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Understanding how countries differ in their environmental and social characteristics is critical for designing
effective and targeted sustainability policies. This study aims to explore heterogeneity among countries using a
data-driven approach that considers multiple indicators relevant to environmental, social and economic devel-
opment. We apply K-means clustering and principal component analysis (PCA) to a dataset covering 206
countries and including variables such as CO: emissions, access to electricity, life expectancy, education
expenditure, inflation, GDP, unemployment and democracy levels. The analysis identifies eight distinct clusters
of countries that broadly reflect global disparities in socio-economic and environmental conditions, with clear
regional and income-based patterns. Notably, high-income democracies form distinct groups with strong social
indicators, while clusters of Sub-Saharan African countries tend to exhibit low access to electricity and education
spending. These findings underscore the need for differentiated policy strategies that align with each cluster’s
characteristics. Our results contribute to the growing literature on multidimensional sustainability assessment

and offer a useful typology for international environmental cooperation and policy targeting.

1. Introduction

The interplay between economic development, environmental
quality, and social indicators represents a critical area of study in
contemporary socio-economic and environmental research. Under-
standing how these factors interact can provide valuable insights into
sustainable development and policy formulation. As the world faces
escalating environmental challenges and socio-economic inequalities, it
becomes increasingly important to investigate how different countries
navigate these complex dynamics.

Historically, the relationship between economic growth and envi-
ronmental degradation has been a focal point of scholarly inquiry. The
Environmental Kuznets Curve (EKC) hypothesis, which was introduced
by Grossman and Krueger in the 1990s, suggests an inverted-U-shaped
relationship, where environmental degradation initially increases with
economic growth but eventually decreases after reaching a certain in-
come level. This hypothesis aligns with Kuznets’ theory on income
inequality, which posits that economic development can lead to
improved environmental quality over time [1]. However, empirical
support for the EKC hypothesis has been mixed, with various studies
yielding differing conclusions, depending on the environmental
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indicators used [2]. For instance, while some research supports the EKC
hypothesis using nitrogen oxide emissions, other studies question its
validity when focusing on CO2 emissions [3]. Furthermore, the litera-
ture lacks a robust typology of countries that integrates both environ-
mental and social-economic indicators using modern, data-driven
methodologies. This gap calls for a rethinking of comparative sustain-
ability assessments through the lens of multivariate classification.

This study is motivated by the need to fill this methodological and
conceptual gap. Specifically, we aim to classify countries into clusters
based on a comprehensive set of indicators, including CO- emissions,
access to electricity, life expectancy, education expenditure, inflation,
GDP, unemployment and democracy levels. Our primary research
question is: How can countries be grouped based on their socio-
economic and environmental profiles, and what insights do these
groupings provide for policy and academic debates on sustainable
development?

To address this question, we apply Principal Component Analysis
(PCA) to reduce the dimensionality of the dataset and capture the most
significant patterns across variables, followed by K-means clustering — a
widely used unsupervised machine learning technique. This combina-
tion allows us to group countries objectively without imposing any prior
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assumptions about their characteristics, while retaining the complexity
of the underlying data. The goal is to identify distinct clusters that reflect
meaningful differences in development patterns, thereby contributing to
a more nuanced understanding of global sustainability dynamics.

The objectives of this study are fourfold: (1) to compile and stan-
dardize a set of key socio, economic and environmental indicators across
countries; (2) to apply PCA and K-means clustering to identify country
typologies; (3) to interpret the characteristics of each cluster in relation
to global patterns of development and sustainability; and (4) to discuss
the policy implications of these groupings for international cooperation
and sustainable development planning. The novelty of this work lies in
its integration of environmental, social, and political variables in a
single clustering framework and its potential to inform differentiated,
context-sensitive sustainability strategies. By offering a multidimen-
sional classification, this study enhances both academic understanding
and policy relevance in the field of global sustainability assessment.

The remainder of the paper is organised as follows: Section 2 pro-
vides a comprehensive literature review, outlining key studies and
theories on the relationship between economic development, environ-
mental quality, and social indicators, including the Environmental
Kuznets Curve (EKC) hypothesis. Section 3 describes the data sources,
variables, and methods used to analyse the socioeconomic and envi-
ronmental performance of countries. In Section 4, we detail the empir-
ical study, which includes the clustering analysis and principal
component analysis (PCA) that group countries based on their eco-
nomic, social, and environmental dimensions. This section also discusses
the insights derived from the analysis of the clusters. Section 5 presents
the conclusions, summarising the key findings, implications for policy
and practice, and potential directions for future research.

2. Literature review

The academic and scientific focus on the relationship between the
environment and the economy is longstanding, although recent years
have seen a heightened emphasis on sustainability and economic
growth. A notable early contribution to this discourse is the Environ-
mental Kuznets Curve (EKC) hypothesis, proposed by Grossman and
Krueger in the 1990s. The EKC posits an inverted-U relationship be-
tween economic development and environmental degradation, akin to
Kuznets’ theory on economic growth and income inequality. Initially,
environmental degradation rises with economic growth, but after
reaching a certain income level, degradation begins to decline, sug-
gesting that economic development can eventually enhance environ-
mental quality [1].

Despite its influence, the EKC hypothesis lacks strong empirical
support, with studies producing mixed results on the causal relationship
between income and environmental quality. Past research can be
grouped into three categories, namely those: i) supporting, ii) refuting,
or iii) presenting mixed results based on the environmental indicators
used [2]. For instance, Rasli et al., [3] found that using CO2 emissions as
an indicator challenges the validity of the EKC, whereas using nitrogen
oxide emissions supports it.

This hypothesis, regardless of its inconsistencies, has underscored
the importance of studying the intersection of environment and econ-
omy. Various studies have explored these themes, such as the mutual
implications of environmental quality and economic growth [4], the
relationship between CO2 emissions and economic growth in the EU [5],
and the reconsideration of explanations for the EKC’s inverted-U shape
[6]. Almarafi et al., [7] investigated the link between the Environmental
Performance Index (EPI), financial development, and economic growth.

Khatun [8] applied principal component analysis (PCA) to study
environmental degradation in selected African and Asian countries,
concluding that Saudi Arabia, Chile, and Malaysia were best positioned
in terms of environmental quality, while most African countries showed
high levels of degradation. The study also highlighted the dispropor-
tionate impact of environmental degradation on low-income
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populations.

Gallego-Alvarez et al. [9] employed a multivariate analysis, using an
HJ-biplot, to assess environmental performance, finding that
health-related environmental components were most significant in
American and European countries. Chen et al. [10] used PCA to evaluate
the ecological quality of Chongqing’s urban area, identifying land use,
pollution emission intensity, pollution control, and urban green space
construction as key factors. The study emphasised the need to include
economic and social indicators to fully capture environmental quality.

Jain and Mohapatra [11] developed a Composite Environmental
Sustainability Index (CESI) for emerging economies (1990-2020) using
PCA, with Brazil, Colombia, and Chile scoring highest in 2020. These
results contrasted with those of Khatun [8], likely due to differences in
temporal data and variables used.

Kumari et al., [12] studied regional disparities in socio-economic and
environmental systems across Indian states using PCA, which facilitated
the creation of indices for social, environmental, and economic devel-
opment, and a composite index reflecting overall development. The
study highlighted the strong correlation between economic, social, and
environmental development.

Lu and Liu [13] applied PCA to Jiangxi province, creating separate
indices for economic and environmental subsystems, which allowed for
an in-depth analysis of the most influential variables in each system.

Mathrani et al., [14] used a hierarchical cluster algorithm (Ward
method) to cluster 45 Asian countries based on 16 SDG indicators across
four dimensions — economic, social, environmental, and institutional.
Economic sustainability challenges were pervasive, but Southeast and
Central Asia showed relative advantages. Socially, Central and East
Asian countries performed best, while environmental sustainability
varied, with Afghanistan, Sri Lanka, and Yemen performing well.

Caglar and Giirler [15] clustered 110 countries using the k-means
method, finding that low-income countries, despite better results in
responsible consumption and climate change mitigation, generally
clustered together. European countries tended to cluster with high SDG
performance, highlighting the interdependence of sustainable develop-
ment and socio-economic structures.

While Mathrani et al., [14] and Caglar and Giirler [15] applied
clustering to SDG indicators, their analyses were limited to specific re-
gions (Asia) or omitted critical environmental metrics (e.g., CO2 dam-
age). Similarly, Jain and Mohapatra’s [11] Composite Environmental
Sustainability Index (CESI) focused narrowly on emerging economies,
leaving a gap for a global assessment. Our study addresses these limi-
tations by encompassing a broader range of indicators and countries,
thus enabling cross-regional comparisons.

Jabbari et al., [16] differentiated developed and developing coun-
tries into clusters based on a socio-economic development index derived
from SDG indicators. Developed countries clustered together, while
developing countries formed clusters with varying environmental
commitments.

Studies on the European Union include Jancovi¢ [17], who used
Eurostat data to cluster EU member states based on SDG progress, and
Drastichova [18], who grouped EU countries and Norway by sustain-
ability performance, finding that Nordic countries consistently ranked
highest, although they also showed some regression in sustainability.

Beyond the Environmental Kuznets Curve literature, several studies
have approached environmental sustainability from alternative theo-
retical and empirical perspectives. For instance, the role of institutional
quality [19], international trade [20], and policy frameworks [21] have
been explored as key drivers of environmental performance.

Recent typology-based studies (e.g., [22,23]) cluster countries by
carbon efficiency, environmental performance indices, or sustainable
development metrics. These approaches provide broader context and
serve as complementary lenses to the EKC hypothesis. Additionally,
debates within ecological economics challenge the growth-centric view
of environmental improvement, emphasizing planetary boundaries and
the concept of degrowth [24,25]. Our study contributes to this literature
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by integrating a multidimensional perspective in classifying countries,
thus bridging methodological precision with broader policy relevance.

