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Abstract: Assessing vulnerability is key in the planning of climate change adaptation policies and,
more importantly, in determining actions increasing resilience across different locations. This study
presents the results of a hierarchical linear multilevel modeling approach that utilizes as dependent
variable the Notre Dame Global Adaptation Initiative (ND-GAIN) Climate Change Vulnerability
Index and explores the relative impact of a number of macro-level characteristics on vulnerability,
including GDP, public debt, population, agricultural coverage and sociopolitical and institutional
conditions. A 1995–2016 annual time series that yields a panel dataset of 192 countries is employed.
Findings suggest that country-level climate change vulnerability is responding (strongly) to the
majority of the explanatory variables considered. Findings also confirm that less-developed countries
demonstrate increased vulnerability compared to the developed ones and those in transition stages.
While these results indeed warrant further attention, they provide a background for a more nuanced
understanding of aspects defining country-level patterns of climate vulnerability.

Keywords: climate change vulnerability; country-level index; hierarchical linear multilevel
(HLM) model

1. Introduction—Rationale for the Study

It is now widely accepted that scientists and practitioners need to focus on the improvement
of adaptation initiatives in order to tackle climate change both through short and long-term policy
measures [1]. Adaptation should focus on increasing resilience across different sectors [2] including
agriculture [3], biodiversity conservation [4] and water resources [5], targeting different impacts of
climate change such as flooding [6] and heat waves [7].

The decision on the type of policies that need to be developed and the urgency with which they
need to be implemented are strongly dependent on a number of factors. One of the most important is
the level of vulnerability [2,8]. Vulnerability refers to “the propensity or predisposition to be adversely
affected. [It] encompasses a variety of concepts including sensitivity or susceptibility to harm and lack
of capacity to cope and adapt” [9]. Vulnerability refers both to the ecological [10,11] and the human
systems [12,13]; for example, to what extent an ecosystem is vulnerable due to changes in species’
distribution or to what extent a local community is exposed to flooding.

Assessing vulnerability is key in the planning of climate change adaptation policies [14] and,
more importantly, in determining actions increasing resilience across different locations [15]. In order
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to facilitate the planning and decision-making process, several vulnerability indices have been
proposed in the literature [16]. These indices capture vulnerability on different scales—local, regional or
national [17–19] and also across different systems such as local communities [20], national economies [21]
and coastal biophysical systems [22].

Despite the increase of proposed indices on vulnerability and the need to identify key factors
influencing it [23], the majority of the literature in this research field focuses only on one sector’s
influence on vulnerability (e.g., the impact of population, governance and agriculture on vulnerability).
However, it is equally important to explore which are the key indicators influencing vulnerability
to climate change by adopting a multi-dimensional approach. In particular, it is crucial to explore
vulnerability across different sectors, taking into consideration a number of factors reflecting ecological,
economic and human capital dimensions.

A significant starting point is the role of agriculture in determining vulnerability levels. This is
because agro-forestry systems are severely impacted by climate change [24] and are expected to play
an important role in reducing vulnerability levels. Several studies have highlighted that agriculture
practices will need to change [25] towards a more sustainable path [26] through systemic-structural
changes and the diversification of current production systems [27]. Only through such changes
will it be possible to increase adaptation and resilience to climate change in agriculture-dependent
areas [16,28,29].

In relation to the economic system, it is widely accepted that poorer communities are the most
vulnerable due to living conditions as they are more exposed to weather changes [30–32]. Climate
change results in additional financial burdens for such communities and nations due to an increased
need for adaptation investments. For this reason, countries with higher debt levels are considered
more vulnerable to climate change [33,34], and there are increased calls to find a balance between
investments and reducing national debt [35].

In terms of the political system, several scholars underline that the institutions in place will also
have a significant impact on the efficiency of climate change adaptation policies [36]. Unstable political
environments [37] and lack of effective formal institutions managing natural resources [38] are often
the most important barriers in climate change adaptation and tackling vulnerability levels. There is
a need for continuous support from governmental actors [39,40] and stronger collaboration across
different entities and layers of governance [41,42] in order to reduce vulnerability.

Finally, although the social system is often the least researched, it is equally important. A number
of studies underline the role of the human population in climate change adaptation, referring both
to the size of households [43] and, more importantly, the density [44] and proximity to dangerous
inevitable natural events [45]. Higher population density, especially in urban areas, may provide
enabling conditions that increase adaptation [44] together with external interventions [46], but there
is still conflicting evidence as to whether higher density in large conurbations does actually increase
vulnerability [47–50].

