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Abstract 83?

Climate change is a critical issue that is expected to remain high on the polit- 028

ical agenda for decades to come. While policy discussions at the international 029
and national levels are essential, public awareness of climate change plays an

equally crucial role in shaping effective responses. Since countries differ markedly 030

in their exposure to climate-related risks, understanding cross-country differ- 031

ences in climate change awareness is particularly important. In this paper, we 032

present a geographically-informed hierarchical clustering analysis aimed at iden- 033

tifying groups of countries with similar levels of climate change awareness. We 034

employ a Ward-type clustering algorithm that integrates information on climate 035

change awareness, socio-economic conditions, climate-related characteristics, and 036

geographical distances between countries. To select appropriate values for the 037

clustering hyperparameters, we propose a data-driven selection procedure that 038

jointly accounts for within-cluster homogeneity, between-cluster separation, and 039

explicit comparisons between geographically informed and non-spatial parti- 040
tions. Findings reveal that incorporating spatial information leads to more stable

clustering solutions and yields interpretable, geographically compact groupings 041

relative to clustering approaches that ignore geography. In particular, we identify 042

a clear contrast between Western countries, characterized by high and spatially 043

cohesive levels of climate change awareness, and countries in Asia, Africa, and 044

the Middle East, which exhibit lower average awareness and greater internal 045

heterogeneity. 046
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1 Climate change and public awareness

Climate change represents one of the greatest challenges that this and the future
generations will face. Climate change poses serious risks to the planet’s future and
is a cause of environment’s degradation. Historically, these changes have happened
during a large part of Earth’s history, but their evolution has always been rather
slow if compared to the current trend. In many cases, the changes took hundreds if
not millions of years to manifest themselves in a geologically detectable way (Loarie
et al. 2009). Natural and anthropogenic emissions are both responsible of the current
situation, but the scientific community agrees that humans have a key role in the extent
and speed of these changes. Basically, the main drivers of these negative changes are
associated to human behavior, especially when the rising global population became
focused with the growth at all costs, which frequently leads to disregard the severe
repercussions in natural systems and the consequences that follow from this (Loarie
et al. 2009).

Using fossil fuels for power, heating, and transportation has significantly raised
greenhouse gas emissions and changed patterns of precipitations and temperature
throughout the world. In 2022, the average worldwide temperature was approximately
0.86°C higher than the 20th century average and the last 50 years (almost) there was a
continuous exceeding of the average values of previous years (Wang et al. 2023). About
weather patterns, and in particular precipitations, the effects of climate change are
becoming more and more evident globally, as evidenced by the extreme weather events
and related disasters that occur all over the world. Some of the most well-known events

are the forest fires in Australia (like the devastating fires that occurred in Australia



in 2019-2020, Canadell et al. 2021) and in the United States (especially in California,
Goss et al. 2020) or the intense rainfall in China (Sun et al. 2022), the droughts in
South Africa (Meza et al. 2021). These facts are now becoming common nowadays,
but unfortunately they are not the only catastrophic events that are happening, just
consider the melting of the glaciers and the reduction of snow on mountain tops, the
rising sea levels, the changes to river flow patterns, and the risk of extinction of many
species worldwide. In relation to this last point in fact, it has been estimated that,
as worst case scenario, it is possible to witness a species loss between 16% and 30%
(Romén-Palacios and Wiens 2020), which means millions of animals and plants to
disappear (Andy 2019). Each one of these events will have several repercussions on
the life of human beings and the animal species that live, hunt or base their life cycle
on their environment.

As previously stated, all countries are impacted by climate change, however cer-
tain areas may be more exposed to particular effects. Given the seriousness of the
problem, it is necessary to find solutions which, however, will probably require a long
term to be implemented. For instance, reducing the amount of carbon dioxide in the
atmosphere should be the primary goal to mitigate and carry out adaptation strate-
gies for climate change. Other strategies include limiting development in floodplains,
safeguarding naturally occurring wetlands and barrier islands, and fortifying vulner-
able coastal communities with sea walls and levels (Titus 1986). The goal of these
policy tools is to make ecosystems and people more resilient to the fluctuations and
changes in climate. Nevertheless, these initiatives may worsen disparities about the
effects of climate change and provide challenges for regional policy coordination. For
example, carbon intensive societies have a bigger absolute burden from attempts to
reduce greenhouse gas emissions, since the costs associated with abatement, transi-
tion, and compliance are higher (Zahran et al. 2007; Edmonds and Sands 2003). In

fact, as stated in the Global Climate Risk Index 2021 issued by the Germanwatch
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observatory, developing nations are less able to adapt, making them more vulnerable
to the consequences of climate change (Eckstein et al. 2021). In 2019, eight of the ten
most severely impacted countries in terms of deaths and economic losses caused by
extreme weather events (such as storms, floods, heatwaves, etc.) were, low- to lower-
middle-income countries. Bahamas, Zimbabwe and Mozambique were three of the most
impacted countries. Since countermeasures are not so easy and fast to implement,
it is vital that governments of all countries take action to mitigate climate change.
One of the possible pushes to act should come from the populations. For this to hap-
pen, it is necessary for individuals to become aware of the importance and urgency of
interventions. Increasing public awareness on the causes and effects of climate change
is of crucial importance because it can motivate policymakers to take action to cut
greenhouse gas emissions and encourage individual behavioral adjustments. Given the
different levels of vulnerability of countries around the world to the effects of climate
change, the aim of this work was to examine how nations differ in terms of their
degree of knowledge of the problem. Next, we present the findings of an analysis based
on a spatially-constrained hierarchical clustering. To this aim, we compare different
clustering scenarios in which combinations of socio-economic, climate, and geographic
data were tested, while maintaining the settings of number of clusters and the mixing
parameter! « (for more information about « see Section 2.2).

Climate change awareness varies significantly across nations, partly due to the
influence of cultural and environmental factors, as well as their interactions. However,
socioeconomic factors also play their role. Culture and environment can determine
the priority given to addressing climate change, while environmental factors influence
the severity of climate change impacts on the population. Early cross-national stud-

ies have established that wealth, education and unemployment levels, are predictors

Mn the framework proposed by Chavent et al. (2018), the mixing parameter & governs the contribution
(i.e., the relative importance) of each dissimilarity matrix to the clustering criterion, effectively tuning the
trade-off (i.e., the strength) between socio-economic similarity and spatial proximity.



of climate awareness globally Knight (2016); Kvalgy et al. (2012). Kim and Wolinsky-
Nahmias (2014) showed that vulnerability to climate impacts and national wealth
interact in complex ways, with wealthier nations showing greater baseline awareness,
however, less wealthy nations frequently show more support for climate policy. Recent
research examined the influence on climate change awareness and risk perceptions of
socio-demographic information, geography, perceived well-being and beliefs Lee et al.
(2015). The authors found that educational levels are the most reliable indicator of
climate change awareness and they suggest improving basic education and climate
knowledge. In a more recent study by Poortinga et al. (2019), the authors explained
the role of political orientation and human values as well as the well-known socio-
demographic and educational aspects, stressing the importance of collecting data on
people’s opinions. This work is based on data from 23 countries (mostly European)
and showed that in Central and Eastern European regions many predictors tend to
have a weaker effect, while in Northern and Western Europe the relationship between
these predictors and climate awareness is stronger. Importantly, higher awareness does
not automatically translate into proportional risk perception or behavioral change,
because these are influenced by personal experience and in many regions of the world
people never personally witnessed the consequences of climate change Weber (2006);
Gifford (2011). Additionally, several authors have examined the effects of weather on
climate change awareness and found that relationship with personal observation of
local weather Li et al. (2011); Howe et al. (2013); Myers et al. (2013) and weather
extremes Leiserowitz et al. (2018), underlining the importance of also taking these
data into consideration in the analyses. Despite the growing body of research, signifi-
cant gaps remain in our understanding of the spatial structure of awareness patterns
and how geographic aggregation can inform targeted policy interventions. Most exist-

ing studies focus on one or a few countries at a time, often from the same geographic
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region, or on a few or single determinants. In our study, however, we aimed at collect-
ing data from over one hundred countries worldwide and jointly assessing numerous

socioeconomic factors and the effects of spatial interdependence.

