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Abstract
Measuring disaster resilience is a key component of successful disaster risk management
and climate change adaptation. Quantitative, indicator-based assessments are typically
applied to evaluate resilience by combining various indicators of performance into a single
composite index. Building upon extensive research on social vulnerability and coping/adaptive capacity, we first develop an original, comprehensive disaster resilience index (CDRI) at
municipal level across Italy, to support the implementation of the Sendai Framework for
Disaster Risk Reduction 2015–2030. As next, we perform extensive sensitivity and robustness analysis to assess how various methodological choices, especially the normalisation
and aggregation methods applied, influence the ensuing rankings. The results show patterns of social vulnerability and resilience with sizeable variability across the northern and
southern regions. We propose several statistical methods to allow decision makers to
explore the territorial, social and economic disparities, and choose aggregation methods
best suitable for the various policy purposes. These methods are based on linear and nonliner normalization approaches combining the OWA and LSP aggregators. Robust resilience rankings are determined by relative dominance across multiple methods. The dominance measures can be used as a decision-making benchmark for climate change
adaptation and disaster risk management strategies and plans.

Introduction and background
Climate-related disasters can affect safety and well-being of communities. In recent years, climate-related risks have increased as a result of changing climate, unplanned urbanization,
demographic pressures, land-use and land-cover change, biodiversity loss, and eco-system
degradation [1–3]. Reducing climate-related risks and strengthening natural disaster resilience
are major societal challenges demanding a better understanding of complex interactions
between societies, ecosystems and natural hazards under current and future climates. Strategic
measures for monitoring and reporting progress made in disaster risk reduction and enhancing resilience are core elements of disaster risk management and climate change adaptation
[4–7].

PLOS ONE | https://doi.org/10.1371/journal.pone.0221585 September 16, 2019

1 / 23

Constructing a comprehensive disaster resilience index

The UN Sendai Framework for Disaster Risk Reduction 2015–2030 [5] emphasized disaster
resilience at all levels through “the implementation of integrated and inclusive economic,
structural, legal, social, health, educational, environmental, technological, political and institutional measures” that reduce hazard exposure and vulnerability and strengthen resilience. The
Sendai Framework calls for investments for resilience [3,5] and mainstreaming disaster risk
reduction into the sustainable development policies [5,8,9].
The EU strategy on adaptation to climate change calls for integrating adaptation actions
and disaster risk management policies to promote sustainable growth and disaster resilience at
all levels [10]. In 2015, a conference entitled “Building a resilient Europe in a globalized world”
was held by the Joint Research Centre (JRC) and the European Political Strategy Centre
(EPSC) to explore different aspects of disaster resilience across European institutions. As a
result, the Disaster Risk Management Knowledge Centre was launched to strengthen links
between science and policy and enhance risk governance in Europe [11,12].
Previous attempts to measure resilience [13–16] addressed it in the form of networked
social and economic capacities that comprise attributes of different dimensions such as infrastructures, economy, governance and environment [17–24]. Resilience combines preparedness
to hazard strikes, social and economic cohesion and trust for facing disasters and promoting
adaptive capacity and sustainability, by considering resource availability and demographic
characteristics to deal with the post-disaster era [3,14,25]. Resilience focuses on the quality of
life of the people at risk and on developing opportunities to enhance the societal preparedness
and restoration processes [26,27]. Cimellaro et al (2010) defines a disaster resilient community
as the one which can withstand an extreme event, with a tolerable level of loss, and is able to
take (risk) mitigation actions consistent with achieving that level of protection [27]. A detailed
background on the resilience concept is given in the S1 Appendix.
Resilience can be measured with respect to a set of components. Cutter et al. (2014, 2010,
2008) classifies resilient components as ecological, social, economic, organizational, infrastructure
and community competence pillars [14,28,29]. The resilience of ecological systems can be associated with various factors related to biodiversity, redundancies, response diversity, governance
and management policies [30–33]. The social pillar of resilience is influenced by factors related to
communications, risk awareness and preparedness which are closely correlated with a community’s demographic characteristics and its access to resources. Post-disaster property loss and the
effects of business disruption have been stated as the components of the economic pillar, revealing
the operational role of businesses and organizational and institutional entities [34]. Organizational resilience comprises the physical properties of organizations and emergency assets that
guarantee and manage a proper response to disasters [35]. The infrastructure pillar includes the
characteristics of physical systems as well as the degree of interdependency of the infrastructure
construct. Lastly, community competence captures a population’s wellness, quality of life and
emotional health, which indicate how a community will perform before and after disaster strike
[36]. Recently, Parsons et al. (2016) conducted a research on disaster resilience in Australia, focusing on coping and adaptive capacity as the main dimensions of resilience [15]. Accordingly, social
and economic capital, infrastructure and planning, emergency services, community cohesion,
remoteness, information, engagement and governance have been considered as the main components of coping and adaptive capacity for assessing disaster resilience in Australia.
Resilience measurement encompasses several stages known as “tiered approach” [37]. Lowlevel tiers are cost-effective screening assessments of risk reduction actions. Progression to
higher tiers occurs while the risk exceeds acceptable thresholds [37,38]. The tier I assessment
identifies the major social, ecological, economic and technological features of the system and is
often based on indicator assessments or surveys [29,37,39]. The Tier II assessment entails a
dynamic model of the system, and describes the relationships of its components over time and
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space. It employs participatory multi-criteria decision analysis tools such as Resilience Matrix
(stakeholder-driven approach) [40]. Tier III evaluates the interactions among the system’s
components, along with an impact assessment [41]. The outcomes offer a range of potential
performance for several possible futures [37,42,43]. Collective resilience (at national, regional,
provincial and municipal scales) is assessed mostly by means of quantitative indicators and
composite indices (Tier I approach) [15,25,40].
Indicator-based assessments are widely used to assess the relative resilience of geographic
units by aggregating separate indicators into one composite index [16]. Place-based Composite
resilience indices can capture a snapshot of the most important facets involved in promoting
resilience [14]. Baseline resilience indicators for communities (BRIC), disaster resilience of
place (DROP), community disaster resilience index (CDRI) and Foster’s resilience capacity
index (RCI) could be mentioned as the most familiar resilience indices throughout the literature, in assessing resilience at the provincial administrative level, and have been used as a basis
to build upon by various scholars and international agencies [14,16,28,44,45]. Despite the fact
that Italy is highly exposed to natural hazards, very few studies at the Italian scale focus on
disaster resilience indices. Recently, Graziano and Rizzi (2016) have explored the resilience of
the local systems for Italian provinces by using an indicator-based assessment following the
theoretical frameworks conducted by Dallara and Rizzi (2012), Graziano and Provenzano
(2014) and Rizzi and Graziano (2013) [46–49]. It has been stated that to reach more robust
resilience assessments, multi-scalar measurements, including various collective levels (e.g.
regional, provincial and municipal levels), are preferable [13,50,51]. Marzi et al. (2018) argues
that if a composite index is estimated only at a higher administrative or statistical level, the
inherent variability of performance at lower administrative levels will be neglected [52]. In
addition, Hinkel (2011) suggested that the indicator-based assessments are appropriate at local
scale and when systems can be narrowly defined [53]. Hence, the variability of resilience measures at lower scales (e.g. municipal level) should be considered in the decision-making process
to avoid inadequately informed policies [52]. At the municipal administrative level, most of
the indicator-based assessments targeted social vulnerability instead of resilience, including
only socioeconomic and demographic features of resilience [54–57]. Some coping and adaptive capacity elements, such as distance-based accessibility measures, as well as infrastructure
and economic resource variables, are excluded from the aforesaid indices, which are considered as the core elements of disaster resilience.
In this paper, we propose an innovative composite disaster resilience index (CDRI) at the
municipal level for the whole of Italy, that builds upon research on social vulnerability conducted by Italian National Statistical Office (ISTAT) [58]. Subsequently, we perform an extensive sensitivity analysis to explore the influence of methodological choices (such as the choice
of normalization and aggregation methods) and assumptions on the ensuing results. Our
framework embraces features from both Tier I and Tier III approaches. The work developed
in this article is structured as follows: Section 2 explains the methodological framework, the
data preparation and the multivariate analysis performed to narrow down the choice of indicators for the composite index. Section 3 describes the aggregate results at the municipal scale
and presents the outcomes of sensitivity and robustness analysis. Section 4 discusses the results
and section 5 concludes with the main findings.

