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Abstract

HI35, defined as the mean annual number of days on which apparent temperature exceeds
35 ◦C, is introduced in this paper as a country-level heat exposure metric. Unlike vulnera-
bility indicators, HI35 is treated as an exogenous climatic exposure variable and not as a
direct measure of vulnerability or as an endogenous outcome. By combining HI35 with
World Bank Environmental, Social, and Governance (ESG) indicators, this study applies
unsupervised clustering algorithms to derive an exposure–vulnerability typology of coun-
tries. The Environmental, Social, and Governance pillars are analyzed separately through
dedicated clustering procedures, supported by robustness checks and an additional country
taxonomy based on principal component analysis and hierarchical clustering. The results
identify heterogeneous country profiles in which similar levels of heat exposure coexist
with different ESG-based vulnerability conditions, including environmental pressures,
fragility, institutional capacity, innovation, water access, nutrition, and governance quality.
Conversely, countries with relatively low heat exposure may display differentiated social
or institutional vulnerability profiles. The empirical evidence suggests that heat exposure
and ESG-based vulnerability are conceptually distinct but jointly relevant dimensions for
classifying climate-risk profiles. No causal relationship is inferred between ESG indicators
and HI35; the analysis is descriptive, classificatory, and based on unsupervised learning.
Conceptually, HI35 captures the occurrence of extreme heat events, while ESG indicators
describe the environmental, social, and institutional conditions associated with sensitivity,
resilience, and adaptive capacity.

Keywords: heat 35 index; climate vulnerability; ESG indicators; country clustering; taxonomies

1. Introduction
Climate change is a systemic phenomenon, and ESG factors have gained importance

as a framework for examining the environmental, social, and institutional conditions un-
der which societies face climatic stress [1]. In this research, we consider HI35, defined
as the annual number of days on which apparent temperature exceeds 35 ◦C. HI35 re-
flects heat exposure and is not treated as a proxy for a country’s vulnerability to climate
change. Countries with similar levels of heat exposure may display different ESG-based
vulnerability profiles, depending on environmental pressures, societal sensitivity, institu-
tional quality, and adaptive capacity. Therefore, the research question of this paper is as
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follows: how can HI35 and ESG indicators be jointly used to differentiate country-level
exposure–vulnerability profiles? From a methodological perspective, we apply cluster
analysis to an integrated country-level dataset including HI35 and ESG indicators. The
method is descriptive and classificatory in nature, as it aims to identify groups of coun-
tries with similar heat-exposure conditions and ESG-based vulnerability-related profiles.
No causal relationship is inferred between ESG indicators and HI35. The twofold con-
tribution of the research is, first, to advance the classification of climate-risk profiles by
jointly considering climatic exposure and the socio-institutional conditions under which
exposure occurs. Second, the study shifts attention from firm-level ESG performance to
cross-country ESG-based vulnerability profiles, an area that remains underexplored in the
climate-risk literature.

This paper is structured as follows. Section 2 reviews the literature on ESG, heat expo-
sure, and climate vulnerability. Section 3 presents the data, variables, aggregation procedure,
cleaning strategy, and country-level unit of analysis. Section 4 explains the empirical frame-
work, distinguishing HI35 as climatic exposure from ESG-based vulnerability. Sections 5–8
report the clustering results for the Environmental, Social, and Governance dimensions, in-
cluding sensitivity analyses and robustness checks. Section 9 develops an integrated country
taxonomy using PCA and hierarchical clustering, with macroeconomic and institutional
interpretation. Section 10 discusses the empirical findings, while Section 11 derives policy
implications for climate governance and heat resilience. Section 12 concludes this paper.
Appendices A–C provide descriptive statistics and diagnostics for Environmental, Social, and
Governance indicators. Appendix D reports long-term HI35 trends from 2000 to 2022.

2. Literature Review
Extreme heat events are becoming more prevalent, prompting policymakers, investors,

and academics to reconsider how sustainability and climate risks are assessed. HI35,
defined as the annual number of days on which apparent temperature exceeds 35 ◦C, is
used in this study as an indicator of climatic heat exposure. However, HI35 is not treated
as a direct vulnerability metric. The key challenge of the analysis is to understand how
this exogenous exposure variable is associated with environmental, social, and governance
conditions that describe vulnerability-related country profiles, without implying any causal
relationship between ESG indicators and HI35.

Previous research shows a positive link between ESG performance and resilience to
heat stress. The bulk of available literature focuses on individual companies or industrial
sectors. Refs. [2,3] found that Chinese firms with higher ESG ratings showed greater
resilience, as evidenced by lower volatility during extreme heat. At the same time, studies
by [4,5] highlight the importance of ESG-based actions in reducing the impacts of heat
exposure on economies. Nonetheless, the existing literature has failed to shed light on how
ESG systems function as national vulnerability structures.

A similar strand of academic discourse explores reliability issues of ESG and climate
exposure metrics. For instance, Refs. [6,7] suggest that ESG indicators might lose validity
and consistency without solid institutional and data structures. Refs. [8–10] highlight the
benefits of HI35 and similar indicators for sustainability planning and institutional ESG
structures. Still, exposure indicators are inconsistently used in ESGs, and discrepancies
between ESG data providers can lead to different interpretations of climate risks [11–13].

Moreover, the social and governance sides of heat vulnerability are understudied.
Extreme temperatures cause severe health outcomes, impact workers’ productivity, alter
nutrition, exacerbate inequality, hinder access to public utilities, and contribute to migra-
tion. However, these risks are frequently neglected when evaluating ESG factors [14–18].
Similarly, the influence of governance on adaptive capacity, regulatory coordination, and
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climate-risk management requires further analysis since there is currently no comparative
analysis of institutional profiles across countries at different heat exposures [19–25].

Innovation and data infrastructure also play important roles. Both ESG investments
and R&D can improve adaptation, especially when they concern energy and technolog-
ical sectors [26–31]. At the same time, reliable ESG data, geospatial information, and
comparability become necessary for climate-risk assessment [7,32–34].

This paper addresses the following four gaps: (i) the prevalence of firm- or sector-level
analyses; (ii) the patchy use of heat indicators in ESG frameworks; (iii) the lack of opera-
tionalized social and governance vulnerability indicators; and (iv) the absence of systematic
cross-country taxonomies. In particular, the author uses HI35 and other ESG indicators in a
joint analysis with machine learning techniques. Thus, exposure–vulnerability clusters are
described without assuming causality. See Table 1.

Table 1. Synthesis of the literature review.

Problem-Oriented
Literature Stream

Key
Authors/Studies

What the Literature
Shows Remaining Limitation How This Study

Addresses the Gap

Firm-level ESG
resilience to heat
stress

[4,6,7,35,36]

Firms with stronger ESG
profiles often show
greater resilience to heat
shocks, lower
operational volatility,
and stronger
sustainability responses
under extreme heat.

The evidence remains
mainly firm-level and
does not explain how
ESG systems operate
as national
vulnerability
structures under
climatic exposure.

The study shifts the
analysis from firms to
countries and uses
clustering to identify
macro-level
exposure–vulnerability
profiles combining
HI35 and ESG
indicators.

Integration of
climatic exposure
into ESG
frameworks

[7–9,12,13,36]

HI35 and related heat
indicators are
increasingly relevant for
sustainability planning,
ESG assessment, data
comparability, resource
management, and
institutional response.

Climatic exposure
indicators remain
unevenly integrated
into ESG systems,
while inconsistencies
in ESG data
infrastructures limit
cross-country
comparability.

The study treats HI35
as an exogenous
exposure indicator and
integrates it with ESG
variables in a coherent
cross-country
exposure–vulnerability
clustering framework.

Social
vulnerability
under heat
exposure

[14–18,31]

Extreme heat interacts
with social inequality,
nutrition, displacement,
labor stress, and access
to basic services.

The social pillar of
ESG is often discussed
conceptually but is
rarely operationalized
through measurable
national indicators
linked to heat
exposure.

The study combines
HI35 with social
indicators such as
fertility, access to safely
managed drinking
water, and
undernourishment to
identify social
exposure–vulnerability
profiles.

Governance and
institutional
adaptive capacity

[9,13,20,22–24]

Strong governance,
regulatory capacity, and
institutional
coordination improve
adaptive capacity under
repeated heat shocks.

Existing studies do not
provide a systematic
cross-country
taxonomy showing
how governance
profiles differ under
comparable or
different levels of heat
exposure.

The study combines
HI35 with governance
indicators to identify
institutional
vulnerability profiles
and compare countries
by adaptive capacity.
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Table 1. Cont.

Problem-Oriented
Literature Stream

Key
Authors/Studies

What the Literature
Shows Remaining Limitation How This Study

Addresses the Gap

Sectoral
innovation and
adaptive
investment

[25–28,37,38]

ESG investment, green
innovation, and R&D
can support adaptation
to climate stress,
especially in energy and
technology sectors.

The evidence is mostly
sectoral or
firm-oriented and does
not explain how
innovation capacity
contributes to national
exposure–
vulnerability regimes.

The study incorporates
innovation-related ESG
indicators within a
country-level clustering
framework to compare
adaptive-capacity
profiles.

Heat indicators
for policy and
planning

[39,40]

Heat indicators can
support urban planning,
adaptation strategies,
and local climate policy.

Policy-oriented studies
often lack a unified
empirical framework
that compares
vulnerability types
across countries.

The study uses
unsupervised
clustering to derive
exposure–vulnerability
taxonomies that
support differentiated
adaptation strategies
and resource allocation.

Note. This table reorganizes the literature around problem-oriented research streams, highlighting what previous
studies show, their remaining limitations, and how the present study addresses these gaps through a cross-country
ESG–HI35 exposure–vulnerability framework.

Despite being originally designed as an instrument for assessing sustainability and
risk in corporate investments, the extension of ESG to the analysis of national charac-
teristics requires re-conceptualizing the theory [41,42]. This paper does not consider the
ESG framework as a measure of corporate sustainability, nor as a national ranking based
on firm-level assessment principles. Rather, ESG is regarded as a macro-sustainability
approach for describing nation-specific conditions associated with vulnerability-related
profiles and adaptive capacity under exogenous climatic exposure [43,44]. Thus, the three
main components of the ESG concept are considered as structural dimensions through
which country-level climate vulnerability profiles can be classified. Specifically, the en-
vironmental pillar includes ecological pressures, depletion of natural resources, energy
dependence, greenhouse gas emissions, and cooling stresses. The social pillar concerns
population sensitivity to health, nutrition, demographics, and the provision of basic service
parameters. Finally, the governance pillar accounts for issues of regulatory quality, rule of
law, political stability, accountability, human rights protection, innovation capability, and
the overall state of macroeconomic governance [43,44]. Clearly, the above taxonomy does
not intend to create an all-inclusive development index but rather defines the boundaries
within which national conditions associated with climate vulnerability are analyzed. HI35
is viewed as an exogenous index of climatic exposure, while the ESG variables represent
national characteristics associated with sensitivity, resilience, and adaptive capacity under
climate exposure [44]. GDP growth is used because it is contained in the World Bank
database and viewed as an element of macroeconomic governance. Future development of
the taxonomy should be focused on GDP per capita, income groups, fiscal capacity, and
urbanization factors [43,44].

3. Data Architecture and Variable Framework
We have used the following data from the World Bank Database (Table 2).
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Table 2. Variables used to construct the HI35–ESG exposure–vulnerability framework.

Macro Variable Acronym Definition

Heat Index 35 New HI35

It is the number of days in a year when the apparent
temperature, a perceived measure that combines ambient
temperature and humidity, surpasses 35 ◦C. This variable

indicates the occurrence of extreme heat that can affect
health conditions, productivity, and ecosystems.

E-Environment

Adjusted savings:
natural resources

depletion (% of GNI)
NRD

Measures the economic cost of depleting natural
resources, such as forests, minerals, and fossil fuels,

expressed as a percentage of a country’s Gross National
Income (GNI). This indicator reflects the long-term impact
of resource extraction on a nation’s wealth, considering

sustainability and future economic potential.

Adjusted savings: net
forest depletion (% of

GNI)
NFD

Quantifies the economic cost associated with the loss of
forest resources, expressed as a percentage of Gross

National Income (GNI). This measure reflects the financial
and environmental impact of deforestation on a country’s

long-term sustainability and natural wealth.

Energy imports, net
(% of energy use) EIN

Represents the percentage of a country’s total energy
consumption that is met through imported energy

sources, after accounting for any energy exported. This
metric highlights a country’s reliance on foreign energy,

indicating its vulnerability to external energy supply and
price fluctuations.

Energy intensity level
of primary energy

(MJ/$2017 PPP GDP)
EIL

Measures the amount of primary energy consumed per
unit of economic output, expressed in megajoules per

dollar of GDP adjusted to 2017 purchasing power parity
(PPP). This indicator reflects the efficiency of a country’s
energy use in relation to its economic productivity, with

lower values indicating higher energy efficiency.

Fossil fuel energy
consumption (% of

total)
FFEC

Indicates the proportion of a country’s total energy
consumption that is derived from fossil fuels, including

coal, oil, and natural gas. This metric helps gauge a
nation’s reliance on non-renewable energy sources, with

higher percentages indicating greater dependence on
fossil fuels and associated emissions.

Methane emissions
(metric tons of CO2

equivalent per capita)
ME

Represents the average methane emissions per person in a
country, converted to their equivalent impact in metric
tons of CO2 for comparative purposes. This measure

reflects the contribution of methane, a potent greenhouse
gas, to overall greenhouse gas emissions on a per

capita basis.

Nitrous oxide emissions
(metric tons of CO2

equivalent per capita)
NOE

Quantifies the average emissions of nitrous oxide per
person in CO2-equivalent metric tons, allowing for

comparison with other greenhouse gases. This metric
captures the impact of nitrous oxide, a potent greenhouse

gas primarily emitted from agricultural and industrial
activities, on a per capita basis.

S-Social Fertility rate, total
(births per woman) FR

Represents the average number of children a woman is
expected to have over her lifetime based on current birth

rates. This metric is a key demographic indicator that
helps assess population growth and reproductive trends

within a country.
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Table 2. Cont.

Macro Variable Acronym Definition

S-Social

People using safely
managed drinking

water services (% of
population)

PUSM

Refers to the percentage of a population with access to
drinking water that is located on-site, available when

needed, and free from contamination. This metric is a key
indicator of public health and infrastructure quality,

reflecting access to essential safe water services.

Prevalence of
undernourishment
(% of population)

POU

Measures the percentage of a population whose daily food
intake is insufficient to meet minimum dietary energy

requirements. This indicator reflects food insecurity and is
used to assess hunger levels and nutritional deficiencies

within a population.

G-Governance

GDP growth (annual %) GDPG

Represents the yearly percentage increase in a country’s
Gross Domestic Product, reflecting the overall economic
growth of a nation. This metric is widely used to assess
economic health, indicating how rapidly an economy is

expanding or contracting over a given year.

Political Stability and
Absence of

Violence/Terrorism
PS

Is an indicator that measures the likelihood of political
unrest, violence, or terrorism affecting a country, reflecting
the stability of its political environment. Higher values on

this indicator suggest a more stable, secure setting for
citizens and investors, whereas lower values indicate

greater risks of political or violent disruptions.

Ratio of female to male
labor force participation
rate (%) (modeled ILO

estimate)

RFTM

Compares the percentage of women participating in the
labor force to that of men, showing gender parity in

workforce involvement. A higher ratio indicates closer
levels of labor force engagement between women and men,

reflecting gender equality in employment opportunities.

Regulatory Quality RQ

Assesses the ability of a government to implement
policies and regulations that promote private sector

development while maintaining fair and efficient market
standards. Higher values indicate effective regulations

that support business growth and protect public interests,
whereas lower values suggest regulatory challenges

or inefficiencies

Research and
development

expenditure (% of GDP)
RDE

Measures the percentage of a country’s Gross Domestic
Product invested in research and development activities,
reflecting its commitment to innovation and technological
advancement. Higher values indicate a stronger emphasis

on R&D, which can drive economic growth
and competitiveness.

Rule of Law RL

Measures the extent to which a society enforces laws fairly,
protects individual rights, and upholds contracts and
property rights. Higher values indicate a strong legal

framework where laws are applied consistently,
contributing to social stability and trust in institutions,

while lower values suggest weaker legal enforcement and
potential governance challenges.

School enrollment,
primary and secondary
(gross), gender parity

index (GPI)

SEPS

Measures the ratio of female to male students enrolled at
primary and secondary levels, reflecting gender equality in

educational access. A GPI closer to 1 indicates balanced
enrollment between genders, while values further from 1

suggest disparities favoring either male or female students.
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Table 2. Cont.

Macro Variable Acronym Definition

G-Governance

Scientific and technical
journal articles STJA

Refers to the number of peer-reviewed publications
produced within a country, often used as an indicator of
research output and intellectual activity in science and

technology fields. Higher counts signify robust academic
and research engagement, contributing to innovation and

knowledge development across various disciplines.

Strength of legal rights
index (0 = weak to

12 = strong)
SLRI

Measures the degree to which a country’s legal system
protects borrowers’ and lenders’ rights, with scores
ranging from 0 (weak) to 12 (strong). Higher scores

indicate stronger legal protections for accessing credit,
which can enhance economic activity by making it easier

for businesses and individuals to secure loans.

Voice and
Accountability VA

Measures the extent to which citizens of a country are able
to participate in selecting their government, as well as

their freedom of expression, association, and access to a
free media. Higher scores indicate a more democratic and

open society, where people have greater influence over
governance and civil liberties are better protected.

Source: for HI35 https://data360.worldbank.org/en/indicator/WB_ESG_EN_CLC_HEAT_XD Accessed 10
December 2024; for ESG variable https://esgdata.worldbank.org/?lang=en Accessed 10 December 2024.

The countries (Afghanistan, Albania, Algeria, Angola, Argentina, Armenia, Aus-
tralia, Austria, Azerbaijan, Bahrain, Bangladesh, Barbados, Belarus, Belgium, Belize, Benin,
Bhutan, Bolivia, Bosnia and Herzegovina, Botswana, Brazil, Bulgaria, Burkina Faso, Bu-
rundi, Cambodia, Cameroon, Canada, Central African Republic, Chad, Chile, China,
Colombia, Congo Dem. Rep., Congo Rep., Costa Rica, Cote d’Ivoire, Croatia, Cuba, Cyprus,
Czechia, Denmark, Djibouti, Dominica, Ecuador, Egypt Arab Rep., El Salvador, Equatorial
Guinea, Eritrea, Estonia, Eswatini, Ethiopia, Fiji, Finland, France, Gabon, Gambia The,
Georgia, Germany, Ghana, Greece, Grenada, Guatemala, Guinea, Guinea-Bissau, Guyana,
Haiti, Honduras, Hungary, Iceland, India, Indonesia, Iran Islamic Rep., Iraq, Ireland, Is-
rael, Italy, Jamaica, Japan, Jordan, Kazakhstan, Kenya, Kiribati, Korea Dem. People’s Rep.,
Kuwait, Kyrgyz Republic, Lao PDR, Latvia, Lebanon, Lesotho, Liberia, Libya, Liechtenstein,
Lithuania, Luxembourg, Madagascar, Malawi, Malaysia, Maldives, Mali, Malta, Marshall
Islands, Mauritania, Mauritius, Mexico, Micronesia Fed. Sts., Moldova, Monaco, Mongolia,
Montenegro, Morocco, Mozambique, Myanmar, Namibia, Nauru, Nepal, Netherlands,
New Zealand, Nicaragua, Niger, Nigeria, North Macedonia, Norway, Oman, Pakistan,
Palau, Panama, Papua New Guinea, Paraguay, Peru, Philippines, Poland, Portugal, Qatar,
Romania, Russian Federation, Rwanda, Samoa, San Marino, Sao Tome and Principe, Saudi
Arabia, Senegal, Serbia, Seychelles, Sierra Leone, Singapore, Slovak Republic, Slovenia,
Solomon Islands, Somalia, South Africa, South Sudan, Spain, Sri Lanka, St. Kitts and Nevis,
St. Lucia, St. Vincent and the Grenadines, Sudan, Suriname, Sweden, Switzerland, Syrian
Arab Republic, Tajikistan, Tanzania, Thailand, Timor-Leste, Togo, Tonga, Trinidad and
Tobago, Tunisia, Turkiye, Turkmenistan, Tuvalu, Uganda, Ukraine, United Arab Emirates,
United Kingdom, United States, Uruguay, Uzbekistan, Vanuatu, Venezuela RB, Viet Nam,
Yemen Rep., Zambia, Zimbabwe.) included in this analysis are represented in the following
map. Data cover the period from 1999 to 2023. See Figure 1.
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Figure 1. Geographic Distribution of Countries Included in the ESG–HI35 Analysis. Note. The figure
displays countries included in the ESG–HI35 dataset used for clustering analysis. Selected countries
cover the 1999–2023 period and represent diverse climatic, environmental, social, and governance
conditions worldwide.

3.1. Temporal Scope and Aggregation Procedure

The data come from the World Bank ESG database and consist of yearly observations
of all indicators for each country, over the longest available period for each indicator.
Given the imbalance in data availability over time and space, we use an unbalanced
panel [45,46]. To conduct clustering, we take the annual mean to form cross-sectional data
at the country level. That is, for each country and each indicator, we aggregate annual
observations by averaging them, resulting in one average value per country for HI35
and ESG indicators. The use of the mean was justified, as our research aims to identify
countries’ long-run exposure and vulnerability profiles rather than year-by-year dynamics
or fluctuations. Observations with missing values, as well as outliers that will be identified
during plausibility testing conducted next, will not be included when forming country
means. As a result, country-level means will be computed only from valid values. Thus,
after temporal aggregation, we end up with a set of observations, where each country
is characterized by a single observation that includes its long-run HI35 mean and ESG
variables. Therefore, our clusters should be viewed as long-run exposure and vulnerability
profiles at the country level [45,47]. Additional information on the temporal variation in
countries’ HI35 values will be presented in Appendix D. The time series themselves will not
be used in clustering algorithms, but they will provide insight into long-run heat exposure
variation [46].

3.2. Data Cleaning and Plausibility Checks

Before conducting temporal aggregation and clustering, a structured data-cleaning
and plausibility-check procedure was implemented to identify physically impossible ob-
servations, coding errors, missing records, and inconsistencies in indicator scales. This
screening was conducted separately for each variable used in the analysis because all
environmental, social, governance, and HI35 indicators have physically and/or conceptu-
ally admissible ranges. For indicators with upper and lower bounds, admissible ranges
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were defined according to each indicator’s substantive meaning and measurement scale.
Percentage indicators were checked for physical feasibility, while counts, rates, and index
variables were assessed to detect negative values, out-of-range records, or implausible
observations. Missing observations, physically impossible values, and inconsistent records
were not imputed before clustering; instead, they were excluded from the computation
of country-level means. As a result, temporal aggregation was based only on valid obser-
vations, reducing the risk that data anomalies would distort the construction of long-run
exposure–vulnerability profiles.

3.3. Unit of Analysis and Aggregation Rationale

For the present investigation, countries are used as the unit of analysis to de-
velop a cross-national typology of exposure and vulnerability situations based on ESG
scores [43,47]. This choice reflects the nature of the World Bank ESG database, which
computes environmental, social, governance, and HI35 indicators at the country level.
Using countries as the unit of analysis will enable cross-national comparisons and facilitate
comparisons of institutional capacity, public service provision, environmental pressure,
and national resilience within a unified metric system [44,45].

Analytically speaking, using countries as the unit of analysis is quite relevant for
several reasons. Many of the ESG dimensions discussed above are defined primarily in
terms of national policies and institutions. Thus, the quality of governance, institutional
capacity, rights and freedoms, stability, research support, public healthcare systems, social
provisions, and environmental management are largely national phenomena [43,45]. As a
result, using a country as the unit of analysis enables researchers to identify exposures and
vulnerabilities that are essential for national adaptation efforts and ESG assessments [44,47].