1.1 Related works on geographical clustering and our

contribution

In recent years, many works have shown the usefulness of performing spatial clustering
with data of different nature. Hincks et al. (2023) developed a new spatial typology of
climate change risk for European cities and regions based on k-means clustering. They
used 49 variables at the NUTS-3 level for 33 European countries and showed a sub-
stantial spatial heterogeneity in climate risk across Europe. Their findings show that
climate change risk present patterns which can be addressed only with an approach
that takes into account the transboundary nature of the problem whose fight may be
less efficient because of different political commitment, resource availability, and risk
awareness. In their work, Abdelgadir et al. (2025) showed that if spatial clustering is
combined with predictive modeling it can become a powerful tool for identifying con-
servation areas for endangered species. By combining spatial clustering and ensemble
species distribution modeling they achieved 88-95% prediction accuracy in mapping
the White-eyed gull biogeography. The analysis revealed that climate change will likely
significantly impact the spatial distribution of these seabirds, reducing current suit-
able habitats and shifting it toward the Mediterranean Sea. The spatial clustering
approach can successfully identify geographically coherent areas requiring protection
and can be generalized to other species and with appropriate changes it might also be
possible to adapt it to other contexts. Yang et al. (2025) analyzed the usefulness of
the spatial clustering analysis to discover how organisms’ spatial organization affects
climate-related activities like carbon sequestration. They investigated how tree size

and spatial clustering affected soil organic carbon storage in forests in Northeast China,



analyzing 720 plots across a 7.2 hectare in a forest. Their findings showed that soil
with different types of trees was positively associated with the carbon sequestration,
partially because they improved the soil physical conditions and aggregate stability.
This work demonstrates that the spatial structure of organisms that are distributed
and clustered in space can be of critical importance, suggesting that discovering spa-
tial patterns could represent a nature-based but underutilized climate solution. These
works reinforce the importance of discovery structures in the data and therefore the
idea that strategies to adapt to climate change cannot follow a uniform approach,
as the uneven distribution of risks, resources or awareness across regions necessitates
different spatially-informed strategies.

With respect to the clustering methods, several solutions have been proposed in the
literature to determine the optimal partition based on a homogeneity criteria based
on dissimilarity (see e.g., Gordon 1996; Ambroise et al. 1997; Liao and Peng 2012;
Miele et al. 2014; Pawitan and Huang 2003).

In some cases, it makes sense to limit the range of feasible solutions, for instance
by imposing contiguity constraints. Contiguity constraints can be both in time or in
space and are the most prevalent kind. These constraints arise when an object in a
cluster must be both similar to every other elements of a group and part of a contin-
uous group of elements. Basically, if there is a path connecting each pair of elements
in a cluster, then the cluster is said to be contiguous. Let C be the contiguity matrix
where each entry c;; can be equal to 1 if the ¢-th element is contiguous to the j-th ele-
ment and equal to 0 otherwise, then we can consider two clusters to be contiguous if
the contiguity matrix shows a relationship (¢;; = 1) between two elements (one from
each cluster). However, many of the proposed methods work by considering that, if
two elements are very similar but are located in different areas, the criterion based
on spatial proximity will separate them into two different clusters. A possible solution

is to consider soft constraints, so that the spatial contiguity does not create a sharp
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separation. In accordance with this logic, some methods proposed to merge the dissim-
ilarity matrix derived from non-geographical features and the matrix of geographical
distances (Oliver and Webster 1989; Bourgault et al. 1992). In this combination, the
weights assigned to the geographical dissimilarities will provide more or less geograph-
ically contiguous clusters, but in this type of approach the issue is shifted to choosing
the right weights.

This paper pursues several complementary goals, spanning methodological devel-
opment, comparative assessment, and empirical application. From an applied per-
spective, the study aims to identify and interpret global patterns of climate change
awareness, with particular emphasis on their spatial heterogeneity and their relation-
ship with broader socio-economic and environmental conditions. A second objective
is to evaluate the extent to which incorporating geographical (spatial) information
improves the identification of homogeneous groups of countries, and how spatial
constraints reshape clustering outcomes relative to purely feature-based approaches.
Moreover, the proposed research framework is designed to support policy-relevant seg-
mentation of countries, providing a structured basis for understanding cross-country
differences in climate awareness and for informing geographically targeted communi-
cation strategies. We address these goals by building upon the Ward-like hierarchical
clustering technique with geographical (or spatial) constraints introduced by Chavent
et al. (2018) and further extended to the spatio-temporal setting by Morelli et al.
(2025) and ?. This method employs a convex combination of two dissimilarity matrices,
namely Dy and Dy, which contain, respectively, information about a set of clustering
features (in our case climate awareness, climate-related and socio-economic variables)
and the geography of the area of interest. The two dissimilarities are linearly combined
through a mixing hyperparameter «, enabling a direct comparison between spatially

constrained and unconstrained partitions. The method is suitable with both Euclidean



and non-Euclidean distances, being the latter the situation when considering geo-
graphical distances. The general idea under the algorithm is to generate geographically
compact clusters (i.e., with a marked spatial contiguity) of countries without exces-
sively deteriorating the quality of the solution based on the set of the available features.
However, under this setting, the selection of the key hyperparameters, namely the mix-
ing parameter @ and the number of clusters K, remains an open issue in the literature,
often addressed through ad hoc or sequential procedures (Mattera and Franses 2023).
Therefore, we contribute to this gap by proposing a data-driven procedure for the joint
selection of a and K, enabling a principled trade-off between spatial cohesion and
feature-based similarity, while improving the stability and interpretability of the result-
ing partitions. Specifically, the proposed selection algorithm automatically combines
multiple criteria, including within-cluster homogeneity, between-cluster separation,
and the comparison between geographically-informed and unconstrained solutions.
The proposed approach provides a systematic and transparent way to balance the
contribution of spatial and feature-based information, identifying configurations that
preserve clustering quality while ensuring an adequate degree of spatial coherence.
The remainder of the paper is organized as follows. Section 2 describes, on the
one hand, the climate change awareness data provided by the 2022 International
Public Opinion on Climate Change survey and the related statistical challenges,
and, on the other hand, the geographically-informed hierarchical clustering algorithm
employed in the empirical analysis. In this section, we also introduce a new, compu-
tationally feasible procedure for tuning the clustering hyperparameters that jointly
accounts for within-cluster homogeneity, between-cluster separation and extends exist-
ing approaches in the literature. Section 3 presents the empirical findings. We first
discuss a core clustering analysis in which countries are grouped using only climate

change awareness information and geographical proximity. We then report a set of
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robustness checks aimed at assessing the sensitivity of the clustering results to alter-
native specifications. These include: (i) an extended specification that incorporates a
broad set of climate-related and socio-economic variables, in addition to awareness
and spatial information, to evaluate how these factors affect clusters’ composition;
and (ii) a comparison between an unweighted clustering approach, where all obser-
vations receive equal weight, and a population-weighted version that accounts for
cross-country differences in population size. The results of all robustness exercises
are reported in detail in the . Finally, Section 4 con-
cludes the paper by summarizing the main findings and outlining directions for future

research.

