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Abstract 

As climate change intensifies, countries experience varying degrees of vulnerability and resilience that 
influence their capacity to withstand and recover from environmental, economic, and social shocks. This 
study introduces the Multidimensional Vulnerability and Lack of Resilience Index (MVLRI), a novel 
framework that goes beyond traditional vulnerability assessments by incorporating resilience as a critical 
component. The MVLRI synthesizes twenty-six key indicators across economic, environmental, and 
social dimensions, providing a comprehensive measure of how countries confront climate risks. Findings 
reveal that vulnerability and resilience are distinct yet complementary factors, each significantly 
contributing to the overall index. These contributions vary widely across countries, reflecting diverse 
climate risks and socioeconomic contexts. The importance of including resilience in policy frameworks 
is emphasized, as neglecting it could undermine the effectiveness of interventions aimed at reducing 
climate impacts. Furthermore, the MVLRI demonstrates strong correlations with institutional 
performance indicators, illustrating how governance, economic stability, and social equity shape a 
country's capacity to cope with climate adversity. By offering a multidimensional perspective, the MVLRI 
equips policymakers with a powerful tool to design targeted interventions that address both vulnerability 
and resilience. This approach enables more effective resource allocation and policy decisions, helping 
countries better anticipate, respond to, and recover from the growing threats posed by global climate 
change. 
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1 Introduction 

Climate change presents unprecedented socioeconomic challenges. This study 
introduces the Multidimensional Vulnerability and Lack of Resilience Index (MVLRI), a new 
composite index designed to provide actionable insights into the impacts of climate change. 
The MVLRI integrates vulnerability with low resilience and examines the interplay among 
economic, environmental, and social dimensions. Adopting a macro perspective, the study 
employs a novel linear programming approach, a variant of nonparametric data envelopment 



2 

analysis (DEA), to generate mathematically flexible MVLRI indices. These indices offer a unique 
perspective on country-specific vulnerability and resilience across various climate change 
dimensions. This methodology overcomes significant limitations of existing composite 
indices, as the MVLRI is a pure quantity index that measures the magnitude, but not the 
drivers, of multidimensional vulnerability. 

Focusing on an extensive dataset covering 142 low- and middle-income countries, the 
study employs DEA to synthesize vulnerability and lack of resilience indices from 26 indicators 
categorized as social, economic, and environmental. This comprehensive analysis suggests 
critical policy intervention areas, particularly in countries most vulnerable and least resilient 
to the impacts of climate change. The main contribution of this study is thus demonstrating 
that quantitative tools of economic analysis can provide a new composite index that enables 
countries to explore the complex relationship between climate risks and socioeconomic 
outcomes, while providing guidance to policymakers seeking to reduce vulnerability and 
promote resilience in an integrated way. 

The study is structured as follows. Section 1 provides background and motivation for 
the study. Section 2 provides a critical overview of existing vulnerability indices. Section 3 
details the DEA methodology used to estimate MVLRI and its two component indices as pure 
quantity indices. It also describes the data used in the study, comprising 13 vulnerability 
indicators described in Appendix Table 1 and 13 lack of resilience indicators described in 
Appendix Table 2. Section 4 reports estimated vulnerability, lack of resilience, and MVLRI 
indices for each country. It also reports for each country estimates of the relative importance 
of the two indices forming MVLRI and discusses their significance for policy making. Section 
5 reports censored regression estimates of several important aggregate economic, social and 
governance performance correlates with MVLRI. Section 6 concludes with a discussion of the 
empirical findings and their policy implications. 

 

2 An Overview of Existing Vulnerability Indices 

Most climate change vulnerability indices rely on the Intergovernmental Panel on 
Climate Change (IPCC) risk framework. The IPCC's Special Report (2012) defines climate 
vulnerability as the degree to which a system is susceptible to or unable to cope with the 
adverse effects of climate change, including climate variability and extremes. This 
encompasses both vulnerability and resilience. 

The IPCC's perspective on vulnerability has significantly shaped academic discourse 
on identifying suitable metrics to address human and environmental sources of climate 
vulnerability, as evidenced by the research of Adger (2006), Eakin and Luers (2006), and 
Gallopín (2006). The transition from understanding vulnerability to measuring it has sparked 
efforts to integrate multiple vulnerability indicators into a single climate vulnerability index. 
Notable examples include the Physical Vulnerability to Climate Change Index (PVCCI) by 
Guillaumont (2015), the Yale Environmental Performance Index (EPI) by Wendling et al. (2018), 
and the Global Adaptation Initiative Index (ND-GAIN) from the University of Notre Dame. 
However, these indices have significant limitations. 

Criticism of climate vulnerability indices often centers on their mathematical structure, 
particularly regarding the weighting of variables during aggregation and the form of the 
aggregation function. For example, the ND-GAIN index is calculated as the arithmetic mean 
of six normalized sectoral vulnerability indicators, which has two main implications: (i) all 
sectoral weights are set at 1/6, compelling all countries to treat the six sectors equally, 
regardless of their specific situations, and (ii) the linear aggregation implies perfect 
substitutability among all sectoral indicators across countries. 
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Other researchers have developed vulnerability indices in line with the definition of the 
UN Committee for Development Policy (CDP), which considers a country's risk of encountering 
external shocks, including climatic and economic factors. In this context, vulnerability is 
influenced by the magnitude and frequency of such shocks, the structural characteristics of 
the country, and its capacity to respond or its resilience. Based on this definition, the CDP 
created the Economic Vulnerability Index (EVI) to evaluate the vulnerability of least developed 
countries (LDCs) consistently (Guillaumont 2009). From 2005 to 2020, the EVI was calculated 
as a simple average of two sub-indices reflecting exposure to external shocks and the size of 
these shocks, each being a weighted average of several components. The EVI was revised in 
2020 to separate economic and environmental vulnerability, utilizing principal component 
analysis (Assa and Meddeb 2021). However, the revised index does not encompass critical 
economic and social dimensions that newer multidimensional indices have sought to address. 