Data and methodology
Conceptual framework and indicators used
The framework for developing the Composite Disaster Resilience Index (CDRI) is inspired by
Cutter et al. (2014, 2008) [14,28] and Parsons et al. (2016) [15], and comprises services,
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cohesion, economic resources, housing conditions, education, environmental status and institutions. The framework combines indicators for social vulnerability and additional ones
describing accessibility, environment and institutions. The choice of underlying indicators has
been driven by an extensive literature review, and is motivated below:
Access to services. Accessibility (or remoteness) can be interpreted both in terms of coping and adaptive capacity. Distance-decay accessibility (travel time and distance) to emergency
services such as hospitals, fire & rescue stations has been considered also in previous studies
[59–64]. Accessibility can also be embedded in the context of adaptive capacity and sustainable
development. Access to health, education services and other assets plays a crucial role in reducing inequalities and climate resilient pathways [65–67]. In recent resilience discourse, access to
information and communication technologies (ICT) has been considered a vital aspect of the
adaptive cycle needed to cope with emerging threats such as climate change [68]. According to
Bellini & Nesi (2018), smart technologies such as Internet of Everything (IoE) and KnowledgeInformation-Data (KID) are critical resources to develop adaptive capacity components [68].
In Italy, accessibility to essential services such as education, health and mobility is a defining
feature of disadvantaged (also called inner) areas [69]. In our analysis, we use two distance
decay indicators to service centres, and fire and rescue units. Following the methodology
employed in the Strategy for economically disadvantaged (inner) areas [69,70], these indicators are not weighted by population served by service. Figure C in S6 Appendix shows that this
has no, or only minor, effect on the results of our analysis.
Institutions. High institutional quality and governance can ensure effective implementation of emegency planning, as well as climate change adaptation and resilience policies
[28,66,71,72]. Accountability of and trust in institutions and officials is an important element
of organizational resilience [28,73,74]. According to Larsen (2014), a well-functioning democracy is positively correlated with the level of social trust in the system [74]. Hooghe and Stiers
(2016) argue that participation in elections as a representative element of democracy increases
social and political trust regardless of who wins or loses in an election [75]. In the case of Italy,
despite past diffidence, recent trends show that participation generates trust and, as a consequence, confidence in institutions is increasing significantly among the population showing
higher participation rates [76]. In our study, we consider participation rates in elections as a
proxy to evaluate trust in institutions.
According to the World Governance Indicator (WGI) proposed by [77] in the context of
the Knowledge for Change Programme promoted by World Bank, election participation and
endowment of social, economic and health facilities (translated into accessibility indicators in
our study) are considered as the main constituents of the “voice and accountability” and “government effectiveness” criteria of Governance [78]. We have combined them in a single
dimension: “access to services and quality of institutions”.
Housing conditions. Housing conditions and dwellings are referred to as infrastructure
[14,15,25,28]. The quality and occupancy rate of dwellings can affect the degree of physical
damage and vulnerability of the residents in time of disaster shock [55,60,79,80]. Hence,
empowering the elements regarding the housing and dwellings can promote coping capacity
and consequently resilience.
Cohesion. Cohesion increases the ability of communities to ‘bounce back’ in the aftermath of a disaster strike [81,82]. Cohesion refers to a “bond that keeps societies integrated”
[74]. Cohesion comprises economic and social factors such as inclusion, membership and participation in society. Factors driving disparities reduce cohesion and consequently resilience.
Cohesion may comprise demographic elements of disparity, dependencies, turnover and commuting rates [25,83–85]. We considered family structure, age dependencies, gender equality
and commuting as the indicators for cohesion.
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Education. Level of education is often used as a proxy degree of preparedness for dealing
with shocks and reinforces responses [3,15,25,85,86]. Higher education levels have been considered as elements of adaptive capacity that can affect the productivity yields in R&D and
innovation sectors [87–91].
Economic resources. Economic resources play an important role in boosting resilience
and adaptive capacity [66,72,92]. Per capita income, income distribution, poverty rates and
unemployment have been employed to assess economic resources [71,90,91,93,94]. In our
study, we also considered land valuation, which can support emergency response, recovery
and reconstruction after disaster shock [16,95,96].
Environment. Environmental and ecosystem aspects of resilience have been embedded in
the ecological/ecosystem dimension in previous studies [14,28]. According to an IPCC report,
conservation of protected areas and ecological corridors can be important for ecosystem-based
climate adaptation and disaster risk reduction strategies [4]. Expansion and conservation of
protected areas and ecological corridors leads to preserving ecosystem services and ecological
resilience, which are the core elements of green infrastructure planning in Europe [97,98].
Table 1 shows the initial set of resilience indicators classified at individual, household and
community levels. A detailed explanation of the sub-indicators can be found in the S2 Appendix.

Data used
Data was collected from multiple sources, while the main data source was the national 2011
Italian census [99]. Another important data source was the 8milacensus database [100], comprising 99 indicators arranged in historical series from 1951 to 2011. Income data was obtained
from the Department of Finance (2018) [101] and was used to calculate inequality in income
distribution according to the GINI coefficient. We used the GiniWegNeg R package [102] that
makes it possible to estimate Gini-based coefficients for cases that also include negative
incomes. Land values were estimated as cadastral stock and obtained from the Agenzia Entrate
database (2013) [103] at the municipal level and covering the entire Italian territory.
The distances between municipalities centroids is measured by using the TomTom MultiNet road network (2013). The travel time and the total number of commuters travelling
between municipalities have been computed from (or to) a municipality by aggregating the origin (or at the destination) municipality code based upon the commuting matrices for all Italian
municipalities provided by Italian National Statistical Office (ISTAT) [104]. A similar methodology has been used to estimate the matrix of total travelling time and total number of commuters travelling between municipalities and service centres but filtering the destination
municipality codes that are service centres. Service centres are defined as municipalities that
have: a) a full range of secondary schools; b) at least one first level DEA hospital, and; c) at least
one “silver-type” railway station. Data on municipalities hosting essential services were
obtained from Barca et al., 2014. The total number of commuters travelling between municipalities has been used to compute the attraction and containment indices (see S2 Appendix for
a detailed description of the computation of these indices). We applied an analogous procedure to estimate distance and travel time to fire stations and rescue service units. The locations
of fire stations have been obtained from Dipartimento dei Vigili del Fuoco (2009) [105].
The share of protected lands from the total area was estimated on the basis of the extension
of the Special Protection Areas (SPA) and the Sites of Community Importance (SCIs) under
the Natura 2000 Network [106,107]. For the ecological corridors, we used the database developed by the European Environment Agency in the framework of the EU Copernicus programme [108]. The database contains Green Linear Elements (GLE) and structural landscape
elements which act as important dispersion vectors of biodiversity.
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Table 1. Full list of disaster resilience indicators considered for the analysis.
Category