Along these lines, Younus and Kabir [51] assess household vulnerability along with sustainable
livelihoods in Bangladesh by relying on 22 effective variables and with vulnerability functioned
by three mainstream components, namely exposure, sensitivity and adaptive capacity. Similarly,
Shvidenko et al. [52] consider the effects of expected climate change on the vulnerability of Ukrainian
forests by relying on global and regional climatic models (RCM). In all these, Oh et al. [53] develop
a Korean climate change vulnerability assessment tool, the Vulnerability Assessment Tool to build
Climate Change Adaptation Plan (VESTAP).

Based on the above evidence, this study aims to explore the effect of different macro-level
characteristics on national climate change vulnerability. We employ as dependent variable the Notre
Dame Global Adaptation Initiative (ND-GAIN) Climate Change Vulnerability Index (CVI), a metric
used in order to inform decision-making and facilitate adaptation planning [14]. We then explore
how country-level indices influence the level of vulnerability on a national level. Influenced by the
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literature mentioned above, we explore the impact of a number of indicators on vulnerability including
GDP, public debt, population, agricultural coverage and sociopolitical and institutional conditions.

The rest of the paper is structured as follows. Next, our model specifications and variables
employed in the assessment are outlined. The following section presents the findings in terms of
descriptive statistics and the hierarchical linear multilevel model we opted for to examine the effects of
the explanatory variables on country-level climate vulnerability. The paper concludes with research
and policy implications. Table 1 provides a list of the dependent and independent variables.

Table 1. Definitions of variables.

Variable Abbreviation Definition

Climate
Vulnerability

Index
CVI

Measures the propensity or predisposition of human societies to be negatively
impacted by climate hazards. The Notre Dame Global Adaptation Initiative

(ND-GAIN) Country Index assesses the vulnerability of a country by considering 6
life-supporting sectors: food, water, health, ecosystem services, human habitat and
infrastructure. CVI is scaled 0–1, where a higher score means higher vulnerability
(Climate Change Adaptation Program, University of Notre Dame Environmental

Change Initiative).

GDP per capita
(PPP) GDPc

The sum of gross value added by all resident producers in the economy plus any
product taxes and minus any subsidies not included in the value of the products

($/World Bank).

External debt,
long term EDLT Long-term debt is debt that has an original or extended maturity of more than one

year (US dollars/World Bank).

Historical
public debt PD

Includes domestic and foreign liabilities such as currency and money deposits,
securities other than shares and loans. It is the gross amount of government

liabilities reduced by the amount of equity and financial derivatives held by the
government (% of GDP/World Bank).

Net official
development
assistance per

capita

NODAc

Consists of disbursements of loans made on concessional terms (net of repayments
of principal) and grants by official agencies of the members of the Development

Assistance Committee (DAC), by multilateral institutions, and by non-DAC
countries to promote economic development and welfare in countries and

territories in the DAC list of ODA recipients ($/World Bank).

Total
population POP

Based on the de facto definition of population, which counts all residents
regardless of legal status or citizenship - except for refugees not permanently

settled in the country of asylum, who are generally considered part of the
population of their country of origin (World Bank).

Urban
population UPOP

Refers to people living in urban areas as defined by national statistical offices. It is
calculated using population estimates and urban ratios from the United Nations

World Urbanization Prospects (World Bank).

Population
density POPD Midyear population divided by land area in square kilometers (World Bank).

Agricultural
area AGR Refers to the share of land area that is arable, under permanent crops and under

permanent pastures (km2/FAO).

Forest area FOR
Forest area is land under natural or planted stands of trees of at least 5 m in situ,
whether productive or not, and excludes tree stands in agricultural production

systems (km2/FAO).

Mean years of
schooling MYS

Average number of years of education received by people aged 25 and older,
converted from education attainment levels using official durations of each level

(United Nations Development Programme).

Government
effectiveness GE

Reflects perceptions of the quality of public services, the quality of the civil service
and the degree of its independence from political pressures, the quality of policy

formulation and implementation, and the credibility of the government’s
commitment to such policies. Estimates range from approximately –2.5 (weak) to

2.5 (strong) governance performance (World Bank/Worldwide Governance
Indicators project).
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Table 1. Cont.