In response to the impact of the COVID-19 pandemic on small island developing states 
(SIDS), the UNDP developed a multidimensional vulnerability index in 2021 (Assa and Meddeb 
2021). This index expands on the CDP EVI by incorporating financial vulnerability indicators 
related to fluctuations in tourism revenues or remittances and sudden disruptions of external 
financial flows. Similarly, the United Countries Conference on Trade and Development 
(UNCTAD) introduced the Economic Vulnerability Plus Index (EVI+) (United Nations 2021) to 
assess barriers to the development of productive capacities across eight sectors and the 
structural changes necessary for transitioning from low- to high-productivity sectors. The 
Caribbean Development Bank (CDB) has been estimating a multidimensional vulnerability 
index for its members since the early 2000s (Crowards 1999), which informs the allocation of 
concessional financial resources. The 2021 update of this index includes a comprehensive 
array of indicators measuring exposure and volatility across economic, social, and 
environmental dimensions. 

The Multidimensional Vulnerability Index (UN MVI) was introduced in 2023 by the UN 
General Assembly to guide concessional finance and multidimensional assessments for 
countries such as LDCs and SIDS (United Nations 2024). Unlike traditional income-based 
metrics, the MVI incorporates various vulnerability dimensions, assigning weights through a 
quadratic mean structure. This approach allows the index to account for differing levels of 
importance across these dimensions, distinguishing it from fixed-weight models typically 
used in multidimensional indices. 

The MVLRI proposed in this study and implemented with DEA significantly advances 
vulnerability research by providing a flexible and data-driven approach to assessing countries' 
vulnerability and lack of resilience. Unlike previous approaches, this method estimates 
aggregation weights from the data rather than specifying them independently.1 DEA's ability 
to determine weights endogenously allows it to reflect different countries' unique 
characteristics and priorities. Using DEA, MVLRI offers a flexible analytical framework, 
enabling policymakers to identify and prioritize the most effective interventions for a specific 
context. This approach helps to reveal the interconnections among the economic, 
environmental, and social dimensions of climate change impacts, ultimately enhancing the 
development of targeted, evidence-based strategies for reducing vulnerability and building 
resilience. 

 

3 Methodology and Data 

The objective is to develop and implement a nonparametric frontier framework within which 
to estimate the relative vulnerability of countries to climate change as a function of multiple 

 
1 In a previous study, Edmonds et al. (2020) used DEA to construct a Climate Change Vulnerability Index 
CCVI whose aggregation weights are endogenously generated, and thus free to vary across sectors and 
countries. 
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vulnerability indicators, to estimate the lack of resilience of countries to climate change as a 
function of multiple lack of resilience indicators, and to aggregate these two indices. To this 
end, Section 3.1 reviews the use of DEA to construct composite indices. Section 3.2 develops 
a novel variant of the DEA methodology to estimate vulnerability and lack of resilience 
frontiers, and to estimate countries’ vulnerability and lack of resilience relative to these 
frontiers. It then aggregates countries’ vulnerability and lack of resilience indicators into 
aggregate vulnerability and lack of resilience indices, which are then aggregated to create a 
multidimensional vulnerability index for each country. Each of these three indices is a pure 
quantity index. Section 3.3 describes the empirical data used to implement the analysis. 

3.1 Data Envelopment Analysis and Composite Indices 

DEA is a linear programming methodology introduced by Charnes et al. (1978) that 
envelops, rather than intersects, data as regression analysis does. In doing so, it creates a 
best practice frontier, the envelopment surface, and evaluates the performance of each 
observation relative to the estimated frontier. Thore and Tarverdyan (2022) summarize the 
construction of a typical DEA model as a process of four steps: (1) determining the input and 
output variables; (2) choice of optimization orientation, input minimization or output 
maximization; (3) possible use of weight restrictions; and (4) the use of cross-sectional data 
or longitudinal data. Furthermore, Thore and Tarverdyan explain that DEA is well-suited for 
policy impact assessment at the national level because it reveals frontier rather than central 
tendencies and does not require explicit assumptions about functional forms or relative 
weights to obtain its results. DEA establishes best practice observations on the frontier and 
quantifies for observations not on the frontier the potential output gains or the potential input 
savings they could achieve by adopting the best practices of their peers.  

In a climate change context, observations are countries, best practice countries are 
the least vulnerable or most resilient countries, and the vulnerability or lack of resilience of 
other countries is measured by their relative distance from the least vulnerable or most 
resilient frontiers established by the best practice countries. In this context, vulnerability and 
lack of resilience indicators act as inputs to be minimized. 

The application of DEA, formulated initially as a business management tool, has 
expanded from measuring business and economic performance to creating composite 
indices, most notably as alternatives to the Human Development Index HDI (Despotis 2005, 
Cherchye et al. 2008). It has been employed to create environmental composite indices on 
both micro (Zhou et al. 2006, Bellenger and Herlihy 2009, Edmonds et al. 2015, Zhou et al. 
2017, Liu et al. 2019, Gómez-Limón et al. 2020) and macro (Färe et al. 2004, Zhou et al. 2007, 
Lo 2010, Wiréhn et al. 2015, Edmonds et al. 2017, 2020, Huang et al. 2018, Tsaples and 
Papathanasiou 2020) levels. Camanho et al. (2024) provide a comprehensive survey of DEA 
applications, a few of which examine climate issues. 