At the same time, this choice entails some limitations. First, each country exhibits
some degree of heterogeneity, and using country averages as the unit of analysis may
ignore relevant subnational variation. In particular, this problem becomes especially acute
when it comes to very big and diverse countries like China, the US, India, and Brazil, where
various climate zones exist alongside one another and where urbanization, infrastructure
development, institutional capacity, social vulnerability, and climatic exposure may vary
significantly across a single nation [44].

Thus, in this regard, the study’s findings cannot be interpreted as a map of heat
risks [44]. Instead, it is supposed to deliver a typology of countries according to their
exposure–vulnerability relations [43,47]. While using a country as the unit of analysis may
be appropriate for cross-national comparisons of national indicators of ESG and exposures,
it is associated with aggregation problems that may mask subnational variation in exposure
and vulnerability to heat. Future investigations will need to develop methods to measure
the impacts of heat risk within metropolitan regions [44,45].

4. Empirical Framework and Methodological Rationale: Classifying
ESG–Heat Exposure Vulnerability Profiles

This section presents the empirical framework used to construct the ESG–HI35
exposure–vulnerability taxonomy. The framework clarifies how climatic exposure and
ESG-based vulnerability are analyzed together while remaining conceptually distinct. HI35
is treated as an exogenous climatic exposure indicator, not as a direct measure of vulnera-
bility. ESG variables are used to describe environmental, social, and governance-related
conditions associated with sensitivity, resilience, and adaptive capacity. The section also
explains the clustering strategy and the boundary conditions for interpreting the resulting
taxonomy. The clustering analysis is applied to the temporally aggregated country-level
dataset described in previous sections. Therefore, the empirical framework does not model
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year-by-year variation, dynamic temporal relationships, or panel effects. Instead, it clas-
sifies countries according to their long-run average combinations of climatic exposure
and ESG-based vulnerability conditions. No parametric regression models are estimated
in this study. Accordingly, no variable is specified as dependent or independent in an
econometric sense. HI35 is included in the clustering space as an exogenous climatic
exposure indicator. ESG variables are included as descriptors of environmental, social,
and governance-related vulnerability and adaptive-capacity conditions. The analysis is
therefore entirely unsupervised and cluster-based.

4.1. Distinguishing Climatic Exposure from ESG-Based Vulnerability

The methodological framework is designed with a clear separation between climatic
exposure and vulnerability. Specifically, the ESG approach is first broken down into its
three essential pillars: Environment, Society, and Governance. This framework allows
the identification of institutional, social, and environmental conditions associated with
vulnerability and adaptability to high temperatures. According to the research conceptual
framework, HI35 is neither a measure of vulnerability nor a vulnerability outcome. Indeed,
HI35 is an external measure of climatic exposure, reflecting the number of days when
apparent temperature exceeds 35 degrees centigrade [48,49].

Vulnerability is defined as the interaction between exposure, sensitivity, and adaptive
capacity. As a result, ESG variables can help identify the institutional and structural factors
that affect nations’ vulnerability and adaptation to extreme heat. The methodological
framework will include the definition of two levels of exposure: climatic exposure, repre-
sented by HI35 and determined primarily by geographical and atmospheric factors; and
systemic vulnerability, which can be measured through various ESG variables, such as
environmental pressures, social vulnerabilities, institutional quality, and governmental
capacity. ESG indicators cannot be used as factors determining the existence of the HI35
phenomenon; nor can they be considered explanatory of its occurrence.

Secondly, the research will rely on different unsupervised clustering models to detect
the emergence of configurations involving both HI35 and ESG. Specifically, a variety of
models will be analyzed: Density-Based clustering, Fuzzy C-Means, Hierarchical clustering,
Model-Based clustering, K-Means, and Random Forests Proximity clustering. Different
measures will be used to evaluate model quality, including R2, silhouette scores, the
Calinski–Harabasz ratio, AIC, BIC, and entropy criteria. Given the unsupervised nature of
clustering, models will be selected based on statistical performance, geographical spread,
cluster balance, semantic meaning, and clarity of exposure–vulnerability regimes [50].

Thirdly, after technical classification, the taxonomy of exposure–vulnerability regimes
will be established based on the identified clusters. Clusters will be interpreted as spe-
cific exposure–vulnerability regimes combining different features of exposure (HI35) and
socio-institutional structures. In other words, the analysis will demonstrate that countries
with the same climatic exposure can exhibit different vulnerabilities due to their environ-
mental, social, and institutional conditions. Therefore, the regime taxonomy will not state
the causal relationship between HI35 exposure and ESG structures, but will show how
countries differ in terms of adaptive capacity.

The research methodology uses a descriptive, classificatory approach. Namely, this
study will analyze the pattern of co-variation between HI35 and ESG indicators to classify
countries into clusters. Such an approach will avoid any causal inference and treat HI35 as
independent of ESG measures. ESG indicators will include resource depletion, population
pressure, innovation capacity, institutional quality, and governance efficiency.

In conclusion, the methodology proposed in this paper provides a systematic approach
to examining climatic exposure and systemic vulnerability. Specifically, the methodology
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explains that HI35 reflects exposure to heat, while ESG variables capture the environmental,
social, and institutional structures that determine the extent to which nations may be
vulnerable to extreme climate conditions.

4.2. Boundary Conditions and Scope of Applicability

This classification needs to be understood within clear boundary conditions. This is ap-
plicable to macro-level comparative analyses, such as comparing countries, benchmarking
countries’ sustainability, conducting international climate risk assessments, and assessing
national adaptations to climate change, but not for local heat risk mapping [43,47]. The
outcomes will depend on the selected indicators, the World Bank ESG dataset framework,
the timespan, and the method used to perform the cluster analysis; using other datasets or
geographical units could yield different vulnerability clusters [43,44]. The classification is
only descriptive and used to categorize exposure–vulnerability clusters.

5. Clustering Framework and Empirical Results
Building on the exposure–vulnerability framework presented in Section 4, this sec-

tion reports the clustering results for the Environmental, Social, and Governance dimen-
sions. HI35 is used as the climatic exposure indicator, while ESG variables represent
socio-institutional and environmental conditions related to sensitivity, resilience, and adap-
tive capacity. The analysis identifies groups of countries characterized by different combi-
nations of heat exposure and ESG-based vulnerability. Since the indicators are temporally
averaged at country level, the clusters should be interpreted as structural classifications
rather than year-specific outcomes or temporal trajectories.

Three separate clustering analyses were conducted, one for each ESG pillar. In each
case, countries were grouped according to their ESG characteristics and corresponding HI35
values. This strategy allows the identification of exposure–vulnerability configurations
and comparison of countries that may experience similar climatic exposure but differ in
environmental fragility, social sensitivity, health-related conditions, institutional quality, or
governance capacity.

Six unsupervised clustering algorithms were applied to each ESG dimension:
Density-Based, Fuzzy C-Means, Hierarchical, Model-Based, K-Means, and Random Forest
proximity clustering [51–53]. Algorithm performance was evaluated through a multi-metric
framework combining clustering quality, parsimony, and interpretability. R2, Silhouette,
and Calinski–Harabasz scores were maximized, while AIC, BIC, and entropy were mini-
mized. All indicators were normalized using Min–Max scaling, with inversion applied to
minimization metrics to ensure comparability.

Using multiple algorithms strengthens robustness by reducing method-specific bias,
since different approaches rely on different assumptions about cluster shape, density,
variance, and distance structure. However, model selection was not based mechanically
on a single metric. The final choice combined statistical performance, cluster balance,
substantive interpretability, and coherence with the exposure–vulnerability framework.
Solutions with high internal validity but highly unbalanced clusters were not preferred, as
they offered limited value for constructing an interpretable country taxonomy.

Although the same selection protocol was applied across all ESG pillars, the preferred
algorithm may differ because each dataset has distinct statistical properties. The procedure
therefore followed the same sequence: exclusion of degenerate solutions, comparison
of normalized metrics, assessment of cluster-size balance through the HH index, and
final evaluation of interpretability. Cluster means were computed using the original,
non-standardized variables and are reported in their original scales. Additional diagnostics
are provided in Appendices A–C.
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6. Comparative Evaluation of Clustering Algorithms for the
Environmental Dimension

The chosen clustering algorithm is K-Means, as it provides the best performance
across all criteria, including balance between statistics, interpretation, parsimony, and
cluster size [54,55]. Even though the best Silhouette of 0.84 can be reached in Density-Based
clustering, along with high Pearson’s γ and low entropy, the method fails to generate a
solution that would be considered balanced. The number of clusters is large, yet nearly all
observations cluster into one large cluster, with a few others containing only a few objects.
As a result, the HH Index is very high (0.9734), with 16 noise points identified. Therefore,
this method cannot be used for interpretative taxonomy [56,57]. Hierarchical clustering
shows good results on some metrics (R2, Silhouette, max diameter), but it is not balanced,
as the observations mostly cluster into a single large cluster. As a result, the HH Index
value is quite high—0.9149 [56,58]. At the same time, K-Means achieves the best R2 (0.804),
CH index, and the lowest AIC and BIC. The Silhouette is positive, and the HH Index equals
0.1881, meaning that the algorithm generates a more diverse cluster structure. See Table 3.

Table 3. Comparative Performance of Clustering Algorithms for the Environmental Dimension.

Statistics Density
Based

Fuzzy
C-Means Hierarchical Model Based K-Means Random Forest

Maximum
diameter 24.23 22.955 7.561 24.23 19.367 21.315

Minimum
separation 1.201 0.007 0.583 0.003 0.023 0.011

Pearson’s γ 0.853 0.121 0.766 0.216 0.283 0.185

Dunn index 0.05 3.233 × 10−4 0.077 1.125 × 10−4 0.001 5.039 × 10−4

Entropy 0.129 2.129 0.26 1.6 1.861 1.908

Calinski-
Harabasz index 574.997 87.921 469.363 268.74 852.534 388.528

Clusters 3 10 10 6 10 10

N 1876 1876 1876 1876 1876 1876

R2 0.509 0.215 0.694 0.418 0.804 0.652

AIC 5811.19 10,693.3 4755.86 8824.26 3094.33 5379.33

BIC 5944.07 11,136.25 5198.81 9090.03 3537.28 5822.29

Silhouette 0.84 0.06 0.59 0.07 0.31 −0.11

Clusters 3 10 10 6 10 10

Size 1835; 11; 14
212; 355; 283;

72; 237;44; 112;
123; 344; 94

1794; 11; 4;
10; 4; 4; 14; 2;

30; 3

423; 444; 61;
590; 192; 166

225; 240; 388;
30; 4; 54; 574;

253; 52; 56

197; 779; 101; 45;
38; 157; 137; 151;

133; 138

Noise points 16

HH Index 0.9734 0.1333 0.9149 0.2251 0.1881 0.2166
Note. The table compares six clustering algorithms using validity, fit, parsimony, and balance metrics. Al-
though Density-Based clustering has the highest Silhouette, K-Means provides the best overall trade-off between
explanatory power and cluster balance.

A total of ten different cluster configurations of environmental variables were iden-
tified through the analysis. All variables are reported using their original measurement
scales. As such, HI35 refers to the average number of days per year when the temperature
exceeds 35 ◦C, and the ESG variables refer to their own unit of [44,47]. Clusters 1 and 2
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display low-to-medium profiles. In particular, Cluster 1 shows a negative NFD value and
other environmental variables close to zero. Cluster 2 shows similar characteristics, with
an increased NRD value and negative ME and N2O values. Cluster 3 is characterized by
an intermediate profile, as indicated by positive NRD and NFD values and negative ME
and N2O values [43,45]. Cluster 4 shows a highly unusual profile, characterized by very
high values of HI35, EIN, EIL, FFEC, and ME and negative NFD and N2O values. The high
structural density of this cluster is indicative of a high-intensity environment or productive
structure, but it does not correlate with increased N2O emissions. In turn, Cluster 5 is
primarily represented by HI35, which has the highest value in the dataset. Positive values
are recorded for EIL and ME, while neither EIN nor FFEC is significantly increased [44,47].
Cluster 6 shows a very low NRD but high N2O, indicating a very critical environmental
profile marked by a serious depletion of resources coupled with emissions stress [59,60].
In contrast, Cluster 7 appears better, with positive NRD and NFD and negative ME and
N2O values. Cluster 8 combines positive NFD and EIL together with positive N2O. Cluster
9 features negative NFD, high ME, and N2O [46,61]. Finally, Cluster 10 is characterized
by the highest EIL, with moderate values for the other variables. In summary, clusters 4,
5, and 6 seem the most extreme clusters, while clusters 3, 7, and 10 represent a relatively
balanced cluster profile. See Table 4.

Table 4. Environmental Cluster Profiles Based on HI35 and ESG Indicators.

Cluster HI35 NRD NFD EIN EIL FFEC ME N2O

1 −0.111 0.108 −1.655 −0.129 −0.248 −0.112 0.03 −0.078

2 −0.116 0.398 −0.65 −0.128 −0.279 −0.116 −0.211 −0.506

3 −0.116 0.34 0.116 −0.126 −0.211 −0.114 −0.222 −0.364

4 4.884 0.196 −2.136 7.752 4.725 6.967 6.913 −0.588

5 15.009 0.214 −2.223 0.106 1.219 −0.071 1.331 −0.589

6 −0.117 −4.108 −0.865 −0.129 0.183 −0.115 0.073 3.424

7 −0.115 0.429 0.786 −0.134 −0.218 −0.114 −0.228 −0.416

8 −0.112 −1.113 0.954 −0.106 0.419 −0.116 −0.213 1.074

9 −0.063 0.05 −1.887 −0.13 −0.192 −0.118 1.962 2.067

10 −0.08 −0.071 0.156 −0.133 1.378 −0.078 −0.06 −0.451
Note. The table reports mean values for the ten environmental clusters. HI35 measures heat exposure, while NRD,
NFD, EIN, EIL, FFEC, ME, and N2O capture resource depletion, energy dependence, energy intensity, fossil-fuel
use, and emissions.

Figure 2 reports the Silhouette plot associated with the Environmental K-Means
clustering solution. The graph provides an assessment of cluster cohesion and separation
by measuring the Silhouette coefficient for each observation across the ten identified
environmental clusters. Positive Silhouette values indicate that observations are, on average,
more similar to members of their own cluster than to observations belonging to neighboring
clusters, thus supporting the internal consistency of the environmental taxonomy. See
Figure 2.

Overall, the figure shows that the K-Means clustering provides an acceptable and
rather consistent solution. In the majority of cases, Silhouette scores are positive and exceed
zero. Furthermore, the average value across several clusters is close to, or even higher
than, the global average Silhouette score (marked with a dashed red line). Thus, the results
confirm that the selected environmental taxonomy captures relevant differences in the
environmental exposure–vulnerability profile of countries worldwide. Moreover, there is
considerable heterogeneity between different clusters. Specifically, Cluster 9 proves to be
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rather stable, given its large size and consistently positive Silhouette values. Therefore,
one may state that such clustering is caused by a relatively large environmental regime
characterized by environmental homogeneity. Clusters 4 and 5 demonstrate internal coher-
ence as well, although their members exhibit highly adverse environmental characteristics,
including high HI35, high energy intensity, reliance on fossil fuels, and methane emissions.
However, their separation from the rest of the clusters further supports the presence of two
distinct dimensions of environmental vulnerability: heat exposure and energy stress. On
the other hand, the small clusters have negative or near-zero Silhouette scores, indicating
that their borders overlap to some degree. As a consequence, some countries fall into the hy-
brid environmental regime category, as they share traits with both regimes. This tendency
was expected because exposure to climate change, resource depletion, emissions intensity,
and energy dependence develops differently across countries within the framework of the
selected ESG-HI35 approach.

 

Figure 2. Silhouette plot for the Environmental K-Means clustering solution. Note. The figure
reports silhouette coefficients for the Environmental K-Means clustering solution. The red dashed
line indicates the average silhouette width across all observations and is used as a reference threshold
for evaluating the overall quality of the clustering solution. Values above the red line indicate
observations with stronger-than-average cluster cohesion and separation, while values below the line
indicate weaker-than-average clustering fit. Positive values indicate acceptable cluster separation
and cohesion, whereas negative values identify borderline observations with partially overlapping
environmental vulnerability profiles.

The illustration in Figure 3 represents the outcomes of the environmental clustering
for the ESG-HI35 scheme. There are three panels: Panel A provides model selection criteria.
Panel B represents a two-dimensional cluster map, and Panel C illustrates cluster means
of HI35, NRD, NFD, EIN, EIL, FFEC, ME, and N2O in their raw scale [44,47]. Thus, the
reported values can be considered true means, as they were not transformed to z-scores.
See Figure 3.

As shown in Panel A, alternative clustering solutions are evaluated using AIC, BIC,
and WSS. The point denoted by red color shows that 10 clusters have the smallest BIC
value. It is reasonable to assume that there is an optimal balance between explanatory
power and simplicity, since BIC incorporates both [60,61].

From the analysis of Panel B, one can conclude that clusters overlap to some extent,
but there are some clearly distinguishable regions. Clusters occupying central locations
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suggest common environment-related characteristics of countries or regions; those located
peripherally may reflect specific configurations of the five aforementioned variables [43,45].

Figure 3. Environmental Clustering Results for the ESG–HI35 Framework. Note. The figure summa-
rizes environmental clustering results: Panel (A) reports model selection criteria, Panel (B) shows
cluster distribution, and Panel (C) presents cluster means for HI35, resource depletion, energy
dependence, and emissions.

Panel C provides substantive interpretations of the findings. HI35 is the mean annual
number of hot days when the air temperature exceeds 35 ◦C; all other indicators are
explained in their native terms. The findings provide additional evidence that climatic
exposure does not exhaust the concept of environmental vulnerability. Some clusters show
high levels of HI35, while others are defined by indicators such as imports/consumption
of energy or fossil fuel production/consumption, greenhouse gas emissions, etc. [59,60].

Thus, in conclusion, the illustrated results justify the use of the heterogeneous
10-cluster taxonomy and prove that climatic exposure and environmental pressure form
separate but related constructs [43,44,47,61].

6.1. Sensitivity Analysis and Validation of Environmental Clusters

The sensitivity analysis uses a restricted sample to assess the robustness of the cluster-
ing results to structural missingness. The baseline dataset includes 185 countries over the
period 1999–2023, while the robustness exercise excludes countries with complete absence
of data for at least one variable in the ESG pillar analyzed. As a result, the sample decreases
from 185 to 131 countries, excluding 54 cases. This restriction does not remove occasional
missing observations, which are common in unbalanced panels, but only countries with
structural data gaps. The procedure verifies whether the clustering results remain stable in
a more information-complete dataset, thereby strengthening the methodological reliability
of the ESG–HI35 taxonomy. This robustness check directly assesses whether structural
missingness affects the stability and interpretability of the baseline clustering results. See
Figure 4.
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Figure 4. Geographic Distribution of the Restricted Sample Used in the Sensitivity Analysis. Note.
Countries are Albania, Algeria, Angola, Argentina, Armenia, Australia, Austria, Azerbaijan, Bahrain,
Bangladesh, Barbados, Belarus, Belgium, Bosnia and Herzegovina, Botswana, Brazil, Bulgaria,
Cambodia, Cameroon, Canada, Chile, China, Colombia, Congo, Dem. Rep., Congo, Rep., Costa Rica,
Cote d’Ivoire, Croatia, Cuba, Cyprus, Czechia, Denmark, Ecuador, Egypt, Arab Rep., El Salvador,
Estonia, Ethiopia, Finland, France, Gabon, Georgia, Germany, Ghana, Greece, Guatemala, Haiti,
Honduras, Hungary, Iceland, India, Indonesia, Iran, Islamic Rep., Iraq, Ireland, Israel, Italy, Jamaica,
Japan, Jordan, Kazakhstan, Kenya, Kuwait, Kyrgyz Republic, Latvia, Lebanon, Libya, Lithuania,
Luxembourg, Malaysia, Mauritius, Mexico, Moldova, Mongolia, Montenegro, Morocco, Mozambique,
Myanmar, Namibia, Nepal, Netherlands, New Zealand, Nicaragua, Niger, Nigeria, North Macedonia,
Norway, Oman, Pakistan, Panama, Papua New Guinea, Paraguay, Peru, Philippines, Poland, Portugal,
Qatar, Romania, Russian Federation, Saudi Arabia, Senegal, Serbia, Singapore, Slovak Republic,
Slovenia, South Africa, Spain, Sri Lanka, Sudan, Suriname, Sweden, Switzerland, Syrian Arab
Republic, Tajikistan, Tanzania, Thailand, Togo, Trinidad and Tobago, Tunisia, Turkiye, Ukraine,
United Arab Emirates, United Kingdom, United States, Uruguay, Uzbekistan, Venezuela, RB, Viet
Nam, Yemen, Rep., Zambia, and Zimbabwe.

The optimal clustering result was achieved by assessing its multidimensional prop-
erties, including validity, model fit, and even cluster sizes [55,56,58]. Although the best
silhouette coefficient and the lowest entropy are offered by Density-Based Clustering, its
results are significantly imbalanced. Most cases belong to the same cluster, which is shown
by the high HH value of 0.9732. Excessive concentration leads to poor discrimination
performance and low interpretability [56,57].

On the other hand, Neighborhood-Based Clustering demonstrates the best combina-
tion of the results. First, it shows the largest R2 (0.835), indicating the best explanatory
capacity among all methods. Second, it has the highest Calinski-Harabasz score (1172.505)
and the lowest AIC (2595.07) and BIC (2993.11) values, thus indicating good separation,
compactness, and parsimony [54,58].

Third, the HH of this method is rather low (0.2411). Its cluster concentration is lower
than that of the Density-Based and Hierarchical models. While Model-Based and Fuzzy
C-Means yield smaller HH values, their validity scores are poorer. In light of the afore-
mentioned arguments, Neighborhood-Based Clustering can be recommended, as it ensures
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statistical validity, strong explanatory power, cluster balance, and interpretability [55,56].
See Table 5.

Table 5. Sensitivity Analysis of Environmental Clustering Algorithms.

Statistics Density
Based

Fuzzy
C-Means Hierarchical Model-Based Neighborhood-

Based
Random

Forest

Maximum
diameter 24.141 19.99 7.539 21.262 19.99 21.262

Minimum
separation 1.199 0.011 0.581 0.002 0.033 0.011

Pearson’s γ 0.859 0.137 0.767 0.181 0.338 0.201

Dunn index 0.05 5.297 × 10−4 0.077 9.782 × 10−5 0.002 5.033 × 10−4

Entropy 0.127 1.995 0.259 2.06 1.658 1.909

Calinski-
Harabasz index 575.644 111.663 466.687 337.054 1172.505 412.969

Clusters 3 9 10 10 9 10

N 1860 1860 1860 1860 1860 1860

R2 0.509 0.3 0.694 0.62 0.835 0.668

AIC 5768.79 10,174.98 4707.5 5793.93 2595.07 5102.44

BIC 5901.47 10,573.02 5149.77 6236.19 2993.11 5544.71

Silhouette 0.85 0.01 0.59 −0.12 0.38 −0.06

Clusters 3 9 10 10 9 10

Size 1820; 11; 14
179; 338; 208;
59; 146; 107;
516; 70; 237

1779; 11; 4;
10; 4; 3; 14; 2;

30; 3

248; 246; 296;
113; 190; 488;
37; 124; 66; 52

467; 700; 54;
220; 253; 20;

39; 93; 14

325; 712; 101;
45; 147; 37; 114;

152; 76; 151

Noise points 15 — — — — —

HH Index 0.9732 0.1599 0.9152 0.1504 0.2411 0.2059
Note. The table compares clustering algorithms under the restricted environmental sample. Neighborhood-Based
clustering shows the best balance between explanatory power, information criteria, cluster distribution, and
interpretability, despite Density-Based clustering achieving the highest Silhouette value.