2 Data and methods

2.1 Survey data on climate change awareness

To quantify the level of awareness of each country we used the “International public
opinion on climate change” survey. The most complete currently available edition is
the 2022 edition which includes responses from more than 108 thousands Facebook
users located in 192 countries worldwide (Leiserowitz et al. 2022). The survey was
carried out between March 25th and April 14th, 2025, in collaboration with “Data for
Good at Meta” and the main aim was to examine people’s knowledge, beliefs, atti-
tudes, policy preferences, and behavior related to climate change. The data collected
is representative of both actual Facebook users and the overall resident population
in a given country?. Indeed, for each country surveyed, the survey consists of sam-
ples in proportion to publicly available age and gender benchmarks. Specifically, data
were weighted separately for each country using a multi-stage, pre-and-post-survey

weighting process based on census and nationally representative survey benchmarks,

2We refer the readers to the Survey Method section in Appendix I “Survey Method” of Leiserowitz et al.
(2022) for details on the data collection strategy, including the full list of surveyed countries, country-specific
adjustments and the sample distribution across the countries.

10



Facebook demographics, and Facebook engagement metrics, balanced to the total
number of survey completions.

We stated that the survey covers a total of 192 countries worldwide; however, data
for 81 countries and territories with small populations and/or limited numbers of Face-
book users were combined into groups or areas, thereby forming a single representative
sample for each area. The five areas are Caribbean, Asian and Pacific Islands, and
Sub-Saharan African countries. Since the aim of the paper is to investigate the role of
geographic/spatial dimensions in determining homogeneous groups of countries based
on climate change awareness, defining the notion of spatial “centroid” for countries
that are already aggregated, and potentially scattered across the globe, could lead
to inconsistencies in the results and subsequent interpretations. Therefore, we chose
to exclude from the analysis the pre-grouped countries, which represent 5.62% of the
Facebook sample, and to consider only countries that can be matched to precise geo-
graphic or polygonal coordinates. The final count of countries considered in the rest of
the paper is hundred-three (N = 103)3. B1 B shows a map repre-
senting the unweighted number of respondents to the 2022 Climate Change Opinion
Survey in the 103 countries considered here. In addition, Figure 1 shows the world
map based on the awareness levels of each of the 103 selected countries. The map
shows that the US, Canada, Brazil, Australia, New Zealand, and almost all Europe
have high awareness values, while African countries and Asian countries have rather
low values of awareness (with some exceptions, e.g. Japan).

While the complete survey includes answers to numerous questions regarding the
degree of knowledge about climate change, its main causes, perception of the phe-

nomenon, and the degree of concern about it*, we collected data pertaining to “Overall

3 B2. B3 B4 reports the number of unweighted respondents for the n =
103 countries considered in the empirical analysis (taken from Appendix I of Leiserowitz et al. 2022)
supplemented with information on the national population and the number of Facebook users registered
from 2023 to 2025, broken down by gender (source: World Population Review 2026).

4We refer the reader to Appendix II “Results by Region” of Leiserowitz et al. (2022) for an extensive
descriptive analysis of the responses recorded for each question in the survey based on region of residence.
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Share of people with medium-low or low climate awareness (2022)

'l have never heard of it' = Low
'l know a little about it' = Medium-Low
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Fig. 1 World map representing the share of people in the 2022 survey with low and medium-
low climate change awareness at the country level. The share of people with low and medium-low
climate change awareness decreases toward green and increases toward red. The share was created
by aggregating the participants declaring little or no awareness (i.e., “I have never heard of it” and
“I know a little about it”), while the complementary was created by aggregating the participants
who declared moderate or high awareness of climate change (i.e.,“I know a lot of it” and “I know a
moderate amount about it”).

Climate Awareness,” summarized in the question “How much do you know about cli-
mate change?”. Users could respond to the question with five possible answers: “I
have never heard of it”, “I know a little about it”, “I know a moderate amount about
it” and “I know a lot about it”, plus an option to decline to answer. To pursue our
goals, in line with Leiserowitz et al. (2022), we reclassified the previous statements into
a binary response, namely the degree of climate change awareness, in which people
answering “I have never heard of it” and “I know a little about it” were merged into
the class ” Low or medium-low climate change awareness”, whereas people answering
“I know a lot of it” and “I know a moderate amount about it” were merged into ” High
or medium-high climate change awareness”. Then, for each country, we computed
the share of respondents associated with the two reclassified answers. We stress that,
while dichotomizing may result in a loss of information due to the compression of the

number of categories, it also simplifies analysis and interpretation and is immediately

12



compatible with the hierarchical geographical clustering algorithm that will be intro-
duced in Section 2.2. In fact, given the perfect collinearity between the two responses
(i-e., adding the two classes gives 1 by definition), it is only necessary to use the dissim-
ilarity matrix generated by one of the two categories (combined with the geographic
distance matrix) to partition the countries (following the approach of Chavent et al.
2018) without having to adopt methodological extensions, such as the multi-matrix
case developed by Morelli et al. (2025), which would significantly increase statistical

complexity at the expense of interpretative simplicity®.

2.2 Hierarchical clustering with geographical constraints

The survey data described above are employed as input of a hierarchical clustering
algorithm embedding geographical constraints to explore the climate change awareness
patterns. To do so, we considered the spatial hierarchical clustering algorithm pro-
posed by Chavent et al. (2018), which relies on a linear combination of the dissimilarity
in the feature space and the geographical distances (i.e., distance in the spatial coordi-
nates) to obtain the partitioning of the units under proximity constraint. Specifically,
this method makes use of two dissimilarity matrices, that is, a feature-based distance
matrix Doy = [do,i;]ij=1,....,n and a geographical distances matrix Dy = [d1 i;]ij=1,...,n-
The interpretation of the two matrices is straightforward: while the Dy matrix pro-
vides information on dissimilarity in the “feature space”, the D; distance matrix
embeds information in the geographical “constraint space”. Notice that to compute
the geographical distance we used the standard Euclidean distance function, which
consider the shortest path between two points on a curved surface, such as an ellip-

soid or sphere, which in this case is the Earth’s surface. Also, as we will see later, the

5In the scenario of a dissimilarity matrix derived from a socio-economic feature (Chavent et al. 2018), we
would only need to optimize two hyperparameters of the clustering model (the weight of the geographical
component « and the number of clusters K*), while in the case of multiple variables, and therefore multiple
matrices (Morelli et al. 2025), the scalar weight would become a vector with P elements, where P is the
number of clustering variables to be optimized.
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feature space in our application will comprehend a set of climate change awareness,
socio-economic, and climate-related variables at the national level for 2022.

Notice that, to model geographic proximity between countries, we employ the
FEuclidean distance between the centroids of national polygons, computed in a
projected coordinate system and expressed in kilometres. This choice follows a
well-established practice in spatial econometrics and geostatistical clustering litera-
ture (Mattera 2022; Basu and Sen 2023; Mattera and Franses 2023) and provides
several advantages. In particular, by employing the Euclidean distance for both socio-
economic data and space allow us to remain within a Euclidean framework even in
the multi-matrix case, as the two matrices are combined using a convex linear combi-
nation. It follows that all the clustering metrics that could be calculated in the case
of single-matrix Euclidean clustering, can also be used in this case of geographically-
informed clustering without restrictions. Moreover, we stress that several applications
demonstrate that the Euclidean distance provides a reasonable approximation to more
realistic travel or geodetic (i.e., Great Cicle) distances. For instance, Jones et al. (2010)
report a correlation of 0.99 between road-network driving distance and Euclidean dis-
tance between ZIP-code centroids, with relatively modest absolute differences®. Recent
studies explicitly employ the Euclidean distance between country centroids as a proxy
for travel or trade distance or international spatial proximity (Klein 2020; Nowotny
2019; Czaika 2020; Fenn-Moltu et al. 2023). In line with this literature, we interpret the

Euclidean centroid distance as a parsimonious proxy for the geographical separation

SWe replicated this check on our data by computing the linear correlation on the average distance among
each country and the other countries in the sample according to either Euclidean and Geodetic metrics.
According to our finding, the use of Euclidean distance generates values and rankings (to be understood
as the positioning of a country in terms of average distance from other countries in the sample) that are
compatible and consistent with those of geodesic distance. As proof of this, in Figure C2 of Appendix C we
provide the diagrams of the empirical relationship between the average distance of each country from the
rest of the world (i.e., average country-to-World distance) calculated using the Euclidean formula (X axis)
and the geodetic formula (Y axis) (left panel) and the empirical relationship between the ranks calculated
on the same average Euclidean and geodesic distances (right panel). The rankings slightly between +20
positions and the linear correlation is close to 1, showing an high degree of coherence between the two
methods.
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between countries. Overall, this simple robustness analysis confirms that the qualita-
tive features of the resulting spatial clusters remain stable when Euclidean distance is
replaced by the geodetic distance and vice versa.