In this climate change study, observations are countries whose vulnerability indicators 
are aggregated into a vulnerability index and whose lack of resilience indicators are 
aggregated into a lack of resilience index. These two indices are subsequently aggregated to 
create a multidimensional vulnerability index. Each of these indices is a pure quantity index 
in the sense that each depends on the magnitudes of the component indicators being 
aggregated and is independent of all other variables.2  

 
2 Balk (2008) provides a thorough analysis of quantity and price indices. Eichhorn and Voeller (1976) 
would describe these aggregate quantity indices as quantity indices depending only on quantities, 
because they are independent of prices and any other variables.   
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Aggregation requires weights. In most business and economic applications, market 
prices are available to weight quantities to generate aggregate revenue (e.g., a country’s gross 
domestic product) or aggregate expenditure (e.g., a country’s gross domestic income). 
However, in most environmental applications quantities are not priced on markets and an 
alternative weighting procedure must be adopted to generate environmental composite 
indices.3 As noted above, most environmental composite indices use exogenous fixed weights 
such as arithmetic means to aggregate components. A virtue of DEA as an aggregation 
procedure is that it generates endogenous variable weights that vary across components for 
each country and, in important contrast to fixed weight aggregation procedures, vary across 
countries. Variation of aggregation weights across countries is both analytically and practically 
essential because countries have different vulnerabilities and resiliencies. Incorporating the 
endogeneity of aggregation weights into the analysis is an important contribution of this 
study. It enables these estimated weights to serve as shadow prices, proxies for missing 
market prices typically available in most business and economic applications, which can elicit 
country-specific policy actions to limit climate change vulnerability and enhance resilience.4 

  

3.2 DEA Applied to Vulnerability, Lack of Resilience, and Multidimensional Vulnerability 

DEA is applied to evaluate the relative performance of countries by quantifying their 
vulnerability and lack of resilience to climate change. Both vulnerability and lack of resilience 
describe adverse situations to be minimized. Hence, their linear programs have a minimizing 
orientation, with vulnerability and lack of resilience indicators serving as the variables to be 
minimized. The solutions to the programs provide vulnerability and lack of resilience indices 
for each country. All other variables that do not characterize vulnerability or lack of resilience 
do not appear in the programs. 

Vulnerability is analyzed here; lack of resilience is analyzed similarly, with an 
appropriate terminology change. Let a sample of countries be indexed by 𝑖 ൌ  1, … , 𝐼, and let 
a country’s vulnerability be tracked across N indicators labelled xn and indexed by 𝑛 ൌ  1, … ,𝑁. 
The DEA program that evaluates the aggregate vulnerability to climate change of country “o” 
is given by the dual pair of linear programs below. 

 

 

 

 
3 For example, greenhouse gas emissions are typically reported as CO2 equivalents (CO2E), calculated as 
a weighted sum of component gases including CO2, methane, and nitrous oxide, with exogenous fixed 
weights provided by the estimated global warming potential GWP of each component gas over a certain 
time period.  
4 Despotis (2005; 388) has argued that DEA scores “…cannot be used to rank countries…given that 
scores are not based on common weights”. However, common weights conceal the scarcity and resource 
allocation signals that endogenous weights convey. For example, the use of common weights would 
evaluate the vulnerability of Nepal and Tuvalu based on a common aggregation weight for low elevated 
coastal zones, one of the environmental vulnerability indicators employed in this study. 
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Envelopment Program Multiplier Program 

 

 

DEA Vulnerability Programs 

The envelopment program calculates the potential of country “o” to radially shrink its 
vector of vulnerability indicators xo as much as possible, subject to N constraints, one for each 
indicator, that bound the minimized vector xo below by a weighted sum of the least 

vulnerable countries in the sample, with weights given by optimal values of the   0. The 
lower boundary defines the envelopment frontier, in this case a vulnerability frontier. The 

optimal value of   (0, 1], with smaller values of  indicating greater vulnerability to climate 

change, provides a ranking of countries based on their vulnerability to climate change. It also 
provides a measure of a country’s composite vulnerability gap, the difference between (or 

ratio of) its actual vulnerability xo and its potential vulnerability xo. The reciprocal -1  [1, +

) is a scalar-valued climate change vulnerability index, with larger values of -1 indicating 

greater vulnerability to climate change. Expressing the reciprocal as -1 = xo/ xo shows that 

θିଵ is a vulnerability quantity index independent of all other variables. 

The multiplier program calculates for country “o” a vector of non-negative endogenous 
weights n  (0, + ) that aggregate its N vulnerability indicators into its climate change 

vulnerability index. A relatively small aggregation weight for an indicator suggests that the 
marginal reduction in vulnerability from efforts to reduce that indicator is likely to be relatively 
small. Conversely, a relatively large aggregation weight for an indicator suggests that the 
marginal reduction in vulnerability from efforts to reduce that indicator is likely to be relatively 
large. By reflecting different degrees of vulnerability across indicators that, in turn, reflect 
different national circumstances, these endogenous aggregation weights serve as shadow 
prices that can assist in the allocation of development finance and the design of other resource 
allocation policies intended to reduce vulnerability. The Intergovernmental Panel on Climate 
Change (IPCC) (2022) refers to these policies as adaptation and mitigation pathways. 