From the analysis of these profiles, we can conclude that there is considerable het-
erogeneity regarding the correlation between extreme heat exposure and environmental
issues. HI35 is not always positively correlated with other environmental indicators, which
supports the understanding that exposures to heat, resource stress, energy dependency,
and emissions intensity are independent dimensions of climate risk [44,47]. The profile
of Cluster 5 is highly dominated by heat exposure because its HI35 level is at its peak,
reaching the value of 14.947. None of the other variables reaches extreme values, except
for energy intensity and methane emissions, which surpass the region average. Thus, one
may assume that it is extreme-heat days that are the determining variable, and there is
no imbalance within the environment. Adaptation should focus on improving heat and
health safety, developing cooling solutions, providing access to drinking water, building
robust infrastructure, and managing emergencies [43,44]. A somewhat worse situation
can be observed in Cluster 3 where HI35 is accompanied by energy imports, fossil fuel
use, methane emissions, and environmental pressure. Compound vulnerability emerges
here because heat exposure is combined with energy dependency on carbon-based and
fragile energy supplies. Thus, the adaptation strategy should be integrated into the energy
transition process [47,54,61]. Likewise, Cluster 6 is characterized by relatively high pres-
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sure resulting mainly from energy dependency, energy intensity, fossil fuels, and methane
emissions. Therefore, priority measures that should be taken in relation to Cluster 6 include
improvements in energy efficiency, energy diversification, reductions in carbon intensity,
and technological upgrades [40,61]. Clusters 1, 2, and 4 have moderate values, while
Clusters 7, 8, 9, and 10 demonstrate rather focused vulnerabilities related to NRD, NFD,
methane emissions, and energy intensity [54]. To sum up, high heat exposure does not
correlate with the same environmental burden across countries. The findings provide
further evidence for using differentiated approaches in addressing climate-related risks
associated with heat, energy, emissions, and resource constraints [40,44,47]. See Table 6.

Table 6. Environmental Cluster Profiles under Sensitivity Analysis.

Cluster HI35 NRD NFD EIN EIL FFEC ME

1 −0.115 0.431 0.774 −0.134 −0.221 −0.115 −0.23

2 −0.116 0.389 −0.689 −0.129 −0.269 −0.116 −0.216

3 7.416 0.184 −2.292 8.705 0.575 9.939 6.066

4 −0.116 0.345 0.073 −0.127 −0.113 −0.111 −0.223

5 14.947 0.209 −2.216 0.105 1.221 −0.072 1.324

6 1.947 0.198 −1.944 6.59 9.472 3.506 7.819

7 −0.117 −4.104 −0.86 −0.13 0.185 −0.115 0.071

8 −0.112 −1.079 0.967 −0.108 0.485 −0.113 −0.213

9 −0.025 0.051 −2.03 −0.133 0.165 −0.117 2.359

10 −0.111 0.094 −1.646 −0.129 −0.246 −0.113 0.088
Note. The table reports the standardized mean values of environmental clusters in the restricted sample. HI35,
resource depletion, energy dependence, fossil-fuel use, energy intensity, and methane emissions define distinct
environmental vulnerability profiles.

Sensitivity analysis in relation to the E-Environment category shows that the envi-
ronmental grouping structure remains stable for a subset of countries with higher data
coverage [62,63]. As seen from Panel A, AIC, BIC, and WSS values decline as the number of
clusters rises, achieving the lowest value of BIC for ten clusters. Hence, the optimal number
of groups seems to be greater than two or three in a classification. This conclusion is sup-
ported by Panel B, which presents the distribution of observations in distinct geographical
regions. Some overlap is expected because the model belongs to the ESG-environmental
category, according to which some countries are similar regarding certain parameters but
differ in others. Peripheral observations can help us identify some surprising combina-
tions of HI35, energy dependence, forest loss, and emissions intensity [63,64]. Panel C
provides the most essential interpretation. Standardized cluster means show that all ten
clusters are characterized by the dominance of different environmental variables. While
some groups have high HI35 levels, other groups are influenced mostly by the energy
system and/or emissions. Thus, it cannot be stated that high heat exposure necessarily
indicates environmental vulnerability [65,66]. All things considered, the sensitivity analysis
demonstrates the reliability and interpretability of the proposed environmental taxonomic
system. Environmental vulnerability is multivariate and determined by high heat exposure
combined with resource depletion, forest loss, energy dependence, fossil fuel consumption,
energy intensity, and greenhouse gas emissions [63,66,67]. See Figure 5.
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Figure 5. Sensitivity Analysis of Environmental Clustering Results under the Restricted ESG–HI35
Sample. Note. The figure summarizes the environmental sensitivity-analysis clustering results. Panel
(A) reports AIC, BIC, and WSS values across alternative cluster solutions, where red points identify
the minimum BIC and the preferred 10-cluster specification. Panel (B) illustrates cluster distribution,
while Panel (C) presents standardized cluster means.

6.2. Comparison Between Baseline and Sensitivity Environmental Clustering Results

The comparison of the standard Environmental model with sensitivity analysis sup-
ports the validity of the ESG-HI35 taxonomy [68,69]. The standard model uses a larger
sample size, including countries for which data are partially available, while the sensitivity
analysis relies only on 131 countries with complete data on the E-Environment. Thus, the
sensitivity analysis will test whether the taxonomy remains relevant even with structurally
complete datasets. It appears that the clustering structure in the two cases is similar. In
particular, the standard model suggests using K-Means because it offers the best trade-off
between high explanatory power and balanced clusters. The sensitivity analysis results
confirm the existence of 10 clusters using BIC. Thus, we can state that countries show
various combinations of heat exposure, resource depletion, forest loss, energy dependence,
energy intensity, fossil fuel use, and emissions [70]. From a statistical perspective, the result
shows significant robustness as well. Specifically, the output of K-Means in the standard
model shows R2 = 0.804, AIC = 3094.33, BIC = 3537.28, and HH Index = 0.1881, indicating
high explanatory power but no excessive clustering. Sensitivity analysis confirms that
the reduced sample size still allows distinguishing clusters without reducing them to a
single residual cluster [71,72]. Finally, substantively, both models highlight heat-dominated
clusters and profiles with high energy or emission intensity. This result proves that HI35
constitutes an independent dimension of vulnerability and does not overlap with fossil fuel
dependency and energy/emission intensity [68,73]. As a consequence, a multidimensional
taxonomy of the environment is necessary, and it will require approaches such as heat
adaptation, energy transition, and emission reduction [68–70,72]. See Table 7.
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Table 7. Comparison between Baseline and Sensitivity Environmental Clustering Models.

Dimension of
Comparison

Ordinary Environmental
Model

Sensitivity-Analysis
Environmental Model

Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Sample
structure

Baseline country sample,
including countries with
partial data availability
across the historical
period.

Restricted sample of 131
countries, obtained by
excluding countries
with complete absence
of information for at
least one E-Environment
variable.

The sensitivity model
tests whether the
environmental
taxonomy is dependent
on countries with
structurally incomplete
data.

If similar profiles emerge in
both models, the ESG–HI35
classification is more
reliable for international
comparison and policy
screening.

Preferred
algorithm

K-Means is selected as
the best compromise
between explanatory
power, information
criteria, and cluster
balance.

The sensitivity analysis
identifies a structured
multi-cluster solution,
with the lowest BIC
reached at 10 clusters.

Both models support an
articulated taxonomy
rather than a simplified
binary classification of
countries.

Environmental
vulnerability should not be
treated as a single
homogeneous condition;
differentiated policy
responses are required.

Number of
clusters

10 clusters in the
preferred K-Means
specification.

10 clusters according to
the BIC-optimal
sensitivity solution.

The persistence of a
ten-cluster structure
suggests that
environmental
heterogeneity remains
visible after restricting
the sample.

The robustness of the
cluster structure
strengthens the use of the
taxonomy for ESG
benchmarking and
climate-risk classification.

Model fit and
parsimony

K-Means reports the
lowest AIC = 3094.33 and
BIC = 3537.28 among the
ordinary models,
indicating strong
parsimony.

Panel A shows
decreasing AIC, BIC,
and WSS, with the
lowest BIC at 10 clusters.

Both models support the
view that a relatively
complex but
parsimonious partition
is necessary to capture
the environmental
structure of the data.

Policymakers should avoid
overly aggregated
classifications that obscure
differences in exposure,
energy dependence, and
emissions intensity.

Explained
variance

K-Means has the highest
R2 = 0.804, indicating
strong explanatory
capacity.

The figure confirms
clear differentiation
across cluster means,
especially for HI35, EIN,
EIL, FFEC, ME, and
N2O.

The environmental
clustering captures
meaningful variation
across countries rather
than random statistical
separation.

The taxonomy can support
prioritization of countries
according to dominant
environmental pressures.

Cluster balance

K-Means has an HH
Index = 0.1881, showing
a relatively diversified
distribution across
clusters.

The sensitivity model
visually preserves
multiple identifiable
groups and does not
collapse into one
dominant cluster.

Both results contrast
with Density-Based and
Hierarchical solutions,
which are excessively
concentrated in one
large cluster.

Balanced clustering
improves the operational
usefulness of the taxonomy
for ESG policy design, as it
avoids classifying most
countries into a single
residual group.

Problem with
alternative
algorithms

Density-Based has high
Silhouette but extreme
concentration: HH
Index = 0.9734 and
cluster sizes 1835; 11; 14.
Hierarchical also shows
excessive concentration,
with HH Index = 0.9149.

The sensitivity analysis
confirms the need to
assess interpretability
and cluster structure,
not only formal fit
indices.

Strong separation
metrics are insufficient
when the resulting
taxonomy lacks
discriminatory capacity.

ESG classifications should
not be based only on
technical performance;
they must also produce
meaningful and usable
country groups.

Heat-exposure
profile

One cluster is dominated
by HI35, with a
standardized value of
15.009, while other
environmental variables
are less extreme.

The sensitivity analysis
reproduces a
heat-dominated cluster,
with HI35 remaining the
most distinctive variable
in one group.

Heat exposure remains
an autonomous
dimension of
environmental
vulnerability and is not
reducible to energy or
emissions indicators.

Countries in
heat-dominated clusters
require direct adaptation
measures: heat-health
systems, cooling
infrastructure, urban
resilience, water security,
and emergency planning.
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Table 7. Cont.

Dimension of
Comparison

Ordinary Environmental
Model

Sensitivity-Analysis
Environmental Model

Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Energy-
dependence
profile

Cluster 4 combines high
HI35, EIN, EIL, FFEC,
and ME, indicating a
structurally
energy-intensive and
emissions-intensive
configuration.

The sensitivity model
similarly identifies a
profile combining high
HI35 with high EIN,
FFEC, and ME.

This confirms the
presence of compound
environmental
vulnerability, where
climatic exposure
coexists with fossil-fuel
dependence and
emissions pressure.

These countries require
integrated
adaptation–mitigation
strategies, combining heat
adaptation with energy
transition and fossil-fuel
reduction.

Energy-
intensity profile

Cluster 10 is mainly
characterized by high
EIL = 1.378, while
Cluster 4 also shows high
energy intensity.

The sensitivity model
identifies a cluster
dominated by very high
EIL, together with
elevated energy and
emissions indicators.

Energy intensity
remains a stable
discriminating factor
across model
specifications.

Policy priorities include
energy-efficiency
investments, technological
upgrading, industrial
modernization, and
productivity-oriented
decarbonization.

Emissions
profile

Cluster 6 is defined by
high N2O = 3.424, while
Cluster 9 combines high
ME = 1.962 and
N2O = 2.067.

The sensitivity analysis
confirms that
emissions-related
variables differentiate
specific clusters
independently from
HI35.

Greenhouse-gas
vulnerability is not
always associated with
the highest heat
exposure.

Mitigation policies should
be tailored to the dominant
emissions source,
including methane
reduction, agricultural
emissions control, and
sector-specific
decarbonization.

Resource and
forest depletion

Several clusters are
differentiated by NRD
and NFD, including
profiles with strongly
negative NFD or selective
forest-related pressures.

The sensitivity model
also shows that NRD
and NFD contribute to
the differentiation of
moderate and selective
environmental profiles.

Resource depletion and
forest depletion remain
relevant but do not
always coincide with
heat or energy-related
pressures.

ESG strategies should
distinguish between
climate adaptation, energy
transition, and
natural-capital
preservation.

Interpretability
of clusters

The ordinary model
identifies
heat-dominated,
energy-intensive,
emissions-intensive, and
mixed environmental
profiles.

The sensitivity analysis
confirms the persistence
of heterogeneous and
interpretable
environmental regimes.

The main substantive
taxonomy remains
stable after excluding
countries with
structurally incomplete
data.

The classification can be
used as a robust basis for
ESG risk screening,
climate-risk comparison,
and differentiated policy
intervention.

General
conclusion

The ordinary model
provides a strong and
balanced environmental
taxonomy, with K-Means
as the preferred
algorithm.

The sensitivity analysis
supports the robustness
of the taxonomy
on a more
information-complete
sample.

The comparison shows
that the results are not
merely an artifact of
missing-data patterns or
sample composition.

The ESG–HI35 framework
provides a credible basis
for identifying country
groups requiring different
combinations of
adaptation, mitigation,
energy reform, and
environmental protection.

Note. The table compares the ordinary and sensitivity-analysis environmental taxonomies. Results confirm
the robustness of the ESG–HI35 framework, showing persistent heat, energy, emissions, and resource-depletion
profiles across alternative samples and clustering specifications.

6.3. Robustness to Missingness and Imputation Choices

To further assess the potential impact of missingness and imputation choices on cluster
stability, the analysis deliberately avoids imputing missing observations before clustering.
This choice prevents artificially generated values from influencing distances between coun-
tries and altering cluster assignments. Instead, baseline country-level means are computed
only from valid observations, while robustness is assessed through restricted-sample sen-
sitivity analyses excluding countries with structural data gaps. The comparison between
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baseline and restricted-sample results shows that the main exposure–vulnerability patterns
remain interpretable and broadly stable, suggesting that the proposed ESG–HI35 taxonomy
is not primarily driven by missing-data structure. Nevertheless, because missingness is un-
even across countries and indicators, the results should be interpreted as robust descriptive
classifications rather than as exact partitions unaffected by data availability.

7. Comparative Evaluation of Clustering Algorithms for Social Indicators
Based on the results above, there appear to be unique cluster profiles for the environ-

mental parameters. Since all values are presented in their natural units of measurement,
HI35 indicates the average number of days with temperatures above 35 ◦C per year. The
environmental stressors (ESG) parameters, on the other hand, are measured using their
respective units [44,47]. Clusters 1 and 2 fall into the low-to-moderate profile category.
More precisely, Cluster 1 appears to be dominated by a negative NFD value, whereas the
remaining indicators show no significant departure from zero. Likewise, Cluster 2 features
negative ME and N2O values, with a positive NRD, but smaller than those in Cluster 1.
The third cluster depicts a mid-range profile, featuring positive NRD and NFD, along with
negative ME and N2O values [40,43]. The fourth cluster stands out as the one having
the most distinct characteristics, including relatively high values of HI35, EIN, EIL, FFEC,
and ME, together with very low NFD and N2O. Cluster 5 can be characterized as one
having a significantly high HI35, coupled with relatively high EIL and ME but not EIN
and FFEC [44,47]. On the other hand, Cluster 6 features extremely low NRD and high
N2O, indicating a very crucial case [54,61]. The seventh cluster indicates more favorable
conditions, characterized by positive NRD and NFD, and negative ME and N2O. Cluster
8 captures an ambiguous situation, whereas Cluster 9 includes a negative NFD value
alongside very high ME and N2O values [41]. Lastly, Cluster 10 is marked by EIL. It is
imperative to note that Clusters 4, 5, and 6 constitute critical instances. See Table 8.

Table 8. Comparative Performance of Clustering Algorithms for the Social Dimension.

Algorithm Density Based Fuzzy C-Means Hierarchical Model Based K-Means Random Forest

Maximum
diameter

8.659
(0.855)

40.102
(0.000)

3.848
(0.986)

6.838
(0.905)

3.341
(1.000)

39.060
(0.028)

Minimum
separation

37.726
(1.000)

0.003
(0.000)

0.104
(0.003)

0.016
(0.000)

0.011
(0.000)

3.437 × 10−4

(0.000)

Pearson’s γ 0.625
(1.000)

0.275
(0.284)

0.578
(0.904)

0.493
(0.730)

0.444
(0.630)

0.136
(0.000)

Dunn index 4.357
(1.000)

6.283 × 10−5

(0.000)
0.027

(0.006)
0.002

(0.000)
0.003

(0.001)
8.799 × 10−6

(0.000)

Entropy 0.004
(1.000)

2.099
(0.000)

1.298
(0.382)

1.591
(0.242)

1.856
(0.116)

1.989
(0.053)

Calinski-
Harabasz index 491.341 (0.144) 539.122

(0.166) 1718.704 (0.718) 890.861
(0.330)

2319.401
(1.000)

184.365
(0.000)

HHI 0.999
(0.000)

0.130
(1.000)

0.366
(0.729)

0.313
(0.789)

0.198
(0.922)

0.176
(0.947)

No. clusters 1 9 9 9 10 10

Cluster sizes 2094
206, 83, 394, 317,

184, 248, 262,
313, 88

213, 564, 1110,
31, 83, 42, 11, 1,

40

120, 106, 1106,
137, 141, 123,

111, 250, 1

81, 282, 1, 379,
71, 214, 736, 126,

181, 24

230, 682, 384,
216, 152, 88, 47,

96, 69, 131

Note. The table compares clustering algorithms for Social indicators using normalized validity, separation,
entropy, and balance measures. K-Means and Random Forest provide more interpretable cluster structures than
highly concentrated Density-Based alternatives.
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Figure 6 reports the Silhouette plot associated with the Random Forest clustering
solution for the Social dimension of the ESG–HI35 framework. The figure evaluates the
internal consistency and separation of the ten identified social clusters by displaying the
Silhouette coefficient for each observation. Positive values indicate that observations are
more similar to members of their own cluster than to neighboring clusters, whereas negative
values suggest partial overlap or ambiguous classification. See Figure 6.

 

Figure 6. Silhouette Plot for the Social Random Forest Clustering Solution. Note. The figure
reports silhouette coefficients for the Random Forest social clustering model. The red dotted line
represents the average silhouette width across all observations and serves as a reference threshold for
assessing the overall quality of the clustering solution. Positive values indicate acceptable cohesion
and separation, while negative coefficients identify partially overlapping or intermediate social
exposure–vulnerability profiles across countries.

All in all, based on the Silhouette analysis, it can be noted that there is greater het-
erogeneity in the Social clustering structure than in the Environmental one. It is worth
noting that several clusters have low mean Silhouette values close to zero, indicating that
the observed social vulnerability profiles largely overlap across countries. This conclusion
corroborates the multivariate character of social vulnerability, as factors such as demo-
graphic pressure, water access, undernourishment, and climatic exposure can interact in
different combinations and forms. For instance, Clusters 1, 7, 9, and 10 have comparatively
high consistency, as many observations in these clusters have positive coefficients above
the dashed red line. Specifically, Cluster 7 could be considered particularly coherent, as
it represents a profile with strong cohesion and a high separation degree, associated with
very high HI35 values, along with access to safely managed drinking water and minimal
undernourishment. At the same time, Cluster 10 shows positive Silhouette coefficients even
with a more complex combination of high fertility rates and heat exposure. On the contrary,
Clusters 2 and 3 imply a significant number of observations with low Silhouette coefficients,
close to zero or even negative, indicating that countries in them share intermediate social
characteristics and can overlap with adjacent clusters. This is reasonable, since social
vulnerability and resilience usually develop gradually without any clearly defined regimes.
As shown in the figure, the distribution of cluster sizes varies significantly; both large
and small clusters exhibit high and low cohesion. Consequently, it can be concluded that
regimes of social exposure–vulnerability are unevenly distributed across countries. Based
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on the performed Silhouette analysis, the Random Forest clustering solution is shown to be
interpretable and stable.

Social clustering profiles standardized after Random Forest modeling are presented
in the table. The chosen modeling method is characterized by its balance and inter-
pretability. The social cluster models consider such variables as HI35 as a climatic
exposure indicator and FR, PUSM, and POU as social vulnerability indicators. With stan-
dardization taken into account, positive scores indicate values above average, whereas
negative scores indicate values below average. In other words, the clusters present
profiles in terms of relative vulnerability to climate change as a function of exposure and
social capacity [74]. Clusters 1 and 7 stand for profiles with high exposure and resilience.
Specifically, in Cluster 1, high HI35 coexists with very high PUSM and very low POU,
indicating high heat exposure and adequate basic service provision and nutrition [75,76].
In turn, Cluster 7 shows an extreme situation in which both HI35 and PUSM have the
highest values, and POU has the lowest, indicating extreme heat exposure and relatively
high social capacity [74]. Conversely, Clusters 4, 5, 6, 8, and 9 feature below-average
HI35, along with below-average PUSM and above-average POU, indicating that low
heat exposure may be accompanied by social vulnerability [75,77]. Clusters 2 and 3
demonstrate a combination of values near the average. Moreover, Cluster 10 stands out
with above-average HI35 and fertility rates, suggesting a demographic burden on service
provision [78]. In general, HI35 and social vulnerability indicators do not correlate with
movement [74,76]. See Table 9.

Table 9. Social Cluster Profiles Based on HI35 and Vulnerability Indicators.

Cluster HI35 FR PUSM POU

1 0.875 −0.183 1.676 −1.536

2 −0.139 −0.072 −0.127 0.192

3 −0.076 0.288 0.054 −0.387

4 −0.471 −0.378 −0.716 0.737

5 −0.417 −0.378 −0.716 1.048

6 −0.492 −0.378 −0.716 1.119

7 1.936 −0.378 1.684 −1.793

8 −0.293 −0.378 −0.716 0.976

9 −0.379 −0.378 −0.716 1.128

10 0.721 1.775 0.350 −1.019
Note. The table reports standardized Social cluster profiles from the Random Forest model. HI35 captures heat
exposure, while fertility, water access, and undernourishment identify distinct social vulnerability and resilience
configurations across countries.

The Mean Decrease in Gini Index measures the importance of the variables for cluster-
ing. The larger values correspond to greater importance of the variables in distinguishing
the clusters created from the random forest algorithm. The variable that comes out on top
of the list is PUSM, with a value of 703.491, indicating that the presence of safe drinking
water is the most important determinant for the clusters. FR takes second place with a
value of 614.094, meaning that the fertility rate is an important variable in distinguishing
demographic pressure clusters. See Table 10.

The diagram shows results from Random Forest clusters regarding Social dimen-
sions. According to panel A, the value of AIC, BIC, and WSS decreases with the increase
in the number of clusters, and the value of BIC reaches its minimum point at ten clusters,
thus indicating the point at which there is an ideal trade-off between goodness of fit and
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complexity of the model. Panel B illustrates the clusters in two dimensions, distributed
in a curved pattern, with gradual rather than clear-cut differences among them. See
Figure 7.

Table 10. Variable Importance in the Random Forest Social Clustering Model.

PUSM FR POU HI35

Mean decrease in Gini Index 703.491 614.094 480.401 221.003
Note. The table reports Mean Decrease in Gini values for Social clustering variables. PUSM and fertility rate
contribute most to cluster separation, while HI35 plays a smaller but still relevant discriminating role.

Figure 7. Social Clustering Results for the ESG–HI35 Framework. Note. The figure summarizes
Random Forest social clustering results. Panel (A) reports AIC, BIC, and WSS values across alter-
native cluster solutions, where red points identify the minimum BIC and the preferred 10-cluster
specification. Panel (B) shows cluster distribution, while Panel (C) presents standardized cluster
means for HI35, fertility, water access, and undernourishment.