The clustering is performed following a Ward-like hierarchical strategy in which
the dissimilarity matrix is given by a convex linear combination of Dy and Dy, linearly
related by a mixing parameter a (with 0 < o < 1), which controls the importance
(i.e., the strength) given to each dissimilarity matrix employed to cluster the units.
When the mixing parameter « approaches 1, contiguous units will be forced to cluster
together as the weight of the features dissimilarity becomes negligible and the only
relevant dimension is the geographical distance. In the extreme case of a = 1, the
clustering outcome is purely geographic, which can result in areas united only by
their proximity although being extremely dissimilar. On the contrary, for values of
a approaching 0, the spatial constraint will become progressively negligible and the
feature-based dissimilarities will prevail. When a = 0, the clustering outcome is driven
exclusively by features, potentially creating spatially fragmented clusters consisting of
regions/states located at great distances.

As in the classical Ward-like hierarchical procedure, the scope of the algorithm is
to minimize the convex combination of an homogeneity criterion calculated with Dy
(i-e., using only non-geographical features, such as the country-specific climate change
awareness) and the homogeneity criterion calculated with D; (i.e., computed using
only geographical distances among countries’ centroids). To this extent, recall that
when the mixing parameter « increases, the homogeneity computed with Dy decreases
while the homogeneity computed with D; increases. Also, in the same spirit of Ward’s
hierarchical clustering, we recall that the degree of homogeneity associated with a
partition is measured through its pseudo-inertia, that is a generalization of inertia—
defined as the total dispersion of a set of statistical units with respect to the Euclidean

distance—to the case of non-Euclidean distances. In the mixed approach, let I, denote
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the mixed pseudo inertia for a given value of «; therefore, the mixed pseudo inertia of

a generic cluster C* can be defined as follows:

o w;w; w;w;
Ia (Ck) = (1 - Oé) Z Z 21 UJ d(z),ij +a Z Z 21 UJ diij (1)
i€CY jeCY i i€Cy jeCY Hi

where w; is a user-defined weight for the i-th observation with i = 1,...,n, uy =

2
0,ij

Ziec;: w; is the overall weight of the partition C}',d is the normalized n x n
dissimilarity between observations i and j in Dy, and diij is the analogous in D;. In
the mixed setup by Chavent et al. (2018), as the mixed pseudo inertia of cluster C*
decreases, the units belonging to cluster C§ are more homogeneous (i.e., } Io (C¥)
then 1 homogeneity within Cf'). When considering a partitioning into K clusters,
the overall homogeneity is given by the mixed within-cluster pseudo inertia, namely
W (Pk), which is computed as

Wa(Pg) = ) 1a(Cy) (2)

M=

=~
Il
—

In this framework, in order to obtain a high degree of homogeneity of the partition
Pk, the clusters are formed by minimizing the mixed within-cluster pseudo inertia.
We stress that the unit-level weights w; (for ¢ = 1,...,n) are pre-defined by the
user and can assume either a single value common to all the observations or a unit-
specific value (see Section 2 of Chavent et al. 2018, for a formal discussion on the
topic). In the former case, also referred to as the uniform weighting design, we assume
that w; = % Vi; conversely, in the latter, that is, the non-uniform weighting design,
the generic value w; can be computed based on other information, such as using the
population count or socio-economic variables like the GDP. Confident in the fact that
the questionnaire responses have already been weighted and adjusted for the demo-

graphic composition of the countries and respondents, in the empirical application
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we will provide insights from the uniform weighting setting. However, in addition, we
will leverage on information about the countries’ population to generate to weigh the

survey responses and obtain results from the non-uniform clustering.

2.3 Tuning of the hyperparameters a and K

In the typical context of hierarchical clustering a crucial issue is how to determine the
optimal number of clusters, that is, K*. Several criteria are available in the literature,
and ranging from graphical methods, such as the elbow method, to analytical tools,
such as distance-based indicators (e.g., the Calinski-Harabasz index or the silhouette
width as in Akhanli and Hennig 2020) or model-based indicators based on the likeli-
hood function (e.g., likelihood criteria as in Rossbroich et al. 2022). In our framework,
the complexity is even higher as in addition to the number of clusters we have to
choose a suitable value for the mixing parameter «, that is, a*. Also, we recall that
there exists a mutual relationship among o and K as the mixing parameter depends
on the number of clusters, but also the mixing parameter can influence the number of
clusters.

Among the available ways to define a*, we recall the proposal by Chavent et al.
(2018) and Morelli et al. (2025), both based on a sequential approach in which « is
determined by conditioning on the number of clusters K. The former proposal defines
« that best compromises between loss of feature-based and loss of geographical homo-
geneity. In other words, Chavent et al. (2018) determine « such that it increases the
spatial contiguity without deteriorating too much the quality of the solution based
on the feature space. Such objective is obtained by minimizing the distance among
the proportion of the total mixed pseudo inertia explained by the partition Pg in
K clusters normalized with respect to the Dy matrix (that is, compared to the case
of clustering based only on the non-spatial features), namely Q Do (P5), and the pro-

portion normalized with respect to the D; matrix (that is, compared to the case of
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clustering based only on the geographical distance), namely QDl (Pg%). Conversely,
Morelli et al. (2025) propose to select the mixing parameter o which jointly maximizes
the amount of pseudo inertia explained from both the socio-economic features and
the geographical information, weighted by the cumulated spatial and socio-economic
pseudo inertia embedded the data. A comprehensive discussion about the computa-
tion and the interpretation of the two methods, as well as their relationship with the
clustering-related metrics, is provided in Section 4 of Morelli et al. (2025) and Section
3 of Chavent et al. (2018).

In Morelli et al. (2025), the authors propose several sequential algorithms to show
how the selection of both K and « can be performed; in particular, conditioning on an
initial value of K, the mixing parameter a* is find according to the criterion above, and
then the number of clusters K* is re-optimized using one or more clustering criteria
defined by the user. Here, we propose a procedure that combines the Morelli et al.
(2025) and Chavent et al. (2018) criteria and extends the set of clustering indicators
used to select a suitable number of clusters and the mixing parameters. The proposed
procedure is described in Algorithm 1. In practice, Algorithm 1 is implemented setting
a maximum number of clusters K,,,, = 10 and a grid of candidate « values ranging
from 0 to 1 with step size Aa = 0.017. Furthermore, since distances depend on the
unit of measurement and the scale of the data (in particular, when the Euclidean
distance is calculated between countries scattered across the globe, the values can be
very high), both the spatial dissimilarity matrix and the feature dissimilarity matrix
were normalized. The spatial matrix was normalized with respect to its maximum

value as ma);ﬁ, while the climate change awareness matrix was normalized using a

X;—median(X)

q0.75(X)—q0.25(X)’ where X;

robust scaling that accounts for potential outliers, namely
is the feature’s value associated with a country ¢ and go.75(X) and go.25(X) are the

75° and 25° quantiles, respectively.