3. Data analytics

a) Data

This study assesses the socioeconomic and environmental perfor-
mance of countries using selected variables categorised into social (5
variables), economic (4 variables), and environmental (7 variables), as
shown in Table 1. The data primarily corresponds to 2020, except for the
Environmental Performance Index (EPI), which incorporates earlier
data due to availability constraints.

Due to incomplete data, certain potentially relevant variables, such
as natural disaster occurrences and green bond issuance, were excluded
from the analysis to maintain data quality. The selected variables cover
key dimensions such as health, education, democracy, and infrastruc-
ture for the social dimension, represented by life expectancy (LEB),
education expenditure, democracy (Dem), mortality rate, and electricity
access.

Economic performance is measured through GDP per capita, infla-
tion, unemployment, and Foreign Direct Investment (FDI), while envi-
ronmental performance includes variables such as greenhouse gas
emissions per capita (GHG_pc), lack of coping capacity for disasters, CO2
damage, PM2.5 exposure, and electricity installed capacity, per capita,
from fossil fuels (C_Fuel_pc) and solar energy (C_Solar_pc). The EPI index
further aggregates multiple indicators of climate change performance
and ecosystem vitality.

For per capita variables, calculations were made using population

Table 1
Description of the world developing indicators used in the empirical study.
Indicator Meaning Source
Economic Variables
GDP Gross Domestic Product (per capita) IMF!
Inflation Inflation (percentage change) IMF!
Unemployment Unemployment (% of the active World Bank?
population)
FDI Foreign Direct Investment (net inflows, % World Bank?
of GDP)

Social Variables

Mortality rate Number of deaths per 1,000 people World Bank?

LEB Life expectancy at birth (years) World Bank?

Education Exp Government expenditure on education (% World Bank?®
of GDP)

Eletr Access Population with access to electricity (%) World Bank?

Dem Level of democracy (index) Freedom House

hypothesis

Environmental Variables
GHG_pc Greenhouse gas emissions (tons, per capita) ~ World Bank?
Coping_Capacity ~ Country’s lack of capacity to cope with IMF®
disasters (index)
Cost of damages caused by CO2 emissions
from fossil fuel use (% of GNI)
PM Population exposed to more than 10 OECD

micrograms/m?® of PM2.5 particles (%

estimated values)

C02_damage World Bank?

C_Fuel_pc Installed electricity capacity from fossil IMF*
fuels (kW, per capita)
C_Solar_pc Installed electricity capacity from solar IMF*
energy (kW, per capita)
EPI Environmental Performance Index Columbia
University*

Note: While the database lists the "Dem" variable as covering "West Bank and
Gaza", the reported value specifically reflects conditions in the West Bank only.
1Available at: https://www.imf.org/en/Publications/WEQ,/weo-database/202
3/October

2World Development Indicators. Available at: https://databank.worldbank.org/
source/world-development-indicators

3Available at: https://climatedata.imf.org/

“Available  at:  https://sedac.ciesin.columbia.edu/data/collection/epi/set
s/browse
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data from the World Bank, ensuring consistent measurements across
countries.

b) Summary statistics

Descriptive statistics were calculated for the numerical variables
(Table 2) and categorical variables (Table 3) of the global development
indicators.

The numerical statistics in Table 2 reveal incomplete data across
variables, highlighting disparities in various development indicators.
Among social variables, the stark minimum value for electricity access
reflects the situation in South Sudan, where only 7% of the population
has electricity. Similarly, Syria’s democracy score of 1 highlights to its
extreme lack of democratic governance, with 50% of countries having a
democracy score below 63.

In economic terms, large disparities are observed. Burundi’s GDP per
capita is the lowest at $259.91, while extreme wealth in other countries
drives a standard deviation higher than the mean. Inflation extremes are
notable, with Venezuela experiencing hyperinflation at 2,355.15%. The
median inflation rate is much lower, with half of the countries having
inflation rates below 2.05%. Unemployment ranges significantly, from
0.14% in Qatar to 27.85%, with 50% of countries being below 6.45%.

Foreign Direct Investment (FDI) varies sharply, with Cyprus
recording negative values due to foreign disinvestment, and the Cayman
Islands showing the highest inflows. Half the countries have FDI less
than 1.75% of GDP.

Environmental data also reflects large gaps. Burundi’s greenhouse
gas emissions per capita are the lowest, while Qatar has the highest. Lack
of coping capacity values are fairly symmetrical around the mean,
indicating a balanced distribution of disaster preparedness, though some
countries still struggle significantly. Pollution data reveals that in half of
the countries, nearly the entire population is exposed to harmful PM2.5
levels above WHO guidelines [26]

In terms of energy, fossil fuel dependency dominates over solar en-
ergy, with the former showing much higher electricity installed capacity
across the board. Finally, the Environmental Performance Index (EPI)
shows that countries, on average, score relatively low at 46.58, sug-
gesting limited progress toward environmental sustainability, as 50% of
countries score below 44.15, and the maximum is far below the optimal
score of 100.

As indicated by Table 3, the collected sample includes countries from
all continents, with the African continent being the most represented,
followed by Asia, while Oceania is the least represented continent. In
addition to being organised by continent, the various territories are also
classified by their respective regions as shown in Fig. 1, with 22 distinct
regions identified. The Caribbean region stands out as having the highest
number of occurrences, while the Australia and New Zealand region has
the fewest, with only three records.

After analysing the variables and their descriptive statistics, it is
essential to explore potential associations among them. To this end,
Pearson’s correlation matrix was calculated, as shown in Fig. 2, which
highlights the statistically significant correlations between world
developing indicators.

The Pearson correlation coefficient measures the strength and di-
rection of the relationship between two variables, with values ranging
from —1 to 1. A coefficient closer to either extreme indicates a stronger
association. Typically, a correlation of 0.7 or higher (in absolute value)
signals a strong association, Ratner [27]. Additionally, a statistical sig-
nificance test was conducted to account for variations in the number of
observations across variables, ensuring that the calculated correlations
reflect genuine associations.

Fig. 2 reveals associations among most of the selected variables,
except for "FDL," which shows no significant relationship with the others.
Among the remaining variables, strong positive correlations include
"LEB" and "Electric Access" (0.75), "GDP" (0.71) and "EPI" (0.82), GDP
and EPI (0.79) and "GHG_pc" and "C_Fuel_pc" (0.85). Notable negative
correlations include "LEB" and "Coping_Capacity" (—0.89), "Electric Ac-
cess" and "Coping_Capacity" (—0.76), "GDP" and "Coping_Capacity"
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Table 2
Summary numerical statistics for world developing indicators.
Indicators count mean std min median max
Economic Variables
GDP 190 14095 19093 260 5414 117616
Inflation 190 20.50 175.50 0.01 2.05 2355.15
Unemployment 183 8.37 5.85 0.14 6.45 27.85
FDI 185 3.31 15.82 -103.16 1.75 121.76
Social Variables
Mortality rate 184 8.07 2.90 1.22 7.45 16.90
LEB 201 72.18 7.48 52.78 72.76 85.50
Education Exp 156 4.67 1.87 1.37 4.51 13.78
Eletr Access 206 86.26 24.45 7.26 99.95 100.00
Dem 195 58.33 30.56 1.00 63.00 100.00
Environmental Variables
GHG_pc 189 6.20 6.57 0.34 4.62 43.33
Coping_Capacity 186 4.43 1.89 0.90 4.40 9.40
CO2_damage 187 1.87 1.62 0.07 1.33 11.50
PM 185 89.53 24.97 0.18 99.93 100.00
C_Fuel_pc 188 0.57 0.78 0.00 0.35 5.20
C_Solar_pc 185 0.07 0.13 0.00 0.01 0.81
EPI 178 46.58 15.46 22.60 44.15 82.50
relationship. For instance, a rise in per capita greenhouse gas emissions
Table 3 . 1s X . . . ..
X L L is likely accompanied by an increase in fossil fuel-based electricity ca-
Summary categorical statistics for world developing indicators. . X L .
pacity due to their positive association.
count unique top freq
Continent 224 5 Africa 56 4. Empirical study
Region 224 22 Caribbean 23
Economic situation 207 4 High 73

(—0.74), and "Coping_Capacity" and "EPI" (—0.86). The variables "LEB"
and "Coping_Capacity" exhibit the most significant associations with
other variables.

Positive correlations suggest that as one variable increases, so does
the correlated variable, while negative correlations indicate an inverse

4.1. Methodology

In this study, we adopted cluster analysis using the non-hierarchical
k-means method to form homogeneous groups of clusters of countries
for each dimension of analysis (social, economic, and environmental).
This method involves partitioning the data into k distinct clusters by
minimising the within-cluster variance. The k-means algorithm

Caribbean I
Eastern Africa I 1Y
Western Asic I ., 17
Southern Europe I 1C
Western Africa  INIINININING 15
South America G 1
Morthern Eurcpe I 12
South-Eastern Asia NN, 11
Eastern Europe I NN 1
Polynesia I, 1

Southern Asia
Middle Africa

‘Western Europe

Eastern Asia I ©
Central America I &
Morthern Africa I
Southern Africa [INIIINIINININGNGNNNNNNN -
Melanesia NN -
Central Asia NG S
Micronesia [N ©
Northern America  [INNINININININGE +
Australia and Mew Zealand [NNININIGNGEGEGEGENE

10 15 20

Fig. 1. Distribution of countries for region.
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Fig. 2. Significant (p-value<0.05) Pearson correlations between world developing indicators.

iteratively assigns countries to clusters based on their proximity to the
mean values (centroids) of the clusters, adjusting these centroids until
convergence is achieved and the clusters are stable. For more details on
these methods, refer to Hair et al., [28].

The optimal number of clusters were determined by the Silhouette
Score. The Silhouette Score is a metric used to evaluate the quality of a
clustering. It measures how similar an object is to its own cluster (intra-
cluster similarity) compared to other clusters (inter-cluster difference),
with higher values indicating better clustering. For more details, see
Mabharaj et al., [29].