Sub-Category

Code

Indicators

Unit

Source

Year

sub-scale

Access to Services
and quality of
institutions

Public infrastructures and
Trust in Government and
authorities

ACC_1

Distance and travel time
to service centers

MetersMinutes

Inner AreasISTAT-Manual

2012

community
level

decrease

ACC_2

Distance and travel time
to fire brigades

MetersMinutes

Dipartimento dei
Vigili del Fuocco
-Manual

2009

community
level

decrease

INS_1

Election participation

%

Ministero dell’Interno

2016–
2017

community
level

increase

HC_1

Quality rate of dwellings

%

ISTAT-Census

2011

community
level

increase

HC_2

Rate of empty dwellings
over total

%

ISTAT-Census

2011

community
level

increase

HC_3

Index of overcrowded
residences

%

ISTAT-8Mila

2011

household
level

decrease

HC_4

Residential buildings
over total

%

ISTAT-Census

2011

community
level

decrease

COH_1

Index of single parent
families

%

ISTAT-Census

2011

household
level

decrease

COH_2

Index of large families

%

ISTAT-Census

2011

household
level

decrease

COH_3

Index of small families

%

ISTAT-Census

2011

household
level

decrease

COH_4

Index of elderly
dependence

%

ISTAT-8Mila

2011

individual

decrease

COH_5

Old age index

%

ISTAT-8Mila

2011

individual

decrease

COH_6

Index of minor
dependence

%

ISTAT-8Mila

2011

individual

decrease

COH_7

Share of the families with
assistance need

%

ISTAT-8Mila

2011

household
level

decrease

COH_8

Participation in the labor
market—female

%

ISTAT-8Mila

2011

individual

increase

COH_9

Commuting rate for
study or work

%

ISTAT-8Mila

2011

individual

decrease

COH_10 Containment index

%

ISTAT-Census

2011

individual

increase

COH_11 Attraction index

%

ISTAT-Census

2011

individual

decrease

Housing Conditions

Cohesion

Housing condition and
population density

Family structure

Dependencies

Commuters

Education

Environment

Education

Environmental status/
ecosystem protection

Economic Resources Economic capacity and
distribution

Impact on
Resilience

EDU_1

Illiteracy

%

ISTAT-8Mila

2011

individual

decrease

EDU_2

Low education index

%

ISTAT-Census

2011

individual

decrease

EDU_3

High education index

%

ISTAT-Census

2011

individual

increase

ENV_1

Share of the protected
lands

%

Natura 2000 Network

2017

community
level

increase

ENV_2

Share of ecological
corridors

%

Copernicus-Manual

2017

community
level

increase

RE_1

Income

Euros

Ministry of finance

2011

individual

increase

RE_2

GINI index

GINI

Manual

2011

community
level

decrease

RE_3

Unemployment rate

%

ISTAT-Census

2011

community
level

decrease

RE_4

Cadastral stock (property
value)

1000
Euros

Agenzia Entrate

2013

community
level

decrease

RE_5

Share of the families with
potential economic
hardship

%

ISTAT-8Mila

2011

household
level

decrease

https://doi.org/10.1371/journal.pone.0221585.t001
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The missing data was less than 5 percent of the overall sample size (59 out of 8092 municipalities encompassed missing values). Hence, we employed the case deletion method suggested
by OECD (2008). We have identified outliers based on skewness-kurtosis measures [109–113].
Outliers lead to heavy-tailed distributions and may distort basic descriptive statistics such as
mean, standard deviation and correlation [109,114,115]. Recent studies consider indicators
with absolute skewness greater than 2.25 and kurtosis greater than 3.5 as problematic [115].
The descriptive statistics can be found in S3 Appendix. Some of the indicators (listed in
Table A in S3 Appendix) did not meet the skewness-kurtosis criterion and have been transformed by means of Box-Cox transformation. Transformation procedures are widely used in
the literature and employed to construct the most often cited global indices such as the Environmental Performance Index (EPI) and the EU Regional competitiveness Index (RCI) conducted by Yale University (2016) and the European Commission (2017), respectively. We
adopted the Box-Cox transformation to adjust for outliers, in the same way as in Annoni et al.
(2017), to construct the EU Regional Competitiveness Index (RCI). Multicollinearity of the
data was assessed to avoid too high intercorrelations. When multicollinearity exceeds a certain
threshold, standard errors and variances are inflated, possibly biasing the overall results
[109,116]. After performing the multicollinearity test, travel time indicators (ACC1_TT and
ACC2_TT), old age index (COH_5) and containment index (COH_10) were excluded from
the analysis. The detailed description of the Box-Cox transformation and multicollinearity test
and their results can be found in the S3 Appendix.

Analysis
The selected indicators have been normalized to make them comparable to each other [109].
In order to analyse how different normalization procedures can affect the final results, we evaluated three types of normalization methods, namely Adjusted Mazziotta-Pareto (AMP), Topsis, and z-scores standardization. Since the AMP normalization technique has been used in the
social vulnerability index provided by ISTAT, it is considered as the baseline in our analysis.
In order to compare the results with the social vulnerability index, we first construct the
resilience index by using the AMP method. AMP is a hybrid, non-compensatory aggregation
method penalising the compensability among indicators in order to incorporate for possible
trade-offs. The compensability (or compensation degree) denotes trade-offs between higher
performance in some indicators and lower performance in other ones. Additive aggregators
with high degree of compensation may discard significant underperformance in one or more
indicators. For that reason, the compensability should be controlled and the choice of an
aggregator and the degree of compensation should be made through expert judgement elicitation, taking into account the context and scope of the analysis. In the AMPI, the penalization
is addressed by subtracting a component (cvi) from a non-weighted arithmetic mean [117].
However, by using AMPI, the degree of penalization is not explicit and trade-offs among the
indicators cannot be clearly portrayed in terms of degree of compensation. To unequivocally
display the trade-offs with respect to compensability, a spectrum of hybrid methods can be
deployed, such as Fuzzy Gamma, Mean-Min function, and generalized mean, among others.
Since, we are simultaneously incorporating various normalization procedures as part of the
sensitivity analysis, the aggregation must be independent from the type of normalization.
To control the trade-offs during the aggregation process of the indicators, we applied the
ordered weighted average (OWA) operator introduced by Yager (1988) which provides a circumstance in which the degree of compensation can be adjusted and modified [118]. The
OWA operator provides a family of operators, including a maximum (1,0, 0,. . .,0), minimum
(0,0,. . .,1), k-order statistics (kth weight equal to 1 and the rest zero), the arithmetic mean (n1,
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1
n

. . .,n1) and a window type OWA, which takes the average of m components in the center
[119,120]. The weights can be ordered in different ways and distributed, by using either linear
or uniform patterns, as graphically depicted in Figure B in S3 Appendix [121,122]. In order to
evaluate how different weights distributions can affect OWA, different combinations of
weights have been simulated, following either a linear or uniform distribution. In total, 128 different weights combinations have been tested, 65 of which follow a linear function distribution, while the remaining 63 follow uniform weight distributions patterns.
In order to examine the trade-offs, Yager (1988) introduced the degree of ORNESS determining the proximity to the maximum operator for a particular set of weights [120,123]. The
ORNESS index evaluates the extent to which the indicators compensate each other. The
ORNESS equal to 1 shows the highest proximity to a maximum operator indicating full compensative trade-offs (optimistic approach). Contrarily, ORNESS equal to zero indicates the
highest propensity to a minimum operator reflecting perfect complementary behaviour (pessimistic approach). The special case of ORNESS equal to 0.5 determines the highest proximity to
an average (arithmetic mean) operator (additive approach) [124]. The ANDNESS index is a
complement of the ORNESS (ANDNESS + ORNESS = 1), measuring the level of complementarity among the indicators [124–126]. The OWA operator controls the level of compensation
by using a different order of weights. The order of weights corresponding to higher ORNESS
levels indicates a higher degree of compensation and proximity to a maximum operator and
vice versa.
We used the 128 different weight OWA combinations to perform sensitivity-robustness
analysis on the CDRI for each of the three different normalization methods (i.e. AMP, Topsis,
and z-score). The normalization methods are applied using various combinations of OWA
weights (both linear and uniform distributions) reflecting the ORNESS in the range of [0,1].
For sensitivity analysis we also consider the original (not Box-Cox transformed) data. We
employ the relative dominance measure (ρ) developed by Pinar et al. (2014) to identify the
extent of relative dominance of the ith administrative unit across simulations [124]. The ρ
measure takes into account the relationship between administrative units across the simulated
combinations to explore to what extent each unit either dominates or is being dominated by
other units, by taking into account the overall variability of the results. A detailed description
of the normalization techniques, OWA, ORNESS, sensitivity-robustness analysis, and dominance analysis can be found in the S3 Appendix.