By the duality theorem of linear programming, at optimum  =   (0,1]. This implies 

that a country’s  can be expressed as an endogenously weighted sum of its sectoral 

vulnerability indicators,  = . The endogenous variable weights n provide a 

considerable improvement over the exogenous fixed weights used in most composite indices 
because they are specific to each country. Exogenous fixed weights impose perfect 
substitutability among sectoral indicators, with rates of substitution being the same for all 
countries. The weights generated by DEA also impose perfect substitutability among sectoral 
indicators, but with the critical advantage that these weights and rates of substitution among 
sectoral indicators vary across countries according to their circumstances.  
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Both vulnerability and lack of resilience are defined over three sectors: economic, 
environmental, and social, each having multiple indicators. DEA is applied initially to the 
indicators within each vulnerability sector to estimate three vulnerability frontiers and three 
vulnerability indices for each country. DEA is applied subsequently to these three estimated 
indices to create an aggregate vulnerability frontier and an aggregate vulnerability index V for 
each country. Lack of resilience is analyzed similarly. DEA is applied to the indicators in each 
lack of resilience sector to estimate three lack of resilience frontiers and three lack of 
resilience indices for each country, and these indices are aggregated to create an aggregate 
lack of resilience frontier and an aggregate lack of resilience index LR for each country.  

The aggregate vulnerability index V and the aggregate lack of resilience index LR are 
aggregated to create a multidimensional vulnerability and lack of resilience frontier and a 
multidimensional vulnerability and lack of resilience index MVLRI. This index is a scalar-
valued, non-decreasing function of vulnerability and lack of resilience. Many aggregator 
functions satisfy these properties. A DEA minimization program provides a theoretically 
appealing aggregator function, having endogenous variable weights for two quantity indices, 
aggregate vulnerability V and aggregate lack of resilience LR. The optimal solution to this 
problem provides the MVLRI index.  

It is important to note that the envelopment and multiplier programs in the DEA 
vulnerability and lack of resilience programs, as well as the programs used to calculate 
multidimensional vulnerability, contain vulnerability and lack of resilience indicators that can 
be influenced through resource allocation decisions of policymakers, both domestic and 
external. Unlike virtually all models of business and economic behavior to which DEA has been 
applied, these programs do not contain variables that might influence vulnerability or lack of 
resilience, such as geographic location, national income, or colonization history. The optimal 
solutions to these simplified DEA programs are pure quantity indices of vulnerability, lack of 
resilience, and multidimensional vulnerability. This novel abbreviation of conventional DEA 
programs to exclude all other variables is the contribution of Adolphson et al. (1991) and 
Lovell and Pastor (1999).  

 

3.3 Data 

Data are obtained from open sources, including the Emergency Events Database 
created by the Center for Research on the Epidemiology of Disasters (EMDAT-CRED), the Food 
and Agriculture Organization of the United Nations (FAO), the University of West Anglia, the 
United Nations Department of Economics and Social Affairs (UNDESA), the United Nations 
Conference on Trade and Development (UNCTAD), and the World Health Organization (WHO). 
The dataset contains 13 vulnerability indicators and 13 lack of resilience indicators for 142 
low- and middle-income countries. Tables 1 and 2 describe the 26 indicators and the primary 
data source for each used to construct the MVLRI.5 The indicators capture the two pillars of 
MVLRI: (i) structural vulnerability, which is linked to a country’s exposure to adverse external 
shocks and stressors, and (ii) lack of structural resilience, which is associated with the capacity 
of a country to withstand such shocks. In turn, each pillar has three sectors, economic, 
environmental, and social.  

 

 
5 We follow the United Nations (2024) for the definitions and rationale for the inclusion of these 
indicators in the MVLRI. Details are available in the Online Supplementary Materials and upon request. 
The 26 x 142 data matrix has four empty cells, three for low years of schooling and one for lack of gross 
capital formation. These cells have been filled with the average value of the relevant indicator. 
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4. Estimating Multidimensional Vulnerability and its Component Indices 

This section summarizes the results of using DEA to estimate quantity indices of low- and 
middle-income countries’ vulnerability, lack of resilience, and multidimensional vulnerability.6  

4.1 Vulnerability 

The vulnerability data have three sectors, economic, environmental, and social, 
containing three, six, and four indicators, respectively. In the first stage, DEA is applied to 
sectoral indicators to estimate vulnerability indices of each sector. After estimation, countries 
are assigned to one of three vulnerability groups for each sector. Group 1 contains the most 
vulnerable quintile of countries, group 3 contains the least vulnerable quintile of countries, 
and group 2 contains countries in the middle three quintiles. Results of the first stage are 
summarized in Appendix Table 1, which reports countries’ estimated vulnerability indices and 
groups for each sector.  

Economic vulnerability indices and groups for each country appear in the first two 
columns, labelled EconV and EconVg, of Appendix Table 1. The wide range of countries’ 
economic vulnerabilities is apparent; the most economically vulnerable countries have index 
values more than twice those of the least economically vulnerable countries. Economic 
vulnerability groups are used to map countries according to their economic vulnerability in 
Appendix Figure 1. The majority of the economically most vulnerable countries are SIDS, and 
the rest are African and Middle Eastern.7   

Environmental vulnerability indices and groups appear in the third and fourth columns, 
labelled EnvV and EnvVg, of Appendix Table 1, and environmental vulnerability groups are 
mapped in Appendix Figure 2. Environmental vulnerability does not vary as widely among 
countries as economic vulnerability. Many of the environmentally most vulnerable countries 
are SIDS, with the rest being scattered around the world.  

Each country's social vulnerability indices and groups appear in the fifth and sixth 
columns, labelled SocV and SocVg, of Appendix Table 1, and social vulnerability groups are 
mapped in Appendix Figure 3. Social vulnerability is by far the most volatile sector in terms 
of both magnitude and variability. Ten of the socially most vulnerable countries are SIDS, 11 
are Central and South American, and five are African.  