Finally, we combined the social, economic, and environmental var-
iables and conducted a principal component analysis (PCA) in order to
reduce dimensionality and identify the underlying patterns or principal
components that explain the maximum variance within the dataset. In
particular, we performed PCA on standardised world developing in-
dicators and retained components explaining over 70% of the variance
[30]. These components were then used to project the countries’ scores
into two dimensions and visualise the optimal k-means cluster
compositions.

The k-means algorithm was selected for its efficiency in partitioning
large datasets into interpretable clusters, while PCA mitigates multi-
collinearity among variables (e.g., GDP and EPI's 0.79 correlation) and
highlights dominant development drivers. This combination is optimal
for answering our research questions.

Fig. 3 summarizes the modelling strategy used in this study. It out-
lines the main steps followed in the empirical procedure, which can be
grouped into three major phases:

Step 1: Data preparation (ensure the dataset is clean, consistent and
suitable for analysis), including (1) data collection and preprocess-
ing, (2) outlier detection and removal, and (3) data standardization;
Step 2: Analytical modeling (reduce dimensionality and identify
meaningful country groupings), including (4) principal component
analysis (PCA) and (5) k-means clustering;

Step 3: Interpretation and application (derive insights from the
clusters and link them to practical policy outcomes), including (6)
interpretation of clusters and (7) policy implication discussion.

4.2. Results

a) Economic Insights

Table 4 presents a list of countries with economic variables (GDP,
Inflation, Unemployment, and FDI) that have been identified as being
outliers, based on a threshold of + 3 standard deviations from the mean.
By setting this threshold at +3 standard deviations, we are in effect
isolating observations that are exceptionally far from the average,
identifying them as potential outliers. These outliers may indicate
countries with extreme economic conditions — either significantly better
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Data Preparation
Data collection and preprocessing
Outlier detection and removal

Data standardization

Analytical Modeling

¢ Principal Component Analysis (PCA)
¢ K-means clustering

Interpretation and Application

¢ Interpretation of clusters
¢ Policy implication discussion

Fig. 3. Data preparation, modeling and interpretation strategy.

or worse than the global average — based on the selected variables (GDP,
Inflation, Unemployment, and FDI).

High-income countries such as Ireland, Luxembourg, and
Switzerland are outliers due to their extremely high GDP per capita,
while low-middle-income countries such as Venezuela and Zimbabwe
are outliers on account of extreme inflation, although their GDP is also
very low. Countries such as Cyprus, Hungary and the Cayman Islands are
outliers in FDI, with Cyprus experiencing severe disinvestment, as well
as Switzerland, while Hungary and the Cayman Islands show unusually
high inflows. Djibouti stands out with exceptionally high unemploy-
ment, reflecting severe socio-economic challenges.

Table 5 presents the Silhuette scores of the economic k-means clus-
ters. The k=5 solution has the highest silhouette score (0.424), sug-
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Cluster 1 includes a large group of countries from Africa, Asia, and
Latin America, such as India, Nigeria, China, and Argentina. This cluster
contains a mix of emerging markets and developing economies. It shows
a wide range of GDP, inflation, unemployment, and FDI levels. Countries
here are generally characterised by a wider range of economic condi-
tions, often with substantial growth potential and diverse economic
challenges.

Cluster 2 consists primarily of high-income countries, including the
USA, Canada, Germany, and Australia. These countries have high GDP
per capita, low inflation, low unemployment, and low FDI. This cluster
represents economically advanced nations with stable economic in-
dicators. They exhibit robust economic performance and high standards
of living.

Cluster 3 includes countries such as Hong Kong, Singapore, and
Malta. This cluster consists of economies with high-income character-
istics and small or unique economic profiles, where the countries often
have high GDP per capita, low unemployment, and substantial FDI. They
are economically strong, but represent unique or niche economies.

Cluster 4 includes Lebanon and Sudan. This cluster features coun-
tries with relatively lower economic indicators compared to others.
Countries in this cluster face significant economic challenges, reflected
in lower GDP, higher inflation, and potentially unstable economic
conditions.

In short, high-income countries tend to cluster together in Cluster 2,
while emerging and developing economies are spread across other
clusters. Clusters with fewer countries (e.g., Cluster 4 with Lebanon and
Sudan) highlight extreme cases of economic conditions.

b) Social Insights

Table 8 lists countries whose social indicators are identified as out-
liers based on a threshold of mean + 3 standard deviations for the
variables Mortality Rate, Life Expectancy at Birth (LEB), Education
Expenditure, Access to Electricity and Democracy Index (Dem).

Serbia displays average values in most indicators, with high access to
electricity and a relatively high democracy index. Cuba shows high
education expenditure and access to electricity but a low democracy
index. Marshall Islands and Federated States Micronesia have high de-
mocracy scores but varying education expenditure and electricity ac-
cess. Burundi, Chad, Malawi, South Sudan exhibit low LEB, low

Table 5
gesting that the clustering is most effective and well-separated when Silhuette scores of the economic k-means
using five clusters. The optimal k-means clustering results suggest clusters.
different groupings of countries based on economic profiles, as shown in # Clusters Score
Table 6.
Cluster O includes a diverse range of countries across continents, i g‘gg;
such as the Brazil, Morocco, Greece, and South Africa. This cluster en- 5 0.424
compasses both high-income (e.g., Greece, Spain) and low-middle- 6 0.421
income countries (e.g., Morocco, Nepal, Angola), indicating a broad 7 0.331
mix of economic profiles. Countries in this cluster show varied economic 8 0.346
s . . . . . 9 0.355
conditions, including higher and lower GDPs, inflation rates, unem- 10 0.397
ployment rates, and FDI levels.
Table 4
Detected and removed economic outliers using a threshold of mean + 3 standard deviations.
Country Continent Region Economic situation GDP Inflation Unemploy FDI
-ment
Ireland Europe Northern Europe High 85787 0.47 5.62 6.58
Luxembourg Europe Western Europe High 117616 0.01 6.77 13.35
Switzerland Europe Western Europe High 86110 0.73 4.82 -32.64
Venezuela, Rep. Bolivariana de America South America Low-middle 1567 2355.15 7.53 NA
Zimbabwe Africa Eastern Africa Low-middle 1771 557.21 8.65 0.70
Djibouti Africa Eastern Africa Low-middle 3224 1.79 27.85 4.97
Cayman Islands America Caribbean High NA NA NA 121.76
Cyprus Asia Western Asia High 28142 1.10 7.76 -103.16
Hungary Europe Eastern Europe High 16094 3.33 4.25 106.57

Note: The detected outlier values for each numerical variable are indicated in bold. “NA” means not available.
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Table 6
K-means economic cluster composition of countries.
Cluster  Country
0 *Afghanistan, Islamic Rep. of’, *Albania’, *Algeria’, ’Angola’, *Armenia,

Rep. of’, 'Bahamas, The’, *Belize’, 'Bosnia and Herzegovina’, 'Botswana’,
"Brazil’, *Cabo Verde’, *Chile’, "Colombia’, *Congo, Rep. of’, *Costa Rica’,
*Eswatini, Kingdom of’, Gabon’, *Georgia’, 'Greece’, "Haiti’, "Honduras’,
'Iraq’, Jordan’, "Lesotho, Kingdom of’, 'Mauritania, Islamic Rep. of’,
"Montenegro’, "Morocco’, 'Namibia’, 'Nepal’, "North Macedonia,
Republic of ’, "Panama’, 'Rwanda’, *Samoa’, *Sao Tomé and Principe,
Dem. Rep. of’, *Somalia’, *South Africa’, *Spain’, *St. Lucia’, *St. Vincent
and the Grenadines’, *Tunisia’

1 *Argentina’, 'Azerbaijan, Rep. of’, "Bahrain, Kingdom of’, "Bangladesh’,
"Barbados’, "Belarus, Rep. of’, 'Benin’, 'Bhutan’, *Bolivia’, 'Brunei
Darussalam’, ’Bulgaria’, *Burkina Faso’, 'Burundi’, ’Cambodia’,
’Cameroon’, *Central African Rep.’, ’Chad’, *China, P.R.: Mainland’,
’Comoros, Union of the’, ’Congo, Dem. Rep. of the’, ’Croatia, Rep. of’,
*Czech Rep.’, 'Dominican Rep.’, "Ecuador’, 'Egypt, Arab Rep. of’, ’El
Salvador’, ’Equatorial Guinea, Rep. of’, 'Estonia, Rep. of’, 'Ethiopia, The
Federal Dem. Rep. of’, "Fiji, Rep. of’, ’Gambia, The’, ’Ghana’,
’Guatemala’, 'Guinea’, ’Guinea-Bissau’, 'India’, 'Indonesia’, 'Iran, Islamic
Rep. of’, "Jamaica’, 'Kazakhstan, Rep. of’, ’Kenya’, 'Kyrgyz Rep.’, "Lao
People’s Dem. Rep.", "Latvia’, "Lithuania’, "Madagascar, Rep. of’,
"Malawi’, "Malaysia’, 'Maldives’, "Mali’, "Mauritius’, 'Mexico’, "Moldova,
Rep. of’, 'Mongolia’, 'Myanmar’, 'Nicaragua’, 'Niger’, 'Nigeria’, ’Oman’,
"Pakistan’, "Papua New Guinea’, "Paraguay’, 'Peru’, "Philippines’,
’Poland, Rep. of’, "Portugal’, 'Romania’, 'Russian Federation’, *Saudi
Arabia’, *Senegal’, ’Serbia, Rep. of’, *Sierra Leone’, ’Slovak Rep.’,
*Solomon Islands’, ’Sri Lanka’, *Suriname’, 'Tajikistan, Rep. of’,
*Tanzania, United Rep. of’, *Thailand’, "Togo’, "Tonga’, *Trinidad and
Tobago’, 'Turkmenistan’, 'Uganda’, 'Ukraine’, "Uruguay’, Uzbekistan,
Rep. of’, "Vanuatw’, *Vietnam’, ’Zambia’