Results and discussion
Resilience at municipal scale
The results of the CDRI at the municipal scale are shown in Fig 1 together with the official
social vulnerability index (SVI) published by ISTAT. SVI results show higher values in the
north, moderate values in the centre and low values in the south of Italy. In general, the CDRI
results indicate that the northern and central areas of Italy have higher resilience scores if compared to the SVI results. Fig 2 illustrates the differences among the scores between ISTAT and
CDRI, derived from an AMP analysis. The differences are categorized into three groups: i)
negative differences correspond to municipalities that are worse-off, shifting from social vulnerability (i.e. SVI) to resilience (i.e. CDRI); ii), moderate differences showing no significant
changes, and; iii) positive differences show the areas that are better-off in terms of resilience.
Some negative difference clusters can be identified in Fig 2, mostly located in the Italian
regions of Lombardy, Trentino, Sardinia, Basilicata and Apulia.
While some of the differences between SVI and CDRI indicators are embodied in adaptive
capacity dimension, we use the Marzi et al. (2018) adaptive capacity index to interpret the
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Fig 1. Comparisons between SVI from ISTAT and CDRI derived from AMP analysis. (A) SVI from ISTAT. (B) CDRI. SVI results are inverted (i.e. opposite signal)
to facilitate the visual comparison between the results.
https://doi.org/10.1371/journal.pone.0221585.g001

results. Accordingly, despite sizeable intra-regional variabilities, the northern and central
regions have higher potentials in terms of economy, infrastructures, technology, level of education and institutional quality regarding the original data (before aggregation). Hence, by adding adaptive capacity elements to the social vulnerability dimension, we can observe higher
scores in central and northern Italian territories with respect to the SVI. Since the AMP is a

Fig 2. Degree of differences between SVI from ISTAT and CDRI derived from AMP analysis.
https://doi.org/10.1371/journal.pone.0221585.g002
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non-compensatory approach, the level of under-performance indicators is a determining factor for the outcome of the aggregation process. To clarify the differences, we examine the indicators which may embody lower performance in the areas with higher score variabilities. To
do so, we map the distance-decay-based attributes (travel distance to service centers and fire
brigades) to investigate the variabilities. Fig 3 shows the mapping of the original data regarding
distance-decay based attributes. Accordingly, it can be observed that the variabilities between
two maps are compatible with sizeable differences in the northern territories and the Sardinia
region, as illustrated in Fig 3. It can be inferred that the differences between SVI and CDRI
may be more sensitive to variations in distance-decay-based attributes, as illustrated by the
“travel distance to fire brigades” indicator and shown on the right side of Fig 3.
In order to investigate the correlations between CDRI and each variable, the Pearson correlation coefficient has been calculated [88,109]. The strength of correlations is in the range of
“very weak” to “moderate”—classes defined by [127]–and mostly statistically significant
(p < 0.001) (Table A in S4 Appendix). Therefore, the results are not significantly biased toward
any variable, as the correlations suggest.

Sensitivity and robustness analysis
In order to test the distribution of OWA weights and the corresponding ORNESS and ANDNESS values, we plotted the scores derived from the OWA by using the transformed data normalized by means of the AMP method for all the municipalities (Fig 4). The results show
approximately a linear trend from high ORNESS to high ANDNESS values for both a linear
and a uniform distribution of the weights. There is a complementary trade-off between
ORNESS and ANDNESS values (ANDNESS + ORNESS = 1). The first combination has the
largest weight assigned to minimum value, corresponding to the largest ANDNESS (and lowest ORNESS). By shifting the proximity from a minimum to a maximum value, the ANDNESS
degree diminishes while the ORNESS increases. The graphs validate the assigned spectrum of
OWA weights which are employed to perform the sensitivity analysis.
Next, we applied the same procedure to examine to what extent rankings derived from the
same scores plotted in Fig 4 follow the same trend. Fig 5 displays the ORNESS vs ANDNESS

Fig 3. Mapping the original data regarding distance-decay-based attributes. (A) Travel distance to service centers. (B) Travel distance to fire brigades.
https://doi.org/10.1371/journal.pone.0221585.g003
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Fig 4. ORNESS vs ANDNESS degrees for all the municipalities by using OWA-AMP. (A) Uniform–all the municipalities. (B)
Uniform–municipality 1001. (C) Linear–all the municipalities. (D) Linear–municipality 1001.
https://doi.org/10.1371/journal.pone.0221585.g004

degrees for the rankings related to municipality 1001 (Agliè) derived from the OWA-AMP
scores. The results show that the rankings follow a non-linear spiral trend which makes it difficult to interpret the trade-offs between the rankings and the degree of ORNESS, as different
weight configurations are used for computing the OWA-AMP scored. These results suggest a
strong variability of OWA-AMP scores with respect to weights, and thereby low robustness of
the rankings.
As already explained, by varying the proximity from minimum to maximum values, the
ANDNESS values decrease, and the aggregation imposes a higher degree of compensation
(additivity) between the indicators. Using additive aggregators with a high degree of compensation implies that underperformance with respect to one or more indicators may not be

Fig 5. Rank reversals corresponding to ORNESS variations for various OWA weights derived from the OWA-AMP method
for municipality 1001. (A) Uniform distribution. (B) Linear distribution.
https://doi.org/10.1371/journal.pone.0221585.g005
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Fig 6. Rank reversals corresponding to ORNESS variations for various OWA weights derived from the OWA-AMP method
for all municipalities. (A) Uniform distribution. (B) Linear distribution.
https://doi.org/10.1371/journal.pone.0221585.g006

penalised. However, the level of imbalances plays an important role in the amount of imposed
penalization. The decreasing trend observed in Fig 4 is similar for all the OWA combinations,
but even a slight variation in the slope for different municipalities may result in variant rank
reversals, depending on the endogenous level of imbalances among the indicators for each
municipality. This complexity arises from the iterative score variations exposed to different
OWA weights for different municipalities, and results in a completely chaotic trend, as shown
in Fig 6. The results shown in Fig 6 confirm the strong variability of OWA-AMP scores with
respect to OWA weights, and the low robustness of the rankings.
In the next step, we plot the results derived from the OWA aggregation by using all the possible combinations of OWA weights (Fig 7) for various normalization methods, to analyze the
sensitivity of the aggregation procedure to different normalization methods.
The high, medium and low performances represent the alternatives having scores corresponding to median values of 95th, 50th and 5th percentiles of CDRI respectively, calculated by
using the AMP aggregation. In this way, we can simultaneously involve the alternative performance in the analysis. The results shown in Fig 7 indicate that the level of performance does
not significantly affect the OWA values, while, the application of different normalization techniques may yield substantial alterations in the OWA values (e.g. Box-Cox transformed data
normalized using Topsis and Z-score). Fig 8 displays the boxplot for only a segment of the
OWA-AMP data (Fig 7A), considering the variations among all the municipalities for both linear (top plot) and uniform (bottom plot) distributions (a full set of the cross-sections from various normalizations are provided in the S4 Appendix).
According to Fig 7, applying various normalization methods and transformation yields different results. Cross-comparisons between AMP-BoxCox and AMP-original (Fig 7A and 7B)
show how the transformation flattens the anomalies (jumps and sudden declines) that exist in
the window type OWA section by equalizing the outliers. The OWA results derived from the
AMP and z-score normalized (linear methods) data (Fig 7D) almost follow the same trend: linearly decreasing from high ORNESS to high ANDNESS (except in the range of window type
OWA). Nevertheless, the z-score results show a higher variance among OWA scores between
low and high-performance alternatives in comparison with both AMP and Topsis. This characteristic can be either advantageous or disadvantageous, since in some cases a lower variance
among the results may be preferable. Having results with a higher variance makes it easier to
explicitly present the existing differences to policy-makers. The OWA aggregation using nonlinear Topsis normalized data (Fig 7C) yields a low-pass filter shape signal having constant
results up to a local cut-off, with some fluctuations in the middle and decreasing more or less
linearly after passing the cut-off. This property may be interesting for policy-makers in dealing
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Fig 7. OWA scores derived from various types of normalized data for different combination of weights (ORNESS variations).
(A) Box-Cox transformed data normalized using AMP. (B) Original data normalized using AMP. (C) Box-Cox transformed data
normalized using Topsis. (D) Box-Cox transformed data normalized using Z-score.
https://doi.org/10.1371/journal.pone.0221585.g007