Variable Abbreviation Definition

Political
stability PS

Measures perceptions of the likelihood of political instability and/or politically
motivated violence. Estimates range from approximately −2.5 (weak) to 2.5 (strong)
governance performance (World Bank/Worldwide Governance Indicators project).

Regulatory
quality RQ

Reflects perceptions of the ability of the government to formulate and implement
sound policies and regulations that permit and promote private sector

development. Estimates range from approximately −2.5 (weak) to 2.5 (strong)
governance performance (World Bank/Worldwide Governance Indicators project).

Political rights PR The political rights indicator assesses electoral process, political pluralism and
participation and functioning of government. The civil liberties indicator assesses
freedom of expression and belief, associational and organizational rights, rule of

law and personal autonomy and individual rights. Each rating ranges from 1 to 7,
with 1 representing the greatest degree of freedom and 7 the smallest degree of

freedom (Freedom House - Freedom in the World).

Civil liberties CL

2. Material and Methods

2.1. Variable Selection

We employ a 1995–2016 annual time series, which yields a panel dataset of 192 countries. We
use data on country-level Climate Vulnerability Index (CVI) scores retrieved from the Notre Dame
Global Adaptation Initiative (ND-GAIN) scaled 0–1. From the World Bank, we retrieve data on GDP
per capita (GDPc) based on purchasing power parity (PPP; US$), long term external debt (EDLT;
US$), historical public debt (PD; Debt to GDP ratio), net official development assistance per capita
(NODAc; US$), total population (POP), urban population (UPOP) and population density (POPD;
thousands of people/km2). Data on agricultural area (AGR; km2) and forest area (FOR; km2) are
retrieved from FAOSTAT and mean years of schooling (MYS) were drawn from the United Nations
Development Programme database. From the World Governance Indicators project, we take data on
government effectiveness (GE), political stability (PS) and regulatory quality (RQ) (estimates range
from approximately −2.5 to 2.5, with higher values corresponding to better performance), which serve
as proxies of institutional conditions affecting governance on climate adaptation. In this respect, we
also test institutions using political rights (PR) as well as civil liberties (CL) indicators (measured on a
1–7 scale, with lower scores suggesting more democratic characteristics) obtained from the Freedom
House reports.

2.2. Model Specification

For the assessment of the effects of the explanatory variables on country-level climate vulnerability
(which is proxied by the ND-GAIN index), a 3-level hierarchical linear multilevel (HLM) model is
utilized [54]. Our data constitute a typical example of the HLM class of models, which belong to
the family of Ordinary Least Squares (OLS) models and are typically utilized when the predictor
variables vary at more than one level [55]. We fit models that explicitly take into consideration the
nested structure of the data, as presented by the HLM model formulation. In this way the within
variable correlations are effectively taken into account, resulting in more efficient and valid estimates
in comparison to typical OLS regression, where independence in the data is assumed [54]. For our
dataset, the annual scores on the vulnerability index are nested within the (J = 192) countries. In the
following equations, the framework of the 3-level HLM model is analytically described. Suppose there
are n j = 22 annual (i = 1995, . . . , 2016) estimations nested within each of the j = 1, 2, . . . , J countries.
In addition, there are measurements of a total of 15 explanatory variables nested within the countries.
Then, the mathematical expression of the fitted HLM model(s) is:

Level 1:

yi jk = b0 jk +
15∑

l=1

bl jk·Xl jk + ei jk (1)
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where yi jk denotes the continuous estimation variable of vulnerability, the level 1 predictors are denoted

as Xl jk (l = 1, 2, . . . , 15), and ei jk ∼ N
(
0, σ2

e

)
is the error term. As level 1 predictors, we hypothesize the

covariates of GDPC, EDLT, PD, NODAC, POP, PD, UPOP, AGR, FOR, MYS, PS, GE, RQ, PR and CL.

Level 2:
The b -coefficients of the level 1 covariates (l = 1, 2, . . . , 15) are then treated as response variables

through the following equation:
bl jk = βl0k + βlk·Xlk + εl jk (2)

where Xlk is the level 2 predictor of country, and εl jk ∼ N
(
0, σ2

ε

)
.

Level 3:
Finally, the level 3 equation is written as:

βlk = γl0 + γl1·Xl + ulk (3)

with Xl being the covariate of year effects.
For the categorical predictor variable of country, we have assigned the reference category of

“COUNTRY=Developing” and compared the latter with other two levels, i.e., “Transition economies”
and “Developed countries”.