2 ’Australia’, *Austria’, ‘Belgium’, *Canada’, ’China, P.R.: Macao’,
’Denmark’, "Finland’, "France’, 'Germany’, 'Iceland’, 'Israel’, ’Italy’,
*Japan’, 'Korea, Rep. of’, 'Kuwait’, 'Netherlands, The’, '"New Zealand’,
"Norway’, *Qatar’, *Slovenia, Rep. of’, 'Sweden’, 'Timor-Leste, Dem. Rep.
of’, "United Arab Emirates’, 'United Kingdom’, *United States’

3 *China, P.R.: Hong Kong’, 'Guyana’, 'Liberia’, "Malta’, "Mozambique, Rep.
of’, ’Singapore’
4 ’Lebanon’, *Sudan’

Table 7 presents economic statistics for each of the five k-means clusters. Cluster
0 (mostly African countries) features a wide range of economic indicators, with
high unemployment and fluctuating FDI and inflation. Cluster 1 (mostly African
countries) includes many lower-middle-income nations with moderate inflation
and unemployment, but a broad range of GDP. Cluster 2 (mainly European
countries, especially from Northern Europe) consists of high-income nations
with high GDP, very low inflation, low unemployment, and negative FDI. Cluster
3 (mostly Asian countries) includes high-income nations with high GDP and
significant FDI, though inflation and unemployment vary. Cluster 4 (Asian
countries) is characterised by extremely high inflation, high unemployment, and
low GDP.

education expenditure, and very low access to electricity, with low de-
mocracy scores in some cases.

Table 9 indicates that the highest silhouette score is for 8 clusters
(0.350) k-means solution. The scores are relatively close, indicating that
while 8 clusters may provide the most meaningful separation, the dif-
ference is not drastic.

Table 10 shows the social cluster composition of countries of the
optimal k-means solution. Table 11 presents the K-means cluster sta-
tistics for countries, based on their social indicators.

Cluster 0 includes countries such as Bolivia, Botswana, and Senegal,
which exhibit diverse social indicators but share generally lower-to-
middle levels in key metrics like education expenditure and mortality
rate. These countries often reflect transitional development stages with
mixed progress across sectors.

Cluster 1 features high-income countries such as Sweden, South
Korea, and Australia, characterized by strong education systems, high
life expectancy, full access to electricity, and high democracy scores.
These nations are among the most socially and economically developed.

Cluster 2 includes countries such as Brazil, India, Mexico, and
Algeria. This cluster is composed of upper-middle to lower-middle-
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income countries with a broad range of social indicators, generally
reflecting moderate levels of education expenditure and access to
electricity.

Cluster 3 represents countries such as Ukraine, Romania, and
Georgia, primarily from Eastern Europe and post-Soviet regions. These
nations show variation in democracy scores and education investment,
but share historical and regional similarities.

Cluster 4 includes several Sub-Saharan African nations, such as
Kenya, Ethiopia, and Rwanda. These countries generally have lower life
expectancy, limited electricity access, and low education expenditure,
though democracy scores vary across the group.

Cluster 5 encompasses diverse countries like Vietnam, Bangladesh,
and Iran, spanning regions such as South Asia, the Middle East, and
Southeast Asia. They exhibit mixed social indicators, with some showing
rapid development while others maintain more modest progress in de-
mocracy and infrastructure.

Cluster 6 is composed of high-income countries like Canada, France,
and Japan, known for high education expenditure, strong access to
electricity, long life expectancy, and high democracy levels. The coun-
tries in this group generally enjoy strong overall social conditions.

Cluster 7 includes countries such as Namibia, Lesotho, and Sierra
Leone, which face lower income levels, limited access to essential ser-
vices, and higher mortality rates. Democracy indicators vary, but overall
social challenges are prominent.

These clusters represent groups of countries with distinct social
characteristics, driven by regional, economic, and political differences.
The analysis reveals stark disparities in life expectancy, democracy,
education expenditure, and access to electricity, particularly between
developed regions (e.g., Europe) and less developed regions (e.g.,
Africa).

c) Environmental Insights

Table 12 highlights environmental outlier countries with extreme
emissions, poor air quality, heavy fossil fuel use, or low resilience to
disasters. High-income countries in Western Asia, like Qatar, Bahrain,
and Kuwait show high emissions and poor environmental performance.
In contrast, developed nations such as Norway, Germany, and New
Zealand have better environmental outcomes, with lower CO2 impacts
and higher sustainability scores

The environmental analysis identified 25 outliers (versus 8 social and
9 economic outliers), despite applying identical statistical criteria (mean
+ 3 standard deviations). This divergence underscores two key phe-
nomena: (1) the extreme heterogeneity in environmental performance
globally, where some nations (e.g., Qatar: GHG_pc = 43.33 tons) exceed
others (Burundi: 0.34 tons) by orders of magnitude; and (2) the
“threshold effects’ in environmental systems, where small changes in
indicators like PM2.5 exposure or coping capacity can trigger dispro-
portionate impacts [26]. Such variability is consistent with prior find-
ings on environmental inequality [31], where resource-intensive
economies cluster at one extreme and vulnerable low-income nations at
the other. This contrast is less pronounced in social/economic analyses,
where indicators like life expectancy or GDP exhibit more continuous
distributions.

Tables 13, 14, and 15 present the results of the environmental cluster
analysis. The optimal solution, with 4 clusters (Silhouette score: 0.457),
distinguishes countries based on GHG emissions, environmental per-
formance, energy sources, and lack of coping capacity.

Cluster 0 includes a diverse set of 34 countries from various conti-
nents such as Asia, Europe, and Africa. These countries tend to be upper-
middle-income economies, such as China, Russia, and South Africa,
which have substantial environmental challenges related to
industrialisation.

Cluster 1 comprises 17 mainly European and high-income countries,
including Italy, Israel, and Korea. These nations are characterised by
higher per capita gas emissions and greater installed electricity capacity
from both fossil fuels and solar energy.

Cluster 2 is the largest cluster, with 78 countries, mostly low- to
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Table 7
K-means cluster statistics of country economic indicators.
Cluster
0 1 2 3 4
count 40 90 25 6 2
Continent unique 5 5 4 4 2
top Africa Africa Europe Asia/Africa Asia/Africa
freq 16 28 13 2 1
Region unique 14 18 8 6 2
top Southern Europe Western Africa Northern Europe Various regions Western Asia/ North. Africa
freq 6 12 6 1 1
Economic situation unique 4 4 2 3 2
top Upper-middle Low-middle High High Upper-middle/Low
freq 18 33 24 3 1
GDP mean 6128 6410 43588 24224 2183
std 5941 6787 14199 25757 1988
min 611 260 1673 454 777
max 26968 27175 68275 61274 3589
Inflation mean 3.54 5.30 0.96 3.76 124.07
std 4.95 7.15 0.77 6.55 55.42
min 0.04 0.03 0.03 0.18 84.88
max 22.94 42.02 2.85 16.95 163.26
Unemployment mean 16.0 5.2 5.2 6.4 16.2
std 4.0 2.4 2.3 4.6 4.2
min 10.4 0.2 0.1 4.1 13.3
max 24.8 11.5 9.7 15.7 19.2
FDI mean 2.3 2.6 -2.6 26.1 3.9
std 4.9 3.1 9.6 4.8 1.7
min -17.3 -4.9 -33.0 22.4 2.7
max 11.2 14.0 5.8 34.1 5.1
Table 8
Detected and removed social outliers using a threshold of mean + 3 standard deviations.
Country Continent Region Economic situation Mortality rate LEB Education Exp Eletr Access Dem
Serbia, Rep. of Europe Southern Europe Upper-middle 16.90 74.48 3.56 100 64
Cuba America Caribbean Upper-middle 10.23 77.57 11.52 99.93 13
Marshall Islands, Rep. of the Oceania Micronesia Upper-middle 7.43 64.98 13.78 98.26 93
Micronesia, Federated States of Oceania Micronesia Low-middle Na 70.67 10.54 81.85 92
Burundi Africa Eastern Africa Low Na 61.57 5.32 9.10 14
Chad Africa Middle Africa Low 12.49 52.78 2.74 10.87 17
Malawi Africa Eastern Africa Low 6.71 63.72 Na 11.50 66
South Sudan, Rep. of Africa Eastern Africa Low 10.76 55.48 Na 7.26 2

Note: See Table 4.

Table 9

Silhuette scores of the social k-means clusters.
# Clusters Score
3 0.325
4 0.321
5 0.341
6 0.347
7 0.347
8 0.350
9 0.323
10 0.314

lower-middle-income nations from Africa, South Asia, and Central
America. Countries such as Bangladesh, Brazil, and Nigeria are part of
this cluster, which may indicate lower GHG emissions, but also weaker
environmental infrastructure and lack of coping capacity.

Cluster 3 is composed of 12 high-income European and Latin
American countries such as France, Spain, and Uruguay. This group
likely represents the most environmentally advanced nations with high
environmental performance indicators.

The K-means clustering analysis effectively groups countries based
on their environmental characteristics, highlighting clear differences in
environmental performance, emissions, and energy sources. Cluster 1
and 3, representing high-income nations, and show stronger

environmental performance, but remain reliant on fossil fuels. Cluster 2,
composed mostly of lower-income countries, faces significant environ-
mental challenges related to air quality and limited environmental
resilience despite low emissions. The analysis suggests that while eco-
nomic status influences environmental outcomes, the global transition
to cleaner energy sources, particularly solar, remains in its early stages
for most countries.

d) Global Development Indicators

Fig. 4 presents the PCA loadings and explained variances of the first
five principal components derived from global development indicators.
PCA was applied exclusively to countries with complete data for all 16
indicators (see Appendix 1), following the removal of outliers identified
in Sections 4.2. a), b) and c) (e.g., Venezuela for hyperinflation, Qatar
for extreme GHG emissions). This approach ensures methodological
consistency, as incomplete or outlier-distorted data can skew principal
component estimation. We interpret loadings with absolute values
greater than 0.4 as significant, as recommended by Hair et al., [28].