with extreme cases with a high range of compensability. Topsis provides policy-makers with
more precise and meaningful information on discontinuities and local minima. Nevertheless,
the variance among the low, medium and high performances are very low (Figure A in S4
Appendix), makes it difficult to visually detect the variabilities.
To sum up, the sensitivity and robustness analyses show that the coupling of the variations
in normalization and aggregation methods, and different weight configurations, results in outcomes that may be significantly different, a result that pinpoints the importance of policy-makers of paying close attention to the methodology used for the developing of composite indices.
Moreover, depending on the type of policy application and the interest of decision- makers, a
certain set of solutions are available, which are introduced in this study. However, even if the
results presented and discussed in this paper are so far interesting and promising, further
investigation is needed in order to provide robust rankings of the municipalities estimated by
means of OWA, if we considering the relative dominance of the municipalities across the simulation. The results of a dominance analysis could be more informative and bring additional
insight to identifying relative resilience measures across the municipalities. Fig 9 illustrates the
standardized relative dominance scores for Italian municipalities. While this figure considers
the total variability of resilience scores, it summarizes all methodological choices addressed in
our analysis into a single map. The relative dominance results show a clear north-to-south pattern; in the northern Italian territory, the relative dominance is high, indicating higher resilience against disasters, while the southern Italian territory shows the opposite results.
However, some areas within the macro Italian regions present contrasting behavior; for
instance, some municipalities in the provinces of Alto Adige and Brescia show low relative
dominance, even if they are located in the northern part of Italy, while municipalities in the
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Fig 8. Section of OWA scores derived from AMP normalized data for a different combination of weights for all
the municipalities. (A) Linear. (B) Uniform.
https://doi.org/10.1371/journal.pone.0221585.g008

provinces of Matera and Salerno show high relative dominance values, even if located in the
southern part of Italy. The analysis can be further extended by using extra models designed by
different normalization, weighting and aggregation schemes.
An analogous robustness analysis can be performed by using other aggregators, such as
Logic Scoring of Preference (LSP). In order to provide additional insights, we performed the
same procedure by using the LSP method with variant compensation degrees discussed in
detail in the S5 Appendix.

Conclusion
Enhancing disaster resilience is a critical goal of disaster risk reduction and climate change
adaptation policies that requires an in-depth understanding of the complex interactions
between societies, ecosystems and hazards. Resilience is built up through multiple features,
including effective preparedness, risk mitigation, recovery, transformations strengthening
social and economic cohesion and trust. Quantitative indicator-based assessments are typically
applied to measure resilience by combining multiple performance attributes into composite
indices. We describe an original methodological framework used to develop a comprehensive
composite municipal disaster resilience index for Italy, and evaluate how multiple
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Fig 9. Relative dominance scores derived from 512 OWA configurations.
https://doi.org/10.1371/journal.pone.0221585.g009

methodological choices influence the ensuing results. Our analysis is one of the first attempts
to measure resilience at municipal scale, by combining a range of social, economic and environmental features. Our analysis underscores the importance of analysing how robust the
scores of a composite index are with respect to the choices of underlying indicators and the
degree of compensation allowed by the aggregation methods used. The frameworks such as
ours are increasingly important to monitor, report and evaluate (MRE) progress made towards
achieving the objectives of the multilateral international agreements such as the Sendai Framework on DRR and the Paris Agreement on climate change [128].
Our analysis builds upon vast research on social vulnerability, and extends the index developed by the Italian National Statistical Office (ISTAT) to include additional original features
related to coping and adaptive capacity. We apply advanced normalization and aggregation
procedures accompanied by thorough sensitivity and robustness analysis. The choice of indicators used, and their transformations exploit the insights from a mainstream literature review
on resilience and multivariate statistical analysis. We first estimate the resilience by using an
analogous method to that applied by ISTAT, to be able to compare both indices. Next, we performed a sensitivity analysis by coupling various normalization schemes combined by means
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of OWA operators with a variant set of weights corresponding to different degrees of compensability. Finally, to measure how robust the ensuing resilience scores are, we have estimated
the relative dominance of the municipal rankings over all alternative computation scheme of
the composite index.
The latter part entails the most original contribution of our analysis. The ranking of how
resilient the Italian municipalities are determined by dominance measures across the multiple
aggregation models and configuration of weights. In doing so we reduce the uncertainty introduced through a spectrum of methodological choices. Our framework embraces some characteristics from Tier I and Tier III approaches. We demonstrate a range of statistical methods
that allow decision makers to explore the territorial, social and economic disparities, and
choose aggregation methods best suitable for the various policy purposes. These methods are
based on linear and non-liner normalization approaches combining the OWA and LSP aggregators. Robust resilience rankings are determined by relative dominance across multiple methods. Ideally, the dominance measures can be used as a decision-making benchmark for climate
change adaptation and disaster risk management strategies and plans. The proposed methodology reduces the costs and time needed to perform Monte Carlo simulations. As concluded
by Bakkensen et al. (2017), it is difficult to validate measures of resilience for infrequent events
where specific community and disaster conditions are never exactly the same [16]. However, it
is possible to explore how sensitive are the scores of composite indices to methodological
choices and assumptions, and clearly communicate the implications of these choices. Our
framework.
Our results show considerable variability in the scores derived from an Adjusted MazziottaPareto (AMP) analysis. The municipalities that are left worse-off when turning from social vulnerability to resilience measurements can be observed in the northern regions and Sardinia.
Because these results are obtained from a non-compensatory AMP operator, the differences
are mostly driven by indicators with performance close to minimum. Depending on the type
of policy application and the interest of decision-makers, a certain set of solutions are introduced in this study. For instance, the OWA scores derived from z-score normalized data can
better illustrate the disparities among the alternatives with different performance levels. On
the other hand, The OWA scores derived from TOPSIS normalized data can provide more
precise and meaningful information on discontinuities and local minima which can be more
informative while dealing with extreme cases.
Any research on composite indices should indicate whether the metrics applied can be replicated in other places, or are relevant only for a given region, scale or types of hazards. Our
framework is replicable, adaptable and extensible. For instance, the service centers and the distance-decay indicators we have used in our analysis may be designed differently in other countries or regions. The framework can also be further extended to include resilience matrix
embracing other physical, social or knowledge- (or innovation-) subcomponents and disaster
risk management stages [40], and is amendable to community participatory approaches. However, our framework suffers from limitations that are common across the research on indicator-based assessments, such as the limited consistency across geographic scales/administrative
levels. Some of these limitations can be overcome methodologically, as we did by focusing on
the sensitivity and robustness analyses. For instance, information on the robustness of the
rankings can be estimated by means of OWA, if we consider limited (five) performance levels
only (e.g. very good, good, average, bad and very bad). From among a variety of possible aggregation methods, we have used an OWA operator. Further research may focus on other aggregators, such as fuzzy t-norms and t-conorms, yielding additional insights. Indicator-based
assessment using panel (time-series) data may reveal how resilience changes over time in
response to major investments in disaster risk reduction.
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Breil M, Downing C, Kazmierczak A, Mäkinen K, Romanovska L. Social vulnerability to climate change
in European cities–state of play in policy and practice [Internet]. Bologna; 2018. https://doi.org/10.
25424/CMCC/SOCVUL_EUROPCITIES

9.

Mysiak J, Surminski S, Thieken A, Mechler R, Aerts J. Brief communication: Sendai framework for
disaster risk reduction—Success or warning sign for Paris? Nat Hazards Earth Syst Sci. 2016; https://
doi.org/10.5194/nhess-16-2189-2016

10.

EC. An EU Strategy on adaptation to climate change COM (2013) [Internet]. Brussels; 2013. Available:
http://ec.europa.eu/transparency/regdoc/rep/1/2013/EN/1-2013-216-EN-F1-1.Pdf

11.

EC. Building a resilient Europe in a globalised world [Internet]. Brussels; 2015. Available: https://ec.
europa.eu/jrc/sites/jrcsh/files/jrc-building-resilient-europe-summary-report_en.pdf

12.

DRMKC. European Commision. Disaster Risk Management Knowledge Centre [Internet]. 2017 [cited
7 Aug 2018]. Available: https://drmkc.jrc.ec.europa.eu/

13.

Frazier TG, Thompson CM, Dezzani RJ, Butsick D. Spatial and temporal quantification of resilience at
the community scale. Appl Geogr. 2013; 42: 95–107. https://doi.org/10.1016/J.APGEOG.2013.05.004

14.

Cutter SL, Ash KD, Emrich CT. The geographies of community disaster resilience. Glob Environ
Chang. 2014; 29: 65–77. https://doi.org/10.1016/J.GLOENVCHA.2014.08.005

15.

Parsons M, Glavac S, Hastings P, Marshall G, McGregor J, McNeill J, et al. Top-down assessment of
disaster resilience: A conceptual framework using coping and adaptive capacities. Int J Disaster Risk
Reduct. 2016; 19: 1–11. https://doi.org/10.1016/j.ijdrr.2016.07.005

16.