7.1. Sensitivity Analysis of Social Exposure–Vulnerability Clusters

A sensitivity analysis was conducted to test the robustness of the Social clustering
results under substantial missing data. Since some Social variables had limited empiri-
cal coverage, the analysis was repeated on a re-duced sample, excluding countries with
completely missing information for HI35, fertility rate, access to safely managed drinking
water, or undernourishment. This conservative approach reduces the influence of poorly
supported country profiles. The aim is not to replace the main specification, but to verify
whether the Social taxonomy remains statistically meaningful and interpretable under
stricter data conditions. The analysis compares algorithms using validity metrics, cluster
sizes, and the HHI. See Figure 8.
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Figure 8. Geographic Distribution of the Restricted Sample for Social Sensitivity Analysis. The col-
ored countries are those that were used for the analysis carried out. Note. Countries are: Afghanistan;
Albania; Algeria; Armenia; Austria; Bangladesh; Belarus; Bosnia and Herzegovina; Brazil; Bulgaria;
Canada; Central African Republic; Chad; Chile; Colombia; Congo, Dem. Rep.; Congo, Rep.; Costa
Rica; Cote d’Ivoire; Cyprus; Czechia; Denmark; Ecuador; Estonia; Ethiopia; Fiji; Finland; France;
Gambia, The; Georgia; Germany; Ghana; Greece; Guatemala; Guinea-Bissau; Honduras; Hungary;
Iceland; Indonesia; Iran, Islamic Rep.; Iraq; Ireland; Israel; Italy; Japan; Kazakhstan; Kiribati; Korea,
Dem. People’s Rep.; Kuwait; Kyrgyz Republic; Lao PDR; Latvia; Lesotho; Lithuania; Luxembourg;
Madagascar; Malawi; Malaysia; Malta; Mexico; Moldova; Mongolia; Montenegro; Morocco; Myan-
mar; Nepal; Netherlands; New Zealand; Nicaragua; Nigeria; North Macedonia; Norway; Oman;
Pakistan; Paraguay; Peru; Philippines; Poland; Portugal; Romania; Russian Federation; Samoa;
Sao Tome and Principe; Senegal; Serbia; Sierra Leone; Slovak Republic; Slovenia; Spain; Sri Lanka;
Suriname; Sweden; Switzerland; Tajikistan; Tanzania; Togo; Tunisia; Turkmenistan; Uganda; Ukraine;
United Kingdom; United States; Uzbekistan; Viet Nam; Zimbabwe.

From the comparison of clustering techniques, it can be concluded that a single
statistical parameter alone will not allow the identification of the optimal solution. A reliable
clustering solution should be characterized by compactness, separation, explanatory power,
information criteria, and balanced cluster membership [79–81].

The hierarchical clustering performs well according to the internal validity criteria.
For instance, it shows the best maximum diameter, the lowest separation, Pearson’s γ,
Dunn index, entropy, and the highest Silhouette value, which equals 0.490. Therefore,
the solution involves compact, well-separated clusters [80,81]. Nevertheless, it is highly
unbalanced since only one cluster accounts for 1452 observations out of 2087. Hence, its
Herfindahl–Hirschman Index equals 0.5020, the highest among the compared algorithms,
indicating excess concentration [82,83].

Conversely, K-Means provides a balanced solution and shows a combination of the
highest parameters. Specifically, this technique yields the highest Calinski-Harabasz value,
the highest R2 (0.885), and the best AIC and BIC values. They speak of high explana-
tory power and efficiency. Additionally, its Silhouette value is relatively high at 0.390.
Finally, the Herfindahl–Hirschman Index equals 0.1871, which is lower than for hierarchical
clustering [79,83]. See Table 11.
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Table 11. Sensitivity Analysis of Social Clustering Algorithms.

Statistics Fuzzy C-Means Hierarchical Random Forest Model Based K-Means

Number of clusters 9 10 8 10 10

Cluster numerosity
51; 688; 140; 598;

265; 32; 74; 63;
176

120; 210; 82; 1452;
31; 48; 11; 93; 31; 9

117; 220; 810; 240;
93; 101; 270; 47;

117; 72

196; 127; 285; 96;
181; 539; 150; 100;

413

142; 101; 78; 118;
194; 221; 61; 85;

348; 739

HHI 0.2215 0.5020 0.2040 0.1541 0.1871

Maximum diameter 6.478 (0.360) 3.400 (1.000) 8.165 (0.010) 4.645 (0.741) 8.212 (0.000)

Minimum separation 0.007 (0.048) 0.126 (1.000) 0.008 (0.056) 0.036 (0.280) 0.001 (0.000)

Pearson’s γ 0.487 (0.516) 0.779 (1.000) 0.269 (0.154) 0.550 (0.620) 0.176 (0.000)

Dunn index 0.001 (0.024) 0.037 (1.000) 9.278 × 10−4

(0.022)
0.008 (0.213) 1.296 × 10−4

(0.000)

Entropy 1.755 (0.274) 1.176 (1.000) 1.899 (0.093) 1.973 (0.000) 1.928 (0.056)

Calinski-Harabasz index 977.641 (0.468) 836.791 (0.375) 452.744 (0.121) 1781.660 (1.000) 269.578 (0.000)

R2 0.792 (0.731) 0.784 (0.708) 0.601 (0.179) 0.885 (1.000) 0.539 (0.000)

AIC 1823.550 (0.728) 1883.730 (0.707) 3369.350 (0.193) 1036.850 (1.000) 3928.480 (0.000)

BIC 2026.720 (0.736) 2109.470 (0.707) 3549.940 (0.209) 1262.590 (1.000) 4154.220 (0.000)

Silhouette 0.170 (0.448) 0.490 (1.000) 0.020 (0.190) 0.390 (0.828) −0.090 (0.000)

Note. The table compares Social clustering algorithms under restricted data conditions. K-Means offers strong
explanatory power, favorable information criteria, acceptable balance, and interpretable cluster membership.

The table shows the social profiles generated using K-Means clustering. These include
HI35, fertility rate (FR), access to safely managed drinking water (PUSM), and preva-
lence of undernourishment (POU). Any positive value indicates an above-average level,
while a negative value indicates a below-average level. Thus, the clusters depict relative
exposure–vulnerability profiles and not actual situations in a given country [74]. Cluster 4
represents the clear case of an exposure-resilient cluster. This has the highest HI35 value
(2.267) alongside very high PUSM and the lowest POU value. Although there is high
heat exposure, the condition regarding access to safe water and nutrition is better than
in other countries [75,76]. Cluster 5 represents a situation that is somewhat similar but
not extreme. On the other hand, Cluster 8 shows a high HI35 value combined with a
very high fertility rate, suggesting greater pressure in the future [74,78]. Clusters 1 and
2 represent more moderate yet resilient clusters that feature average or moderate HI35
levels, good water access, and below-average POU values. Cluster 6 features a mixed
profile with positive but weak access to water. Cluster 3 depicts the combination of low
exposure with higher fertility levels [77]. The two socially fragile clusters include Clusters
9 and 10. These two represent a below-average HI35 level alongside poor water supply and
higher undernourishment. Cluster 10 is important because it features the lowest HI35 value
and the highest POU and PUSM. Thus, this highlights that social fragility and maximum
exposure are unrelated [75,77]. See Table 12.

Table 12. Social Cluster Profiles under Sensitivity Analysis.

Cluster HI35 FR PUSM POU

1 0.012 −0.221 0.788 −0.492

2 0.393 −0.303 2.335 −0.810

3 −0.150 0.815 −0.367 −0.236

4 2.267 −0.189 2.297 −1.751
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Table 12. Cont.

Cluster HI35 FR PUSM POU

5 1.581 −0.128 0.729 −1.470

6 0.159 −0.233 −0.237 −0.750

7 −0.053 4.388 −0.205 0.461

8 1.318 2.322 0.485 −0.848

9 −0.560 −0.326 −0.571 0.360

10 −0.748 −0.345 −0.689 1.010

Figure 9 summarizes the results of the sensitivity analysis of the S-Social component
obtained using K-Means clustering. The figure shows the K-Means clustering results
for the Social component using a reduced sample, excluding countries with completely
missing values.

 

Figure 9. Sensitivity Analysis of Social K-Means Clustering Results. Note. The figure summarizes
the Social sensitivity-analysis results. Panel (A) reports AIC, BIC, and WSS across alternative cluster
solutions; the red point identifies the minimum BIC, supporting the preferred 10-cluster specification.
Panel (B) shows the spatial distribution of observations according to the Social K-Means clustering
solution, with colors indicating cluster membership. Panel (C) reports the mean values of the social
indicators for each cluster, allowing comparison of the cluster profiles across HI35, FR, PUSM,
and POU.

It combines cluster-number selection, two-dimensional visualization, and interpre-
tation of social profiles. Figure 9A shows WSS, AIC, and BIC across alternative cluster
numbers. The curves decline between 2 and 4 clusters sharply, then more gradually. The
lowest BIC is reached at 10 clusters, supporting a detailed social exposure–vulnerability
taxonomy. Figure 9B displays the observations in reduced-dimensional space. Several
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groups are reasonably separated, although some overlap remains, as expected with hetero-
geneous social and climatic indicators. This suggests that K-Means identifies meaningful
differentiated profiles rather than artificial partitions [78,84]. Figure 9C shows standardized
means for HI35, FR, PUSM, and POU. The results confirm that high heat exposure may
coexist with favorable social conditions, while lower HI35 may coexist with higher social
fragility [77,84,85].

7.2. Robustness Assessment of Social Clustering Models Within the ESG–HI35 Framework

The comparison of the standard and sensitivity analysis versions of the S-Social
models provides a robustness check for the Social model component of the framework
ESG-HI35 [74,75]. While the standard model applies to the entire database, regardless of
partial data availability, the sensitivity analysis considers only those countries where all
HI35, fertility rate, access to safely managed drinking water, and undernourishment data
are available. Such an exclusion test whether the taxonomy of the ESG-HI35 framework
would hold under structurally incomplete data. A notable change concerns the algorithmic
preference, which switches from the Random Forest approach in the standard model to
K-Means in the sensitivity analysis model. Such a shift does not undermine the results, as
it shows that algorithmic preference depends on data and structure, not on the underlying
categorization itself. In this regard, either version of the model represents a compromise
between the algorithm’s ability to provide explanations, generate quality clusters, and allow
for interpretation. The primary result that stands out in both models is the maintenance
of the ten clusters’ pattern. It means that social vulnerability to heat is multifaceted and
cannot be characterized as vulnerable or non-vulnerable. Interactions among HI35, water
access, and undernourishment lead to different types of vulnerability [74,86]. Substantively,
both models identify similar groups of countries. Thus, some of the identified clusters
have high HI35 with strong water access and low levels of undernourishment, meaning
resilience against climatic conditions despite high levels of vulnerability, while others have
low HI35 but poor water access and high levels of undernourishment, demonstrating that
social vulnerability persists irrespective of climatic vulnerability [77,87]. See Table 13.

Table 13. Comparison between Baseline and Sensitivity Social Clustering Models.

Dimension of
Comparison Ordinary S-Social Model Sensitivity-Analysis

S-Social Model
Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Sample structure

Full Social-component
dataset, including
countries with partial data
availability across the
historical period.

Reduced sample
obtained by excluding
countries with
completely missing
values for HI35, FR,
PUSM, or POU.

The sensitivity analysis
tests whether the Social
taxonomy is affected by
structurally incomplete
information.

If similar social profiles
persist, the
classification is more
reliable for ESG-based
vulnerability screening.

Preferred algorithm

Random Forest is selected
because it offers the best
compromise between
cluster balance,
interpretability, and
avoidance of
single-observation clusters.

K-Means is selected
because it combines
strong explanatory
power, favorable
information criteria,
acceptable Silhouette,
and reasonable cluster
balance.

The preferred
algorithm changes, but
both models prioritize
interpretability and
balanced classification
rather than a single
technical metric.

Model choice should
reflect the objective of
producing meaningful
exposure–vulnerability
profiles, not only
maximizing statistical
scores.

Number of clusters 10 clusters in the Random
Forest solution.

10 clusters in the
K-Means sensitivity
solution, supported by
the lowest BIC.

The persistence of a
10-cluster structure
indicates that the Social
component contains
heterogeneous
vulnerability regimes.

Social vulnerability
should not be reduced
to a binary distinction
between vulnerable
and non-vulnerable
countries.
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Table 13. Cont.

Dimension of
Comparison Ordinary S-Social Model Sensitivity-Analysis

S-Social Model
Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Cluster balance

Random Forest produces
clusters ranging from 47 to
682 observations, with
HHI = 0.176, avoiding both
single-observation clusters
and one dominant cluster.

K-Means produces a
more concentrated but
still acceptable
distribution, with
HHI = 0.1871 and
cluster sizes ranging
from 61 to 739
observations.

Both solutions provide
relatively balanced
classifications
compared with
Density-Based or
Hierarchical
alternatives.

Balanced clusters
improve the
operational usefulness
of the taxonomy for
targeting social
adaptation policies.

Problem with
alternative
algorithms

Density-Based collapses
the sample into one
dominant cluster of
2094 observations, with
HHI = 0.999. Hierarchical
and Model-Based also
produce dominant clusters
or single-observation
groups.

Hierarchical performs
strongly on
compactness and
separation but is highly
concentrated, with one
cluster of 1452
observations and
HHI = 0.5020.

Good internal validity
metrics are insufficient
when cluster
numerosity is too
imbalanced for
meaningful
interpretation.

ESG classifications
must avoid technically
strong but
substantively weak
solutions that fail to
distinguish social
vulnerability profiles.

Model fit and
explanatory
capacity

Random Forest is not the
strongest on classical
statistical indicators, but it
provides the most usable
taxonomy in the
full-sample model.

K-Means performs
strongly in the reduced
sample, with high
explanatory capacity
and favorable
model-selection
criteria.

The sensitivity model
shows that, under
stricter data availability,
a more conventional
partitioning method
can produce a robust
Social taxonomy.

The Social taxonomy
remains useful even
when the empirical
sample is restricted to
countries with stronger
data coverage.

Key discriminating
variables

Mean Decrease in Gini
shows that PUSM is the
most important variable,
followed by FR, POU, and
HI35.

The K-Means profiles
also show strong
differentiation through
PUSM, POU, and FR,
while HI35 separates
high-exposure groups.

Social vulnerability is
driven more by access
to safe water,
demographic pressure,
and undernourishment
than by heat exposure
alone.

Social adaptation
policies should
prioritize basic services,
water security,
nutrition, and
demographic-pressure
management.

High heat–high
social capacity
profile

Clusters 1 and 7 combine
high HI35 with strong
PUSM and very low POU.
Cluster 7 has HI35 = 1.936,
PUSM = 1.684, and
POU = −1.793.

Clusters 4 and 5 show
similar profiles. Cluster
4 has HI35 = 2.267,
PUSM = 2.297, and
POU = −1.751.

Both models show that
high heat exposure
does not necessarily
imply high social
vulnerability.

Countries in this profile
require heat adaptation,
but their stronger social
infrastructure may
reduce immediate
vulnerability.

Low heat–high
social fragility
profile

Clusters 4, 5, 6, 8, and 9
show below-average HI35,
low PUSM, and high POU.
Cluster 6 has the lowest
HI35 but high
undernourishment.

Clusters 9 and 10 show
below-average HI35,
weak PUSM, and high
POU. Cluster 10
combines
HI35 = −0.748,
PUSM = −0.689, and
POU = 1.010.

Social fragility may be
severe even where
extreme heat exposure
is not high.

Development and ESG
strategies should not
allocate resources only
according to climatic
exposure; social
deprivation requires
independent attention.

Demographic-
pressure profile

Cluster 10 combines
above-average HI35 with
very high fertility:
HI35 = 0.721, FR = 1.775.

Cluster 8 combines
high HI35 and high
fertility, while Cluster 7
is dominated by very
high fertility:
FR = 4.388.

Fertility identifies
countries where future
demand for water, food,
health, and social
infrastructure may
increase vulnerability
over time.

Policy priorities
include reproductive
health, education,
public-service
expansion, and
long-term adaptation
planning.
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Table 13. Cont.

Dimension of
Comparison Ordinary S-Social Model Sensitivity-Analysis

S-Social Model
Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Interpretability of
profiles

The Random Forest model
distinguishes socially
resilient high-exposure
profiles, socially fragile
lower-exposure profiles,
intermediate profiles, and
demographic-pressure
profiles.

The K-Means
sensitivity model
reproduces the same
broad categories,
despite changes in the
algorithm and reduced
sample.

The core Social
taxonomy remains
substantively stable
across specifications.

The framework can
support country
grouping for climate
adaptation, social
protection, water
access, nutrition, and
ESG risk assessment.

General conclusion

The ordinary model
supports Random Forest as
the most interpretable
full-sample Social
clustering solution.

The sensitivity analysis
supports K-Means as
the strongest
reduced-sample
solution.

Although the preferred
algorithm changes, the
main substantive
conclusion remains
stable: HI35 and social
vulnerability indicators
do not move uniformly
together.

Effective ESG and
climate-risk policy
must combine
heat-exposure analysis
with social indicators of
adaptive capacity,
especially water access,
nutrition, and
demographic pressure.

Note. The table compares ordinary and sensitivity-analysis Social taxonomies. Results confirm the robustness of
the ESG–HI35 framework, identifying persistent exposure–vulnerability profiles related to heat, water access,
undernourishment, and demographic pressure.

8. Governance-Based Clustering Framework and Empirical Results
In this study, six machine learning algorithms were compared with the aim of as-

sessing their performance across multiple evaluation metrics. To ensure consistency and
comparability, the data were normalized, allowing each algorithm to be evaluated on the
same scale. This comparative approach provides the basis for identifying the most suitable
algorithm in terms of overall performance without privileging any single method a priori
(Table 14).

Table 14. Normalized Performance of Clustering Algorithms Applied to the G-Governance Dimen-
sion of the ESG Framework.

Metric Density
Based

Fuzzy
C-Means Hierarchical Model

Based K-Means Random
Forest

R2 0.01 0.01 0.00 0.01 0.01 0.01

AIC 0.12 0.04 0.13 0.05 0.02 0.05

BIC 0.13 0.03 0.14 0.06 0.02 0.06

Silhouette 0.00 0.00 0.00 0.00 0.00 0.00

Maximum Diameter 0.62 0.18 0.34 0.30 0.10 0.22

Minimum Separation 0.03 0.00 0.06 0.00 0.00 0.01

Pearson’s γ 0.02 0.01 0.02 0.01 0.00 0.00

Dunn Index 0.00 0.00 0.00 0.00 0.00 0.00

Entropy 0.03 0.03 0.01 0.04 0.02 0.04

Calinski-Harabasz Index 1.00 1.00 1.00 1.00 1.00 1.00
Note: All metrics were normalized using Min–Max scaling (0–1). Normalization was applied to ensure compara-
bility across indicators with different scales and ranges, allowing for a fair statistical performance comparison
among clustering algorithms.

A ranking of the clustering algorithms was generated through a multi-indicator sta-
tistical evaluation based on metrics designed either to be maximized or minimized. This
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procedure reflects the multidimensional nature of clustering performance, since no single
metric is sufficient to evaluate the quality of an unsupervised classification on its own.
Instead, overall performance depends on a trade-off among several statistical indicators
capturing cohesion, separation, compactness, and model parsimony [88]. In line with
the conceptual framework of the study, this ranking is used only to evaluate the ability
of each algorithm to classify observations into coherent exposure–vulnerability profiles.
It is not intended to assess whether ESG variables explain, determine, or generate HI35.
HI35 remains an exogenous climatic exposure indicator, while governance-related ESG
variables are interpreted as institutional and socio-economic conditions that may influence
adaptive capacity and vulnerability under heat exposure. Indicators such as R2, Silhouette,
Minimum Separation, Pearson’s γ, Dunn Index, and the Calinski–Harabasz Index were
considered criteria to be maximized, since they reflect internal coherence, inter-cluster sep-
aration, and overall partitioning quality. By contrast, metrics such as AIC, BIC, Maximum
Diameter, and Entropy were considered criteria to be minimized, as lower values indicate
greater parsimony, lower dispersion, and more compact cluster formations [89,90]. All
indicators were normalized on a common scale to allow direct comparison across metrics.
Subsequently, the indicators designed for minimization were inverted so that all measures
could be interpreted in the same direction, with higher normalized values corresponding
to better performance. Each algorithm was then evaluated using two components: the
arithmetic mean of the normalized indicators to be maximized and the arithmetic mean of
the inverted indicators to be minimized. The final score was calculated as the average of
these two components, providing a balanced assessment of clustering quality and model
simplicity. According to this procedure, K-Means achieved the highest overall score, fol-
lowed by Fuzzy C-Means and Random Forest. These algorithms therefore offered the most
balanced statistical trade-off between partition quality and model parsimony in this specific
classification exercise [62,91]. This systematic approach reduces the risk of relying on a
single metric and allows a more comprehensive comparison among competing clustering
algorithms. Importantly, the ranking should be interpreted as a methodological tool for
selecting the most appropriate clustering solution. It does not imply a causal relationship
between governance indicators and the occurrence of extreme heat. Rather, it supports
the identification of country groups characterized by different combinations of exogenous
heat exposure, measured by HI35, and governance-related conditions that may shape
vulnerability, resilience, and adaptive capacity (Table 15).

Table 15. Trade-Off Evaluation of Clustering Algorithms Based on Maximization and
Minimization Indicators.

Rank Model Maximize Avg Minimize Avg Total Score

1 K-Means 0.17 0.96 0.56

2 Fuzzy C-Means 0.17 0.93 0.55

3 Random Forest 0.17 0.91 0.54

4 Model Based 0.17 0.89 0.53

5 Hierarchical 0.18 0.85 0.51

6 Density Based 0.18 0.78 0.48
Note: The column Maximize Avg reports the average of normalized metrics to be maximized (R2, Silhouette,
Minimum Separation, Pearson’s γ, Dunn Index, Calinski–Harabasz Index). The column Minimize Avg is the
average of inverted normalized metrics (1—value) for those to be minimized (AIC, BIC, Maximum Diameter,
Entropy). Total Score is computed as the mean of these two averages, providing a balanced overall ranking across
both groups of indicators.
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While statistical performance provides an important basis for comparing clustering
procedures, it cannot by itself determine the best solution, especially in unsupervised learn-
ing, where no ground-truth validation is available [92]. For this reason, statistical indicators
must be complemented by criteria such as interpretability, structural balance, and coherence
in line with the research objective. In this study, clustering is used as a classificatory tool to
identify country profiles based on the joint distribution of exogenous heat exposure and
ESG-related vulnerability conditions. The purpose is not to test whether ESG variables
determine HI35. HI35 is treated as a climatic exposure indicator, primarily shaped by
geographical and atmospheric factors, while ESG dimensions describe institutional, social,
and environmental conditions that may influence vulnerability, resilience, and adaptive
capacity. Therefore, it is not sufficient to rely exclusively on aggregate statistical indica-
tors. The internal composition and size distribution of the clusters must also be evaluated.
Some algorithms may perform well statistically but produce highly imbalanced cluster
structures, in which a few large groups contain most observations while several marginal
clusters remain underpopulated. Such a pattern limits the usefulness of the classification
because it reduces the ability to distinguish meaningful exposure–vulnerability profiles
across countries. This issue is particularly evident in Density-Based and Hierarchical clus-
tering solutions, where a small number of very large clusters include the overwhelming
majority of observations, while the remaining clusters contain only a limited number of
cases. This raises concerns about the granularity and discriminatory capacity of these
classifications. In contrast, the Model-Based clustering algorithm, although not always
the best-performing method according to aggregate statistical scores, produces a more
balanced and homogeneous distribution of cluster sizes. This improves the identification of
latent structures in the data and supports clearer comparisons across country groups [93].
Such balance is especially important for the purposes of this study. A more even cluster
distribution improves interpretability, facilitates inter-cluster comparison, and reduces
the risk that the analysis is dominated by overrepresented groups or outlier-driven clas-
sifications. Accordingly, the preferred solution is not necessarily the one that maximizes
statistical performance alone, but the one that provides internally coherent, interpretable,
and relatively balanced country groupings. This approach is consistent with good practice
in unsupervised classification. The objective is not statistical optimization for its own sake,
nor the estimation of a causal effect from ESG variables to HI35. Rather, the objective is to
obtain meaningful segmentations that are theoretically and empirically consistent with the
distinction between climatic exposure, measured by HI35, and ESG-based vulnerability or
adaptive-capacity conditions (Table 16).