In our model formulation we are assuming that the “Year” variable is a random effects covariate,
where all remaining covariates constitute the fixed effects of the model. To measure the random effects
of “year” variable, we calculate its variance partition coefficient (VPC), as given by:

VPCYEAR =
τi00

τi00 + σ2
e

, (4)

where σ2
e denotes the variance of ei jk and τi00 are the variances of the yearly random effects.

In order to assess model fit, we take a model comparison approach, starting by fitting a null
model (denoted as Model 1), including as predictors only the grand mean and the random effects
of “year” and subsequently adding one block of new predictor variables each time to perform the
comparison between the two nested models. Model 2 adds the “country” fixed effects, whereas Model 3
incorporates variables of macroeconomic stability. In Model 4, we add variables explaining population
and area dynamics, while Model 5 is our ‘complete’ model, including variables of institutional maturity
and efficiency. The significance of the models is tested using the likelihood ratio test (LRT). Thus,
each time, the initially fitted model (null model) is compared with the alternative model including the
additional parameters via LRT [54]. Subsequently, Model 3 is tested against the Model 2, etc.

The R software [56], and specifically the lme4 library [57], has been utilized to fit the linear mixed
effects hierarchical models of the relationship between our dependent variables and the explanatory
factors. A chart outlining the analytical steps followed in the study is presented in Figure 1.
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Figure 1. Step-by-step description of methodology followed in the study.

3. Results

3.1. Descriptive Statistics

Prior to fitting the data through HLM and examining associations between the response variable
of the vulnerability index and the previously described covariates, the normality of the response
variable of vulnerability is checked to ensure the robustness and validity of results obtained by fitting
the hierarchical linear model. Figure 2 is the histogram plot of the vulnerability values, indicating the
resemblance of data to a Gaussian distribution.Sustainability 2020, 12, 4438 7 of 14 
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The Kolmogorov-Smirnov test for normality, conducted in R software, indicated that the variable
of vulnerability is normally distributed (D = 0.607; p-value < 0.001). Hence, the choice of a hierarchical
linear model approach is deemed suitable for carrying out the analysis. Descriptive statistics in terms
of mean, median and minimum and maximum values for the response and the explanatory variables
are presented in Table 2. Correlations for the variables included in the empirical analysis are presented
in Table 3.

Table 2. Descriptive statistics for the vulnerability index and explanatory variables.

Variable Mean Median Min Max

CVI 0.452 0.433 0.259 0.713

GDPC 1350.4 7316.2 272.3 129,349

EDLT 22,182,392,000 3,667,001,000 0 618,675,469,000

PD 60.08 48.69 0.318 523.38

NODAC 120.71 40.88 −133.56 8249

POP 3,435,821 71,995,500 9203 1,378,665,000

POPD 25.9034 73.568 1.479 21,389.1

UPOP 168,183,21 33,764,47 4058 7,827,784,14

AGRI 258,625 40,299 4 5,278,330

FOR 211,824 25,792 0 8,151,356

MYS 7.554 7.8 0.7 13.4

PS −0.048 0.04 −3.31 1.76

GE −0.063 −0.23 −2.45 2.44

RQ −0.07 −0.2 −2.65 2.26

PR 3.391 3 1 7

CL 3.364 3 1 7
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Table 3. Correlation coefficient matrix.

Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

(1) CVI 1 - - - - - - - - - - - - - - -

(2) GDPC −0.591 ** 1 - - - - - - - - - - - - - -

(3) EDLT −0.330 ** 0.420 ** 1 - - - - - - - - - - - - -

(4) PD 0.216 ** −0.140 ** −0.120 ** 1 - - - - - - - - - - - -

(5) NODAC 0.191 ** n.s. −0.190 ** n.s. 1 - - - - - - - - - - -

(6) POP n.s. −0.043 ** 0.547 ** n.s. −0.079 ** 1 - - - - - - - - - -

(7) POPD −0.036 * 0.219 ** n.s. 0.049 ** 0.107 ** n.s. 1 - - - - - - - - -

(8) UPOP −0.121 ** n.s. 0.668 ** n.s. −0.085 ** 0.945 ** n.s. 1 - - - - - - - -

(9) AGRI −0.126 ** 0.041 * 0.653 ** −0.074 ** −0.120 ** 0.626 ** −0.080 ** 0.723 ** 1 - - - - - - -

(10) FOR −0.141 ** 0.035 * 0.642 ** n.s. −0.089 ** 0.298 ** −0.066 ** 0.433 ** 0.573 ** 1 - - - - - -