Bakkensen LA, Fox-Lent C, Read LK, Linkov I. Validating Resilience and Vulnerability Indices in the
Context of Natural Disasters. Risk Anal. 2017; 37: 982–1004. https://doi.org/10.1111/risa.12677
PMID: 27577104

17.

Sherrieb K, Louis CA, Pfefferbaum RL, Betty Pfefferbaum JD, Diab E, Norris FH. Assessing community resilience on the US coast using school principals as key informants. Int J Disaster Risk Reduct.
2012; 2: 6–15. https://doi.org/10.1016/J.IJDRR.2012.06.001

18.

Sherrieb K, Norris FH, Galea S. Measuring Capacities for Community Resilience. Soc Indic Res.
2010; 99: 227–247. https://doi.org/10.1007/s11205-010-9576-9

19.

Tierney K. Disaster Governance: Social, Political, and Economic Dimensions. Annu Rev Environ
Resour. 2012; 37: 341–363. https://doi.org/10.1146/annurev-environ-020911-095618

20.

Aldrich DP. Building resilience: social capital in post-disaster recovery. Chicago: University of Chicago Press; 2012.

21.

Rose A. Economic resilience to natural and man-made disasters: Multidisciplinary origins and contextual dimensions. Environ Hazards. 2007; 7: 383–398. https://doi.org/10.1016/j.envhaz.2007.10.001

22.

Alawiyah T, Bell H, Pyles L, Runnels RC. Spirituality and Faith-Based Interventions: Pathways to
Disaster Resilience for African American Hurricane Katrina Survivors. J Relig Spiritual Soc Work Soc
Thought. 2011; 30: 294–319. https://doi.org/10.1080/15426432.2011.587388

23.

Khazai B, Anhorn J, Burton CG. Resilience Performance Scorecard: Measuring urban disaster resilience at multiple levels of geography with case study application to Lalitpur, Nepal. Int J Disaster Risk
Reduct. 2018; 31: 604–616. https://doi.org/10.1016/J.IJDRR.2018.06.012

24.

Bates S, Angeon V, Ainouche A. The pentagon of vulnerability and resilience: A methodological proposal in development economics by using graph theory. Econ Model. 2014; 42: 445–453. https://doi.
org/10.1016/J.ECONMOD.2014.07.027

25.

Beccari B. A Comparative Analysis of Disaster Risk, Vulnerability and Resilience Composite Indicators. PLoS Curr. 2016; https://doi.org/10.1371/currents.dis.453df025e34b682e9737f95070f9b970
PMID: 27066298

PLOS ONE | https://doi.org/10.1371/journal.pone.0221585 September 16, 2019

18 / 23

Constructing a comprehensive disaster resilience index

26.

Smith N., O’Keefe P. Geography, max and the concept of nature. In: Agnew J, Livingstone D, Roger
A, editors. Human geography: an essential anthology. Blackwell Publishing; 1996. pp. 283–95.

27.

Cimellaro GP, Reinhorn AM, Bruneau M. Framework for analytical quantification of disaster resilience.
Eng Struct. 2010; 32: 3639–3649. https://doi.org/10.1016/J.ENGSTRUCT.2010.08.008

28.

Cutter SL, Barnes L, Berry M, Burton C, Evans E, Tate E, et al. A place-based model for understanding
community resilience to natural disasters. Glob Environ Chang. 2008; 18: 598–606. https://doi.org/10.
1016/J.GLOENVCHA.2008.07.013

29.

Cutter SL, Burton CG, Emrich CT. Disaster Resilience Indicators for Benchmarking Baseline Conditions. J Homel Secur Emerg Manag. 2010;7. https://doi.org/10.2202/1547-7355.1732

30.

Adger WN, Vincent K. Uncertainty in adaptive capacity. Comptes Rendus Geosci. 2005; 337: 399–
410. https://doi.org/10.1016/j.crte.2004.11.004

31.

Folke C. Resilience: The emergence of a perspective for social–ecological systems analyses. Glob
Environ Chang. 2006; 16: 253–267. https://doi.org/10.1016/J.GLOENVCHA.2006.04.002

32.

Brenkert AL, Malone EL. Modeling Vulnerability and Resilience to Climate Change: A Case Study of
India and Indian States. Clim Change. 2005; 72: 57–102. https://doi.org/10.1007/s10584-005-5930-3

33.

Adger WN. Vulnerability. Glob Environ Chang. 2006; 16: 268–281. https://doi.org/10.1016/J.
GLOENVCHA.2006.02.006

34.

Rose A. Economic resilience to disasters: toward a consistent and comprehensive formulation. In:
Paton D, Johnston D, editors. Disaster resilience: An integrated approach. Springfield, IL: Charles C.
Thomas; 2006. pp. 275–303.

35.

Tierney K, Bruneau M. Conceptualizing and measuring resilience: a key to disaster loss reduction. TR
News. 2007; 14–17. Available: https://trid.trb.org/view/813539

36.

Norris FH, Stevens SP, Pfefferbaum B, Wyche KF, Pfefferbaum RL. Community Resilience as a Metaphor, Theory, Set of Capacities, and Strategy for Disaster Readiness. Am J Community Psychol.
2008; 41: 127–150. https://doi.org/10.1007/s10464-007-9156-6 PMID: 18157631

37.

Linkov I, Fox-Lent C, Read L, Allen CR, Arnott JC, Bellini E, et al. Tiered Approach to Resilience
Assessment. Risk Anal. 2018; 38: 1772–1780. https://doi.org/10.1111/risa.12991 PMID: 29694670

38.

USEPA. Risk assessment forum white paper: Probabilistic risk assessment methods and case studies. EPA/100/R-09/001A. Washington, DC: Risk Assessment Forum, Office of the Science Advisor,
USEPA; 2014.

39.

Williams PR, Nolan M, Panda A. Disaster resilience scorecard for cities. UNISDR. 2014; Available:
https://www.unisdr.org/2014/campaign-cities/Resilience%25%0A20Scorecard%2520V1.5.pdf

40.

Linkov I, Trump BD. The Science and Practice of Resilience [Internet]. Cham: Springer International
Publishing; 2019. https://doi.org/10.1007/978-3-030-04565-4

41.

Moser SC, Ekstrom JA. A framework to diagnose barriers to climate change adaptation. Proc Natl
Acad Sci U S A. 2010; 107: 22026–31. https://doi.org/10.1073/pnas.1007887107 PMID: 21135232

42.

Schultz MT, Smith ER. Assessing the Resilience of Coastal Systems: A Probabilistic Approach. J
Coast Res. 2016; 321: 1032–1050. https://doi.org/10.2112/JCOASTRES-D-15-00170.1

43.

Gao J, Barzel B, Barabási A-L. Universal resilience patterns in complex networks. Nature. 2016; 530:
307–312. https://doi.org/10.1038/nature16948 PMID: 26887493

44.

Foster K. In search of regional resilience. In: Weir M, Pindus N, Wial H, Wolman H, editors. Building
Regional Resilience: Urban and Regional Policy and Its Effects. Washington, DC: Brookings Institute
Press; 2012.

45.

Peacock W, Brody S, Seitz W, Merrell W, Vedlitz A, Zahran S, et al. Advancing Resilience of Coastal
Localities: Developing, Implementing, and Sustaining the Use of Coastal Resilience Indicators: A Final
Report. Hazard Reduction and Recovery Center. 2010.

46.

Graziano P, Rizzi P. Vulnerability and resilience in the local systems: The case of Italian provinces. Sci
Total Environ. 2016; 553: 211–222. https://doi.org/10.1016/j.scitotenv.2016.02.051 PMID: 26925733

47.

Graziano P, Provenzano V. Rischio, vulnerabilità e resilienza territoriale: il caso delle province italiane.
In: Mazzola F, Musolino D, editors. no, P, Provenzano, V, 2014 Rischio, vulnerabilità e resilienza territoriale: il caso delle province itaReti, nuovi settori e sostenibilità Prospettive per l’analisi e le politiche
regionali. Milano: Franco Angeli; 2014. pp. 243–270.

48.

Rizzi P, Graziano P. Vulnerabilità e resilienza in Emilia Romagna. Ecoscienza. 2013; 6: 17–19.

49.