Table 16. Cluster Size Distributions and Comparative Rankings of Clustering Algorithms.

Cluster Density
Based

Fuzzy
C-Means Hierarchical Model Based K-Means Random

Forest

Noise points 25

Size Cluster 1 395 88 423 82 51 75

Size Cluster 2 7 45 4 109 21 64

Size Cluster 3 7 53 1 81 99 84

Size Cluster 4 7 30 7 31 45 57

Size Cluster 5 6 7 7 70 46 42

Size Cluster 6 5 114 17 7 14 58

Size Cluster 7 4 23 1 14 79 23
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Table 16. Cont.

Cluster Density
Based

Fuzzy
C-Means Hierarchical Model Based K-Means Random

Forest

Size Cluster 8 7 8 4 53 8 19

Size Cluster 9 8 46 7 7 7 35

Size Cluster 10 59 7 101 14

Ranking Statistical
Performance 6 2 5 4 1 3

Rank Cluster
Structure 6 (Worst) 4 5 1 (Best) 2 3

Note. The table compares clustering algorithms considering both statistical performance and the distribution
of elements across clusters. A more balanced cluster structure, with sizes closer to each other, indicates greater
heterogeneity and interpretability. Model-Based clustering shows the most homogeneous distribution of cluster
sizes, while Density-Based and Hierarchical methods result in highly unbalanced structures dominated by a single
large cluster.

The model-based clustering analysis highlights substantial heterogeneity in the joint
distribution of HI35 and governance-related ESG variables. In line with the conceptual
framework of the study, HI35 is not interpreted as an outcome influenced or determined by
governance conditions. Rather, HI35 is treated as an exogenous climatic exposure indicator,
while governance variables describe institutional conditions that may shape vulnerability,
resilience, and adaptive capacity under heat exposure. Clusters with lower or negative
HI35 values, such as Clusters 1, 4, 7, 8, and 10, represent country profiles characterized by
lower levels of heat exposure together with specific governance configurations. In several
of these clusters, weaknesses emerge in indicators such as political stability, rule of law, and
regulatory quality. These patterns should not be interpreted as evidence that institutional
fragility reduces or worsens HI35. Instead, they indicate that certain governance weak-
nesses may coexist with particular levels of climatic exposure and may affect the capacity
of countries to manage the consequences of heat stress. Conversely, clusters with higher
or positive HI35 values, such as Clusters 2, 3, 6, and 9, identify profiles in which stronger
climatic exposure is combined with different governance conditions. For example, Cluster
6 records one of the highest HI35 values and also displays relatively strong regulatory
quality and R&D expenditure, while at the same time showing imbalances in legal rights
(SLRI) and voice and accountability (VA). This suggests that high heat exposure may coexist
with uneven governance capacity: some institutional dimensions may support adaptation
and response, while weaknesses in other governance areas may limit overall resilience.
Therefore, the clustering results do not suggest that governance effectiveness shapes the
physical occurrence of extreme heat. Rather, they show that countries exposed to different
levels of HI35 may differ substantially in institutional capacity, regulatory quality, legal
protection, political stability, innovation capacity, and accountability. These governance
conditions are relevant because they may influence how societies prepare for, absorb, and
respond to heat-related risks. Overall, the analysis underscores the multidimensional role
of governance in differentiating exposure–vulnerability profiles. HI35 captures exogenous
climatic exposure, whereas governance-related ESG variables capture institutional and
socio-economic conditions that may mediate the consequences of such exposure. The
results therefore support the construction of a taxonomy of governance-related heat vul-
nerability profiles, without conflating climatic exposure with institutional determinants or
implying that ESG structures generate HI35 outcomes (Table 17).
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Table 17. Cluster Means of Governance Indicators and HI35 Values.

Cluster HI35 GDPG PS RFTM RQ RDE RL SEPS STJA SLRI VA

1 −0.378 −0.314 0.065 −0.421 −0.126 −0.287 −0.289 0.159 −0.873 −2.086 0.181

2 0.332 −0.216 −0.534 −0.867 −0.100 −0.888 −0.632 −0.031 −0.553 −0.363 −0.677

3 0.270 1.393 −0.986 −2.442 −1.170 −0.568 −0.735 0.394 −0.330 −0.137 −1.034

4 −0.611 −0.316 0.974 1.892 0.545 1.343 1.100 −0.407 0.025 0.316 1.034

5 0.098 −0.355 0.781 0.032 0.440 0.572 0.703 −0.050 0.866 −0.229 0.656

6 1.488 −0.050 −0.687 0.899 0.827 −0.830 −1.039 0.322 −0.554 −5.440 −2.215

7 −0.509 −0.339 1.063 1.208 1.035 1.579 1.426 1.804 −0.283 −0.129 1.270

8 −0.280 −0.103 −0.392 0.726 0.778 1.116 0.988 −0.140 −0.533 0.907 0.927

9 0.335 −0.311 −1.333 3.299 0.765 0.803 0.749 0.326 0.105 −0.239 0.305

10 −0.308 −0.271 0.338 1.702 0.578 1.141 0.937 −0.084 1.887 5.114 0.865
Note: The table presents governance-based clusters with associated HI35 means. Cluster 6 records the highest
HI35, paired with strong regulatory quality and R&D but deficits in legal rights and accountability, illustrating gov-
ernance’s multidimensional influence. Balanced institutional development—combining stability, accountability,
and regulatory strength—emerges as critical for reducing vulnerability to extreme heat stress.

Statistical measures may help assess various clustering techniques against each other,
but are insufficient on their own in the unsupervised setting [94]. Since this research
categorizes countries based on exogenous climatic exposure and ESG-based vulnera-
bility, model selection should be guided by interpretability, cluster homogeneity, and
thematic significance.

Model-Based Clustering seems to be the best approach among the selected techniques.
The reason Model-Based Clustering stands out is not only for its statistical efficiency but
also for producing balanced, homogeneous clusters with interpretative value. The ability
will facilitate cross-cluster comparisons and identify governance profiles with HI35 and
vulnerability-adaptive capacity.

It turns out there is significant variation in governance profiles across exposure levels.
Nevertheless, no causal claims should be made, as HI35 exposure depends primarily
on geography and atmospheric conditions, whereas governance characteristics relate to
institutions that can affect readiness and adaptation to heat exposure.

Clusters with lower or negative HI35 values (Clusters 1, 4, 7, 8, and 10) often exhibit
worse governance performance across political stability, regulatory quality, and the rule
of law. This does not mean that a poor institutional environment leads to higher heat
exposure, but rather that some HI35 values correlate with institutional vulnerabilities [95].

Cluster 6 is especially interesting because it features both the highest HI35 value and
good regulatory performance and high R&D expenditure, alongside lower performance in
the areas of legal rights and voice and accountability. High exposure coexists with uneven
governance capacities in this case. Overall, good governance matters because it affects
adaptive capacity [30].

Figure 10 demonstrates the Silhouette plot for the Governance K-Means clustering
solution in the ESG–HI35 model. The figure shows the internal cohesion and separateness
of the ten governance clusters using the Silhouette value for each observation. Positive
Silhouette coefficients indicate that an observation is closer to its group members than to
other nearby clusters, while negative coefficients indicate that a point is overlapping or
unclearly placed between adjacent governance clusters. See Figure 10.
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Figure 10. The figure reports silhouette coefficients for the Governance K-Means clustering model.
The red dotted line represents the average silhouette width across all observations and serves as
a reference threshold for assessing the overall quality of the clustering solution. Positive values
indicate acceptable cohesion and separation, while negative values identify borderline observations
and partially overlapping governance vulnerability profiles across countries.

In general, one can observe rather consistent clusters. As shown in Figure 10, the
majority of observations have positive Silhouette values, with some clusters even having
average values close to or exceeding the global mean, marked by a red dashed line. There-
fore, the governance taxonomy proves statistically valid and interpretable. Compared to
the previous Social clustering solution, the governance classification appears more distinct,
suggesting that governance factors yield clear structural patterns. However, as shown in
Figure 10, considerable differences exist among governance clusters. For instance, clusters
5 and 10 exhibit considerably higher Silhouette values, indicating internal consistency and
distinct governance regimes. Thus, those clusters are represented by countries that share
very similar institutional characteristics, such as regulation quality, rule of law, research
intensity, accountability, and legal protection. The distance between the two clusters indi-
cates that governance capacity constitutes a relatively stable macro-structural configuration.
On the contrary, some clusters have moderate or even slightly negative Silhouette values at
their borders. Such overlap occurs in clusters characterized by intermediate institutional
quality or mixed governance. These observations may refer to countries experiencing
governance transitions, which are associated with the development of various aspects,
including economic growth, institutional capacity, and social inclusion. Therefore, the
observed overlap in clusters seems quite realistic within the multidimensional ESG ap-
proach. One more factor to consider is heterogeneity. It should be noted that some clusters
contain diverse observations with moderate cohesion, whereas others are characterized by
lower density but with high consistency within a group. In other words, such an outcome
shows that governance vulnerability is unevenly distributed and that some institutional
configurations dominate over others. In summary, the results show that the Governance
K-Means clustering solution produces an adequate taxonomy. Despite some observations
near the borders of governance clusters, the overall result confirms the differentiation of
vulnerability regimes in terms of governance issues.
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8.1. Sensitivity Analysis of Governance Exposure–Vulnerability Clusters

As far as G-Governance is concerned, a sensitivity test was conducted on the robust-
ness of the grouping pattern under an information-completed dataset. The time period
(1999–2023) continues to be the same, but the number of countries is cut down from 185 to
125 since they have a complete lack of information for at least one governance criterion.
This helps us in dealing with structural problems regarding missing data linked with
factors like quality of institutions, political stability, capacity of regulations, innovations,
accountability, and legal rights. The purpose here is not to exclude isolated cases of missing
information but to verify the stability of the governance classification under improved data
requirements. See Figure 11.

Figure 11. Geographic Distribution of the Restricted Governance Sample Used in the Sensitivity
Analysis. Note. Countries are: Albania, Algeria, Angola, Argentina, Armenia, Australia, Austria,
Bolivia, Botswana, Brazil, Bulgaria, Burkina Faso, Burundi, Canada, Chad, Chile, China, Colombia,
Congo, Dem. Rep., Costa Rica, Cote d’Ivoire, Croatia, Cyprus, Czechia, Denmark, Ecuador, Egypt,
Arab Rep., El Salvador, Estonia, Eswatini, Ethiopia, Finland, France, Gabon, Gambia, The, Georgia,
Germany, Ghana, Greece, Guatemala, Honduras, Hungary, Iceland, India, Indonesia, Iran, Islamic
Rep., Iraq, Ireland, Israel, Italy, Jamaica, Japan, Jordan, Kazakhstan, Kenya, Kuwait, Kyrgyz Republic,
Lao PDR, Latvia, Lesotho, Lithuania, Luxembourg, Madagascar, Malaysia, Mali, Malta, Mauritania,
Mauritius, Mexico, Moldova, Mongolia, Montenegro, Morocco, Mozambique, Myanmar, Namibia,
Nepal, Netherlands, New Zealand, Nicaragua, Nigeria, North Macedonia, Norway, Oman, Pakistan,
Panama, Papua New Guinea, Paraguay, Peru, Philippines, Poland, Portugal, Qatar, Romania, Russian
Federation, Rwanda, Saudi Arabia, Senegal, Serbia, Singapore, Slovak Republic, Slovenia, South
Africa, Spain, Sri Lanka, St. Lucia, St. Vincent and the Grenadines, Sudan, Sweden, Switzerland,
Syrian Arab Republic, Tajikistan, Tanzania, Thailand, Togo, Trinidad and Tobago, Tunisia, Turkiye,
Uganda, Ukraine, United Kingdom, United States, Uruguay, Uzbekistan, Venezuela, RB.

Comparing the ordinary and sensitivity-analysis Social models provides valuable
information regarding the robustness of the ESG–HI35 framework [74,75]. The ordinary
version includes countries with some degree of data availability, whereas the sensitivity
analysis excludes countries with completely missing data on at least one Social indicator.
The aim is to see how sensitive the taxonomy’s clustering structure is to structurally incom-
plete data. An interesting aspect pertains to the preferred algorithm. While in the ordinary
Social model, Random Forest was selected to produce a balanced and understandable
taxonomy, in the sensitivity analysis, K-Means prevails due to better interpretability, more
favorable information criteria values, and sufficient cluster balance. It should be noted that
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such changes in methodology do not threaten the validity of the findings; on the contrary,
they confirm the flexibility of methodological choice and the consistency of substantive
classification. As in the previous case, both the ordinary and sensitivity versions of the
model produce 10 clusters. It shows once again that vulnerability to heat stress is mul-
tidimensional and determined by a complex combination of variables, including HI35,
access to water sources, levels of undernourishment, and population dynamics [74,86].
The findings of both analyses are very similar. They show that there exist clusters of high
heat with social resilience, in which high HI35 occurs alongside high water access and the
absence of undernourishment. Similarly, there are clusters of low heat with social fragility,
indicating that the lack of basic services and food security can persist regardless of climatic
conditions [77,87]. See Table 18.

Table 18. Sensitivity Analysis of Governance Clustering Algorithms.

Statistics Density-Based
Clustering

Fuzzy C-Means
Clustering

Hierarchical
Clustering

Model-Based
Clustering

Neighborhood-
Based
Clustering

Random Forest
Clustering

Number of
clusters 9 6 9 10 10 8

N 471 471 471 471 471 471

R2 0.319 0.549 0.326 0.51 0.665 0.462

AIC 3065.86 2864.01 3684.62 2753.87 1950.23 2957.88

BIC 3477.19 3138.23 4095.95 3205.91 2407.26 3323.5

Silhouette 0.08 0.16 0.3 0.12 0.19 0.05

Cluster sizes 395; 7; 7; 7; 6; 5;
4; 7; 8

44; 131; 109; 37;
37; 113

423; 4; 1; 7; 7;
17; 1; 4; 7

92; 109; 81; 31;
70; 7; 14; 53; 7; 7

22; 65; 71; 93; 37;
89; 8; 14; 21; 51

88; 63; 37; 81; 40;
33; 101; 28

Explained
proportion
within-cluster
heterogeneity

0.980; 0.003;
0.003;
6.189 × 10−4;
0.004; 0.003;
0.002;
3.973 × 10−4;
0.004

0.113; 0.139;
0.199; 0.279;
0.098; 0.171

0.947; 0.008;
0.000; 0.002;
0.011; 0.031;
0.000;
7.723 × 10−4;
3.268 × 10−4

0.164; 0.205;
0.508; 0.017;
0.059; 0.003;
0.004; 0.039;
7.005 × 10−4;
4.496 × 10−4

0.043; 0.087;
0.178; 0.167;
0.107; 0.135;
0.048; 0.065;
0.082; 0.089

0.314; 0.124;
0.067; 0.106;
0.029; 0.068;
0.103; 0.188

Within sum of
squares

2810.972; 8.531;
8.397; 1.775;
10.278; 9.542;
5.732; 1.139;
11.495

308.785; 380.017;
544.464; 761.997;
268.603; 468.142

3301.349;
26.948; 0.000;
8.531; 38.509;
107.451; 0.000;
2.693; 1.139

415.839; 519.692;
1287.133; 41.835;
149.118; 8.531;
9.546; 99.264;
1.775; 1.139

73.886; 150.776;
307.672; 288.694;
184.443; 234.285;
82.192; 112.688;
141.402; 154.188

873.402; 345.671;
186.569; 294.457;
81.752; 188.861;
287.362; 523.804

Maximum
diameter 16.003 16.003 9.71 16.003 9.391 11.416

Minimum
separation 0.953 0.311 1.969 0.248 0.138 0.799

Pearson’s γ 0.624 0.423 0.654 0.288 0.411 0.306

Dunn index 0.06 0.019 0.203 0.015 0.015 0.07

Entropy 0.767 1.658 0.511 1.961 2.09 1.979

Calinski-
Harabasz index 25.617 82.991 27.882 53.289 101.832 56.781

HH-Index 0.7861 0.2095 0.8087 0.1619 0.1397 0.1502

Note. The table compares alternative governance clustering methods using fit, compactness, separation, entropy,
and balance indicators. Results confirm the robustness of multidimensional governance vulnerability profiles
across different algorithmic specifications and restricted-sample conditions.
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The Governance dimension, which emerges from the Neighborhood-Based Clustering,
highlights significant disparities in regimes of governance vulnerabilities within the ESG
framework. Specifically, the results suggest that economic development, institutional qual-
ity, innovation potential, and social inclusiveness are not inherently interrelated processes
and do not develop in tandem in response to climate pressures and thermal stress [70,96].
The first and sixth clusters stand out as the most institutionally robust, with relatively
high Regulatory Quality (RQ), Research and Development Expenditure (RDE), Rule of
Law (RL), and Voice and Accountability (VA) scores, as well as strong female labor-force
participation rates. Such governance systems should foster innovation, coordination, and
climate adaptation. Good institutions could enable countries’ investments in sustainable in-
frastructure development, technological innovations, and environmental management [97].
On the contrary, Clusters 5, 7, and 9 can be considered structural weak-governance regimes.
First, Cluster 5 is characterized by highly negative RQ, RL, RDE, and VA values, indicating
poor institutions and weak adaptive capacities [96,98]. In addition, Clusters 7 and 9 stand
out for a combination of very high GDP growth and poor governance indicators. Thus,
countries can experience rapid growth without achieving sustainable, resilient institutional
performance [70]. Cluster 8 stands out for its extremely high protection of legal rights and
scientific production, indicating well-developed legal and innovative systems. In conclu-
sion, it is worth noting that governance quality is a key dimension of climate resilience and
adaptability [70,96]. See Table 19.

Table 19. Governance Cluster Profiles under Sensitivity Analysis.

Cluster HI35 GDPG PS RFTM RQ RDE RL SEPS STJA SLRI VA

1 −0.23 −0.33 0.292 2.349 0.939 1.271 1.205 1.276 0.251 −0.208 0.962

2 0.279 −0.213 −0.213 −0.594 −0.265 −0.457 −0.159 0.27 1.163 −0.326 −0.223

3 0.267 −0.055 −0.866 −0.825 0.246 −1.118 −0.888 −0.267 0.18 −0.294 −0.996

4 0.354 −0.336 0.752 −0.12 0.287 0.515 0.546 0.099 −0.129 −0.275 0.653

5 0.461 0.01 −1.306 −0.691 −1.78 −1.212 −1.542 −0.026 −1.031 −0.245 −1.527

6 −0.455 −0.304 0.986 1.119 0.689 1.304 1.174 −0.129 0.101 0.144 0.985

7 0.149 2.863 −2.524 −0.912 −1.502 −1.349 −1.5 −4.891 −0.608 −0.329 −1.181

8 0.58 −0.16 −0.174 1.316 0.603 0.156 −0.051 0.129 0.462 5.277 −0.765

9 0.409 3.716 −0.505 −0.693 −1.846 −0.368 −0.755 0.622 −0.625 0.081 −0.865

10 −1.165 −0.307 −0.142 −0.273 −0.014 −0.423 −0.447 0.018 −0.81 −0.087 0.203
Note. The table reports standardized governance cluster profiles from Neighborhood-Based clustering. Indicators
capture institutional quality, innovation, legal rights, accountability, gender inclusion, economic growth, and heat
exposure across heterogeneous governance regimes.

Figure 12 shows the output of the Neighborhood-Based Clustering algorithm for the
Governance component of the ESG–HI35 framework. According to Panel A, the smallest
value of the Bayesian Information Criterion (BIC) is observed when there are ten clusters.
Therefore, it can be stated that governance vulnerability is characterized by many structural
arrangements rather than by a few homogeneous clusters. The distribution of observations
in the lower-dimensional space is shown in Panel B; from this, it is clear that while some
clusters are tightly knit, others are located at the periphery, indicating governance–economic
regime heterogeneity. Finally, Panel C presents the standardized cluster means; it can be
noted that clusters with high GDP growth do not necessarily have good governance quality.
See Figure 12.
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Figure 12. Governance Clustering Results under the Restricted ESG–HI35 Sample. Note. The
figure summarizes Neighborhood-Based governance clustering results for the restricted sample.
Panel (A) reports AIC, BIC, and WSS values across alternative cluster solutions, where the red point
identifies the minimum BIC and supports the preferred 10-cluster specification. Panel (B) illustrates
cluster distribution in reduced-dimensional space, while Panel (C) presents standardized governance
cluster means across institutional, economic, and social indicators.

8.2. Institutional Resilience and Governance Vulnerability: A Robustness Analysis Within the
ESG–HI35 Framework

The comparison between the ordinary and sensitivity-analysis Governance models
confirms the robustness of the governance-based ESG–HI35 taxonomy [99,100]. The clus-
tering structure remains broadly stable even after restricting the sample to countries with
more complete governance data, suggesting that the results are not primarily driven by
missing-data patterns but by consistent institutional differences. An important finding con-
cerns the change in the preferred clustering algorithm. In the ordinary model, Model-Based
Clustering is selected because it produces the most balanced and interpretable structure.
In the sensitivity analysis, Neighborhood-Based Clustering becomes preferable due to
stronger statistical performance and a lower HH-Index. This demonstrates that algorithm
selection in unsupervised learning should not rely on a single metric, but on the capacity to
generate meaningful and balanced governance profiles. The persistence of a ten-cluster
structure across both models further supports robustness. Governance-related vulnerability
appears highly heterogeneous, combining different levels of political stability, regulatory
quality, innovation capacity, accountability, and legal protection [101,102]. Substantively,
the results confirm the central role of governance quality in shaping climate-related vulner-
ability. Regulatory Quality, Rule of Law, Research and Development Expenditure, Voice
and Accountability, and Strength of Legal Rights consistently emerge as key discriminating
variables [103,104]. Overall, the findings indicate that economic growth alone is insufficient
to ensure resilience without strong institutions, legal protection, and effective governance
structures [100,102]. See Table 20.
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Table 20. Comparison between Baseline and Sensitivity Governance Clustering Models.

Dimension of
Comparison

Ordinary
G-Governance Model

Sensitivity-Analysis
G-Governance Model

Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Sample structure

Full Governance-
component dataset,
including countries
with partial data
availability across the
historical period.

Reduced sample
obtained by excluding
countries with
completely missing
values for at least one
G-Governance variable.

The sensitivity analysis
tests whether the
Governance taxonomy
is affected by
structurally incomplete
information.

If similar governance
profiles persist, the
classification is more
reliable for ESG-based
vulnerability screening.

Preferred algorithm

Model-Based
Clustering is selected
because it provides the
most balanced and
interpretable
cluster-size
distribution.

Neighborhood-Based
Clustering is selected
because it combines
strong statistical
performance with the
lowest HH-Index.

The preferred
algorithm changes, but
both models prioritize
interpretability and
cluster balance.

Model choice should
support meaningful
governance–
vulnerability profiles,
not only statistical
optimization.

Number of clusters 10 clusters in the
Model-Based solution.

10 clusters in the
Neighborhood-Based
sensitivity solution.

The persistence of a
10-cluster structure
confirms strong
heterogeneity in
governance regimes.

Governance
vulnerability should
not be reduced to a
simple strong/weak
institutional
distinction.

Cluster balance

Model-Based produces
a relatively balanced
structure, with
HH-Index = 0.1619.

Neighborhood-Based
produces the most
balanced solution, with
HH-Index = 0.1397.

Both solutions avoid
excessive concentration
in one dominant
cluster.