The first principal component (PC1), which explains 37.80% of the
variance, is strongly associated with positive loadings for Life Expec-
tancy at Birth (LEB), GDP per capita, Access to Electricity, Democracy
Index, greenhouse gas (GHG) emissions per capita, the Environmental
Performance Index (EPI), and electricity installed capacity from both
fossil fuels and solar energy. These variables contribute to PC1, indi-
cating that it reflects overall development and well-being, with a focus
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Table 10
K-means social cluster composition of countries.
Cluster  Country
0 "Bolivia’, 'Botswana’, 'Nauru, Rep. of’, ’Sao Tomé and Principe, Dem. Rep.
of’, *Senegal’, *South Africa’
1 *Australia’, Chile’, *Costa Rica’, *Cyprus’, 'Denmark’, 'Finland’, ’Iceland’,
’Israel’, "Korea, Rep. of’, 'Malta’, "New Zealand’, "Norway’, Sweden’
2 *Algeria’, "Bahamas, The’, ’Belize’, 'Bhutan’, ’Brazil’, 'China, P.R.: Hong

Kong’, *Colombia’, 'Dominican Rep.’, 'Ecuador’, "El Salvador’, "Fiji, Rep.
of’, ’Ghana’, "Honduras’, 'India’, 'Indonesia’, *Jamaica’, 'Kyrgyz Rep.’,
"Malaysia’, "Maldives’, "Mexico’, "Mongolia’, "Morocco’, 'Nepal’,
"Panama’, 'Paraguay’, 'Peru’, "Philippines’, 'Samoa’, *Seychelles’,
*Suriname’, "Tajikistan, Rep. of’, "Timor-Leste, Dem. Rep. of’, *Tonga’,
"Trinidad and Tobago’

3 ’Armenia, Rep. of’, 'Belarus, Rep. of’, *Croatia, Rep. of’, 'Georgia’,
"Hungary’, "Latvia’, "Lithuania’, "Moldova, Rep. of’, 'Romania’, 'Russian
Federation’, *Ukraine’

4 *Cameroon’, 'Eswatini, Kingdom of’, *Ethiopia, The Federal Dem. Rep. of’,
*Gambia, The’, *Guinea’, "Haiti’, 'Kenya’, "Liberia’, "Madagascar, Rep. of’,
’Mali’, "Mauritania, Islamic Rep. of’, 'Niger’, '/Rwanda’, 'Tanzania, United
Rep. of’, "Togo’, 'Uganda’, 'Zambia’

5 *Azerbaijan, Rep. of’, 'Bahrain, Kingdom of’, 'Bangladesh’, *Cambodia’,
’Comoros, Union of the’, *Gabon’, *Guatemala’, 'Iran, Islamic Rep. of’,
"Kazakhstan, Rep. of’, "Lao People’s Dem. Rep.", "Lebanon’, *Nicaragua’,
"Pakistan’, 'Qatar’, 'Singapore’, 'Thailand’, *Turkmenistan’, "Uzbekistan,
Rep. of’, "Vanuatuw’, *Vietnam’

6 *Albania’, *Argentina’, ’Austria’, 'Barbados’, ’Canada’, *Czech Rep.’,
’Dominica’, ’Estonia, Rep. of’, 'France’, *Greece’, 'Ireland’, ’Italy’,
*Japan’, "Luxembourg’, "Mauritius’, 'Netherlands, The’, "Poland, Rep. of’,
"Portugal’, *Slovak Rep.’, 'Slovenia, Rep. of’, *St. Vincent and the
Grenadines’, "United States’, *Uruguay’

7 "Lesotho, Kingdom of’, "Mozambique, Rep. of’, "Namibia’, *Sierra Leone’

on higher economic development, extensive infrastructure, and tech-
nological advancement.

However, the high and positive loadings of GHG emissions and fossil
fuel-based electricity capacity suggest that this component also captures
the environmental costs often associated with industrialisation and
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higher economic output. This dual nature implies that while these
countries have achieved significant economic and social progress, they
also face challenges related to environmental sustainability. PC1
accordingly encapsulates not just development and well-being, but also
the environmental impact that often accompanies economic growth.

Given the interpretation of PC1 and its strong correlation with
several key variables, PC1 can be effectively labeled as the ‘Global
Development and Resilience Index’. Countries with the highest PC1
scores, such as the Republic of Korea, Israel, Austria, Italy, Singapore,
France, Malta, Slovenia, and Lithuania, demonstrate the best overall
levels of development and resilience. In contrast, countries with the
lowest PC1 scores — such as Liberia, Niger, Guinea, Mozambique,
Ethiopia, Mali, Madagascar, Haiti, Togo, Uganda, Gambia, and Rwanda
— are characterised by more severe challenges in these areas.

This concept of a development index aligns with the research of Jain
and Mohapatra [11], who used PCA to create a Composite Environ-
mental Sustainability Index (CESI) for emerging economies. While their
study found that Brazil, Colombia, and Chile performed similarly well,
the results of our study diverge, as these countries do not rank among the
highest performers. Notably, the performance gaps in our study are
wider than those observed by Jain and Mohapatra. Additionally, some of
the lowest-scoring countries in PC1, such as Togo, Mozambique, and
Niger, align with the findings of Khatun [8], who used PCA to assess
environmental degradation. This overlap suggests that these countries
not only face significant environmental challenges, but also rank poorly
in terms of overall global development, highlighting their persistent
struggles across multiple dimensions of progress.

The second principal component (PC2, 11.35%) is strongly influ-
enced by CO2 damage, which has a high positive loading, and moder-
ately by GHG per capita and electricity installed capacity from fossil
fuels per capita, both with positive loadings. Democracy and Education
Expenses show negative loadings. This suggests that PC2 differentiates
countries based on the environmental damage they cause relative to
their governance structures. This component highlights the tension

Table 11
K-means cluster statistics of country social indicators.
Cluster
0 1 2 3 4 5 6 7
count 6 13 34 11 17 20 23 4
Continent unique 3 4 4 2 2 4 4 1
top Africa Europe America Europe Africa Asia Europe Africa
freq 4 6 15 9 16 15 14 4
Region unique 5 7 12 4 5 8 9 4
top Southern Northern South Eastern Eastern South-Eastern Southern Southern
Africa Europe America Europe Africa Asia Europe Africa
freq 2 5 6 6 7 5 5 2
Economic unique 3 2 3 3 2 3 2 3
situation top Low-midlle High Low-midlle Upper-midlle Low Low-midlle High Low
freq 3 12 16 6 10 10 18 2
Mortality rate mean 7.36 7.25 6.67 14.83 7.73 5.96 10.19 9.66
std 1.62 1.54 1.28 1.05 1.28 1.75 1.74 2.2
min 5.58 5.3 3 12.79 5.85 1.22 6.5 8
max 9.43 10 9.33 16.55 9.85 8.6 12.6 12.86
LEB mean 65.77 82.01 72.63 73.44 62.63 72.45 78.98 59.61
std 1.82 1.34 3.75 2.28 2.46 5.34 3.26 3.51
min 63.44 79.28 64.11 70.17 58.63 64.17 72.13 54.69
max 68.01 83.43 85.5 77.72 66.77 84.47 84.56 62.83
Education Exp mean 6.64 6.55 4.78 4.42 3.29 3.09 4.72 7.93
std 1.34 1.2 0.99 1.03 1.04 0.97 0.73 1.31
min 5.02 4.8 2.87 2.71 1.37 1.67 3.27 6.64
max 8.44 8.61 7.04 6.6 5.36 4.95 5.68 9.28
Eletr Access mean 83.36 99.99 98.04 99.99 48.27 95.14 99.98 39.18
std 14.51 0.03 3.22 0.03 15.35 8.34 0.11 12.65
min 64.3 99.9 85.44 99.9 18.72 67.3 99.46 26.31
max 100 100 100 100 79.99 100 100 52.3
Dem mean 74.83 93.38 63.56 62.09 38 29 90.91 62
std 6.43 7.17 18.85 26.37 13.49 18.62 7.3 14.09
min 66 76 8 11 16 2 66 43
max 84 100 91 90 60 82 98 77
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Table 12
Detected and removed environmental outliers using a threshold of mean + 3 stand. deviations.
Country Continent Region Economic situation GHG Coping C0o2 PM Fuel Solar EPI
Bahrain Asia Western Asia High 36.7 3.0 4.10 99.9 5.20 0.007 51.0
Brunei Darussalam Asia South-Eastern Asia High 27.0 3.5 2.42 4.6 2.78 0.003 54.8
Kuwait Asia Western Asia High 31.2 3.7 Na 99.7 4.62 0.019 53.6
Qatar Asia Western Asia High 43.3 2.9 2.66 100.0 3.83 0.002 37.1
Turkmenistan Asia Central Asia Upper-middle 31.1 5.9 Na 100.0 1.12 Na 43.9
United Arab Emirates Asia Western Asia High 26.9 1.8 2.12 99.9 3.39 0.251 55.6
Iran, Islamic Rep. of Asia Southern Asia Low-middle 9.7 4.6 11.50 99.9 0.81 0.005 48.0
Mongolia Asia Eastern Asia Low-middle 16.4 4.6 7.53 91.8 0.37 0.029 32.2
Syrian Arab Rep. Asia Western Asia Low 2.3 5.5 9.85 100.0 0.42 0.001 Na
Uzbekistan, Rep. of Asia Central Asia Low-middle 5.5 3.8 7.81 100.0 0.43 0.000 44.3
Canada America Northern America High 17.8 2.4 1.41 0.5 0.93 0.095 71.0
Iceland Europe Northern Europe High 7.2 1.9 0.29 3.7 0.32 0.019 72.3
Ireland Europe Northern Europe High 11.9 1.8 0.46 3.4 1.24 0.018 72.8
Mauritius Africa Eastern Africa Upper-middle 5.1 2.8 1.27 10.5 0.51 0.085 45.1
New Zealand Oceania Australia and New Zealand High 15.8 1.8 0.67 0.2 0.43 0.028 71.3
Norway Europe Northern Europe High 8.6 1.6 0.39 0.8 0.18 0.030 77.7
United States America Northern America High 16.6 2.2 0.89 8.9 2.21 0.231 69.3
Bahamas America Caribbean High 6.9 3.1 0.98 98.7 2.16 0.007 43.5
Oman Asia Western Asia High 20.9 3.7 4.46 99.9 2.31 0.028 38.5
Saudi Arabia Asia Western Asia High 19.8 3.4 2.93 99.8 2.21 0.003 44.0
Australia Oceania Australia and New Zealand High 22.3 2.1 1.23 18.2 2.03 0.812 74.9
Belgium Europe Western Europe High 8.7 1.8 0.68 86.6 0.60 0.483 73.3
Germany Europe Western Europe High 8.3 1.6 0.65 55.9 1.03 0.645 77.2
Japan Asia Eastern Asia High 8.7 1.5 0.82 98.4 1.53 0.569 75.1
Netherlands Europe Western Europe High 8.9 1.3 0.66 85.7 1.31 0.637 75.3
Table 13 Table 14
Silhuette scores of the environmental k- K-means envirnomental cluster composition of countries.
means clusters. Cluster  Country
# Clusters Score 0 *Algeria’, "Argentina’, ’Armenia, Rep. of’, ’Azerbaijan, Rep. of’, 'Belarus,
3 0.431 Rep. of’, 'Bosnia and Herzegovina’, *China, P.R.: Mainland’, "Egypt, Arab
4 0.457 Rep. of’, "Georgia’, 'Grenada’, 'Guyana’, 'India’, 'Iraq’, "Jamaica’,
5 0.416 *Jordan’, ’Kazakhstan, Rep. of’, "Lao People’s Dem. Rep.", ’Lebanon’,
6 0.413 ’Malaysia’, "Maldives’, "Marshall Islands, Rep. of the’, "Mexico’,
7 0.405 ’Moldova, Rep. of’, 'Montenegro’, "North Macedonia, Republic of *,
8 0.407 ’Russian Federation’, *South Africa’, *Suriname’, ’Tajikistan, Rep. of’,
9 0.368 *Thailand’, *Trinidad and Tobago’, *Tunisia’, *Ukraine’, *Vietnam’
10 0.353 1 ’Antigua and Barbuda’, 'Barbados’, 'Bulgaria’, *Chile’, *Cyprus’, 'Czech