There is little overlap in the identity of the most vulnerable countries across the three 
sectors. Correlations between pairs of sector scores are low, with correlation coefficients 
between economic and environmental vulnerability indices of 0.2067, between economic and 
social vulnerability indices of -0.0835, and between environmental and social vulnerability 
indices of 0.0953. This suggests that the three sectors provide largely independent 
information about vulnerability, and that a vulnerability index would suffer from the omission 
of any of the three sectors. 

In the second stage, DEA is applied to the three estimated sector vulnerability indices 
to calculate countries’ aggregate vulnerability. Results appear in Appendix Table 2, which 
contains estimated aggregate vulnerability indices V and aggregate vulnerability groups Vg 
for each country. V has a smaller mean and standard deviation than any of its sectors because 
countries weight the three sectors differently depending on their circumstances. The 
correlations between sector vulnerability indices and aggregate vulnerability are positive, with 
values of 0.3476 for economic and aggregate vulnerability, 0.9083 for environmental and 
aggregate vulnerability, and 0.1363 for social and aggregate vulnerability. This highlights the 

 
6 DEA models were estimated with R.  
7 A list of SIDS is available at https://sdgs.un.org/topics/small-island-developing-states#list_of_sids  
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critical role of the environment, and the smaller role of the social sector, in influencing 
aggregate vulnerability to climate change.8 

 Initially DEA assigns 39 countries to the least vulnerable group. A novel application of 
dominance analysis is used to reduce the size of this group to a quintile of all countries. A 
country in the least vulnerable group dominates another country in this group if it is less 
vulnerable in the strict sense that it has lower values of all three sector vulnerability indices. 
A country is dominated by another country in this group if it is more vulnerable in the strict 
sense that it has larger values of all three sector vulnerability indices. The one-fifth of 
countries that dominate the most other countries in the least vulnerable group and are 
dominated by the fewest other countries in this group form the dominance-adjusted least 
vulnerable fifth quintile of countries reported in Appendix Table 2 and mapped in Figure 1. 
The remaining 11 countries are allocated to the middle group.9 The majority of the most 
vulnerable quintile of countries are SIDS, with most of the others from Africa and Southeast 
Asia. Aggregate vulnerability to climate change is a global phenomenon.  

 

Figure 1. Aggregate Vulnerability Groups 

 

 
8 Deleting the least influential social sector and re-estimating aggregate vulnerability generates a 
correlation coefficient between the two composite vulnerability indices of 0.97, suggesting that deletion 
of social indicators has little impact on an aggregate vulnerability index. However, deletion of the social 
sector has a large positive impact on the estimated vulnerability of several countries, most of them in 
the most vulnerable Group 1. 
9 Tulkens (2006) provides an introduction to dominance analysis as an alternative to DEA as a 
performance assessment technique. In this climate change application, dominance analysis serves as a 
complement to DEA. 
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Source: Authors’ calculations using data from EMDAT-CRET, FAO, The University of West Anglia, UNDESA, UNCTAD, 
WHO, and the World Bank. 

 

4.2 Lack of Resilience 

Lack of resilience data have the same three sectors, with four, three, and six indicators, 
respectively. In the first stage, DEA is applied to sectoral indicators to estimate the lack of 
resilience indices for each sector. For each sector, countries are assigned to one of three 
resiliency groups. Group 1 contains the least resilient quintile of countries, group 3 includes 
the most resilient quintile of countries, and group 2 contains countries in the middle three 
quintiles. In the second stage, DEA is applied to the three estimated sector indices to calculate 
countries’ aggregate lack of resilience indices.  

The lack of economic resilience indices and groups for each country appear in the first 
two columns, labelled EconLR and EconLRg, of Appendix Table 3. Lack of economic resilience 
groups are used to map countries according to their lack of economic resilience in Appendix 
Figure 5. Half of the least economically resilient countries are SIDS, six are African, and the 
rest are geographically dispersed. Eight countries, six of them SIDS, are among the most 
economically vulnerable countries and the least economically resilient countries, highlighting 
the pervasive influence of economic health on both pillars of multidimensional vulnerability. 

The lack of environmental resilience indices and groups for each country appear in the 
third and fourth columns, labelled EnvLR and EnvLRg, of Appendix Table 3. Lack of 
environmental resilience groups are used to map countries according to their lack of 
environmental resilience in Appendix Figure 6. Lack of environmental resilience is the most 
volatile of the three sectors, with the highest mean and standard deviation. The least 
environmentally resilient countries are distributed geographically among SIDS, North Africa, 
and the Middle East. Seven countries, five of them North African and Middle Eastern, are 
among the most environmentally vulnerable countries and the least environmentally resilient 
countries, highlighting the environment's pervasive influence on countries’ multidimensional 
vulnerability. 

Lack of social resilience indices and groups for each country appear in the fifth and 
sixth columns, labelled SocLR and SocLRg, of Appendix Table 3. Lack of social resilience 
groups are used to map countries according to their lack of social resilience in Appendix 
Figure 7. Lack of social resilience is the least volatile of the three sectors. Ten of the least 
socially resilient countries are SIDS, 14 are African, and three are from the Indian 
subcontinent. Only one country is among the most socially vulnerable and the least socially 
resilient countries. 

Correlations between pairs of sector indices are negative and small, with correlation 
coefficients between economic and environmental lack of resilience indices of -0.0534, 
between economic and social lack of resilience indices of -0.0085, and between environmental 
and social lack of resilience indices of -0.0294. As in the case of vulnerability, this suggests 
that the three sectors provide independent information about lack of resilience and that the 
omission of any sector would adversely affect a composite lack of resilience index. 