Balanced clusters
improve the usefulness
of the taxonomy for
comparative ESG and
policy analysis.

Problem with
alternative algorithms

Density-Based and
Hierarchical models
produce highly
concentrated clusters,
with HH-Index values
of 0.7861 and 0.8087.

Density-Based and
Hierarchical remain
weak alternatives
because they
concentrate most
observations in a single
large group.

Strong separation
metrics are not
sufficient when the
cluster structure is too
unbalanced.

ESG classifications
should avoid
technically strong but
substantively weak
segmentations.

Model fit and
explanatory capacity

Model-Based is not the
strongest in all
statistical indicators,
but it provides the most
interpretable
full-sample governance
taxonomy.

Neighborhood-Based
achieves the best
statistical performance,
with R2 = 0.665,
AIC = 1950.23, and
BIC = 2407.26.

The sensitivity model
shows that, under
stricter data availability,
Neighborhood-Based
becomes both
statistically and
structurally preferable.

The Governance
taxonomy remains
robust when
incomplete data are
removed.

Key discriminating
variables

GDPG, RQ, RDE, RL,
SLRI, and VA
differentiate the
governance profiles.

The same variables
remain central,
especially GDPG, RQ,
RL, RDE, VA, and SLRI.

Governance
vulnerability is driven
by institutional quality,
innovation capacity,
legal strength,
accountability, and
economic growth
patterns.

ESG policy should
combine institutional
reform, innovation
investment, legal
capacity, and
accountability.

High growth–weak
governance profile

Some clusters show
high GDP growth but
weak RQ, RL, RDE,
and VA.

Clusters 7 and 9 show
very high GDPG but
weak governance
indicators.

Economic growth does
not automatically
imply institutional
resilience.

Growth-oriented
strategies must be
accompanied by
governance
strengthening and
institutional
upgrading.
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Table 20. Cont.

Dimension of
Comparison

Ordinary
G-Governance Model

Sensitivity-Analysis
G-Governance Model

Interpretation for the
ESG–HI35 Framework

Policy and ESG
Implications

Strong
governance–moderate
growth profile

Some clusters combine
moderate GDP growth
with strong RQ, RDE,
RL, and VA.

Clusters 1 and 6 show
strong governance
capacity despite
moderate or negative
GDPG.

Institutional quality
may support resilience
even without rapid
growth.

Countries with strong
institutions are better
positioned to manage
heat-related
socio-economic risks.

Legal-rights
specialization profile

Model-Based identifies
clusters with distinctive
SLRI patterns.

Cluster 8 shows an
exceptionally high SLRI
value, indicating a
specialized legal-rights
profile.

Legal capacity can
differ from broader
governance quality.

ESG assessment should
consider legal rights
separately from general
institutional indicators.

Interpretability of
profiles

The ordinary model
distinguishes balanced
institutional profiles,
weak-governance
profiles, high-growth
fragile profiles, and
legal-specialization
profiles.

The sensitivity model
reproduces similar
categories with
stronger statistical
support.

The core Governance
taxonomy remains
substantively stable
across specifications.

The framework can
support country
grouping for
governance reform,
climate adaptation, and
ESG risk assessment.

General conclusion

The ordinary model
supports Model-Based
Clustering as the most
interpretable
full-sample
Governance solution.

The sensitivity
analysis supports
Neighborhood-Based
Clustering as
the strongest
reduced-sample
solution.

Although the preferred
algorithm changes, the
main conclusion
remains stable:
governance capacity
and HI35 do not move
uniformly together.

Effective ESG and
climate-risk policy
must combine
heat-exposure analysis
with institutional
quality, innovation
capacity, rule of law,
accountability, and
legal protection.

Note. The table compares ordinary and sensitivity-analysis Governance taxonomies. Results confirm stable gover-
nance vulnerability profiles, emphasizing institutional quality, innovation capacity, legal protection, accountability,
and the limits of growth-based resilience.

9. Empirical Strategy: PCA and Hierarchical Clustering for Country
Taxonomies

This section explains the empirical methodology used to develop the exposure–vulnerability
taxonomy based on the ESG-HI35 indicators, using dimensionality reduction and clustering
procedures. In other words, the goal is to turn the high-dimensional, noisy, and diverse
dataset about environmental, social, governance, and climatic variables into a structured
cross-country framework capable of identifying structural patterns of vulnerability. To
be more specific, the section discusses how data from the original, unbalanced World
Bank datasets were processed before applying Principal Component Analysis (PCA) and
hierarchical clustering. There are multiple reasons to use such an empirical strategy. Firstly,
processing and aggregation of data help turn raw data into a new, balanced, cross-sectional
dataset at the country level, which serves as the basis for unsupervised learning tasks.
Since there is no need to estimate causal relationships between variables or their time-series
properties, given the focus on a long-term cross-country perspective, annual observations
are aggregated to a country-average level from 1999 to 2023. Secondly, PCA is used to
reduce redundancy and dimensionality of the ESG-HI35 data while preserving the infor-
mation contained in most of the original variables. The use of principal components helps
increase clustering robustness, reduce data noise, and make latent structures of vulnerabil-
ity associated with environmental pressure, social problems, governance issues, and heat
exposure easier to detect. Thirdly, the empirical strategy uses hierarchical clustering and
the Gap Statistic to classify countries based on their exposure and vulnerability to climate
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change. Thus, countries’ exposure–vulnerability regimes are intended to provide insights
for comparative studies of climate risks rather than serve as a normative evaluation.

9.1. Data Aggregation and Preprocessing Framework

As such, a data preprocessing step was required to convert the original panel dataset
into a country-level cross-sectional matrix suitable for multivariate clustering analy-
sis [105,106]. The dataset comprised annual observations for 185 countries, including
HI35 and ESG variables from the World Bank ESG database. Since the objective of this
study is to analyze long-run exposure–vulnerability profiles rather than short-term volatil-
ity, annual observations were aggregated at the country level. For each country and each
indicator, the arithmetic mean was computed, obtaining one long-run value per variable
and country. This procedure reduces the influence of short-term shocks and year-specific
fluctuations [107]. HI35 was treated as an exogenous measure of climatic exposure, while
ESG variables were interpreted as descriptors of vulnerability-related structural conditions
and adaptive capacity. The exclusion of cooling degree days was justified conceptually
and statistically because of the potential redundancy between HI35 and CDD. Unlike the
pillar-specific clustering analyses, the integrated PCA-based taxonomy required a complete
country-by-variable matrix. Therefore, after country-level aggregation, the remaining miss-
ing values were addressed through variable-specific mean imputation in the integrated
PCA and hierarchical-clustering exercise only. This limited imputation step was used to
avoid excessive sample loss and retain the full set of 185 countries, while not affecting the
pillar-specific baseline clustering results reported in the previous sections [108,109]. Finally,
all variables were transformed into z-scores before PCA and hierarchical clustering. See
Figure 13.

 

Figure 13. Percentage of Missing Values across ESG–HI35 Variables before Imputation. Note. The
figure reports the percentage of missing country-level observations before imputation. Missingness is
concentrated in selected ESG indicators, particularly PUSM, EIN, RDE, and POU, motivating the use
of variable-specific mean imputation procedures.
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9.2. Principal Component Extraction and Taxonomy Construction

Based on PCA, the ESG–HI35 taxonomy consists of several dimensions. More specifi-
cally, PC1 has an eigenvalue of 6.772, explaining 29.444% of the total variance. This suggests
that the ESG-HI35 taxonomy is based on several latent factors, as confirmed by the presence
of independent dimensions [110,111].

PC2 explains 15.909% of the variance, thereby increasing the explained variance rate
to 45.353%. PC3 adds another 11.070%, raising the total explained variance to 56.433%.
Overall, the first three principal components account for over 50% of the total variance.
Further, the fourth, fifth, and sixth principal components explain 6.115%, 5.518%, and
4.896% of total variance, respectively. Consequently, when taken together, the first six
principal components provide an explanation of 72.950% of variance, and hence they can
be used as a basis for clustering because of their ability to convey a considerable amount of
information provided by the initial 23 variables [112,113]. The explanatory power of the
remaining principal components is lower and tends to decrease further as they add little to
the explained variance. Still, PCA improves the clustering process by generating a more
noise-free, non-redundant, and robust taxonomy [110,111]. See Table 21.

Table 21. Eigenvalues and Explained Variance of Principal Components.

Dimension Eigenvalue Explained Variance (%) Cumulative Variance (%)

PC1 6.772 29.444 29.444

PC2 3.659 15.909 45.353

PC3 2.546 11.070 56.423

PC4 1.406 6.115 62.537

PC5 1.269 5.518 68.055

PC6 1.126 4.896 72.950

PC7 0.912 3.966 76.917

PC8 0.869 3.777 80.694

PC9 0.825 3.585 84.279

PC10 0.674 2.930 87.209

PC11 0.581 2.525 89.735

PC12 0.475 2.065 91.800

PC13 0.358 1.558 93.358

PC14 0.343 1.491 94.849

PC15 0.336 1.463 96.311

PC16 0.258 1.123 97.434

PC17 0.237 1.030 98.465

PC18 0.170 0.737 99.202

PC19 0.094 0.407 99.609

PC20 0.057 0.248 99.857

PC21 0.031 0.134 99.992

PC22 0.002 0.007 99.999

PC23 0.000 0.001 100.000
Note. The table reports PCA eigenvalues, individual variance, and cumulative variance for 23 components. The
first six components explain 72.950% of total variance and support subsequent hierarchical clustering.
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Figure 14 represents the percentage of variance explained by the first ten principal
components of the standardized ESG–HI35 data set. The first principal component explains
about 29.4% of the variance in the whole model, indicating a significant but incomplete
latent structure. The second and third principal components, on the other hand, explain
15.9% and 11.1% of the variance, respectively. Therefore, the first three principal com-
ponents account for over 50% of the dataset variance. The next components—fourth to
sixth—still contribute significantly, leading to an accumulated variance of 73%. After the
sixth component, further contributions become negligible. Thus, the lack of a clear elbow
signifies the multidimensionality of the ESG–HI35 taxonomy. See Figure 14.

Figure 14. Scree Plot of Principal Components from the ESG–HI35 Dataset. Note. The figure
reports the percentage of variance explained by the first ten principal components extracted from the
standardized ESG–HI35 dataset. Percentages refer to individual explained variance contributions
and are calculated from the eigenvalues of the correlation matrix after variable standardization.

9.3. Hierarchical Clustering and Gap Statistic Analysis of the ESG–HI35 Taxonomy

The graph above depicts the Gap Statistic for hierarchical clustering applied to the
PCA-reduced ESG–HI35 dataset. The Gap Statistic compares the observed intra-cluster
variance with a reference distribution generated under a null model; higher values indicate
stronger clustering structure. The function increases from 1 to 30 clusters, with a substantial
rise between 4 and 15 clusters, suggesting latent heterogeneity across climatic exposure,
environmental pressure, social vulnerability, and governance dimensions. After approxi-
mately 15 clusters, the curve tends to flatten, with its maximum around k = 20. Accordingly,
the k = 20 solution is selected as a high-resolution exploratory taxonomy rather than as the
only possible country partition. Its purpose is to capture fine-grained heterogeneity across
ESG–HI35 profiles. To address the trade-off between parsimony and interpretability, the
k = 20 solution is compared with more parsimonious alternatives, particularly k = 10 and
k = 12, which are used as robustness benchmarks to verify whether the main ESG–HI35
macro-patterns remain stable under less fragmented classifications. See Figure 15.

The dendrogram provides an explanation of the hierarchical clustering pattern devel-
oped from the ESG–HI35 dataset after applying PCA. It illustrates the result of applying the
Gap Statistic analysis to determine the optimal number of clusters, yielding 20 clusters in
the dataset. The level of linkage used indicates the degree of dissimilarity between clusters;
low linkages indicate similar groups, while high linkages indicate dissimilar groups. This
tree shows local and broad macro-clustering, indicating heterogeneity in exposure, pressure,
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governance, and vulnerability factors. Some branches remain independent at relatively
high levels of linkage, suggesting different country profiles. See Figure 16.

 

Figure 15. Gap Statistic for Hierarchical Clustering on the PCA-Reduced ESG–HI35 Dataset. Note.
The figure reports the Gap Statistic values associated with hierarchical clustering solutions estimated
on the first six principal components extracted from the standardized ESG–HI35 dataset. Error bars
represent simulation-based standard errors used to evaluate clustering stability and partition quality
across alternative numbers of clusters.

Figure 16. Hierarchical Clustering Dendrogram for the ESG–HI35 Dataset (k = 20). Note. The figure
reports the hierarchical clustering dendrogram obtained from the first six principal components
extracted from the standardized ESG–HI35 dataset using the Ward.D2 agglomerative method. The
colored branches identify the 20 clusters selected through the Gap Statistic criterion. Different colors
are used solely to distinguish cluster membership and do not indicate a ranking, intensity scale, or
qualitative ordering among clusters. The vertical axis represents linkage distance (height), indicating
the degree of dissimilarity at which clusters are merged during the hierarchical aggregation process.
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9.4. Hierarchical Taxonomy of ESG–Heat Vulnerability Profiles

The table reports the classification of countries according to the clusters obtained
from hierarchical clustering of the PCA-reduced ESG–HI35 dataset. The taxonomy shows
considerable heterogeneity: some clusters include many countries, while others contain
only a few observations or a single country. This structure indicates that the ESG–HI35
framework can identify both broad macro-regional vulnerability regimes and more specific
country profiles. However, small and single-country clusters should be interpreted cau-
tiously. They may reflect distinctive ESG–HI35 configurations, but in some cases they may
also result from the higher granularity of the k = 20 exploratory taxonomy rather than from
fully stable country types. Cluster 5 represents the largest group, with 40 observations,
including advanced and upper-middle-income economies such as Australia, Italy, Spain,
Singapore, and Uruguay. This cluster combines countries with relatively diversified eco-
nomic structures, stronger institutions, and higher adaptive capacity. Cluster 2 includes 27
countries, many of which are emerging economies, such as Argentina, Colombia, Mexico,
Peru, and Thailand, indicating intermediate exposure–vulnerability profiles. Cluster 1
includes densely populated and heat-exposed countries such as Bangladesh, India, Indone-
sia, Pakistan, Nigeria, and the Philippines. This group is particularly relevant because
it combines demographic pressure, development challenges, and high exposure to heat.
Some clusters also group countries with geographic or structural similarities. For instance,
Cluster 3 includes hydrocarbon-intensive economies such as Saudi Arabia, Qatar, Kuwait,
and the United Arab Emirates, reflecting exposure–vulnerability profiles associated with
fossil-fuel dependence, arid climates, and high cooling demand. Cluster 19 mainly includes
small island countries, whose profiles are associated with territorial constraints, geographic
isolation, infrastructure fragility, and exposure to climate-related risks. Overall, the taxon-
omy should be interpreted as a descriptive classification of ESG–HI35 similarity patterns,
while the robustness of small clusters is further assessed through alternative k solutions
and sensitivity checks. See Table 22.

Table 22. Country Classification Based on the Hierarchical ESG–HI35 Taxonomy.

Cluster Countries N

1
Afghanistan, Bangladesh, Cote d’Ivoire, Djibouti, El Salvador, Eritrea, Eswatini, Guatemala,
Guyana, Honduras, India, Indonesia, Maldives, Mauritania, Nepal, Nicaragua, Nigeria,
Pakistan, Paraguay, Philippines, Sao Tome and Principe, Senegal, Seychelles, Sri Lanka, Sudan

25

2

Albania, Argentina, Armenia, Bolivia, Botswana, Burkina Faso, Colombia, Ecuador, Georgia,
Ghana, Kazakhstan, Kyrgyz Republic, Malawi, Malaysia, Mali, Mexico, Moldova, Mongolia,
Namibia, Nauru, Panama, Peru, Russian Federation, Suriname, Thailand, Trinidad and
Tobago, Uzbekistan

27

3 Algeria, Iraq, Kuwait, Libya, Oman, Qatar, Saudi Arabia, United Arab Emirates, Venezuela, RB 9

4 Angola, Congo, Rep., Gabon, Norway, South Sudan 5

5

Australia, Belarus, Bosnia and Herzegovina, Brazil, Bulgaria, Chile, Costa Rica, Croatia,
Cyprus, Czechia, Greece, Hungary, Ireland, Italy, Jamaica, Latvia, Liechtenstein, Lithuania,
Luxembourg, Malta, Mauritius, Micronesia, Fed. Sts., Monaco, Montenegro, Netherlands,
New Zealand, North Macedonia, Palau, Poland, Portugal, Romania, San Marino, Serbia,
Singapore, Slovak Republic, Slovenia, South Africa, Spain, Ukraine, Uruguay

40

6 Austria, Canada, Denmark, Estonia, Finland, France, Germany, Iceland, Israel, Japan, Sweden,
Switzerland, United Kingdom 13

7 Azerbaijan 1

8 Bahrain 1

9 Barbados 1
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Table 22. Cont.

Cluster Countries N

10 Belgium 1

11 Belize 1

12 Benin 1

13 Bhutan, Cameroon, Gambia, The, Guinea, Kenya, Lao PDR, Lesotho, Mozambique, Myanmar,
Niger, Papua New Guinea, Rwanda, Tajikistan, Tanzania, Togo, Viet Nam, Zambia 17

14 Burundi, Chad, Congo, Dem. Rep., Ethiopia, Guinea-Bissau, Liberia, Sierra Leone,
Somalia, Uganda 9

15 Cambodia 1

16 Central African Republic, Haiti, Korea, Dem. People’s Rep., Madagascar, Zimbabwe 5

17 China, United States 2

18 Cuba, Egypt, Arab Rep., Iran, Islamic Rep., Jordan, Lebanon, Morocco, Syrian Arab Republic,
Tunisia, Turkiye, Yemen, Rep. 10

19 Dominica, Fiji, Grenada, Kiribati, Marshall Islands, Samoa, Solomon Islands, St. Kitts and
Nevis, St. Lucia, St. Vincent and the Grenadines, Tonga, Tuvalu, Vanuatu 13

20 Equatorial Guinea, Timor-Leste, Turkmenistan 3
Note. The table reports the 20 country clusters derived from PCA-based hierarchical clustering. Cluster mem-
bership reflects similarities in heat exposure, ESG conditions, institutional capacity, development structure, and
vulnerability profiles across countries.

In this case, the robustness test will determine whether China and the US remain in the
same cluster as the number of clusters changes. In particular, it will be assumed that both
states belong to the same cluster when k = 10, 12, 15, 18, and 20. It will be seen that these
states share similar features in terms of size, technological development, and international
engagement [63,103]. Nevertheless, their likeness disappears at k = 22, indicating that
China and the US share traits only when viewed from a broader perspective. Cluster 17
may serve as an example in this regard [76]. See Table 23.

Table 23. Robustness of China–United States Co-Clustering across Alternative k Values.

k China_Cluster China_Cluster_Members United_States_Cluster United_States_Cluster_Members

10 10 China, United States 10 China, United States

12 11 China, United States 11 China, United States

15 14 China, United States 14 China, United States

18 15 China, United States 15 China, United States

20 17 China, United States 17 China, United States

22 18 China 22 United States

25 19 China 25 United States

30 21 China 30 United States
Note. The table tests whether China and the United States remain jointly classified across alternative cluster
solutions. Co-clustering persists from k = 10 to k = 20, but disappears at higher resolutions.

Figure 17 illustrates the robustness of the hierarchically clustered results for both
China and the United States across different numbers of clusters. If the segments are green,
the two nations belong to the same cluster; if they are red or blue, the two countries are
partitioned into different clusters. Both China and the United States will be in one cluster
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at k ranging from 10 to 20, indicating that the nations share structural similarities in terms
of size, technology, global integration, and geographical disparities [63,103].

 

Figure 17. Robustness of China–United States Cluster Membership across Alternative Hierarchical
Taxonomies. Note. The figure reports the cluster assignment of China and the United States across
alternative values of k. Green segments indicate shared cluster membership, while red and blue
segments identify separate classifications under higher-resolution taxonomies.

To further assess the robustness and parsimony of the hierarchical clustering results,
we conducted an additional sensitivity analysis focused on single-country clusters. The
aim was to verify whether the isolated country profiles observed in the main k = 20
taxonomy remained isolated when the dendrogram was cut at more aggregated levels,
namely k = 10 and k = 12. The results show that the more parsimonious k = 10 and k = 12
solutions produce only one single-country cluster, represented by Belgium. In contrast,
the higher-resolution k = 20 solution produces seven single-country clusters: Azerbaijan,
Bahrain, Barbados, Belgium, Belize, Benin, and Cambodia. This evidence indicates that the
20-cluster taxonomy captures finer country-level heterogeneity, but also increases fragmen-
tation. The persistence of Belgium across all three specifications suggests that it represents
a stable outlier profile within the ESG–HI35 space. Conversely, the additional isolated
countries that appear only in the k = 20 solution seem to reflect the greater granularity
of the selected specification rather than fully stable structural separation. Accordingly,
the k = 20 taxonomy is interpreted as a high-resolution exploratory classification, while
the k = 10 and k = 12 solutions are used as more parsimonious robustness benchmarks.
These results suggest that the main macro-taxonomy remains interpretable under more
parsimonious specifications, while the k = 20 solution should be used mainly to capture
finer within-taxonomy heterogeneity. See Table 24.

Table 24. Single-Country Clusters across Alternative Hierarchical Taxonomies.

Number of Clusters (k) Number of Single-Country Clusters Single-Country Cluster Members

10 1 Belgium

12 1 Belgium

20 7 Azerbaijan, Bahrain, Barbados, Belgium,
Belize, Benin, Cambodia

Note. The table compares single-country clusters across k = 10, 12, and 20 solutions. Belgium remains isolated
across specifications, while additional single-country clusters emerge only in the high-resolution taxonomy.
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9.5. Macroeconomic and Institutional Interpretation of the ESG–HI35 Taxonomy

The cluster size distribution and representative country classification provide a holistic
perspective on how the interplay among exposure to climate risks, ESG variables, institu-
tional strength, and development conditions unfolds at the global level. In particular, the
results show that vulnerability and resilience to climate change impacts are not randomly
distributed across countries but instead coincide with identifiable macroeconomic and
institutional regimes. This implies that the clustering approach has important implications
for economic policy, fiscal management, financial stability, development planning, and
climate governance. See Table 25.

Table 25. Macroeconomic and Policy Interpretation of ESG–HI35 Country Clusters.