between environmental impact (CO2 damage) and governance factors
(democracy), which is alignment with the findings of Giiltekin et al., [2],
who concluded that countries with lower levels of democracy tend to
experience higher levels of pollution.

The third principal component (PC3, 9.46%) has high negative
loadings for Unemployment and Education Expenditure, while Foreign
Direct Investment (FDI) has a strong positive loading. This component
appears to capture the relationship between economic instability (un-
employment, low education expenditure) and foreign investment, as
well as health outcomes (mortality).

The fourth principal component (PC4, 7,37%) captures a relatively
small portion of the total variance compared to PC1, but still provides
meaningful insights. The contrast it highlights — between countries with
higher mortality and lower unemployment versus those with lower
educational expenditure and poorer air quality — can reveal important
social and environmental dynamics in specific groups of countries.

Finally, the fifth principal component (PC5, which accounts for
6.81% of the variance), though explaining slightly less variance than
PC4, highlights a unique economic dimension, which is particularly
centered on inflation and its impacts. This component contrasts eco-
nomic instability, which is chracaterised by high inflation, with more
favourable life outcomes, such as moderate to high life expectancy and
widespread access to electricity. PC5 thus reflects the disparities in
economic and social resilience, illustrating how inflationary pressures
caneither coexist with or counteract other aspects of well-being.

The k-means cluster analysis of global development indicators
(Tables 16, 17 and 18) provides insights into how countries are grouped

10

Rep.’, "Greece’, "Hungary’, ’Israel’, 'Italy’, 'Korea, Rep. of’, 'Malta’,
’Poland, Rep. of’, 'Romania’, *Singapore’, *Slovak Rep.’, *Slovenia, Rep.
of’

2 ’Afghanistan, Islamic Rep. of’, *Albania’, ’Angola’, 'Bangladesh’, ’Belize’,
’Benin’, 'Bhutan’, "Bolivia’, 'Botswana’, *Brazil’, *Burkina Faso’,
’Burundi’, *Cabo Verde’, *Cambodia’, *Cameroon’, *Central African Rep.’,
’Chad’, ’Colombia’, *’Congo, Dem. Rep. of the’, *Congo, Rep. of’, ’Costa
Rica’, 'Djibouti’, 'Dominica’, 'Dominican Rep.’, ’Ecuador’, "El Salvador’,
*Equatorial Guinea, Rep. of’, "Eswatini, Kingdom of’, *Ethiopia, The
Federal Dem. Rep. of’, "Fiji, Rep. of’, 'Gabon’, ’Gambia, The’, ’Ghana’,
’Guatemala’, 'Guinea’, *Guinea-Bissau’, "Haiti’, "Honduras’, "Indonesia’,
’Kenya’, ’Kiribati’, 'Lesotho, Kingdom of’, "Liberia’, "Madagascar, Rep.
of’, ’Malawi’, 'Mali’, "Mauritania, Islamic Rep. of’, "Micronesia, Federated
States of’, "Morocco’, "Mozambique, Rep. of’, 'Myanmar’, "Namibia’,
’Nepal’, 'Nicaragua’, 'Niger’, 'Nigeria’, 'Pakistan’, 'Panama’, 'Papua New
Guinea’, 'Peru’, "Philippines’, 'Rwanda’, ’Samoa’, *Sao Tomé and
Principe, Dem. Rep. of’, Senegal’, ’Sierra Leone’, *Solomon Islands’, ’Sri
Lanka’, *St. Lucia’, "St. Vincent and the Grenadines’, *Tanzania, United
Rep. of’, "Timor-Leste, Dem. Rep. of’, "Togo’, *'Tonga’, 'Uganda’,
’Vanuatu’, *Zambia’, *Zimbabwe’

3 ’Austria’, *Croatia, Rep. of’, 'Denmark’, 'France’, "Latvia’, ’Lithuania’,
’Paraguay’, 'Portugal’, *Spain’, *Switzerland’, *United Kingdom’,
*Uruguay’

Note: Notably, Finland and Sweden were omitted from this analysis due to un-
available PM2.5 data, though their GHG emissions (8.6 and 4.4 tons/capita,
respectively) and EPI (77.7 and 78.7, respectively) suggest they would likely
align with Cluster 3’s high-performance group. In the same way, two other
European countries (Estonia and Luxembourg) could not be classified for lack of
complete PM2.5 readings. Based on the indicators that are available,Estonia
(GHG = 7.7, EPI = 65.3) and Luxembourg (GHG = 14.0, EPI = 82.3) resemble
the high-income, high-GHG economies gathered in Cluster 1.
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Table 15
K-means cluster statistics of country envirnomental indicators.
Cluster
0 1 2 3
count 34 17 78 12
Continent unique 5 3 5 2
top Asia Europe Africa Europe
freq 15 10 41 10
Region unique 13 7 16 4
top Western Eastern Western Northern
Asia Europe Africa Europe
freq 6 6 15 4
Economic unique 3 2 3 2
situation top Upper- High Low- High
middle middle
freq 25 15 40 11
GHG mean 6.77 8.14 2.32 6.61
std 4.37 2.93 1.40 1.56
min 1.85 4.04 0.34 5.09
max 19.39 13.03 6.48 10.50
Coping mean 4.26 2.41 5.67 2.17
std 0.85 0.68 1.37 0.91
min 2.90 1.00 2.50 0.90
max 6.50 3.70 8.80 4.30
Cco2 mean 3.27 1.19 1.41 0.64
std 1.17 0.50 0.60 0.28
min 1.19 0.41 0.27 0.20
max 5.39 2.26 3.36 1.05
PM mean 98.18 98.47 98.66 43.82
std 5.67 3.69 4.39 20.50
min 71.52 84.58 69.72 15.92
max 100 100 100 79.16
Fuel mean 0.63 0.99 0.11 0.49
std 0.32 0.48 0.11 0.30
min 0.08 0.41 0.00 0.00
max 1.59 2.00 0.49 0.95
Solar mean 0.04 0.20 0.01 0.14
std 0.05 0.10 0.02 0.11
min 0.00 0.06 0.00 0.00
max 0.18 0.36 0.08 0.34
EPI mean 44.2 63.1 35.6 69.1
std 6.8 7.9 7.3 12.8
min 27.6 45.6 22.6 46.4
max 55.4 72.0 52.9 82.5

based on various development metrics. The optimal number of clusters
appears to be 8, as indicated by the highest silhouette score.

Cluster 0 includes high-income and highly developed countries such
as Israel, Korea, Malta, and Singapore. These countries likely have high
development indicators.

Cluster 1 consists of a mix of middle-income countries with diverse
development levels, including Argentina, India, and Mexico. This cluster
represents a range of developing countries with varying degrees of
economic and social development.

Cluster 2 contains low-income and developing countries, such as
Ethiopia, Ghana, and Uganda. These countries are likely characterized
by lower development indicators and higher economic challenges.

Cluster 3 includes mostly European countries, such as Austria,
Greece, and Italy. These countries are generally high-income with
advanced development indicators.

Cluster 4 features countries in transition or with emerging econo-
mies, such as Belarus, Kazakhstan, and Ukraine, all of which have in-
termediate development levels.