The aggregate lack of resilience indices and groups for each country, labelled LR and 
LRg, appear in Appendix Table 4. Relationships between each sector and aggregate lack of 
resilience vary, with correlation coefficients of 0.4187 for economic and aggregate lack of 
resilience, 0.0904 for environmental and aggregate lack of resilience, and 0.6496 for social 
and aggregate lack of resilience. Thus, while the environment strongly influences aggregate 
vulnerability, it has a much weaker relationship with aggregate lack of resilience.10 Conversely, 

 
10 Deleting the least influential environment sector and re-estimating aggregate lack of resilience 
generates a correlation coefficient of 0.92, suggesting that the environment has little impact on an 
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the social sector has a strong influence on aggregate lack of resilience, but it has much less 
influence on aggregate vulnerability. Countries are mapped according to their aggregate lack 
of resilience in Figure 2.11 Twelve of the aggregate least resilient countries are SIDS, 11 are 
African, and five others are widely dispersed.  Like vulnerability, lack of resilience to climate 
change is a global phenomenon.  

 

Figure 2. Aggregate Lack of Resilience Groups

 

Source: Authors’ calculations using data from EMDAT-CRET, FAO, The University of West Anglia, UNDESA, UNCTAD, 
WHO, and the World Bank. 

 

4.3 Multidimensional Vulnerability 

Multidimensional vulnerability indices and estimated aggregation weights of the two 
component indices, and multidimensional vulnerability groups for each country, labelled 
MVLRI, sV, sLR and MVLRIg, appear in Appendix Table 5.12 The aggregate vulnerability and 
aggregate lack of resilience indices comprising MVLRI are essentially uncorrelated, with a 
correlation coefficient of -0.0040, implying that few of the most vulnerable countries are 

 
aggregate lack of resilience index. However, deletion of the environment sector has a large positive 
impact on several countries, most of them in the least resilient Group 1. 
11 As in the case of aggregate vulnerability, DEA also generates more than one-fifth of countries forming 
the aggregate most resilient group and the least multidimensionally vulnerable group. In each case, 
dominance analysis is used to reduce the size of these groups to a quintile. 
12 Aggregation weights have been estimated for all 142 countries at all three levels of aggregation and 
are reported for the V and LR pillars of MVLRI in Table 5. Estimated aggregation weights for the three 
sectors of V and the three sectors of LR convey important resource allocation information to 
policymakers but have been omitted to conserve space. They are available upon request. 
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among the least resilient. However, both indices are related to multidimensional vulnerability, 
with correlation coefficients 0.6701 and 0.4082, respectively, suggesting that the omission 
of either index would distort an index of multidimensional vulnerability. Countries are 
mapped In Figure 3 according to their multidimensional vulnerability group. Sixteen of the 
most multidimensionally vulnerable countries are SIDS, eight are African, and four are Asian. 
MVLRI is also a global phenomenon, focused on SIDS. 

Figure 3.  Multidimensional Vulnerability Groups

 

Multidimensional vulnerability varies across countries by less than either of its 
component indices because countries attach different aggregation weights to the two indices 
in their efforts to minimize their multidimensional vulnerability. In Appendix Table 5, most 
countries have positive aggregation weights for LR, suggesting that they can achieve more 
significant reductions in MVLRI through marginal reductions in LR than via marginal 
reductions in V. However, most countries in the most multidimensionally vulnerable quintile 
have positive aggregation weights for V, implying that they can achieve more significant 
reductions in MVLRI through marginal reductions in V. Group 1 countries have structurally 
different, as well as greater, multidimensional vulnerabilities than other countries. This 
distinction is significant because policy and resources are likely to be directed toward 
countries in Group 1.  

Appendix Table 6 summarizes the vulnerability and lack of resilience of the most 
multidimensionally vulnerable group of countries. 

 

4.4 The Value of Aggregation Weights 

A combined focus on countries’ MVLRI indices and the aggregation weights countries 
attach to the V and LR indices and their sectors components has important policy implications 
for allocating adaptation resources. The analysis in Appendix Table 7 narrows the focus to Fiji 
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and Micronesia, two Pacific Ocean countries in the most multidimensionally vulnerable Group 
1. The analysis takes a top-down approach, beginning with the two pillars V and LR of MVLRI, 
descending to the three sectors of V and of LR, and concluding with the indicators within each 
sector of V and of LR.  
 
 In Appendix Table 7.1 both Fiji and Micronesia attach zero aggregation weights to lack 
of resilience, signalling that marginal increases in resilience would have a relatively negligible 
impact on their multidimensional vulnerability. Their more pressing challenge is their 
vulnerability. Therefore, Appendix Table 7.2 focuses on the V pillar of MVLRI and its three 
sectors, where the two countries’ relative vulnerabilities differ. Fiji attaches positive 
aggregation weights to its economic and social vulnerabilities and a zero weight to its 
environmental vulnerability. In contrast, Micronesia attaches zero aggregation weights to 
economic and social vulnerability and a positive weight to environmental vulnerability. The 
sources of the two countries’ aggregate vulnerability differ. Appendix Table 7.3a breaks down 
Fiji’s economic and social vulnerabilities. All three economic vulnerability indicators receive 
positive aggregation weights, with EconV2, instability of export revenue, receiving the largest 
weight. All four social vulnerability indicators also receive positive aggregation weights, with 
SocV2 and SocV4, regional conflict-related death and refugees from abroad, receiving the 
largest weights.13 Table 7.3b examines Micronesia’s environmental vulnerability. Five 
indicators receive positive aggregation weights, with EnvV1, victims of natural hazards, 
receiving the largest weight.14 
 

This analysis provides insights into how policymakers might follow a top-down 
strategy to allocating resources for climate change adaptation. The United Nations 
Environment Programme Adaptation Fund established under the Kyoto Protocol allocates 
resources based on a country’s “…needs, views and priorities.”15 The top-down strategy 
illustrated in Appendix Table 7 focuses on two of the neediest countries, and incorporates 
their views and priorities expressed in the estimated aggregation weights of their 
vulnerabilities and resilience inadequacies. 