Cluster Representative
Countries Economic Profile Institutional/Development

Interpretation Policy Implication

1

Bangladesh, India,
Indonesia, Pakistan,
Philippines, Sri Lanka,
Sudan

Heat-exposed
populous economies

High demographic pressure,
infrastructure stress, and
strong exposure of workers
and households to heat risk

Public-health adaptation,
urban cooling, water security,
food security, and labor
protection

3

Algeria, Iraq, Kuwait,
Libya, Oman, Qatar,
Saudi Arabia, United
Arab Emirates

Hydrocarbon-intensive
arid economies

Fossil-fuel dependence, high
cooling demand, water scarcity,
and resource-based
development

Economic diversification,
cooling efficiency, water
management, and energy
transition

5

Australia, Brazil, Chile,
Italy, Netherlands,
Portugal, Singapore,
Spain, Uruguay

Diversified
advanced and
upper-middle-income
economies

Stronger institutional capacity,
developed infrastructure, and
higher adaptive resources

Urban resilience, green
innovation, energy-efficient
adaptation, and
climate-smart infrastructure

6

Austria, Canada,
Denmark, Finland,
France, Germany, Japan,
Sweden, Switzerland,
United Kingdom

Highly developed
advanced economies

Strong governance, innovation
capacity, advanced public
services, and institutional
resilience

Innovation-led adaptation,
low-carbon transition,
resilient urban systems, and
infrastructure modernization

13

Cameroon, Kenya,
Mozambique, Myanmar,
Tanzania, Viet Nam,
Zambia

Developing
agrarian and
lower-middle-income
economies

Agricultural dependence,
demographic growth,
infrastructure gaps, and
moderate institutional fragility

Agricultural resilience, food
security, water management,
rural adaptation, and
institutional strengthening

14

Burundi, Chad, Congo
Dem. Rep., Ethiopia,
Liberia, Sierra Leone,
Somalia, Uganda

Structurally fragile
low-income economies

Weak institutions, limited
fiscal resources, low adaptive
capacity, and high social
vulnerability

Basic services, public health,
food security, water access,
social protection, and
capacity building

17 China, United States Large systemic
economies

Very large economic scale,
technological capacity, global
integration, and strong internal
heterogeneity. However, their
co-clustering is not stable
across alternative k values

Multi-level climate
governance, regional
adaptation, urban heat
planning, and innovation-led
resilience

19
Fiji, Kiribati, Samoa,
Solomon Islands, Tonga,
Tuvalu, Vanuatu

Small island
vulnerability
economies

Geographic isolation, limited
territorial scale, infrastructure
fragility, and dependence on
external climate finance

Climate finance, disaster
preparedness, resilient
infrastructure, and
adaptation support

From a macroeconomic perspective, the largest clusters reflect broad structural devel-
opment patterns within the ESG–HI35 taxonomy. Cluster 5 includes diversified advanced
and upper-middle-income economies such as Australia, Italy, Singapore, Spain, and the
Netherlands. These countries are characterized by stronger institutions, diversified produc-
tive systems, developed financial markets, and greater adaptive capacity [70,103]. Cluster
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6 groups highly developed economies including Germany, Japan, Sweden, and the United
Kingdom. Compared with Cluster 5, these countries exhibit even stronger governance
quality and innovation systems, where climate policy increasingly overlaps with industrial
competitiveness and technological leadership [70,114]. By contrast, Cluster 1 includes
populous heat-exposed economies such as Bangladesh, India, Indonesia, Pakistan, and the
Philippines. These countries combine demographic pressure, infrastructure deficits, and
strong exposure to heat stress. Extreme heat may therefore reduce labor productivity, agri-
cultural output, and urban economic activity [76]. Cluster 14 contains structurally fragile
low-income economies such as Burundi, Chad, Somalia, and Uganda. Weak institutions,
limited fiscal resources, and low adaptive capacity increase vulnerability to climate shocks
and humanitarian crises [103,115]. Cluster 3 groups hydrocarbon-intensive economies such
as Saudi Arabia, Qatar, and Kuwait, which combine high fiscal resources with significant
transition risks linked to fossil-fuel dependence and water scarcity. Overall, the taxonomy
highlights differentiated macroeconomic vulnerability regimes shaped by climate exposure,
governance capacity, and structural development conditions. See Figure 18.

 

Figure 18. Distribution of Country Membership across the ESG–HI35 Hierarchical Clusters. Note. The
figure reports the number of countries assigned to each of the 20 ESG–HI35 clusters. The distribution
highlights substantial heterogeneity in cluster size, reflecting uneven global patterns of climatic
exposure, governance, and structural vulnerability.

10. Empirical Result Analysis: Degradation, Demographics, and
Governance in Climate Stress

The present study focuses on the combination of exposure to climatic heat events and
vulnerability conditions related to ESG factors. HI35 is used as a measure of heat exposure,
defined as the number of days when the apparent temperature exceeds 35 ◦C [74,116].
HI35 should be considered an independent climatic exposure measure without assuming
any vulnerability characteristics or causal links between HI35 and an outcome variable
produced by the ESG environment. As mentioned above, ESG variables include envi-
ronmental, social, and governance factors contributing to climate vulnerability, resilience,
and adaptive potential. Clustering methods are utilized to analyze the combination of
exposure to HI35 and various ESG-related features. The analysis is purely descriptive, as
this approach aims to establish a taxonomy of exposure–vulnerability profiles rather than
examine causality. When considering the environmental dimension, NRD, EIL, ME, NOE,
and FFEC help define clusters that combine heat exposure with resource pressures, energy
dependence, and emission conditions. According to the findings, HI35 is not associated
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with greater pressure on the natural environment. Therefore, climatic exposure and ecolog-
ical vulnerability can be viewed as distinct yet related concepts [117]. With regard to the
social domain, HI35 will be combined with fertility rates, access to safely managed drinking
water, and undernourishment. Thus, it is possible to find clusters where HI35 co-occurs
with both high and low social resilience, suggesting the relevance of demographic and
service pressures [118,119]. Heterogeneity will also be revealed in the cluster analysis of
the governance domain, including factors such as institutional quality, innovation, legal
rights, and accountability. See Table 26.

Table 26. Descriptive Taxonomy of ESG Conditions and HI35 Exposure–Vulnerability Profiles.

ESG Pillar Key Variables
Role in the
Exposure–Vulnerability
Classification

Synthetic
Interpretation Clustering Evidence

Environment (E) NRD, EIL, ME, NOE,
FFEC

Captures environmental
pressure, energy
dependence, energy
intensity, fossil-fuel
reliance, and
emissions-related
conditions. These variables
are not interpreted as
determinants of HI35.

Environmental
indicators describe
ecological and
structural conditions
that coexist with
different levels of heat
exposure and may
shape countries’
vulnerability and
adaptive capacity.

Clustering identifies
heterogeneous
environmental profiles,
including clusters where
high HI35 coexists with
moderate environmental
pressure and clusters
where lower HI35 coexists
with stronger energy and
emissions pressure.

Social (S) FR, PUSM, POU

Captures demographic
pressure, access to safely
managed drinking water,
and nutritional fragility
under different levels of
heat exposure. These
variables are not
interpreted as causes of
HI35.

Social indicators
describe population
sensitivity and
basic-service conditions
associated with
different
exposure–vulnerability
profiles. HI35 remains
an exogenous climatic
exposure indicator.

Random Forest clustering
shows that FR, PUSM, and
POU differentiate social
exposure–vulnerability
profiles. Some high-HI35
clusters coexist with
stronger water access and
lower undernourishment,
while others coexist with
weaker social conditions.

Governance (G)

PS, RQ, RL, VA,
GDPG, RDE, STJA,
SLRI, gender-parity
indicators

Captures institutional
quality, regulatory capacity,
rule of law, accountability,
innovation capacity, legal
rights, and macroeconomic
context. These variables
are not interpreted as
causes of HI35.

Governance indicators
describe institutional
readiness and adaptive
capacity associated
with comparable or
different levels of heat
exposure.

Clustering reveals
institutional heterogeneity,
distinguishing profiles
where heat exposure
coexists with stronger
governance conditions
from profiles where heat
exposure coexists with
weaker or uneven
institutional capacity.

Note: This table provides a descriptive and associative synthesis of the clustering results. ESG variables are not
interpreted as determinants or causes of HI35. The table reports observed co-occurrences between ESG conditions
and HI35 profiles within the clustering structure. It does not report causal effects, directional impacts, regression
coefficients, confidence intervals, or hypothesis tests. HI35 is treated as an exogenous climatic exposure indicator,
while ESG variables describe environmental, social, and governance conditions associated with vulnerability and
adaptive capacity.

11. Climate Governance and Heat Resilience: Policy Lessons from
ESG-Driven Analysis

These implications guide the development of climate policies based on adaptability
to increasingly extreme weather events. As noted above, HI35, as an indicator of climatic
exposure, is unsuitable both as an index of vulnerability and as an index of ESG-based variables.
These, in turn, capture the environmental, social, and governance-related pressures leading
to exposure, vulnerability, and resilience. It follows that climate adaptation policies should
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not depend on HI35 alone because even similar exposure levels can produce vastly different
needs among countries. Concerning environmental pressures, policies need to focus on
the development of cooling infrastructure, energy-efficient buildings, greening, afforestation,
and technologies for water and ecosystem management [120,121]. For countries with high
energy intensity, fossil fuel consumption, methane emissions, or nitrous oxide emissions,
adaptation must involve policies of energy transition and low-carbon cooling [122]. Social
vulnerabilities of a country can be defined through its PUSM index, followed by FR, POU, and
HI35 indices, based on the results of a random forest classification model. It means that social
vulnerability depends on a country’s ability to provide basic services to the population, manage
its demographic composition and ensure food security. Policy responses in this case include
addressing water security issues and food security concerns, providing nutrition, managing the
population, protecting people from social vulnerabilities, and developing heat-resistant public
services [123,124]. As for governance capacity, the development of policies should be based
on the strength of institutions. Countries with a robust system of the rule of law, regulations,
accountability, and political stability can implement climate policies that would involve creating
a climate risk dashboard and disclosing the information on ESG-based variables. The latter
would also allow financing innovations in heat adaptation efforts [125–127]. With partially
developed institutions, it is also necessary to develop climate and energy transition policies
together with policies that would strengthen accountability and the rule of law [128]. To
conclude, HI35 could be considered as an index for measuring exposure and included into
the set of ESG variables for guiding policies. In this case, countries with high environmental
pressures need to implement ecological adaptation policies. Countries with a high level of
social vulnerability require policies focused on water and nutritional aspects. Countries with
high governance pressure require institutional strengthening. Finally, countries with fragile or
small-island economies require adaptation financing.

12. Conclusions
This research proposes a country-level taxonomy of vulnerability to extreme heat by

combining HI35 with ESG indicators through clustering techniques. HI35 is not treated
as a systemic vulnerability index or as an outcome generated by ESG structures. Instead,
it is used as an exogenous climatic exposure measure, capturing the annual number of
days with apparent temperature above 35 ◦C. ESG variables describe the environmental,
social, and governance conditions that may influence how countries experience, absorb,
and respond to heat exposure.

The country is used as the unit of analysis because the objective is to construct a
comparable cross-national taxonomy. This choice is consistent with the World Bank ESG
database, where HI35 and most ESG indicators are harmonized at the national level. It
also allows comparison of institutional capacity, public-service provision, environmental
pressure, social structure, and adaptive capacity across countries. However, national
averages may conceal important subnational differences, especially in large or territorially
heterogeneous countries. Therefore, the results should be interpreted as macro-comparative
exposure–vulnerability profiles, not as local heat-risk maps.

The main contribution of the study is to place HI35 within a broader exposure–vulnerability
framework. The clustering results show that countries with similar heat exposure may
differ substantially in environmental degradation, access to basic services, institutional
quality, social resilience, and governance capacity. Vulnerability is therefore not identified
with HI35 alone but emerges from the interaction between exogenous climatic exposure
and socio-institutional conditions.

From the environmental perspective, the analysis shows that energy intensity, fossil-
fuel dependence, resource depletion, emissions pressure, and cooling demand are asso-
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ciated with differentiated profiles. These variables do not determine HI35; rather, they
indicate the ecological and infrastructural contexts in which heat exposure occurs. Some
countries combine lower HI35 with higher fossil-fuel or energy intensity, while others
combine higher HI35 with weaker environmental-response conditions.

The revised Social dimension uses HI35 together with fertility rate, access to safely
managed drinking water, and prevalence of undernourishment. Random Forest clustering
provides a balanced and interpretable taxonomy. The results show that social vulnera-
bility is shaped more strongly by water access, demographic pressure, and nutritional
fragility than by HI35 alone. Some high-HI35 clusters have strong water access and low
undernourishment, while some lower-HI35 clusters show greater social fragility.

Governance also differentiates vulnerability profiles. Political stability, rule of law, regula-
tory quality, accountability, innovation capacity, and institutional effectiveness matter because
they shape preparedness and adaptive capacity under heat stress. Strong governance may
support resilience, while partial or weak institutional structures may limit adaptation.

Overall, this study demonstrates that climate vulnerability is multidimensional. HI35
remains a heat-exposure indicator, while ESG variables capture the conditions that influence
resilience and adaptive capacity. Future research should extend this framework using
dynamic data, subnational observations, metropolitan areas, or gridded datasets.

Author Contributions: Conceptualization, A.L., C.D., A.C. and M.A.; Methodology, A.L., C.D., A.C. and
M.A.; Software, A.L., C.D., A.C. and M.A.; Validation, A.L., C.D., A.C. and M.A.; Formal analysis, A.L.,
C.D., A.C. and M.A.; Investigation A.L., C.D., A.C. and M.A.; Resources, A.L., C.D., A.C. and M.A.; Data
curation, A.L., C.D., A.C. and M.A.; Writing—original draft, A.L., C.D., A.C. and M.A.; Writing—review
and& editing, A.L., C.D., A.C. and M.A.; Visualization, A.L., C.D., A.C. and M.A.; Supervision, A.L.,
C.D., A.C. and M.A.; Project administration, A.L., C.D., A.C. and M.A.; Funding acquisition, A.L., C.D.,
A.C. and M.A. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The data used in this study are publicly available from the Sovereign
ESG Data Portal maintained by the World Bank. The portal provides access to a comprehensive set of
Environmental, Social, and Governance (ESG) indicators covering 213 economies and 171 indicators
across 64 years. The data can be accessed freely at https://esgdata.worldbank.org/?lang=en (accessed
10 January 2025). For HI35 we have used the following link: https://data360.worldbank.org/en/
indicator/WB_ESG_EN_CLC_HEAT_XD (accessed 10 December 2024).

Conflicts of Interest: The authors declare that there is no conflict of interest.

Appendix A. Descriptive Statistics and Distributional Analysis of HI35
and Environmental Sustainability Indicators

Table A1. Descriptive Statistics of HI35 and Environmental Sustainability Indicators.

HI35 NRD NFD EIN EIL FFEC ME N2O

Valid 4070 3839 3878 2235 3798 2313 4033 3939

Missing 555 786 747 2390 827 2312 592 686

Mode 0 0 0 5.15 2.71 0 4.1 0

Median 0 1.012 0.011 18.971 4.42 70.238 1.026 0.348

Mean 57.346 4.485 2.74 −30.196 86.454 60.115 3.143 5.744

Std. Error of Mean 7.693 0.125 0.125 3.7 12.994 0.689 0.162 0.909

95% CI Mean Upper 72.429 4.73 2.985 −22.94 111.93 61.466 3.461 7.525

95% CI Mean Lower 42.264 4.241 2.494 −37.452 60.978 58.763 2.825 3.963
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Table A1. Cont.

HI35 NRD NFD EIN EIL FFEC ME N2O

Std. Deviation 490.788 7.728 7.793 174.925 800.786 33.145 10.304 57.021

95% CI Std. Dev.
Upper 501.689 7.905 7.97 180.21 819.213 34.129 10.534 58.309

95% CI Std. Dev.
Lower 480.354 7.559 7.623 169.944 783.175 32.217 10.084 55.789

MAD 0 1.002 0.011 36.006 1.41 22.181 0.429 0.163

IQR 2.507 5.781 0.953 78.966 3.33 57.434 1.142 0.36

95% CI Variance
Upper 251,692.196 62.495 63.52 32,475.721 671,109.844 1164.798 110.965 3399.893

95% CI Variance
Lower 230,739.763 57.145 58.109 28,880.872 613,362.645 1037.933 101.687 3112.398

Skewness 9.757 3.452 4.399 −4.081 11.966 −0.57 8.727 12.963

Std. Error of
Skewness 0.038 0.04 0.039 0.052 0.04 0.051 0.039 0.039

Kurtosis 95.43 19.486 21.843 25.242 151.511 −1.07 87.182 181.671

Std. Error of
Kurtosis 0.077 0.079 0.079 0.104 0.079 0.102 0.077 0.078

Shapiro-Wilk 0.089 0.616 0.397 0.59 0.078 0.891 0.233 0.07

p-value of
Shapiro-Wilk <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Range 6306.54 102.891 57.842 2042.003 11,572.233 113.732 140.051 1054

Minimum 0 0 0 −1942.003 1.03 −13.732 0.049 0

Maximum 6306.54 102.891 57.842 100 11,573.263 100 140.1 1054

25th percentile 0 0.106 0 −26.987 3.27 30.973 0.672 0.211

50th percentile 0 1.012 0.011 18.971 4.42 70.238 1.026 0.348

75th percentile 2.507 5.887 0.953 51.979 6.6 88.407 1.813 0.571

Sum 233,398.85 17,219.254 10,624.36 −67,487.53 328,351.868 139,045.338 12,676.686 22,625.262

 

Figure A1. Distribution Plots of HI35 and Environmental Sustainability Indicators.
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Figure A2. Boxplots and Violin Plots of Key Environmental and Energy Variables Related to Heat
Exposure and Sustainability.

Figure A3. Q-Q Plots for Distributional Assessment of Environmental and Climate Variables.

Figure A4. HI35 and ESG Dimension Interactions: Scatter and Density Plots.
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Appendix B. Descriptive and Statistical Diagnostics of HI35 and Social
Sustainability Indicators

Table A2. Descriptive Statistics of HI35 and Social Sustainability Indicators: Fertility, Water Access,
and Undernourishment.

HI35 FR PUSM POU

Valid 4070 4022 2785 3268

Missing 555 603 1840 1357

Mode 0.000 1.460 100.000 2.500

Median 0.000 2.603 72.927 6.400

Mean 57.346 6.610 64.482 11.884

Std. Error of Mean 7.693 0.285 0.605 0.212

95% CI Mean Upper 72.429 7.169 65.668 12.300

95% CI Mean Lower 42.264 6.051 63.297 11.467

Std. Deviation 490.788 18.082 31.911 12.140

95% CI Std. Dev. Upper 501.689 18.486 32.772 12.442

95% CI Std. Dev. Lower 480.354 17.695 31.095 11.853

Coefficient of variation 8.558 2.735 0.495 1.022

MAD 0.000 1.038 25.031 3.900

MAD robust 0.000 1.539 37.111 5.782

IQR 2.507 2.631 55.808 14.800

Variance 240,873.070 326.963 1018.331 147.389

95% CI Variance Upper 251,692.196 341.739 1074.018 154.806

95% CI Variance Lower 230,739.763 313.129 966.884 140.495

Skewness 9.757 5.056 −0.483 1.721

Std. Error of Skewness 0.038 0.039 0.046 0.043

Kurtosis 95.430 24.843 −1.173 3.359

Std. Error of Kurtosis 0.077 0.077 0.093 0.086

Shapiro-Wilk 0.089 0.262 0.886 0.779

p-value of Shapiro-Wilk <0.001 <0.001 <0.001 <0.001

Range 6306.540 136.840 98.881 86.900

Minimum 0.000 0.850 1.119 2.500

Maximum 6306.540 137.690 100.000 89.400

25th percentile 0.000 1.750 39.378 2.500

50th percentile 0.000 2.603 72.927 6.400

75th percentile 2.507 4.381 95.185 17.300

Sum 233,398.850 26,586.556 179,583.090 38,835.400
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Figure A5. Distribution Plots of HI35 and Social ESG Indicators (FR, PUSM, and POU).

Figure A6. Scatterplot Matrix of HI35 and Social ESG Indicators (FR, PUSM, and POU).

Figure A7. Q–Q Plots of HI35 and Social ESG Indicators (FR, PUSM, and POU).
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Appendix C. Descriptive Analysis of Governance Structures and Climate
Stress Exposure Across Nations

Table A3. Descriptive Statistics of HI35 and Leading Governance Indicators: Economic Growth,
Political Stability, Gender Equality, Legal Strength, and Innovation Capacity.

HI35 GDPG PS RFTM RQ RDE RL SEPS STJA SLRI VA

Valid 4070 4147 4035 4277 3948 2045 4061 2814 4077 1246 3862

Missing 555 478 590 348 677 2580 564 1811 548 3379 763

Mode 0.000 4.500 1.170 61.619 0.000 0.199 0.834 0.992 0.000 6.000 1.123

Median 0.000 3.685 0.034 74.802 −0.196 0.559 −0.199 0.999 183.890 5.000 −0.021

Mean 57.346 3.458 0.171 67.416 0.306 0.877 4.024 117.542 9.551 5.484 −0.056

Std. Error of
Mean 7.693 0.087 0.031 0.360 0.075 0.022 0.325 23.631 643.463 0.116 0.016

95% CI Mean
Upper 72.429 3.629 0.232 68.123 0.453 0.920 4.661 163.877 10.813 5.711 −0.024

95% CI Mean
Lower 42.264 3.288 0.110 66.710 0.160 0.835 3.387 71.207 8.290 5.256 −0.088

Std.
Deviation 490.788 5.605 1.979 23.570 4.693 0.980 20.697 1253.543 41.086 4.097 1.007

95% CI Std.
Dev. Upper 501.689 5.728 2.023 24.080 4.798 1.011 21.158 1287.182 41.997 4.264 1.030

95% CI Std.
Dev. Lower 480.354 5.487 1.937 23.081 4.591 0.950 20.257 1221.629 40.213 3.942 0.985

Coefficient
of variation 8.558 1.621 11.552 0.350 15.316 1.116 5.143 10.665 4.301 0.747 −17.976

MAD 0.000 2.271 0.776 12.029 0.686 0.429 0.747 0.026 182.810 3.000 0.864

MAD robust 0.000 3.367 1.150 17.834 1.016 0.636 1.108 0.038 271.034 4.448 1.281

IQR 2.507 4.532 1.549 27.586 1.434 1.083 1.596 0.053 2.689 5.000 1.724

Variance 240.873 31.417 3.917 555.542 22.021 0.960 428.385 1.571 × 106 1.688 × 109 16.784 1.015

Skewness 9.757 1.048 5.094 −1.146 13.203 1.196 4.870 11.673 8.744 2.002 −0.170

Std. Error of
Skewness 0.038 0.038 0.039 0.037 0.039 0.054 0.038 0.046 0.038 0.069 0.039

Kurtosis 95.430 32.101 39.102 0.833 197.531 1.566 22.178 137.677 90.658 8.143 −0.982

Std. Error of
Kurtosis 0.077 0.076 0.077 0.075 0.078 0.108 0.077 0.092 0.077 0.139 0.079

Shapiro–
Wilk 0.089 0.797 0.606 0.899 0.196 0.891 0.231 0.066 0.226 0.844 0.969

p-value of
Shapiro–
Wilk Test

<0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Range 6.306 137.165 22.521 108.050 97.295 6.947 147.323 17.015 669.746 31.768 4.114

Minimum 0.000 −50.339 −3.313 −0.860 −2.548 −1.242 −2.591 0.000 −2.533 0.000 −2.313

Maximum 6.306 86.827 19.208 107.190 94.748 5.706 144.733 17.015 669.744 31.768 1.801

25th
percentile 0.000 1.386 −0.711 56.369 −0.797 0.219 −0.819 0.970 15.240 2.000 −0.878

50th
percentile 0.000 3.685 0.034 74.802 −0.196 0.559 −0.199 0.999 183.890 5.000 −0.021

75th
percentile 2.507 5.918 0.838 83.954 0.637 1.301 0.777 1.023 2705.070 7.000 0.846
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Figure A8. Distribution Plots of HI35 and Governance Indicators: Institutional Quality and Climate
Stress Across Countries.

Figure A9. Correlation Scatterplot Matrix of HI35 and Governance Indicators.
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Figure A10. Boxplot Distribution of Climate Stress and Governance Indicators.

Figure A11. Q-Q Plots Assessing Normality of Climate Stress and Governance Indicators.

Figure A12. Governance and Climate Stress—Scatter Matrix of Institutional Interactions.

https://doi.org/10.3390/cli14070138

https://doi.org/10.3390/cli14070138


Climate 2026, 14, 138 62 of 71

Table A4. Covariance Matrix of Climate Stress (HI35) and Governance Indicators: Institutional
Quality, Scientific Capacity, and Legal Structures.