Cluster 5 includes countries with significant economic and devel-
opment challenges, such as Algeria, Pakistan, and Vietnam.

Cluster 6 consists of countries with relatively higher development
levels, including France, Latvia, and Uruguay.

Cluster 7 comprises countries with diverse but generally lower-
middle to upper-middle economic development, such as Bolivia and
Namibia.

The clusters represent a range of economic and development levels,
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from highly developed countries (Cluster 0) to low-income, developing
countries (Cluster 2). The composition of each cluster highlights
different stages of development and economic conditions, providing a
nuanced view of global development indicators.

Fig. 5 presents a clustering of countries based on the two principal
components derived from global development indicators. The distribu-
tion reveals clear patterns of similarity and disparity among countries
across the two dimensions (PC1 and PC2).

European countries, primarily from Clusters 0, 3, and 6 - such as
Malta, Austria, Greece, Italy, Slovakia, Slovenia, Croatia, France, Latvia,
Lithuania, and Romania - are grouped in the positive region of PC1 and
the negative region of PC2. This indicates strong economic develop-
ment, favourable environmental outcomes, and higher life expectancy,
all of which reflects strong performance on global development. These
results align with Caglar and Giirler [15], where high-income countries
also cluster together, with top scores on the Sustainable Development
Goal Index.

In contrast, countries with lower economic development, less
favourable environmental outcomes, and lower life expectancy —
including Algeria, Azerbaijan, Cambodia, India, Indonesia, Laos,
Lebanon, Nicaragua, Pakistan, Suriname, Tajikistan, and Vietnam — are
clustered together in the negative region of PC1 and the positive region
of PC2. This indicates shared challenges across these nations in terms of
developmental metrics.

Additionally, a distinct large cluster appears in the negative regions
of both PC1 and PC2, consisting mainly of countries from Cluster 2 and
parts of Cluster 1. These countries face significant economic and
developmental challenges, performing the worst in PC1. This aligns with
Caglar and Giirler [15], where clusters of low and middle-low-income
countries also show poorer results in the Development Index.

Finally, post-Soviet states, including Ukraine, Moldova, Belarus,
Kazakhstan, and the Russian Federation, primarily from Cluster 4,
appear closely grouped in another section of the map. Their proximity in
this region reflects shared historical, economic, and developmental
characteristics within the post-Soviet geopolitical sphere.

4.3. Policy implications of cluster findings

The clustering analysis reveals distinct development trajectories
across nations, each necessitating targeted policy interventions to
address their unique socio-economic and environmental challenges.

a) High-Income Clusters

For high-income clusters (Clusters 0, 3 and 6), exemplified by
countries such as Israel, Singapore, and France, the primary challenge
lies in decoupling economic growth from environmental degradation.
Despite achieving high Environmental Performance Index (EPI) scores
(65.3, 65.9 and 61.1, respectively) and robust social indicators (e.g.,
universal electricity access, life expectancy > 83, 79 and 76 years,
respectively), these nations exhibit persistently elevated greenhouse gas
(GHG) emissions (6.7-9.3 tons/capita), driven by energy-intensive in-
dustries and transportation systems. To reconcile this paradox, policy-
makers should prioritize carbon pricing mechanisms, such as phased
fossil-fuel taxation modeled after Sweden’s successful $137/ton CO2
levy, with revenue recycling to mitigate regressive impacts on low-
income households. Concurrently, scaling up distributed solar capac-
ity, as demonstrated by Australia’s outlier solar adoption (0.81 kW/
capita) through feed-in tariffs, could accelerate renewable energy tran-
sitions. Furthermore, industrial symbiosis policies, akin to the EU’s
Ecodesign Directive, should be mandated to reduce PM2.5 exposure,
which remains significantly lower in these clusters (e.g., 56.0% in
Cluster 6) compared to global averages (92.7%).

b) Low-Income Clusters

In contrast, low-income clusters (Clusters 2 and 7), including
Ethiopia, Niger, and Mozambique, face compounded vulnerabilities:
extreme energy poverty (50% average electricity access in Cluster 2;
South Sudan at 7.26%), high disaster susceptibility (Coping_Capacity
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Explained Variances: PC1: 37.80%, PC2:
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11.35%, PC3: 9.46%, PC4: 7.37%, PC5: 6.81%
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Fig. 4. PCA loadings heatmap of global development indicators.
Table 16 Table 17
Silhouette scores for k-means clusters of Composition of countries in k-means clusters based on global development
global development indicators. indicators.
# Clusters Score Cluster  Country
3 0.280 0 ’Israel’, "Korea, Rep. of’, "Malta’, *Singapore’
4 0.289 1 ’Albania’, "Argentina’, ’Armenia, Rep. of’, 'Bangladesh’, ’Belize’,
5 0.296 ’Bhutan’, ’Brazil’, *Colombia’, *Costa Rica’, 'Dominican Rep.’, "Ecuador’,
6 0.287 *El Salvador’, "Fiji, Rep. of’, 'Gabon’, 'Georgia’, 'Guatemala’, "Honduras’,
7 0.289 ’India’, ’Indonesia’, *Jamaica’, "Maldives’, "Mexico’, "Morocco’, "Nepal’,
8 0.308 ’Nicaragua’, 'Panama’, "Peru’, ’Philippines’, Samoa’, ’Sao Tomé and
9 0.239 Principe, Dem. Rep. of’, 'Timor-Leste, Dem. Rep. of’, *'Tonga’
10 0.256 2 ’Cambodia’, ’Cameroon’, ’Ethiopia, The Federal Dem. Rep. of’, 'Gambia,
The’, *Ghana’, 'Guinea’, 'Haiti’, 'Kenya’, 'Liberia’, "Madagascar, Rep. of’,
’Mali’, "Mauritania, Islamic Rep. of’, 'Mozambique, Rep. of’, 'Niger’,
mean = 6.4 in Cluster 2), and near-universal exposure to hazardous "Rwanda’, "Senegal’, "Sierra Leone’, *Tanzania, United Rep. of’, "Togo’,
PM2.5 levels (above 99%). Addressing these challenges requires inte- Uganda’, "Vanuatu’, Zambia
d soluti hat bridee basi d d i El ificati 3 *Austria’, 'Barbados’, Chile’, *Czech Rep.’, *Greece’, ’Italy’, 'Poland, Rep.
grated solutions that bri gt.e asic nefe s aI? resi .leI.lce. ectri catl.on of, *Slovak Rep.", ‘Slovenia, Rep. of
efforts must leverage off-grid solar microgrids, building on models like 4 *Belarus, Rep. of’, *Kazakhstan, Rep. of, *Malaysia’, "Moldova, Rep. of’,
Kenya’s pro-poor rooftop solar programs, which achieved 50% adoption "Russian Federation’, "Trinidad and Tobago’, "Ukraine’
through public-private partnerships. Simultaneously, community-based 5 ‘Algeria’, *Azerbaijan, Rep. of’, "Lao People’s Dem. Rep.", "Lebanon’,
adaptation strategies, such as Bangladesh’s cyclone early-warning sys- Pakistan’, Sur":'af"e’ Tajl}“sta',"’ ,Rep[ of, ?ﬁafla"d’ Vietam’ ,
. . ) 6 *Croatia, Rep. of’, *France’, 'Latvia’, 'Lithuania’, "Paraguay’, 'Romania’,
tems, should be mainstreamed into national development plans to “Uruguay’
enhance disaster preparedness. Health-environment co-benefits can be 7 *Bolivia’, *Botswana’, *Eswatini, Kingdom of’, *Lesotho, Kingdom of’,

realized through subsidies for clean cookstoves, which reduce indoor air
pollution linked to elevated mortality rates (7.45 and 9.66 deaths/1000,
respectively) in these regions.

¢) Transitional Economies

Transitional economies (Cluster 4), such as Ukraine, Kazakhstan, and
Russia, exhibit mixed trajectories characterized by moderate GDP/cap-
ita ($8,393) but volatile governance deficits (mean democracy score =
44). To stabilize growth and align with sustainability goals, these na-
tions should condition FDI on green manufacturing, emulating

’Namibia’, *South Africa’, ’St. Vincent and the Grenadines’

Vietnam’s solar panel export hubs through tax incentives. Anti-
corruption measures, including transparency benchmarks tied to EU
accession funds, as implemented in Moldova’s 2021 judicial reforms,
could strengthen institutional capacity. Additionally, a just transition for
fossil-fuel-dependent workers is critical; Germany’s Coal Phase-Out Act,
which allocated €40 billion for retraining and regional diversification,
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Table 18
Statistics of k-means clusters for global development indicators of countries.
Cluster
0 1 2 3 4 5 6 7
count 4 32 22 9 7 9 7 7
Continent unique 2 5 4 2 3 3 2 2
top Asia America Africa Europe Europe Asia Europe Africa
freq 3 15 19 7 4 7 5 5
Region unique 4 11 6 5 4 6 5 3
top Various Central Western Eastern Eastern South-Eastern Northern/ Southern Southern
regions America Africa Europe Europe Asia Europe Africa
freq 1 8 10 3 4 3 2 5
Economic unique 1 2 2 1 3 2 2 2
situation top High Upper-middle ~ Low High Upper- Low-middle High Upper-middle
middle
freq 4 18 12 9 5 5 5 4
Mortality rate mean 6.08 7.20 7.45 10.90 11.90 6.57 12.24 9.66
LEB mean 83.22 72.32 63.58 79.29 72.41 72.12 76.56 63.53
Education Exp mean 4.93 4.53 3.65 4.90 4.82 3.85 4.50 7.11
Eletr Access mean 100.00 96.81 50.04 100.00 99.99 99.02 99.96 76.98
Dem mean 74.25 62.91 45.18 90.67 44.00 30.11 85.71 66.71
GDP mean 41735 5181 1204 23498 8393 3491 18046 4479
Inflation mean 0.52 3.99 7.41 1.66 3.42 17.05 2.27 2.54
Unemploy-ment mean 4.14 8.97 4.95 7.60 4.85 7.10 7.86 19.76
FDI mean 14.50 1.69 5.55 1.62 213 1.97 2.36 0.93
GHG mean 9.29 3.20 1.55 7.98 11.13 4.75 6.73 4.38
Coping mean 1.75 4.40 6.37 2.30 3.74 4.73 2.90 4.91
Cco2 mean 0.79 1.61 1.32 1.18 3.90 3.88 0.84 2.09
PM mean 99.91 97.58 99.38 94.29 94.77 99.50 56.02 99.87
Fuel mean 1.680 0.240 0.030 0.790 1.080 0.410 0.370 0.260
Solar mean 0.260 0.020 0.000 0.200 0.040 0.030 0.060 0.030
EPI mean 65.3 42.3 30.3 65.9 48.2 40.8 61.1 39.7
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Fig. 5. Cluster graph of countries based on the two principal components of global development indicators.