"For a given setting (i.e., weighted or unweighted clustering), the total number of hyperparameters com-
binations is 15 X 101 = 1515 and requires a computing time lower than two minutes to be executed without
specific computational and hardware requirements.
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Algorithm 1 Spatial Hierarchical Clustering: choice of the hyperparameters o and K 829

Step 1: define the algorithm’s inputs gg?
Define as Dy = [do,i5li,j=1,...,n the (normalized) feature dissimilarity matrix 832
Define as Dy = [d1,i5]i,j=1,...,n the (normalized) spatial dissimilarity matrix 833
Define as K4, the maximum number of clusters 934
Define as a € [0, 1] a sequence of mixing parameters 335
Step 2: identify the set of potential optimal mixing parameters 836
for K =2,..., Ky do 837
for a € a do 838
Compute the linear combination of the two dissimilarity matrices D(a) = 839

(1 — Oé)Do + 04D1; 840
Compute the Pg = partition in K clusters according to Ward’s hierarchical =~ 841
algorithm on D; 842

Compute the weighted average of the explained mixed pseudo inertia Q(P}é) 843

as in Morelli et al. (2025) and the two normalized pseudo inertia Qp,(Pg) and 844
Qp, (P%) as in Chavent et al. (2018); 845
end for 846
Select the best « for each K such that af .. = argmaz,Q(P§) (that is, 847
according to the criterion by Morelli et al. (2025)) and the best « for each K such 848
that @ i = argming|Qp, (P%) — Qp, (P%)| (that is, according to the criterion 849
by Chavent et al. (2018)) 850
end for 851

i
Step 3: define the optimal combination of number of clusters and mixing p%ﬁ?}meters

Choose K* (evaluated at the corresponding o ., and @ .;,,) based on a set of

. . . o . . . 854
hierarchical clustering criteria, such as the Silhouette index, the Dunn’s index, the 855
C-index, the Calinski-Harabasz’s index, and the McClain-Rao’s index. In particular, 856
consider the combination of three potential rule-of-thumb: (1) graphical analysis of

- . , , .. . 857

the indices for varying o’s and K’s; (2) majority voting rule on the absolute values 858

of the clustering criteria; (3) majority voting rule on the gain/loss of the indices 859
evaluated at af; .. and af .. (i.e., geographically-informed clustering) compared

max ; . . . 860

to the case of the indices at oo = 0 (i.e., non-spatial clustering). 861

862

. . . 863

The algorithm works in a three-stage setting. In the first stage, the user has to 864

define the hierarchical clustering’s inputs (i.e., the feature dissimilarity and spatial dis- Zgg

similarity matrices, the maximum number of clusters to be considered, and a sequence 867

868

of candidate mixing parameters to weight the matrices. In the second step we identify 869

the set of potential optimal mixing parameters based on both the Morelli et al. (2025) S;(l)

(denoted as @k ,,,) and Chavent et al. (2018) (denoted as aj ,;,) criteria for all 872

873

874
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the considered K’s. In the third step we use a combination of three potential rule-of-
thumb to identify the definitive number of clusters K™, that is, graphical analysis of
the indices for varying o’s and K's; majority voting rule (Charrad et al. 2014) on the
absolute values of a set of clustering criteria (i.e., Silhouette index Rousseeuw (1987),
the Dunn’s index Dunn (1974), the C-index Hubert and Levin (1976), the Calinski-
Harabasz’s index Caliniski and Harabasz (1974), and the McClain-Rao’s index McClain
and Rao (1975)); majority voting rule on the gain/loss of the previous set of indices
evaluated at aj ., and af ., (i.e., geographically-informed clustering) compared
to the case in which we consider only the feature space and ignore the geographical
information (i.e., & = 0). Specifically, the latter rule-of-thumb is based on the com-
putation of the percentage gain or loss obtained by using a geographically-informed
clustering approach instead of the clustering without geographical constraints, that
is when fixing @ = 0. For a given index, the gain/loss is obtained as the following
percentage variation:
B Indexa;{ — Indexq, =0

GL = x 100. (3)

Indexqy, —g

Notice that the definition of gain or loss depends on how each index is optimized.
Indeed, when considering the C-index and the McClain-Rao index, the optimal number
of clusters is the minimizer, while for Silhouhette, Calinski-Harabasz, and Dunn indices
the optimal value is K such that the indicators are maximized. Thus, for the former
two a gain (loss) is detected when the indicator associated with the geographically-
informed clustering returns a lower (greater) value compared to the non-spatial case.
Conversely, for the latter three a gain (loss) is detected when the indicator associated
with the geographically-informed clustering returns a greater (lower) value compared
to the non-spatial case. In other words, for Silhouhette, Calinski-Harabasz, and Dunn

the spatial information induces improvements for positive variations, while for the
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C-index and the McClain-Rao index an improvement is obtained when negative vari-
ations occur. A summary of the interpretation criteria for each index is reported in
Table 2.3. We also remark that by expressing the improvements with respect to the
case without geographical constraints, in the unlucky situation of losses, we can both
quantify the amount of such losses and eventually choose a set of hyperparameters

that guarantees performances similar to the non-spatial clustering.

Table 1 Gain and loss interpretation with respect to
non-spatial clustering

Index Optimality 1T 1

C-index Min Loss x Gain v/
McClain—Rao Min Loss x  Gain v/
Silhouette Max Gain v/ Loss X
Calinski-Harabasz Max Gain vv Loss x
Dunn Max Gain v/ Loss x

The symbol 1 (|) indicates an increase (decrease) of the index
value when moving from the non-spatial clustering to the
geographically-informed clustering.

To sum up, the optimal combination (aj,K*) is selected such that it simul-
taneously takes into account the within-clusters homogeneity (both when selecting
the mixing parameter using the pseudo inertia and when computing the cluster-
ing criteria), between-clusters separation (e.g., the Calinski-Harabasz’s index consider
both within-cluster and between cluster variability Akhanli and Hennig 2020), and
an explicit comparison between the geographically-informed and non-geographical

partitions (when computing the gain/loss of the indicators).

3 Empirical results

In this section we report and comment on the results obtained from the application of
the spatial clustering procedure that employs as key feature the share of respondents
declaring a low or medium-low climate change awareness. Specifically, in Section 3.1

we show the results from a spatial clustering when equally-weighted observations (i.e,,
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967 w; = }L Vi =1,...,103) are used, whereas in Section 3.2 we provide the results for a
968

969 robustness check in which the feature dissimilarity matrix is computed by combing the
g;(l) share of respondents to the survey with socio-economic and climate-related country-
972 specific variables.

973 .

974 In the we report the results obtained from other
g;g robustness experiments, such as the spatial clustering in which the country-specific
977 awareness is weighted by the total resident population (i.e, w; = Pop; Vi =
978

979 L., 103) and the clustering performed using the share of respondents declaring an

980
981
982 weighting the observations and those obtained by weighting by total resident popula-

983
984 tion are mutually consistent. First, the optimal number of clusters is typically found to

high or medium-high climate change awareness. Overall, the results obtained without

322 lie between two and four (see, e.g., Figures 37-39 in the

987 ). Second, the relative importance of the spatial component, as captured by the
823 parameter o, ranges between 0.21 and 0.58, with optimal values equal to o = 0.21 when
gg(l) K =4 and a = 0.43 when K = 3. Third, the resulting partitions continue to reflect

992 the main socio-economic, political, and historical blocks identified in the unweighted
993

994 clustering (see Figures 40-43 in the ). Finally, the inclu-
995
996
997 fully consistent and qualitatively very similar to those obtained in the unweighted case
998

999 (Figure 45 in the ) presented below.

1000

1001 . . 4 . . .

1002 3-1 Spatial hierarchical clustering using climate change

1003

sion of additional climate-related and socio-economic covariates yields results that are

1004 awareness information and geographical distance

1005

1006 In Figure 2 we show the optimal o values (i.e. aj) computed for each value of K
100

100; from 2 to 10. The (Kpmas — 1) a values were obtained using the criteria proposed

1009 by Morelli et al. (2025) (orange line) and Chavent et al. (2018) (blue line). From the

1010
1011 figure we can easily infer that while the Chavent et al. (2018)’s criterion generally

1012
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assigns a lower weight to the geographical information (i.e., Q¢ min lies between 0.28
and 0.46 when K > 4, with higher values for a fewer number of clusters), the criterion
by Morelli et al. (2025) suggest a more relevant role for the spatial constraint (i.e.,

above 0.46 for K > 4).