HI35 GDPG PS RFTM RQ RDE RL SEPS STJA SLRI VA

HI35 240.873 −69.363 688.645 −3.459 345.211 −45.517 5.337 597.278 −512.012 364.583 −3.969

GDPG −69.363 31.417 −0.512 1.567 −0.454 −0.674 −2.040 −248.272 −5.333 0.569 −0.687

PS 688.645 −0.512 3.917 −12.402 2.696 0.160 27.057 2.117 −274.135 2.681 0.698

RFTM −3.459 1.567 −12.402 555.542 −24.457 10.373 −272.344 −7.487 87.483 −9.415 5.012

RQ 345.211 −0.454 2.696 −24.457 22.021 −0.411 46.189 648.264 4.709 0.881 0.808

RDE −45.517 −0.674 0.160 10.373 −0.411 0.960 −7.242 65.756 21.614 −0.660 0.510

RL 5.337 −2.040 27.057 −272.344 46.189 −7.242 428.385 12.283 −34.513 40.078 0.840

SEPS 597.278 −248.272 2.117 −7.487 648.264 65.756 12.283 1.571 × 106 −1.274 × 106 1.824 0.033

STJA −512.012 −5.333 −274.135 87.483 4.709 21.614 −34.513 −1.274 × 106 1.688 × 109 9.109 5.227

SLRI 364.583 0.569 2.681 −9.415 0.881 −0.660 40.078 1.824 9.109.037 16.784 0.980

VA −3.969 −0.687 0.698 5.012 0.808 0.510 0.840 0.033 5.227.804 0.980 1.015

Table A5. Correlation Matrix between Climate Stress (HI35) and Governance Indicators.

HI35 GDPG PS RFTM RQ RDE RL SEPS STJA SLRI VA

HI35 1.000 −0.044 0.652 −0.301 0.151 −0.070 0.500 0.796 −0.025 0.235 −0.253

GDPG −0.044 1.000 −0.067 0.014 −0.082 −0.174 −0.064 −0.067 −0.023 0.048 −0.124

PS 0.652 −0.067 1.000 −0.266 0.322 0.065 0.688 0.694 −0.003 0.371 0.689

RFTM −0.301 0.014 −0.266 1.000 −0.231 0.429 −0.555 −0.246 0.086 −0.097 0.251

RQ 0.151 −0.082 0.322 −0.231 1.000 −0.066 0.549 0.101 0.022 0.297 0.805

RDE −0.070 −0.174 0.065 0.429 −0.066 1.000 −0.258 0.041 0.388 −0.139 0.555

RL 0.500 −0.064 0.688 −0.555 0.549 −0.258 1.000 0.377 −0.038 0.493 0.834

SEPS 0.796 −0.067 0.694 −0.246 0.101 0.041 0.377 1.000 −0.024 0.353 0.390

STJA −0.025 −0.023 −0.003 0.086 0.022 0.388 −0.038 −0.024 1.000 0.046 0.119

SLRI 0.235 0.048 0.371 −0.097 0.297 −0.139 0.493 0.353 0.046 1.000 0.331

VA −0.253 −0.124 0.689 0.251 0.805 0.555 0.834 0.390 0.119 0.331 1.000

Appendix D. Long-Term Trends in National Heat Exposure (HI35),
2000–2022

Appendix D provides descriptive temporal evidence on the evolution of national HI35
values between 2000 and 2022. These time series are reported to contextualize the long-run
HI35 averages used in the main clustering analysis. They are not used as direct inputs in
the clustering algorithms, which rely on temporally averaged country-level indicators, nor
are they used for temporal inference, trend estimation, or causal analysis. Their purpose is
to show the historical variability and persistence of heat exposure across countries and to
support the interpretation of HI35 as a long-run climatic exposure indicator.

Table A6. Country-Level Heat Exposure (HI35) Across 78 Countries, 2000–2022.

Countries 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Afghanistan 0.41 1.27 1.12 2.52 0.65 1.96 3.87 1.43 4.19 1.99 1.77 1.61

United Arab
Emirates 83.69 86.74 95.64 96.85 81.72 101.45 107.61 112.91 92.32 103.76 114.52 110.83

Argentina 0.61 2.19 1.85 1.55 0.51 1.05 1.66 1.21 0.74 2.71 2.98 0.65
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Table A6. Cont.

Countries 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Australia 2.27 4.92 4.68 4.37 6.46 5.73 6.03 5.01 5.62 4.33 4.77 4.95

Azerbaijan 0.32 0.02 0.11 0.01 0 0.14 1.13 0.3 0.22 0 1.03 1.13

Benin 12.56 9.78 13.61 10.24 14.21 19.23 11.56 16.12 5.47 15.47 35.61 14.88

Burkina Faso 25.67 24.07 29.38 26.19 27.53 31.18 21.54 32.6 16.08 33.99 53.16 33.45

Bangladesh 45.64 50.58 45.47 62.47 56.82 71.71 66.63 68.43 58.2 84.19 102.99 64.67

Bahrain 120.96 119.06 144.76 132.35 122.43 126.94 140.15 142.5 116.94 126.39 139.49 130.7

Belize 0.15 0.26 1.57 8.07 4 15.13 4.08 3.15 5.23 11.06 21.78 8.29

Bolivia 0.22 0.35 1.52 0.75 1.04 1.2 0.99 0.64 1.33 2.59 3.71 0.67

Brazil 0.17 0.34 0.71 0.36 0.41 0.63 0.57 0.32 0.14 0.74 1 0.18

Brunei
Darussalam 0.12 0.37 0.39 0.51 0.05 0.65 0.17 0.63 0 1.04 1.07 0.13

Bhutan 0.01 0.04 0 0.08 0 0.05 0.15 0.09 0.02 0.12 0.01 0.04

Central African
Republic 0.05 0.66 0.43 0.27 0.68 0.63 0.2 0.47 0 0.22 1.99 0.45

China 2.56 2.75 2.52 4.04 2.41 2.63 3.41 2.77 1.86 2.78 3.9 2.3

Cote d’Ivoire 0.03 0.04 0.26 0.08 0.23 1.88 0.08 0.35 0.08 0.23 4.71 0.54

Cameroon 0.8 1.88 2.28 1.64 2.08 2.67 1.7 2.18 0.88 2.23 4.93 3.08

Colombia 0.14 0.43 2.03 1.42 1.48 2.44 1.44 1.41 0.55 3.17 5.77 1.53

Djibouti 23.24 27.24 32.14 29.18 30.18 42.76 28.87 31.06 24.45 32.58 41.88 21.56

Algeria 4.62 11.2 17.92 11.88 8.11 14.76 13.77 11.48 12.42 12.62 20.14 13.05

Egypt 1.19 1 2.71 0.79 0.37 1.25 0.95 0.72 0.55 0.32 5.47 1.08

Eritrea 28.83 32.93 27.51 32.25 29.42 32.55 28.72 28.29 25.3 28.23 35.05 25

Ethiopia 2.65 3.12 2.88 2.96 3.05 3.44 2.72 2.85 2.31 2.91 3.82 2.45

Ghana 11.25 11.09 16.04 10.82 12.31 23.15 12.19 16.18 8.09 20.75 36.07 16.17

Guinea 0.44 0.5 1.06 1.24 1.6 1.86 1.37 1.57 0.76 1.35 4.76 1.87

Gambia 6.55 11.98 20.7 17.81 15.78 46.82 36.29 15.71 14.45 26.07 34.09 32.47

Guinea-Bissau 2.14 2.8 3.62 7.97 2.49 24.52 9.16 8.02 6.92 7.63 27.07 10.06

Guatemala 0.16 0.29 0.32 3.52 0.45 5 1.06 1.2 1.74 2.24 9.06 4.59

Indonesia 0.14 0.08 0.24 0.26 0.42 0.2 0.1 0.18 0.02 0.28 1.43 0.21

India 34.74 34.3 44.58 39.59 38.22 40.51 40.2 42.43 28.7 45.88 53.66 39.17

Iran 9.41 11.5 11.31 13.05 9.7 12.76 13.5 13.01 13.76 13.23 13.74 14.2

Iraq 35.25 30.51 25.55 25.34 23.77 25.85 37.31 33.37 33.67 22.45 46.18 31.65

Israel 0.55 0.23 0.75 0.01 0.01 0.04 0.04 0.33 0.23 0 3.48 0.08

Jordan 0.56 0.13 0.15 0.01 0 0.03 0.04 0.21 0.12 0 1.07 0.22

Japan 0.12 0.63 0.27 0.17 0.25 0.12 0.36 0.5 0.5 0.25 1.06 0.24

Kazakhstan 0.03 0.01 0.13 0.02 0 0.16 0.01 0.03 0.1 0 0.04 0.11

Kenya 0.02 0.03 0.64 0.33 0.18 0.77 0.11 0.32 0.08 0.21 1.17 0.23

Cambodia 9.35 26.74 33.71 38.56 36.24 33.21 19.21 28.26 14.28 21.6 65.09 17.83

Kuwait 61.8 52.34 52.03 54.62 52.51 55.09 79.95 62.7 66.43 52.8 80.64 57.14

Lao PDR 0.34 2.74 0.77 3.25 1.31 1.77 1.44 2.63 0.84 1.24 7.46 0.99

Libya 0.02 0.13 0.97 0.1 0.06 0.21 0.18 0.07 0.16 0.18 1.33 0.32

Sri Lanka 4.19 6.53 5.9 10.52 6.84 15.28 9.01 11.71 5.47 13.96 21.54 7.18

Morocco 0.52 1.2 0.4 1.39 0.81 0.98 1.05 1.18 1.21 1.33 2.62 1.46

Madagascar 0.03 0.03 0.05 0.07 0.25 0.22 0.32 0.04 0.02 0.15 0.21 0.15

Mexico 3.57 4.38 3.12 5.31 3.93 6.59 5.73 4.64 4.93 8.29 8.45 8.73

Mali 13.42 18.71 35.84 29.82 21.1 33.13 24.1 28.51 20.64 35.49 58.95 41.94
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Table A6. Cont.

Countries 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Myanmar 4.99 6.51 5.47 11.01 8.61 16.45 8.94 11.05 6.84 15.16 22.62 8.28

Mozambique 0.1 0.19 0.07 1.15 0.3 1.14 1.76 0.87 0.52 1.4 1.36 0.25

Mauritania 15.01 25.07 24.6 27.9 17.77 31.44 29.94 21.5 26.36 35.59 48.03 34.55

Malawi 0.02 0.05 0.02 0.1 0 0.08 0.08 0.03 0.08 0.13 0.25 0.03

Malaysia 0.14 0.09 0.38 0.37 0.78 0.58 0.19 0.16 0.01 0.46 1.68 0.42

Niger 4.82 6.89 10.39 7.36 8.53 7.79 6.21 7.53 4.75 10.33 20.86 12.57

Nigeria 6.33 7.44 9.85 7.96 10.9 14.86 11.33 10.69 3.75 11.06 27.04 13.02

Nepal 4.16 6.06 5.55 6.16 5.99 8.18 7.7 7.01 4.31 8.32 7.67 5.16

Oman 38.26 42.36 46.83 54.99 38.51 49.46 50.12 62.14 43.76 58.15 65.3 58.94

Pakistan 55.23 54.93 53.93 53.51 53.22 50.29 58.79 61.13 56.81 59.35 57.55 59.7

Philippines 0.84 1.79 2.88 2.84 2.32 4.51 2.91 5.02 0.93 2.46 9.78 2.02

Paraguay 5.49 8.1 19.4 8.67 4.5 5.4 12.85 7.52 4.47 18.29 19.22 2.17

West Bank and
Gaza 0.89 0.42 1.39 0 0.02 0.07 0.3 0.7 0.4 0 4.82 0.33

Qatar 93.67 97.44 116.13 112.84 94.59 98.96 121.15 131.67 108.87 118.38 127.5 119.78

Saudi Arabia 20.04 22.29 17.28 22.45 16.43 23.69 27.61 26.71 24.59 22.87 42.59 29.37

Sudan 4.8 6.1 6.52 7.2 3.79 8.04 5.2 5.44 4.31 6.8 11.9 4.95

Senegal 18.4 26.33 34.94 35.17 30.18 53.39 52.19 30.61 29.58 43.09 51.92 52.87

Sierra Leone 0.04 0.02 0.03 0.01 0.15 0.12 0.03 0.17 0.01 0 0.4 0.02

Somalia 1.52 2 2.36 2.65 2.06 2.86 2.62 2.84 1.75 2.29 4.38 2.14

South Sudan 0.35 2.31 3.22 2.23 1.25 2.9 1.32 2.05 0.05 2.64 6.19 0.73

Syrian Arab
Republic 3.86 3.45 1.63 1.77 0.74 1.45 0.71 2.44 0.97 0.12 4.73 1.47

Chad 2.04 5.2 5.46 6.57 7.45 8.33 6.22 6.48 2.17 5.23 17.44 9.5

Togo 8.33 7.26 9.58 6.1 8.51 14.95 9.02 10.6 4.33 12.13 28.07 12.28

Thailand 8.7 18.21 18.2 26.68 19.96 30.31 21.09 23.86 10.95 17.51 45.66 11.2

Turkmenistan 1.66 1.11 5.92 2.41 1.13 4.05 2.24 0.92 3.61 1.44 4.42 6.44

Tunisia 0.67 3.88 3.96 8.67 2.35 5.9 3.95 1.91 4.25 3.95 4.26 3.16

United States 0.47 0.6 0.3 0.49 0.31 0.66 0.64 0.62 0.35 0.94 2.24 2.43

Uzbekistan 0.38 0.08 2.14 0.62 0 2.08 0.08 0.27 1.42 0.01 0.77 2.2

Venezuela, RB 0.09 0.28 0.39 0.68 1.68 3.28 1.46 1.26 0.7 2.79 6.9 1.44

Viet Nam 8.28 12.28 13.78 16.69 11.86 12.9 9.8 13.78 7.54 13.36 25.55 9.81

Yemen 14.56 16.67 12.42 14.33 14.41 23.43 17.52 19.1 17.87 16.88 25.83 23.11

Countries 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 % Var
2000–2022

Afghanistan 0.87 3.36 1.11 2.09 1.71 1.97 2.38 2.56 1.46 3.84 3.76 817.1

United Arab
Emirates 105.72 87.6 102.6 113.29 105.53 114.55 109.98 123.08 108.75 129.78 105.13 25.6

Argentina 2.62 2.06 2.44 1.51 2.89 2.03 1.47 2.92 1.93 0.47 3.23 429.5

Australia 3.08 7.76 6.53 6.07 7.45 7 8.53 12.85 8.6 5.32 6.12 169.6

Azerbaijan 0.04 0 0.39 0.28 0.18 0.15 0.94 0.05 0.05 0.79 0.02 −93.8

Benin 12.81 21.12 13.5 14.27 38.21 16.68 18.38 30.65 28.73 24.01 16.25 29.4

Burkina Faso 24.26 38.06 34.59 35.86 48.19 35.2 37.71 47.23 47.55 41.28 32.8 27.8

Bangladesh 91.74 76.63 91.94 81.21 102.7 99.08 87.94 108.78 103.79 101.66 106.76 133.9

Bahrain 137.54 108.77 149.22 146.33 126.44 145.19 145.21 157 139.89 149.92 131.35 8.6

Belize 3.2 4.92 5.18 12 22.02 20.88 2.29 29.19 26.65 13.54 6.36 4140.0
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Table A6. Cont.

Countries 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Bolivia 1.74 1.33 1.32 5.49 4.36 1.53 1.25 2.73 4.52 2.9 1.9 763.6

Brazil 0.4 0.25 0.32 1.44 1.18 0.54 0.77 0.76 0.36 0.32 0.16 −5.9

Brunei
Darussalam 0.26 2.07 3.09 3.52 6.77 2.61 5.31 9.49 8.52 4.87 2.13 1675.0

Bhutan 0.15 0.07 0.05 0.07 0.22 0.26 0.3 0.55 0.29 0.13 0.61 6000.0

Central African
Republic 0.02 0.08 0.01 0.09 1.81 0.42 0.25 2.17 0.89 0.24 0.18 260.0

China 2.65 4.4 2.57 2.42 4.71 4.63 4.69 4.13 4.02 3.97 6.24 143.8

Cote d’Ivoire 0.31 0.72 0.42 0.26 6.38 1.01 0.1 0.81 4.29 0.46 0.66 2100.0

Cameroon 2.21 2.46 2.56 2.69 4.73 3.29 3.71 4.28 4.97 2.82 2.92 265.0

Colombia 2.89 4.11 6.32 10.45 9.69 4.59 3.52 7.68 5.32 1.43 1.3 828.6

Djibouti 23.44 25.77 28.53 49.78 55.74 70.09 35.21 49.15 37.64 38.61 28.61 23.1

Algeria 14.37 13 19.89 14.83 16.94 18.13 20.85 20.73 17.88 23.59 15.4 233.3

Egypt 1.86 1.11 1.52 6.56 1.26 2.54 3.66 3.99 2.89 2.12 1.83 53.8

Eritrea 29.37 31.27 29.67 33.5 38.06 39.83 33.43 36.23 28.57 31.31 28.11 −2.5

Ethiopia 2.86 3.08 3.05 4 5.07 5.15 3.55 4.37 3.37 3.29 3.01 13.6

Ghana 11.27 20.06 16.74 20.34 37.16 27.76 23.5 34.57 37.24 31.36 21.13 87.8

Guinea 1.56 0.98 0.94 2.18 3.43 3.28 1.11 2.43 4.73 1.95 1.5 240.9

Gambia 28.85 26.26 31.89 23.95 29.53 50.88 20.27 24.67 39.31 42.95 26.29 301.4

Guinea-Bissau 9.64 10.39 8.18 11.83 8.8 24.39 6.12 12.41 22.15 14.27 10.79 404.2

Guatemala 1.31 3.21 2.23 4.54 10.18 5.74 1.75 10.08 9.51 4.94 3.77 2256.3

Indonesia 0.21 0.73 0.57 0.7 2.38 0.88 0.81 1.31 2.27 0.78 0.93 564.3

India 42.48 41.74 46.16 51.12 60.12 57.96 52.24 60.91 57.43 47.54 57.18 64.6

Iran 10.38 12.7 12.68 13.45 13.47 13.69 15.29 16.87 16.02 17.12 16.1 71.1

Iraq 35.23 20.17 34.62 44.55 47.13 50.62 32.42 39.78 39.52 44.64 39.35 11.6

Israel 0.85 0.01 0.06 3.17 0.08 0.37 0.02 0.03 2.72 0.23 0.64 16.4

Jordan 0.32 0.01 0.05 1.02 0.1 0.38 0.02 0.03 2.12 0.11 0.7 25.0

Japan 0.28 2.07 0.53 0.66 1.1 2.1 2.6 1.88 2.52 0.54 2.55 2025.0

Kazakhstan 0.01 0.01 0.01 0.2 0.01 0.12 0.17 0.14 0.01 0.23 0.11 266.7

Kenya 0.03 1.44 0.71 1.32 7.3 0.74 0.03 4.1 5.23 0.55 1.09 5350.0

Cambodia 31.03 50.28 49.17 57.62 69.7 47.71 25.53 63.76 64.83 45.38 33.16 254.7

Kuwait 63.81 47.75 76.33 87.15 82.21 91.91 91.17 90.44 80.33 89.63 90.54 46.5

Lao PDR 2.26 3.63 5.46 7.67 8.12 4.57 2.1 10.15 10.75 8.56 3.8 1017.6

Libya 0.04 0.07 0.27 0.3 0.14 0.04 1.04 0.44 0.17 0.56 0.16 700.0

Sri Lanka 8.9 13.01 13.67 13.74 26.46 22.13 4.1 25.13 19.04 6.46 9.34 122.9

Morocco 2.67 0.76 0.83 0.82 1.64 1.31 1.19 0.85 2.33 1.57 1.8 246.2

Madagascar 0.01 0.13 0.07 0.07 0.74 0.2 0.15 0.49 0.39 0.77 0.11 266.7

Mexico 5.25 5.09 6.25 7.76 9.07 7.18 6.26 11.41 10.3 6.41 5.47 53.2

Mali 24.82 25.72 36.64 38.14 50.77 50.88 40.63 48.48 43.4 46.48 28.91 115.4

Myanmar 15.89 13.92 21.61 17.39 19.32 16.62 11.78 27.17 25.61 25.02 20.94 319.6

Mozambique 0.41 0.35 0.33 0.92 4.17 0.28 1.2 3.08 2.91 2.71 0.2 100.0

Mauritania 27.39 30.14 31.74 37.03 40.87 41.6 28.09 32.96 48.06 36.29 29.24 94.8

Malawi 0 0.03 0.05 0.19 0.72 0.02 0.23 0.34 0.49 0.37 0.01 −50.0

Malaysia 0.24 1.46 1.73 1.58 6.09 1.58 1.86 3.52 4.39 1.38 1.17 735.7

Niger 7.31 9.05 13.99 16.3 20.19 15.87 15.4 21.05 16.87 11.11 9.45 96.1

Nigeria 9.45 16.1 12.44 12.33 25.49 13.79 13.47 19.07 20.42 11.69 12.24 93.4
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Table A6. Cont.

Countries 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Nepal 8.68 7.55 9.07 9.73 9.21 11.2 10.55 12.19 8.4 8.42 12.99 212.3

Oman 57.43 46.29 51.87 66.79 56.44 68.56 61.1 70.03 73.83 60.43 53.3 39.3

Pakistan 54.03 61.39 56.7 53.61 68.89 64.2 60.84 64.93 66.89 66.44 59.12 7.0

Philippines 2.5 5.25 7.57 5.33 11.39 6.53 5.29 9.8 12.39 7.95 3.62 331.0

Paraguay 11.14 11.38 7.61 16.15 19.11 14.98 10.68 22.93 16.49 6.13 15.46 181.6

West Bank and
Gaza 1.61 0 0.12 4.69 0.31 0.85 0.02 0.05 4.08 0.41 1.39 56.2

Qatar 114.34 83.54 115.71 130.02 109.07 128.6 135.49 141.22 129.78 128.76 118.79 26.8

Saudi Arabia 30.4 19.27 21.3 31.85 34.79 43.57 33.8 35.22 35.74 39.35 36.52 82.2

Sudan 6.32 4.75 4.66 8.01 7.8 8.65 7.27 10.27 4.22 6.08 4.65 −3.1

Senegal 42.58 45.24 54.22 48.24 51.74 56.56 32.76 50.04 62.99 58.58 45.87 149.3

Sierra Leone 0 0 0.01 0.02 0.6 1.11 0 0.19 3.81 0.24 0.32 700.0

Somalia 1.92 3.03 2.86 3.7 7.07 3.35 1.89 5.79 6.7 2.34 3.11 104.6

South Sudan 0.21 0.64 0.06 0.28 10.62 1.55 1.36 5.94 1.94 0.23 0.65 85.7

Syrian Arab
Republic 3.29 0.11 2.44 3.25 5.3 4.17 0.57 2.52 3.12 2.47 1.09 −71.8

Chad 6.68 5.4 9.64 11.78 15.98 13.75 13.34 14.49 9.77 6.23 8.73 327.9

Togo 7.27 15.19 10.99 11.48 26.82 15.21 16.39 26.05 22.54 20.2 11.06 32.8

Thailand 17.99 24.63 32 39.22 47.9 28.59 17.79 45.79 48.59 37.83 24.51 181.7

Turkmenistan 1.83 2.05 3.78 8.73 2.66 4.81 11.37 8.59 2.59 9.22 6.04 263.9

Tunisia 6.72 1.18 3.45 3.36 2.37 3.76 4.82 5.55 2.9 13.5 9.04 1249.3

United States 0.83 0.51 0.37 0.99 1.36 0.91 0.95 1.65 1.35 0.97 1.62 244.7

Uzbekistan 0.17 0.2 0.3 2.47 0.05 1.65 2.43 2.26 0.23 3.08 1.97 418.4

Venezuela, RB 2.23 4.15 4.18 7.28 8.04 1.14 1.17 1.96 3.75 0.33 0.62 588.9

Viet Nam 13.55 18.22 22.07 27.54 28.29 20.5 16.47 33.28 32.34 24.35 17.68 113.5

Yemen 20.77 17.66 17.72 18.5 19.17 22.09 17.72 21.39 19.81 16.38 16.14 10.9
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