offers a replicable framework for Kazakhstan’s coal-intensive regions.
d) Cross-Cutting Priorities
Cross-cutting priorities underscore the need for global solidarity and
data-driven targeting. Expanding satellite-based air quality monitoring

13

in data-scarce regions (e.g., sub-Saharan Africa, where 80% lack ground
stations) would refine policy precision. Meanwhile, advanced econo-
mies should fulfill unmet climate finance pledges, such as the COP28
commitment to triple renewables, by redirecting IMF Special Drawing
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Rights (SDRs) to resilience projects in low-income clusters. These mea-
sures, grounded in empirical clustering insights, offer a roadmap for
achieving equitable and sustainable development across diverse na-
tional contexts.

5. Conclusions

Adopting a multi-dimensional clustering approach, this study pro-
vides a comprehensive analysis of the interrelationships between eco-
nomic development, environmental quality, and social indicators. By
examining a diverse range of variables — spanning economic perfor-
mance, social conditions, and environmental metrics — our findings offer
valuable insights into how these dimensions intersect and vary across
different countries.

This study contributes to the literature by (1) integrating economic,
social, and environmental indicators into a unified clustering frame-
work, (2) identifying distinct global development patterns that reveal
disparities often masked in single-dimension analyses, and (3) proposing
a novel ’Global Development and Resilience Index’ to benchmark
countries’ progress.

The results confirm that high-income countries generally exhibit
better environmental outcomes and social indicators compared to their
lower-income counterparts. Countries in high-income clusters demon-
strate robust environmental performance and better social conditions.
Conversely, lower-income and emerging economies often face signifi-
cant challenges related to environmental degradation and social
disparities.

The clustering analysis reveals distinct patterns in social indicators.
High-income countries are characterised by higher life expectancy,
greater access to education, and better overall health outcomes. In
contrast, lower-income countries tend to have lower education expen-
diture, higher mortality rates, and limited access to essential services
such as electricity. These disparities underscore the importance of
addressing social inequalities as part of sustainable development efforts.

The study highlights substantial differences in environmental per-
formance across countries. High-income nations tend to achieve better
environmental outcomes, but often have higher greenhouse gas (GHG)
emissions, despite their superior environmental performance indices.
However, reliance on fossil fuels remains a common challenge, even
among economically advanced countries. On the other hand, many low-
income countries, despite having lower overall emissions, struggle with
poor air quality and limited capacity to cope with environmental crises.
The application of k-means clustering and principal component analysis
(PCA) reveals that countries can be grouped into distinct clusters based
on their economic, social, and environmental characteristics. These
clusters reflect varying levels of development and highlight the complex
interplay between economic growth and environmental sustainability.
The findings emphasise that a one-size-fits-all approach to policy-
making is inadequate, and that instead tailored strategies are needed
to address the specific challenges faced by different groups of countries.

Based on the interpretation of the first principal component and its
strong correlations with key economic, social, and environmental vari-
ables, the resultant scores can be aptly labelled the ‘Global Development
and Resilience Index’. This index reflects a holistic measure of a coun-
try’s overall development, social well-being, environmental perfor-
mance, and resilience to challenges. Countries with the highest PC1
scores, such as the Republic of Korea, Israel, Austria, Italy, and
Singapore, are recognised for their robust development and resilience.
These nations generally exhibit strong economic performance, high so-
cial indicators (such as education and healthcare), as well as effective
environmental management, making them well-equipped to handle
economic or environmental challenges.

However, it is essential to acknowledge that certain outlier countries
which deviate significantly from global averages due to their extreme
economic, social, or environmental conditions, were removed from the
PCA analysis in order to ensure more accurate and meaningful clustering
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of the remaining nations. High-income countries such as Ireland,
Luxembourg, and Switzerland are economic outliers, due to their
exceptionally high GDP per capita, whereas countries such as Venezuela
and Zimbabwe are outliers, due to low GDP and extreme inflation. Social
outliers such as Serbia and Cuba display unique combinations of high
education expenditure, high access to electricity, which contrasts with
the other indicators. Similarly, environmental outliers such as Qatar,
Bahrain, and Kuwait demonstrate high emissions and poor environ-
mental performance, challenging their overall sustainability.

The insights from this study underscore the need for integrated
policy approaches that simultaneously address economic, social, and
environmental goals. Policymakers should consider the multifaceted
nature of development and tailor interventions to the specific needs and
capacities of different countries. For instance, strategies to improve
environmental performance in emerging economies might include sup-
porting renewable energy transitions and enhancing coping capacities
for environmental challenges. Meanwhile, high-income countries may
need to focus on reducing their reliance on fossil fuels and addressing
remaining environmental and social inequalities.

In conclusion, achieving sustainable development requires a
nuanced understanding of how economic growth, environmental stew-
ardship, and social progress intersect. This study provides a framework
for analysing these relationships and offers actionable insights for pol-
icymakers whose goal is to foster a more equitable and sustainable
global future. As the world continues to confront complex challenges,
ongoing research and data-driven approaches will be crucial in guiding
effective and informed policy decisions.

While this study offers valuable insights into the multidimensional
clustering of countries based on socio-environmental indicators, it is not
without limitations. First, the analysis is constrained by the availability
and comparability of data across countries, which may lead to the
exclusion of some nations or introduce biases. Second, the selected
variables, while broad in scope, do not capture all aspects of sustain-
ability, such as biodiversity or cultural factors, which could influence
clustering outcomes. Third, the cross-sectional nature of the data also
limits the study’s ability to account for temporal dynamics. Fourth, the
clustering results are sensitive to the choice of variables and normali-
zation techniques; future studies could explore alternative methodolo-
gies (e.g., hierarchical clustering) to validate robustness. Finally, while
PCA reduces dimensionality, interpreting principal components requires
caution, as they may conflate correlated but distinct phenomena.
Addressing these limitations in future work could further refine the
understanding of global development dynamics.

The identified clusters provide policymakers with a nuanced un-
derstanding of how countries compare in terms of environmental, social
and economic development. For instance, countries in clusters with low
electricity access and education expenditure may benefit from targeted
infrastructure investment and capacity building. Similarly, the high
performance of countries in more balanced clusters could offer models
for integrated development. These findings underscore the importance
of context-sensitive policies that align with a country’s specific socio-
environmental profile rather than one-size-fits-all solutions.

Future studies could build on this work by incorporating dynamic,
panel-based datasets to explore how countries transition between clus-
ters over time. Additionally, expanding the indicator set to include more
dimensions of sustainability, such as renewable energy adoption,
climate vulnerability, or institutional resilience, could enrich the anal-
ysis. Finally, applying this clustering approach at sub-national or
regional levels may provide more granular insights for localized
policymaking.
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Appendix 1: Countries retained in principal components analysis (PCA)

Country Continent Country Continent Country Continent
Albania Europe Guatemala America Pakistan Asia
Algeria Africa Guinea Africa Panama America
Argentina America Haiti America Paraguay America
Armenia Asia Honduras America Peru America
Austria Europe India Asia Philippines Asia
Azerbaijan Asia Indonesia Asia Poland, Rep. of Europe
Bangladesh Asia Israel Asia Romania Europe
Barbados America Italy Europe Russian Federation Europe
Belarus Europe Jamaica America Rwanda Africa
Belize America Kazakhstan, Rep. of Asia Samoa Oceania
Bhutan Asia Kenya Africa Sao Tomé and Principe Africa
Bolivia America Korea, Rep. of Asia Senegal Africa
Botswana Africa Lao Asia Sierra Leone Africa
Brazil America Latvia Europe Singapore Asia
Cambodia Asia Lebanon Asia Slovak Rep. Europe
Cameroon Africa Lesotho, Kingdom of Africa Slovenia, Rep. of Europe
Chile America Liberia Africa South Africa Africa
Colombia America Lithuania Europe St. Vincent and the Grenadines America
Costa Rica America Madagascar, Rep. of Africa Suriname America
Croatia, Rep. of Europe Malaysia Asia Tajikistan, Rep. of Asia
Czech Rep. Europe Maldives Asia Tanzania, United Rep. of Africa
Dominican Rep. America Mali Africa Thailand Asia
Ecuador America Malta Europe Timor-Leste, Dem. Rep. of Asia
El Salvador America Mauritania Africa Togo Africa
Eswatini Africa Mexico America Tonga Oceania
Ethiopia Africa Moldova, Rep. of Europe Trinidad and Tobago America
Fiji Oceania Morocco Africa Uganda Africa
France Europe Mozambique Africa Ukraine Europe
Gabon Africa Namibia Africa Uruguay America
Gambia Africa Nepal Asia Vanuatu Oceania
Georgia Asia Nicaragua America Vietnam Asia
Ghana Africa Niger Africa Zambia Africa
Greece Europe

Data availability [7] B. Almarafi, M. Khudari, A. Abdullah, A critical review of the relationship between

Data will be made available on request.
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