Optimal « values (i.e., (xlz ) conditioning on K clusters

Ok

G
Number of clusters K

Criterion == Chavent otal. (2018) 8= Moreli et a. (2025)

Fig. 2 Optimal values of the mixing parameter « conditioning on K clusters (that is, aj;) obtained
using the criterion by Morelli et al. (2025) (o} ., in orange) and by Chavent et al. (2018) (aj ...
in blue).

As shown in Figure 3, for a given value of K and o it is possible to obtain a specific
index value for each of the five proposed metrics. These metrics were the Silhouette
index, the Dunn’s index, the C-index, the Calinski-Harabasz’s index, and the McClain-
Rao’s index. However, not all the metrics work in the same manner. In fact, for the
C-index and the McClain-Rao index the optimal value is the one corresponding to the
minimizer, while for Silhouette, Dunn and Calinski-Harabasz indices indicate that the
optimal value is the maximum. Taking these facts into account, Figure 3 can be used

to establish which value of K corresponds to the optimal value, that we will indicate

23

1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058



1059 as K*. Potentially, any combination of metrics (i.e., the indices) and methods (i.e.,

1060
1061 Chavent et al. (2018) and Morelli et al. (2025)) could return a different value for K*,

1062 41,5 leading to a maximum of ten optimal K*. In our analysis only seven different

1064 values were selected as a potential optimal value for K. These values were 2 (four
1065

1066 times), 3 (one time), 4 (one time), 5 (one time), 6 (one time), 7 (one time), and 8 (one
1067
1068
1069

1070 Indices for selecting the optimal number of clusters
1071 Note 1: indices are evaluated for a growing number of clusters at each optimal a.=

Note 2: u; are either determined according to Chavent et al. (2018) or Morelli et al. (2025)
1072

1073 .,
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084 o= ¥ . o
1085 P n T Ee et m e mberofcustersk S n s e
1086 Creon = crets G = vt 2

1087

1088 Fig. 3 Estimates of the Silhouette index, the Dunn’s index, the C-index, the Calinski-Harabasz’s
1089 index, and the McClain-Rao’s index for K clusters evaluated at the corresponding a;(,mam (orange)
1090 and a}ymm (blue). Red circles identifies the optimal values, that is, the minimizer for C-index and
1091 McClain-Rao’s indices and the maximizer for Silhouette, Dunn’s and Calinski-Harabasz’s indices.

1092
1093
1094
1095 ¢phe geographical information can improve the clustering findings, and thus the inter-
1096

1097 pretation of the climate change awareness phenomenon. Then, we carried on a direct

1098
1099 comparison between the five validation indices obtained including and excluding the

time).

‘Cndex (Hubort and Lovi, 1976) ~Nin Calns and Harabasz (1974) - Max Ounn (1974) - Max 1987~ Max.
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We previously stated that one of the objectives of the analysis is to understand if

1100 geographical information. In Figure 4 we show the estimated percentage gain or loss of
1101
1102 the five metrics when using the geographical constraint (i.e., indices are evaluated at

1103
1104 ¢ = Q¢ min OF @ = Q¢ 1,,) compared to the case of clustering without geographical
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constraints (i.e., indices are evaluated at a = 0). For all the indices except the Silhou-
ette, we observe that the optimized aj produce larger values in the absolute scale,
leading to positive percentage increments. The magnitude of the gain varies based on
the metrics and the specific K values. The Silhouette index is the only one showing
negative variations for all the considered combinations of K and a. In many cases,
K = 3 and K = 4 lead to marked gains or moderate losses. For instance, regarding
the Calinski-Harabasz’s index, using the a7, values computed using the method pro-
posed by Morelli et al. (2025) allows to obtain a particularly high gain for K > 5,
while moderate improvements are detected when considering K = 4 regardless the
selected method. Also, K = 3 or K = 4 evaluated at a ,,,, provide very minor losses
for C-index and Silhouette index, while for K = 4 evaluated at aj,,;, the C-index
improves and for either K = 3 or K = 4 the Dunn’s index improves substantially
(especially when the Morelli et al. (2025) criterion is adopted). Considering the par-
tial concordance among the optimal solution, we believe that a good compromise can
be achieved by choosing K* = 3 or K* = 4 evaluated using the methods by Morelli
et al. (2025). Below we present the results related to these two cases when considering
the geographical constraint and when ignoring the spatial dimension.

Figures 5 through 8 show the maps of the partitions generated using K = 3
or K = 4 clusters with a = 0 or aj ., = 0.17 (for K = 3) or aj ., = 0.33
(for K = 4), allowing a graphical comparison between the output of clustering with
both features and geographical components and that from the clustering ignoring
the geographic information. Figures 5 and 6 show the effect of the spatial restriction
when K = 3 clusters are considered. In absence of geographical distance, the climate
change awareness is able to identify historically-and-economic relevant partitions, with
(1) European countries unified with Japan, Brazil, Oceania and North America; (2)
African and Asian countries merged together; (3) a third group with a mix of countries

from allover the World. When geography is included as a clustering variable (even with
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1151 Gain/loss of the indices evaluated at a; w.r.t. the indices evaluated at ax =0
1152 . ) Index,,; - Index,, o
Gain/loss is computed as GL = ————————— x 100

1153 Index,, o

1154 i T R e R R
1155 60 12000
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1166 | |
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Number of clusters K
1170

1171
1172

1173 Fig. 4 Estimated percentage gain (positive values) or loss (negative values) of the Silhouette,
1174 Dunn’s, C-index, Calinski-Harabasz’s index, and McClain-Rao’s indices evaluated at the correspond-

ing aje .. (orange) and aj. .. (blue) with respect to the indices evaluated at a = 0. Percentage
1175 ! : Index ,x —IndezaK:()
1176 gain/loss is computed as GL = ——K——————

o

criterion [l chaventetal. co1e) [ woreliatal. 2025)

T X 100; thus, positive values have to be read as
ndeto =0

1177 the percentage increase of the indices w.r.t. the baseline case of index at oo = 0, while negative values
1178 have to be read as the percentage decrease of the indices w.r.t. the baseline case of index at o = 0.

1179

1180 @ moderate weight, that is, a* = 0.17) the previous blocks are consistently retrieved,
1181
1182
1183 and Albania, that, instead of being allocated to the European cluster, are placed in
1184

1185 the cluster largely populated by African and Asian countries. Similarly, when the pair
1186 (K
1187
1188 Czechia in the African-Asian cluster, while Japan and Oceania are separated from
1189

1190 Europe and North America and put in an independent group. With the addition of
1191
1192
1193 Asian clusters are detected, the allocation of some countries depends on the presence

1194
1195 or the absence of spatial information. For instance, Japan, New Zealand and Oceania

1196

while preserving some interesting exceptions, such as Czech Republic, Spain, Slovakia

= 3,a = 0.17} is considered, Spain and Slovakia are grouped with Albania and

the fourth cluster (Figures 7 and 8), while the European-North American and African-
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moved to an independent cluster in Figure 8. Similarly, when space is used South and 1238

1239
Central America appear to be more compact with respect to the case of awareness-only 1240
1241
1242

*

Optimal clustering results: o.* =0 & K

Fig. 6 Map of clustering partitions obtained by setting o« = 0.17 and K = 3 and using as unique
feature the share of people in the 2022 survey with medium-low and low climate change awareness.

are merged with Europe-North America without geography, whereas they split off and

clustering.
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1284 or medium-low climate change awareness across clusters under several settings. Recall
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1222 that, higher values of this indicator imply a larger fraction of low-awareness respon-
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Optimal clustering results: o." =0 & K" =4
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Fig. 8 Map of clustering partitions obtained by setting o = 0.33 and K = 4 and using as unique
feature the share of people in the 2022 survey with medium-low and low climate change awareness.