(11) MYS −0.805 ** 0.520 ** 0.206 ** −0.211 ** 0.159 ** −0.047 ** 0.067 ** 0.040 * 0.069 ** 0.101 ** 1 - - - - -

(12) PS −0.487 ** 0.477 ** −0.081 ** −0.111 ** 0.310 ** −0.154 ** 0.114 ** −0.119 ** −0.099 ** −0.080 ** 0.522 ** 1 - - - -

(13) GE −0.716 ** 0.668 ** 0.235 ** −0.053 ** n.s. n.s. 0.210 ** 0.074 ** 0.048 ** 0.040 * 0.675 ** 0.683 ** 1 - - -

(14) RQ −0.678 ** 0.630 ** 0.176 ** −0.091 ** −0.055 ** n.s. 0.198 ** 0.037 * n.s. 0.042 * 0.640 ** 0.637 ** 0.933 ** 1 - -

(15) PR 0.440 ** −0.195 ** −0.044 * n.s. −0.274 ** 0.064 ** −0.047 ** 0.033 * 0.068 ** n.s. −0.490 ** −0.578 ** −0.623 ** −0.654 ** 1 -

(16) CL 0.476 ** −0.247 ** n.s. 0.062 ** −0.305 ** 0.089 ** −0.092 ** 0.052 ** 0.070 ** n.s. −0.542 ** −0.650 ** −0.674 ** −0.709 ** 0.934 ** 1

** Correlation is significant at the 1% level of significance; * Correlation is significant at the 5% level of significance; n.s.: non-significance.
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3.2. HLM Model Fit Results

Table 4 shows the results for model comparisons between the nested models. The likelihood
ratio test (LRT) indicated that each subsequent model is statistically significant in comparison to the
previous model. Model 5, including all initially selected covariates, is statistically significant at the 5%
significance level; hence, upon selection of the latter model we additionally perform covariate selection
based on a backward elimination algorithm.

Table 4. Model selection for the candidate models through the likelihood ratio test.

Model Variables LRT p-Value

1 year −3696.4 -

2 Year, country −3879.4 <0.001

3 Year, country,
GDPC, EDLT, PD, NODAC

−5493 <0.001

4
Year, country,

GDPC, EDLT, PD, NODAC,
POP, POPD, UPOP, AGR, FOR

−5556.9 <0.001

5

Year, country,
GDPC, EDLT, PD, NODAC,

POP, POPD, UPOP, AGR, FOR, MYS, PS,
GE, RQ, PR, CL

−6113.1 <0.001

The finally selected significant covariates along with parameter estimates and corresponding 95%
confidence intervals are presented in Table 5.

Table 5. Parameter estimates along with the 95% confidence intervals for the significant covariates of
the best selected hierarchical linear multilevel (HLM) model.

Independent Variable Parameter Estimate 95% Confidence Interval

Country Group (Reference Category: Developing)

Country = Transition economies −0.023 (−0.317, −0.164)

Country = Developed −0.112 (−0.197, −0.213)

GDPC −0.007 (−0.008, −0.0071)

PD 0.0054 (0.0089, 0.0097)

NODAC 0.0071 (0.0044, 0.0098)

POP 0.000106 (0.000607, 0.000156)

POPD 0.0034 (0.0023, 0.0047)

UPOP −0.00043 (−0.00058, −0.0003)

AGR 0.0012 (0.00055, 0.0018)

MYS −0.012 (−0.134, −0.113)

PS −0.0033 (−0.0065, −0.00023)

GE −0.0077 (−0.014, −0.0043)

RQ −0.0087 (−0.014, −0.0025)

The results reveal that developing countries positively affect the vulnerability performance in
comparison to the “transition economies” (beta = −0.023; p-value < 0.05) and the “developed” groups
of countries (beta = −0.112; p-value < 0.05). GDPC, UPOP, MYS, PS, GE and RQ show a negative effect
on the level of vulnerability; hence, higher levels of these variables result in reduced vulnerability.
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In contrast, by observing the results of the final best selected HLM model, we see that PD has a positive
effect on the CVI (beta = 0.0054; p-value < 0.05). Similar positive effects are found for NODAC (beta =

0.0071; p-value < 0.05), POP (beta = 0.000106; p-value < 0.05), POPD (beta = 0.0034; p-value < 0.05) and
AGR (beta = 0.0012; p-value < 0.05).