 

5 The Association between Multidimensional Vulnerability and Aggregate Measures of 
Economic Performance 

The objective of this section is to investigate the extent to which aggregate indicators of 
economic, social, and governance performance influence estimated MVLRI. Since MVLRI is a 
pure quantity index, it is a function of 13 vulnerability indicators and 13 lack of resilience 
indicators. This index is not a function of institutional performance, but it can be influenced 
by institutional performance.  

 

13 Much of Fiji’s export revenue derives from sugar exports and tourism. Both are sensitive to tropical 
cyclones (tropical cyclone Winston in 2016 was the most intense on record in the Southern Hemisphere) 
and other impacts of climate change, and tourism was negatively impacted by the COVID-19 pandemic. 
Fiji is also a popular destination for migrants. 
14 Micronesia is particularly vulnerable to typhoons, sea level rise, saltwater intrusion, and other impacts 
of climate change. 
15Source:https://www.unep.org/about-un-environment-programme/funding-and-
partnerships/adaptation-fund 
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Several cross-country regressions are estimated using Tobit specifications, given the 
censored nature of MVLRI (Greene 2018).16 MVLRI is rescaled between 0 and 1 to facilitate the 
interpretation of the estimates.17 The macroeconomic variables of interest include (1) GDP per 
capita; (2) growth in GDP per capita; (3) income inequality measured with the Gini index; (4) 
poverty rate using the international poverty line for extreme poverty ($2.15 a day, 2017 PPP); 
(5) government effectiveness; and (6) control of corruption.18   

The six panels in Figure 4 suggest a potential negative link between MVLRI and 
variables measuring strong economic performance (GDP per capita) and good governance 
(government effectiveness and control of corruption) and a positive link with variables 
indicating less desirable distributional outcomes (poverty and inequality).  

Appendix Table 8 presents the parameter estimates. The estimates reveal that levels 
of GDP per capita are negatively and significantly related to MVLRI, with the relationship 
working exclusively through the LR component. Countries with relatively high incomes have 
the resources to enhance their resilience, but these resources can do little to reduce their 
vulnerability. However, growth in GDP per capita is essentially uncorrelated with MVLRI, but 
positively correlated with its V component and negatively correlated with its LR component. 
This suggests that faster-growing countries are more vulnerable, perhaps due to their greater 
exposure to external shocks, and more resilient. 

There is no significant statistical link between MVLRI and either inequality or poverty. 
However, poverty is positively correlated with the LR component, suggesting that higher 
poverty rates can cause a larger share of the population to suffer from economic hardships 
and make it more challenging for them to respond to unexpected shocks.19 

Neither governance indicator is correlated with MVLRI, although both are strongly and 
negatively correlated with its LR component. This finding aligns with the intuition that more 
robust government capabilities in policy formulation, public service delivery, regulatory 
quality, and control of corruption can increase a country's resilience to the shocks and stresses 
of climate change.20 

 

 

 

 

 

 
16 The widespread practice of regressing DEA-based efficiency scores against explanatory variables has 
been criticized on statistical grounds; see Simar and Wilson (2007). However, DEA-based quantity indices 
depending only on quantities are immune to this criticism because they are functions of quantities only. 
A country’s multidimensional vulnerability to climate change is a function of its vulnerability and lack of 
resilience indicators. It is not a function of its institutional performance, although its multidimensional 
vulnerability can be influenced by its institutional performance. Similarly, a country’s GDP is not a 
function of its weather, but the magnitude of its GDP can be influenced by it. 
17 Tobit estimates were obtained using Stata. 
18 This study uses data on GDP and distributional outcomes from the World Development Indicators. The 
governance indicators come from the Worldwide Governance Indicators. See Kaufmann and Kraay (2023).  
19 Hallegatte et al. (2018) reach similar conclusions regarding the association of poverty with climate 
change. 
20 Additional information on the linkage between government performance and climate change is 
available at https://www.worldbank.org/en/businessready  
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Figure 4. MVLRI and Aggregate Measures of Economic Performance 

(a) GDP per capita  (b) GDP per capita Growth 

  

(b) Gini Index (c) Poverty Rate 

  

(d) Government Effectiveness (e) Control of Corruption 

  

Source: Authors’ calculations using data from EMDAT-CRET, FAO, The University of West Anglia, UNDESA, UNCTAD, 
WHO, and the World Bank. 

 

 

6 Summary and Conclusions 

The contribution of this study is to demonstrate the significance of incorporating lack of 
resilience LR with vulnerability V to create a more encompassing index of vulnerability to 
climate change MVLRI. This has been achieved by employing DEA to aggregate V and LR 
indices to create a multidimensional vulnerability index MVLRI. This approach highlights the 
value of the endogenous aggregation weights generated by DEA (which function as shadow 
prices in economics applications) and emphasizes their advantage over exogenous 
aggregation weights used in most composite indices. The study illustrates these features by 
applying DEA to a data set of 142 low- and middle-income countries to estimate their 
multidimensional vulnerability to climate change, and by associating their estimated MVLRI 
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indices with aggregate indicators of institutional performance. Each of the following empirical 
findings of the study can inform policy making and resource allocation, both within and 
among countries.  