Figure 9 reports descriptive statistics for the share of respondents declaring low

dents (i.e., worse climate-change awareness overall), whereas lower values correspond
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to improved awareness. For the non-spatial specification with K = 3 and oo = 0 (i.e.,
the clustering ignoring geographical proximity), the three clusters are clearly ordered
by their means: G1 (i.e., African and Asian countries) exhibits the highest mean (worst
awareness) and is also the largest group, G2 (i.e., mixed European and South Ameri-
can countries) is intermediate, and G3 (i.e., Western countries) shows the lowest mean,
hence the best awareness, with comparatively higher within-cluster heterogeneity and
a markedly negative skewness, consistent with mass at relatively high shares and a tail
toward lower shares. When spatial information is incorporated (K = 3, & = 0.17), the
mean separation partly changes: G1 and G2 become closer in average levels (both char-
acterized by relatively high shares of low-awareness respondents), while G3 remains
the group with the highest awareness; at the same time, dispersion increases notably in
G1 and G2, suggesting that imposing spatial coherence can group together geograph-
ically proximate units that remain more heterogeneous in the awareness indicator.
Moving to K = 4, the non-spatial partition (i.e., @ = 0) essentially refines the aware-
ness gradient by carving out an additional, small cluster (G4) with the lowest mean
(best awareness) relative to the other groups, while G1 remains the worst awareness
and largest cluster; higher-order moments indicate that the newly formed group dif-
fers not only in location but also in shape, pointing to a distinct distributional profile
rather than a mere mean shift. Under the spatial specification (o = 0.33), cluster sizes
and moments shift more visibly: the high-mean cluster remains sizable, but the added
cluster G4 (i.e., Pacific and Australian countries) no longer sits at the extreme low
mean and instead appears as a smaller, spatially coherent group with intermediate
mean and substantial dispersion, indicating that the inclusion of space can reallocate
extreme-awareness observations across nearby areas and alter within-cluster variabil-
ity and tail behavior without eliminating the broader pattern of differentiation by

awareness levels.
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Fig. 9 Descriptive statistics by clustering setting for the share of interviewed people declaring a
low or medium-low climate change awareness. Statistics (i.e., cluster size, mean, standard deviation,
skewness and kurtosis) are computed by cluster and setting (i.e., combination of optimal o and K).
Colors allow to compare the statistics across clusters for different settings, while side-by-side bars
allow the comparison of the statistics across the settings for a specific cluster.

In summary, the four partitions agree in joining European and North American

countries and those with advanced economies, as well as in joining African and Middle

Eastern countries. Without particular surprise, these two blocs are well evidenced by

the descriptive statistics, which show that awareness is significantly higher (on average)

and more compact (reduced variability) in the Western block than in the other groups.

30



3.2 Robustness analysis: spatial hierarchical clustering using
climate change awareness, climate-related and

socio-economic information

In the main analysis we built the feature dissimilarity matrix Dy considering only the
information provided the climate change awareness survey. In particular, we used the
national share of interviewed people declaring a medium-low or low knowledge about
climate change.

To expand the empirical study, we enriched the survey data with a set of climate-
related and socio-economic variables collected from the United Nations Data Portal,
the World Bank Climate Change Knowledge Portal, the Penn World Table 11.0, the
Global Carbon Atlas, and the Our World in Data web portal. To account for the
presence of missing values, for every country and variable we considered the average
value recorded in the period from 2019 to 2022. Al A we present
the complete list of variables gathered, the source from which they were obtained, a
synthetic description, and their classification into socio-economic or climate-related
variables. In the same table, we also report the essential descriptive statistics for the
period 2019-2022. The relationship between climate change awareness data and the
additional variables variables is described in Figure 10, in which we report the heatmap
of the pairwise Pearson’s linear correlation index. The plot shows that the medium-
high and high awareness is positively correlated with the Human Development Index,
the share of government expenditure in GDP, the per capita real GDP at constant
national prices, the employment rate, the sum of imported and exported merchandise
over GDP, and excess mortality risk (tx84rr). The medium-high and high awareness
is also negatively correlated mainly only with the mean surface air temperature and
the warm spell duration index, while all the other negative correlations are relatively

weak.
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1427 Linear correlation among awareness, socio-economic and climate-related variables (average 2019-2022)
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1450
1451
1452
1453
1454 Fig. 10 Heatmap of pairwise Pearson’s linear correlation index for the full set of climate awareness,

1455 climate-related and socio-economic features.

1456
1457 To strengthen the main findings discussed in Section 3.1 we performed several
1458
1459

1460 ing while letting unchanged the spatial dissimilarity matrix D;. We considered four
1461

1462 alternative scenarios:

1463

1464 1. High and medium-high climate change awareness + geographical distance (later on
1465

1466 denoted as Robustness: High awareness only)

1467
1468
1469  graphical distance (later on denoted as Robustness: Awareness + Socioeconomic)
1470

1471

1472

robustness check in which we modified the set of features used to generate the cluster-

2. Low and medium-low climate change awareness + socio-economic features + geo-
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3. Low and medium-low climate change awareness + climate-related features +
geographical distance (later on denoted as Robustness: Awareness + Climate)

4. Low and medium-low climate change awareness + socio-economic features +
climate-related features + geographical distance (later on denoted as Robustness:

Awareness + Climate + Socioeconomic)

The robustness analysis aims to assess the coherence between the partitions
obtained in the awareness-only case (main analysis) and those derived under alterna-
tive scenarios, while keeping fixed the number of clusters K and the mixing parameter
«. In particular, all alternative clustering exercises are based on the values of K
and « identified in the main analysis, namely (K =3,a=0), (K =3,a=0.43),
(K =4,a=0), and (K =4,a =0.21). The resulting partitions are then compared
across different feature sets®. The combination of these values yields twelve additional
partitions, which are considered alongside the four from the main analysis and the four
obtained from the robustness exercise based on high or medium-high climate change
awareness.

Given the large number of possible outputs, the full set of results is reported in
the Online Supplementary Material, where maps corresponding to each scenario and
combination of hyperparameters are provided. In the main text, we summarize the
comparison of partitions using the Adjusted Rand Index (ARI) (e.g., see Section 7.2
of Gordon 1999). Among others, the ARI is commonly used to assess the degree of
agreement between two independently derived partitions of the same set of objects;
specifically, values close to 1 indicate strong agreement, whereas values near 0 or
negative suggest little or no concordance.

However, it is important to note that fixing (K, «) across different feature sets may
lead to suboptimal partitions in the alternative scenarios, as the optimal configuration

of these hyperparameters/is data-dependent. Therefore, the comparison of partitions

8To maintain coherence with the main analysis, all socio-economic and climate-related features were
normalized using the same robust scaling procedure described in Section 2.3
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1519 Adjusted Rand Index for the main clusterings and the robustness clustering
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1546 Fig. 11 Heatmap of pairwise Adjusted Rand Index for the partitions from the main analysis (marked
1547 s main) and the partitions generated by the robustness checks. Values near to 1 indicate high
similarity among the two partitions, while negative or null values (expected value is 0) is associated
1548 with partitions selected at random or completely different. Columns or rows marked as Robustness:
1549 Awareness + Climate + Socioeconomic refer to the clustering jointly considering climate awareness,
1550 climate-related and socio-economic features; Columns or rows marked as Robustness: Awareness +
1551 Climate refer to the clustering jointly considering climate awareness and climate-related features;
Columns or rows marked as Robustness: Awareness + Socioeconomic refer to the clustering jointly
1552 considering climate awareness and socio-economic features.
1553

1554 , . - . - . L
55 (e.g., via the ARI) should be interpreted.-as conditional on the baseline specification

1555 = 7

1556 and primarily aimed at assessing the coherence and robustness of clustering outcomes
1557

