression trees. J. Anim. Ecol. 77, 802-813 (2008).
27. Ridgeway, G. The state of boosting. Comput. Sci. Stat. 172-181 (1999).
28. Myles, A. J., Feudale, R. N, Liu, Y., Woody, N. A. & Brown, S. D. An introduction to decision tree modeling. J. Chemom. A ].
Chemom. Soc. 18, 275-285 (2004).

Acknowledgements

The alliance members who designed and managed the implementation of the Gen 1 tool are the International
Federation of Red Cross and Red Crescent Societies (IFRC), the International Institute for Applied Systems
Analysis (ITASA), the Wharton Business School’s Risk Management and Decision Processes Center (Wharton),
the international development non-governmental organization Practical Action, and Zurich Insurance Group
who are also funding the endeavor.

Author contributions
All authors conceived and designed the research question and contributed material. S.H-S., S.V. and EL. designed
and performed the statistical analysis. All authors contributed writing the paper.

Scientific Reports |

(2021) 11:17625 | https://doi.org/10.1038/s41598-021-96763-0 nature portfolio


https://www.preventionweb.net/files/61119_credeconomiclosses.pdf
https://www.preventionweb.net/files/61119_credeconomiclosses.pdf
https://www.preventionweb.net/files/43291_sendaiframeworkfordrren.pdf
https://www.preventionweb.net/files/43291_sendaiframeworkfordrren.pdf
https://www.un.org/ga/search/view_doc.asp?symbol=A/RES/70/1&Lang=E
https://www.un.org/ga/search/view_doc.asp?symbol=A/RES/70/1&Lang=E
https://www.munichre.com/en/risks/natural-disasters-losses-are-trending-upwards.html
https://www.munichre.com/en/risks/natural-disasters-losses-are-trending-upwards.html
https://opendocs.ids.ac.uk/opendocs/handle/20.500.12413/2368
https://www.undp.org/sustainable-development-goals
https://irgc.org/risk-governance/resilience/irgc-resource-guide-on-resilience/volume-2/
https://irgc.org/risk-governance/resilience/irgc-resource-guide-on-resilience/volume-2/

www.nature.com/scientificreports/

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-021-96763-0.

Correspondence and requests for materials should be addressed to S.H.-S.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021

Scientific Reports |

(2021) 11:17625 | https://doi.org/10.1038/s41598-021-96763-0 nature portfolio


https://doi.org/10.1038/s41598-021-96763-0
https://doi.org/10.1038/s41598-021-96763-0
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Differences in the dynamics of community disaster resilience across the globe
	Resilience measurement and data gathering
	Baseline, post-event and endline data. 

	Results
	Changes between baseline and endline resilience levels. 
	Baseline and post event outcome analysis. 
	Indications of non-linear dynamics. 
	Dynamics from baseline to endline given post-events. 
	Resilience dynamics over time. 
	Threshold effects in resilience levels. 


	Discussion
	Conclusion
	Methodology
	Sensitivity analysis and limitations
	References
	Acknowledgements