With respect to the effects of the random term of the “year” covariate, estimated VPCYEAR is only
5.13%, an indication that the year to year variation is not an important factor that explains variability
in the CVI.

4. Concluding Remarks

Despite the policy and governance literature on country-level climate change vulnerability
offering actionable insights on impact and possible courses of action, an examination of underlying key
explanatory parameters is still thin on the ground. In this paper, we attempt to take this debate forward
with a particular focus on revisiting critical socioeconomic and institutional factors determining how
vulnerable countries are to climate change impacts. In this respect, relying on well-established metrics
of macro-level performance, we provide novel knowledge on a research strand where little evidence is
available both in terms of cross-country comparisons and time series data analysis.

By employing a 3-level hierarchical linear multilevel model we find that country-level climate
change vulnerability is responding (strongly) to most of the variables considered. Specifically, economic
growth (GDPc), demographic transition from rural to urban areas (UPOP), human capital development
in terms of educational attainment (MYS) as well as formal institutional arrangements (PS, GE and
RQ) all contribute to reduced vulnerability to climate change. The results suggest that the variables of
institutional maturity and efficiency are critically important in reducing vulnerability levels. In contrast,
public debt accumulation (PD), official development assistance (NODAc) total population (POP) and
population density (POPD) as well area dynamics in terms of agricultural land use (AGR), all lead
to increased vulnerability levels. Findings also confirm that less-developed nations demonstrate
increased climate change vulnerability levels compared to the developed ones and those in transition
stages. While these results indeed warrant further attention, they provide a background for a more
nuanced understanding of aspects defining country-level patterns of climate vulnerability.

Developing countries are really vulnerable as they rely on sectors that are sensitive (like agriculture,
forestry and fishery industries) and have poor health systems, vast population density increases due to
high urbanization and unsafe protection from unexpected weather events. At the same time these
countries face also poverty issues together with various forms of environmental degradation in the
form of pollution, biodiversity loss etc.

Climate change may be a complexifying factor in coping with poverty. According to UNEP [58], some
basic criteria to identify the main vulnerabilities are the timing and magnitude of the effects, the
persistence and reversibility, the potential for adaptation and the estimates of the likelihood of effects
and vulnerability together with the distributional aspects of these effects.
Vulnerability is more multifaceted than risk. The magnitude of the effects is verified by its scale, that is,
by the number of people or the area influenced and its intensity in terms of the degradation caused.
Obviously, timing is crucial in such cases, and it makes an event more severe if an event is going to
occur sooner rather than later in the future. At the same time, a deteriorating effect on ecosystems and
biodiversity is more rigorous if it is irreversible and persistent. The former may affect many future
generations, changing regional or global landscapes and biochemical cycles [59] with, among others,
extinctions of species [60] and loss of unique cultures [61].
The potential for adaptation is also important, with lower feasibility for effective adaptation
characterizing the main vulnerability effects. Potential adaptation may alleviate global warming effects
in a different way between and within regions and sectors [62], raising serious issues of equity and
distribution effects that influence income, gender and age, among others, differently.



Sustainability 2020, 12, 4438 11 of 14

Future research can focus on regional patterns of vulnerability by employing locally contextual
metrics and variables describing intrinsic characteristics of country groups. Introducing a wider
spectrum of proxies for cross-border interactions, technological advancement, stocks of social
capital, health estimates and/or informal institutions such as national culture traits may yield more
comprehensive outlooks of leverage points affecting transnational, national and/or subnational climate
change vulnerability.
Crucially, it could be of interest to further investigate the phenomenon from diverse perspectives,
utilizing appropriate variables at the various levels of analysis and exploring interactions occurring
between levels (e.g., from the regional to the national level). In this regard, qualitative studies
performed in vulnerability “hotspots” may offer supplementary supporting evidence on subtle national
characteristics that may explain climate vulnerability and undermine pathways to building resilience.
Resilience is a substantial concept when researching vulnerability as it refers to the ability of the
system to absorb any byproducts and be reorganized. While the work described in this research note is
preliminary, we believe it could spark discussion and allow for better insights into the mobilization of
policy-making and future research incorporating the complex perspective on how national traits may
influence national adaptation capacities as well as responses.
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