Dallara A, Rizzi P. Geographic Map of Sustainability in Italian Local Systems. Reg Stud. 2012; 46:
321–337. https://doi.org/10.1080/00343404.2010.504703

50.

Neil Adger W, Arnell NW, Tompkins EL. Successful adaptation to climate change across scales. Glob
Environ Chang. 2005; 15: 77–86. https://doi.org/10.1016/J.GLOENVCHA.2004.12.005

PLOS ONE | https://doi.org/10.1371/journal.pone.0221585 September 16, 2019

19 / 23

Constructing a comprehensive disaster resilience index

51.

Birkmann J. Risk and vulnerability indicators at different scales: Applicability, usefulness and policy
implications. Environ Hazards. 2007; 7: 20–31. https://doi.org/10.1016/J.ENVHAZ.2007.04.002

52.

Marzi S, Mysiak J, Santato S. Comparing adaptive capacity index across scales: The case of Italy. J
Environ Manage. 2018; 223: 1023–1036. https://doi.org/10.1016/j.jenvman.2018.06.060 PMID:
30096743

53.

Hinkel J. “Indicators of vulnerability and adaptive capacity”: Towards a clarification of the science–policy interface. Glob Environ Chang. 2011; 21: 198–208. https://doi.org/10.1016/J.GLOENVCHA.2010.
08.002

54.

Roder G, Sofia G, Wu Z, Tarolli P, Roder G, Sofia G, et al. Assessment of Social Vulnerability to
Floods in the Floodplain of Northern Italy. Weather Clim Soc. 2017; 9: 717–737. https://doi.org/10.
1175/WCAS-D-16-0090.1

55.

Frigerio I, Carnelli F, Cabinio M, De Amicis M. Spatiotemporal Pattern of Social Vulnerability in Italy.
Int J Disaster Risk Sci. 2018; 1–14. https://doi.org/10.1007/s13753-018-0168-7

56.

Frigerio I, Ventura S, Strigaro D, Mattavelli M, De Amicis M, Mugnano S, et al. A GIS-based approach
to identify the spatial variability of social vulnerability to seismic hazard in Italy. Appl Geogr. 2016; 74:
12–22. https://doi.org/10.1016/J.APGEOG.2016.06.014

57.

ISTAT. Indice di vulnerabilità sociale e materiale. In: ISTAT [Internet]. 2018 [cited 16 Aug 2018]. Available: http://ottomilacensus.istat.it/documentazione/

58.

ISTAT. L ‘indice di vulnerabilità sociale e materiale [Internet]. 2017. Available: http://ottomilacensus.
istat.it/fileadmin/download/Indice_di_vulnerabilità_sociale_e_materiale.pdf

59.

Fernandez P, Mourato S, Moreira M. Social vulnerability assessment of flood risk using GIS-based
multicriteria decision analysis. A case study of Vila Nova de Gaia (Portugal). Geomatics, Nat Hazards
Risk. 2016; 7: 1367–1389. https://doi.org/10.1080/19475705.2015.1052021

60.

Aroca-Jimenez E, Bodoque J, Garcia J. Construction of an Integrated Social Vulnerability Index in
urban areas prone to flash flooding. Nat Hazards Earth Syst Sci. 2017; 17: 1541. https://doi.org/10.
5194/nhess-17-1541-201

61.

Fekete A. Validation of a social vulnerability index in context to river-floods in Germany. Nat Hazards
Earth Syst Sci. 2009; 9: 393–403. https://doi.org/10.5194/nhess-9-393-2009

62.

Kienberger S, Contreras D, Zeil P. Spatial and Holistic Assessment of Social, Economic, and Environmental Vulnerability to Floods—Lessons from the Salzach River Basin, Austria. Assess Vulnerability
to Nat Hazards. 2014; 53–73. https://doi.org/10.1016/B978-0-12-410528-7.00003–5

63.

Carreño M-L, Cardona OD, Barbat AH. Urban Seismic Risk Evaluation: A Holistic Approach. Nat Hazards. 2007; 40: 137–172. https://doi.org/10.1007/s11069-006-0008-8

64.

Haddow GD, Bullock JA, Coppola DP. Introduction to Emergency Management. Butterworth-Heinemann. Burlington, MA; 2011.

65.

UNDP. Sustainable Development Goals [Internet]. 2017 [cited 10 Apr 2017]. Available: http://www.
undp.org/content/undp/en/home/sustainable-development-goals/goal-16-peace-justice-and-stronginstitutions/targets/

66.

ESPON. ESPON CLIMATE-Climate Change and Territorial Effects on Regions and Local Economies.
2011;

67.

Denton F, Wilbanks TJ, Abeysinghe AC, Burton I, Gao Q, Lemos MC, et al. Climate-resilient pathways: adaptation, mitigation, and sustainable developmen. In: Field CB, Barros VR, Dokken DJ, Mach
KJ, Mastrandrea M.D. Bilir TE, Chatterjee M, et al., editors. Climate Change 2014: Impacts, Adaptation, and Vulnerability Part A: Global and Sectoral Aspects Contribution of Working Group II to the
Fifth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge, United
Kingdom and New York, NY, USA: Cambridge University Press; 2014. pp. 1101–113. Available:
https://www.ipcc.ch/pdf/assessment-report/ar5/wg2/WGIIAR5-Chap20_FINAL.pdf

68.

Bellini E, Nesi P. Exploiting Smart Technologies to Build Smart Resilient Cities. Routledge Handbook
of Sustainable and Resilient Infrastructure. 1st ed. Routledge; 2018. https://doi.org/10.4324/
9781315142074-35

69.

Barca F, Casavola P, Lucatelli S. A strategy for Inner Areas in Italy: definition, objectives, tools and
governance. Mater Uval Ser. 2014;31. Available: http://www.agenziacoesione.gov.it/opencms/export/
sites/dps/it/documentazione/servizi/materiali_uval/Documenti/MUVAL_31_Aree_interne_ENG.pdf

70.

ENRD. Strategy for Inner Areas Italy. In: European Network for Rural Development [Internet]. 2018.
Available: https://enrd.ec.europa.eu/sites/enrd/files/tg_smart-villages_case-study_it.pdf

71.

Smit B, Pilifosova O. Adaptation to climate change in the context of sustainable development and
equity. Sustain Dev. 2003;8. Available: http://www.start.org/Program/advanced_institute3_web/
download/Smit_etal_IPCCwg2_ch18.pdf

PLOS ONE | https://doi.org/10.1371/journal.pone.0221585 September 16, 2019

20 / 23

Constructing a comprehensive disaster resilience index

72.

Bowen A, Cochrane S, Fankhauser S. Climate change, adaptation and economic growth. Clim
Change. 2012; 113: 95–106. https://doi.org/10.1007/s10584-011-0346-8

73.

Rufat S, Tate E, Burton CG, Maroof AS. Social vulnerability to floods: Review of case studies and
implications for measurement. Int J Disaster Risk Reduct. 2015; 14: 470–486. https://doi.org/10.1016/
J.IJDRR.2015.09.013

74.

Larsen CA. Social cohesion: Definition, measurement and developments. Inst Statskundskab, Aalborg Univ. 2014; Available: http://www.forskningsdatabasen.dk/en/catalog/2262055869

75.

Hooghe M, Stiers D. Elections as a democratic linkage mechanism: How elections boost political trust
in a proportional system. Elect Stud. 2016; 44: 46–55. https://doi.org/10.1016/J.ELECTSTUD.2016.
08.002

76.

Diamanti I. Rapporto gli italiani e lo stato [Internet]. 2017 [cited 20 Aug 2018]. Available: http://www.
demos.it/rapporto.php

77.

Kaufmann D, Kraay A, Mastruzzi M. The Worldwide Governance Indicators: Methodology and Analytical Issues. Hague J Rule Law. 2011; 3: 220–246. https://doi.org/10.1017/S1876404511200046

78.

Nifo A, Vecchione G. Do institutions play a role in skilled migration? The case of Italy. Reg Stud. 2014;
48: 1628–1649. https://doi.org/10.1080/00343404.2013.835799

79.

Ludy J, Kondolf GM. Flood risk perception in lands “protected” by 100-year levees. Nat Hazards.
2012; 61: 829–842. https://doi.org/10.1007/s11069-011-0072-6

80.