Empirical findings of the study highlight several important points for policymaking 
and resource allocation. There is considerable variation in multidimensional vulnerability 
among low- and middle-income countries. Fiji, Micronesia, and several other SIDS, and several 
African (North as well as sub-Saharan) countries are identified as the most multidimensionally 
vulnerable. However, vulnerability and lack of resilience measure different national 
characteristics. For instance, Pakistan and Palau are vulnerable but resilient, while Rwanda 
and Tuvalu are less vulnerable and less resilient. Jamaica and Samoa are vulnerable and not 
very resilient. The indices V and LR are essentially uncorrelated, but each correlates with 
MVLRI, underscoring the importance of including both components in a multidimensional 
index. 

Countries place different emphasis on V and LR based on their unique circumstances. 
For example, Palau attaches greater importance to reducing vulnerability by assigning a 
positive weight to V and zero to LR. In contrast, Tuvalu prioritizes increasing resilience, 
assigning a positive weight to LR and zero to V. A deeper examination of the three sectors 
comprising V and LR reveals similar patterns in values and aggregation weights. These 
findings underscore the benefit of using endogenous aggregation weights, which can adapt 
to the specific needs of different countries. This approach enables an assessment that reflects 
each country's unique conditions and priorities, thereby overcoming the limitations of fixed-
weight indices. 

These empirical findings also suggest that policymaking and resource allocation might 
proceed in multiple stages. In the first stage, the most multidimensionally vulnerable 
countries are identified. Most are SIDS and African, although a few are Asian and Latin 
American. Their more pressing needs are either vulnerability reduction or resilience 
enhancement. Accordingly, in the second stage, attention turns to these countries' 
vulnerability indices and aggregation weights or their lack of resilience indices and 
aggregation weights. Once these countries with the greatest vulnerability or least resilience 
are identified, in the third stage, policy attention is directed to the economic, environmental, 
and social sectors of vulnerability and lack of resilience respectively, using index values and 
aggregation weights to guide resource allocation. Finally, resource allocation is further 
directed toward specific indicators within each sector of vulnerability and lack of resilience, 
ensuring that interventions are effectively targeted to address specific national contexts. 

In summary, this study demonstrates that DEA can be effectively used to estimate 
indices of countries’ vulnerability, lack of resilience, and multidimensional vulnerability. The 
inclusion of lack of resilience is essential for a comprehensive understanding of 
multidimensional vulnerability. This study illustrates how DEA creates a multi-level analytical 
structure that can guide policymaking and resource allocation towards the most vulnerable 
countries and the most critical areas within these countries. Further research could expand 
the MVLRI framework by incorporating additional indicators and exploring its applicability to 
multidimensionally vulnerable high-income countries. Additionally, longitudinal studies could 
provide insights into how vulnerability and resilience evolve over time, informing more 
dynamic and adaptive policy responses. Finally, the analysis is not inherently aggregate and 
can be disaggregated to the regional level within a country.  
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Table 1. Vulnerability Indicators 
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Table 2. Lack of Resilience Indicators 
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Appendix Figure 1 Economic Vulnerability Groups
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Appendix Figure 2 Environmental Vulnerability Groups 
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Appendix Figure 3 Social Vulnerability Groups 
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Appendix Figure 4 Aggregate Vulnerability Groups 
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Appendix Figure 5 Lack of Economic Resilience Groups 
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Appendix Figure 6 Lack of Environmental Resilience Groups 
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Appendix Figure 7 Lack of Social Resilience Groups 
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Appendix Figure 8 Aggregate Lack of Resilience Groups 
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Appendix Figure 9 Multidimensional Vulnerability Groups
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Appendix Figure 10. MVLRI and Aggregate Measures of Economic Performance 

 

(a) GDP per capita  (b) GDP per capita Growth 

  

(b) Gini Index (c) Poverty Rate 

  

(d) Government Effectiveness (e) Control of Corruption 

  

 

Source: Authors’ calculations using data from EMDAT-CRET, FAO, The University of West Anglia, UNDESA, UNCTAD, WHO, and 
the World Bank. 
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Table 7.1

Country ISO V LR MVI sV sLR MVIg

Fiji FJI 2.4563 1.3952 1.3952 0.7167 0 1

Micronesia (FFSM 2.4739 2.4577 2.4577 0.4069 0 1

Table 7.2

Country ISO EconV EnvV SocV V sEconV sEnvV sSocV

Fiji FJI 3.8541 2.4563 4.7806 2.4563 0.4071 0 0.4071

Micronesia (FFSM 4.3089 2.4739 11.9514 2.4739 0 0.4042 0

Table 7.3a

Country ISO EconV1 EconV2 EconV3 EconV sEconV1 sEconV2 sEconV3

Fiji FJI 30.6875 51.5049 61.0415 3.8541 0.0033 0.0145 0.0025

Country ISO SocV1 SocV2 SocV3 SocV4 SocV sSocV1 sSocV2 sSocV3 sSocV4

Fiji FJI 0 0 29.0129 0.1173 4.7806 0.0212 0.7918 0.0118 5.5943

Table 7.3b

Country ISO EnvV1 EnvV2 EnvV3 EnvV4 EnvV5 EnvV6 EnvV sEnvV1 sEnvV2 sEnvV3 sEnvV4 sEnvV5 sEnvV6

Micronesia (FFSM 91.9724 22.3953 78.4188 77.2755 0 22.6173 2.4739 0.4042 0.0003 0 0.0073 0.0052 0.0137

Table 7 An Illustration of the Use of Shadow Values



51 

 

Appendix Table 8. Tobit Estimates of the Relationship between MVLRI and 

Aggregate Measures of Economic Performance 
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