Flanagan BE, Gregory EW, Hallisey EJ, Heitgerd JL, Lewis B. A Social Vulnerability Index for Disaster
Management. J Homel Secur Emerg Manag. 2011;8. https://doi.org/10.2202/1547-7355.1792

81.

Townshend I, Awosoga O, Kulig J, Fan H. Social cohesion and resilience across communities that
have experienced a disaster. Nat Hazards. 2015; 76: 913–938. https://doi.org/10.1007/s11069-0141526-4

82.

Patel RB, Gleason KM. The association between social cohesion and community resilience in two
urban slums of Port au Prince, Haiti. Int J Disaster Risk Reduct. 2018; 27: 161–167. https://doi.org/10.
1016/J.IJDRR.2017.10.003

83.

Vandermotten C, Van Hamme G. Research for REGI Committee–Indicators in Cohesion Policy [Internet]. European Parliament, Policy Department for Structural and Cohesion Policies. Brussels; 2017.
Available: http://www.bbc.com/persian

84.

Appleby-Arnold S, Brockdorff N, Jakovljev I, Zdravković S. Applying cultural values to encourage
disaster preparedness: Lessons from a low-hazard country. Int J Disaster Risk Reduct. 2018; 31: 37–
44. https://doi.org/10.1016/J.IJDRR.2018.04.015

85.

Thomas DSK, Phillips BD, Lovekamp WE, Fothergill A. Social Vulnerability to Disasters [Internet].
2nd ed. Boca Raton: CRC Press; 2013. https://doi.org/10.1201/b14854

86.

Frigerio I, De Amicis M. Mapping social vulnerability to natural hazards in Italy: A suitable tool for risk
mitigation strategies. Environ Sci Policy. 2016; 63: 187–196. https://doi.org/10.1016/J.ENVSCI.2016.
06.001

87.

Araya-Muñoz D, Metzger MJ, Stuart N, Wilson AMW, Alvarez L. Assessing urban adaptive capacity to
climate change. J Environ Manage. 2016; 183: 314–324. https://doi.org/10.1016/j.jenvman.2016.08.
060 PMID: 27604755

88.

De Groeve T, Poljansek K, Vernaccini L. Index for Risk Management—INFORM. JRC Sci Policy
Reports—Eur Comm. 2015; 96. https://doi.org/10.2788/636388

89.

Juhola S, Kruse S. A framework for analysing regional adaptive capacity assessments: challenges for
methodology and policy making. Mitig Adapt Strateg Glob Chang. 2015; 20: 99–120. https://doi.org/
10.1007/s11027-013-9481-z

90.

Annoni P, Dijkstra L, Gargano N. EU Regional Competitiveness Index 2016 [Internet]. European Commission; 2017. Report No.: WP 02/2017. Available: http://ec.europa.eu/regional_policy/sources/
docgener/work/201701_regional_competitiveness2016.pdf

91.

World Economic Forum. The Global Competitiveness Report 2017–2018 [Internet]. Geneva; 2017.
Available: https://www.weforum.org/reports/the-global-competitiveness-report-2017-2018

92.

Sietchiping R. Applying an index of adaptive capacity to climate change in north-western Victoria, Australia. Appl GIS. 2006; 2: 1–16. Available: http://www.epress.monash.edu/ag/ag060016.pdf

93.

Tol RSJ, Yohe GW. The weakest link hypothesis for adaptive capacity: An empirical test. Glob Environ
Chang. 2007; 17: 218–227. https://doi.org/10.1016/J.GLOENVCHA.2006.08.001

94.

Barr R, Fankhauser S, Hamilton K. Adaptation investments: a resource allocation framework. Mitig
Adapt Strateg Glob Chang. 2010; 15: 843–858. https://doi.org/10.1007/s11027-010-9242-1

95.

Mitchell D, Myers M, Grant D. Land valuation: a key tool for disaster risk management. L Tenure J.
2014;1.

PLOS ONE | https://doi.org/10.1371/journal.pone.0221585 September 16, 2019

21 / 23

Constructing a comprehensive disaster resilience index

96.

Roy F, Ferland Y. Land-use planning for disaster risk management. L tenure J. 2015;1.

97.

Vallecillo S, Polce C, Barbosa A, Perpiña Castillo C, Vandecasteele I, Rusch GM, et al. Spatial alternatives for Green Infrastructure planning across the EU: An ecosystem service perspective. Landsc
Urban Plan. 2018; 174: 41–54. https://doi.org/10.1016/J.LANDURBPLAN.2018.03.001

98.

Suckall N, Tompkins EL, Nicholls RJ, Kebede AS, Lázár AN, Hutton C, et al. A framework for identifying and selecting long term adaptation policy directions for deltas. Sci Total Environ. 2018; 633: 946–
957. https://doi.org/10.1016/j.scitotenv.2018.03.234 PMID: 29602126

99.

ISTAT. Population Census [Internet]. 2015 [cited 20 Aug 2018]. Available: https://www.istat.it/en/
archive/population+census

100.

ISTAT. 8milaCensus [Internet]. 2015 [cited 20 Aug 2018]. Available: https://www.istat.it/it/archivio/
160823

101.

Dipartimento delle Finanze. Statistiche sulle dichiarazioni [Internet]. 2018 [cited 20 Aug 2018]. Available: http://www1.finanze.gov.it/finanze3/analisi_stat/index.php?search_class%5B0%5D=
cCOMUNE&opendata=yes

102.

Raffinetti E, Aimar F. GiniWegNeg: Computing the Gini-Based Coefficients for Weighted and Negative
Attributes. R Packag version 101. 2016; Available: https://cran.r-project.org/package=GiniWegNeg

103.

Agenzia Entrate. Stock catastale [Internet]. 2013 [cited 21 Aug 2018]. Available: https://www.
agenziaentrate.gov.it/wps/content/Nsilib/Nsi/Schede/FabbricatiTerreni/omi/Banche+dati/Stock
+catastale/?page=fabbricatiterreniimp

104.

ISTAT. Matrici di contiguità, distanza e pendolarismo [Internet]. 2013 [cited 21 Aug 2018]. Available:
https://www.istat.it/it/archivio/157423

105.

Dipartimento dei Vigili del Fuocco. Corpo Nazionale dei Vigili del Fuoco [Internet]. 2009 [cited 21 Aug
2018]. Available: http://www.vigilfuoco.it/aspx/PDI_VVF/TomTom.aspx

106.

EEA. Nationally designated areas (CDDA). In: European Environment Agency [Internet]. 2017 [cited 8
Apr 2018]. Available: https://www.eea.europa.eu/data-and-maps/data/nationally-designated-areasnational-cdda-12

107.

EEA. Natura 2000 data—the European network of protected sites. In: European Environment Agency
[Internet]. 2017 [cited 8 Apr 2018]. Available: https://www.eea.europa.eu/data-and-maps/data/natura9

108.

Copernicus. Green Linear Elements [Internet]. 2018 [cited 20 Aug 2018]. Available: https://land.
copernicus.eu/local/riparian-zones/green-linear-elements-gle-image?tab=mapview

109.

OECD. Handbook on constructing composite indicators. OECD Publ. 2008; Available: http://www.
oecd-ilibrary.org/economics/handbook-on-constructing-composite-indicators_533411815016

110.

JRC. 10 Step Guide | COIN [Internet]. 2018 [cited 4 Sep 2018]. Available: https://composite-indicators.
jrc.ec.europa.eu/?q=10-step-guide

111.

University Yale. Environmental Performance Index [Internet]. 2016. Available: http://epi.yale.edu/

112.

Nardo M, Saisana M, Saltelli A, Tarantola S. Tools for Composite Indicators Building. Eur Comm Jt
Res Cent. 2005;EUR 21682.

113.

Garcı́a-Sánchez I-M, Almeida TA das N, Camara RP de B. A proposal for a Composite Index of Environmental Performance (CIEP) for countries. Ecol Indic. 2015; 48: 171–188. https://doi.org/10.1016/J.
ECOLIND.2014.08.004

114.

Damioli G. The identification and treatment of outliers. COIN 2017–15th JRC Annual Training on Composite Indicators & Scoreboards. Ispra, Italy: European Commission; 2017. Available: https://
composite-indicators.jrc.ec.europa.eu/sites/default/files/COIN 2017 Step 3 Outliers_0.pdf

115.
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