1558 rather than their absolute optimality

1559
1560
1561
1562
1563
1564

The main findings from the robustness analysis can be summarized as follows:
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® The highest similarity is obtained when comparing the partitions generated using
awareness alone (both high and low awareness). This can be seen by observing the
8x8 quadrant in the top right, where some of the highest ARI values are present;

® The use of K = 3 or K = 4 groups generates highly-coherent partitions both in
the case of geographically-informed and purely-feature clustering: this is highlighted
from the cells around the northeast-southwest diagonal, which show several ARIs
above 0.80, except for the cases including the socio-economic features without spatial
component (i.e., ARI = 0.24 and ARI = 0.34);

® The coherence between awareness-only and covariates-augmented partitions is low
or moderate: in fact, the ARI varies between 0 and 0.38 (with a clear prevalence
of values close to zero) in the first eight rows of the matrix, highlighting that the
inclusion of further socio-economic or climate information can strongly change the
partitions generated by the proposed algorithm. However, when the geographical
information is used (see, for example, rows 3-4 and 7-8) the partitions tend to be
more similar;

e The results obtained when using awareness and/or socio-economic and climate fea-
tures in addition to the geographic information (i.e., all the Robustness rows/column
with a # 0) are robust to the inclusion of socio-economic and climate change-related
information (see, for instance, the intersection of Awareness+Socio and Aware-
ness+Socio+Climate), while they remarkably deviate from the results obtained
when ignoring the geographical information (i.e., all the Robustness rows/column
with o = 0); see, for example, the cells at the intersection between Awareness+Socio,
Awareness+Climate and Awareness+Socio+Climate when o = 0 and K = {3,4};

e Comparison of the maps in the shows that when
geography is included, the clusters reflect (consistently) continental blocks (e.g.,
European countries are always clustered together, as is the Asian-Pacific block) or

cultural-historical blocks (e.g., European countries, North America, and Australia).
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1611  When geography is omitted some of the blocks remain (e.g., stability of European

1612
1613 countries or the North America-Euope-Japan cluster) while blocks such as South

}g}g America and Africa are scattered and more heterogeneous. These considerations
1616  apply across the various scenarios considered;
1617

16}8 In general, the above points suggest greater stability of partitions generated by includ-
1223 ing geographic information than the purely-feature clustering case. More specifically,
1621
1622
}ggi tions (clusters reflect continental or cultural blocks); reduces the potential variations
1625 generated as the chosen number of clusters varies and thus to more stable and less
1626
1627
}ggg different nature and varying numbers of features are considered.
1630
1631
1632
1633
1634 In this paper, we investigated global patterns of climate change awareness through
1635
1636
1637 for spatial constraints. To this end, we combined awareness indicators with a broad
iggg set of climate-related and socio-econemic variables, allowing for the identification of
1640
1641
1642 hclustgeo clustering framework proposed by Chavent et al. (2018), where a mixing
igii parameter « is used to linearly combine the dissimilarity matrix in the feature space
1645
1646
1647 rameter tuning by introducing-a data-driven procedure for the joint selection of the
1648

1649 mixing parameter « and the number of clusters K. The proposed approach combines

the geographically-informed clustering leads to more geographically-compact aggrega-

volatile partitions; and generates consistent partitions even when information sets of

4 Conclusions

a geographically-informed hierarchical clustering framework that explicitly accounts

cross-country patterns and their spatial heterogeneity. Our approach builds upon the

with geographical distances. In this.context, we addressed the open issue of hyperpa-

165 . L . Ny . .
1651 multiple criteria (including within-cluster homogeneity, between-cluster separation,
1652 and the comparison between spatially constrained and unconstrained solutions) to
1653
1654 identify clustering configurations that balance feature similarity and spatial coherence.
1655
1656
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The empirical findings show that incorporating geographical information substan- 1657
tially reshapes clustering outcomes relative to purely feature-based approaches. When iggg
clustering is based exclusively on feature similarity, the resulting partitions tend te iggg
be geographically fragmented, with countries belonging to the same cluster often 1662
scattered across distant regions. Although such configurations capture similarities in iggi
awareness levels, they may generate spatially disconnected groupings that are'less iggg
informative from an interpretative and policy-oriented perspective. In contrast, the 1667
inclusion of geographical information generally produces more spatially coherent par- iggg
titions, often revealing regional or culturally homogeneous aggregation patterns that ig;(l)
are less evident when spatial proximity is ignored. Similar evidenceé is comsistently — 1672
observed across the alternative specifications considered in the robustness analysis. ig;i

Robustness analyses based on alternative sets of socio-economic and climate- ig;g
related variables further support the consistency of the main findings across different 1677
specifications. Overall, the results reveal a marked spatial heterogeneity in climate ig;g
change awareness, with Western countries (Europe, the Americas, and Oceania) gener- igg(l)
ally exhibiting higher and more homogeneous awareness levels, while countries in Asia, 1682
Africa, and the Middle East display lower and more heterogeneous profiles. These find- iggi
ings highlight the relevance of geographically-informed clustering as a flexible tool for iggg
comparative analysis and policy-oriented segmentation in the study of global climate 1687

1688
awareness. 1689

To conclude, the results should‘be interpreted in light of several limitations. First, igg(l)
the analysis relies on Facebook-based survey data which, despite the application of 1692
country-specific survey weights calibrated on' census benchmarks, demographic char- iggi
acteristics, and platform usage patterns, may still be affected by residual sampling and iggg
selection biases related to differential internet access and social media penetration. 1697
Although the weighting procedure adopted in this paper improves representativeness, iggg
some discrepancies may/ persist, particularly in countries with uneven digital access or i;g(l)

1702
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1703 underrepresented population groups; nevertheless, robustness analyses based on alter-
1704

1705 Dative weighting schemes and population-adjusted specifications confirm the overall
1706
1707
1708 sitive to the choice and calibration of clustering hyperparameters (e.g., o and K).
1709

1710 In the robustness analysis, these parameters are intentionally held fixed 6 ensure
1711
1712
1713 partitions for alternative feature sets, additional tuning exercises indicate that the
1714

1715 resulting deviations are moderate and do not materially affect the main conclusions,

171? although some degree of model dependence cannot be fully excluded. Third, uncer-

stability of the results. Second, the identified spatial partitions are inherently sen-

comparability with the main specification. While this choice may lead to suboptimal

1718 tainty in country-level estimates limits the strength of the generalizations that can

1%3 be drawn. Fourth, geodetic distances are computed using c¢ountrycentroids, which
ggé may provide only a coarse proxy of actual human proximity, particularly for large
1723 or spatially discontinuous countries (e.g., Russia, US, Indonesia), where population
1;;; distributions are highly uneven. This limitation was partially mitigated through the
1;;2 integration of socio-economic, climatic, and awarenegs-related variables within the
1728 multivariate distance framework, as well as through roebustness analyses based on aug-
ggg mented specifications and population-weighted schemes, which together contribute to
1;2; a more realistic representation of cross-country proximity.

1733 Despite these limitations, the analysis/offers a coherent and globally comparable
1;3;1 framework for assessing climate change awareness and its spatial heterogeneity. By
ggg integrating behavioral, socio-€eonomic, and environmental dimensions within a unified
1738 clustering approach, the study provides a flexible basis for comparative analysis and
1;?13 policy-oriented interpretation. Future research can build on this framework to extend
1;2; coverage to underrepresented contexts and to develop predictive tools capable of infer-
1743 ring awareness levels from observable structural characteristics, thereby supporting
1;3; more targeted and geographically nuanced climate communication strategies.

1746

1747

1748
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1887 Survey 2022: number of respondents (unweighted)
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2071 Average distance between a country and the rest of the world Rank computed on the average distance between a country and the rest of the world
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2073
2074
2075 N
2076 p
2077
2078
2079
2080
2081
2082
2083
2084
2085
2086 ‘ ‘ | | | | |
2087 :Average Euclidean distance - ' Rank on averagéKEuclidean distance

2088

2089 Fig. C2 Diagrams of the empirical relationship between the average distance of each country from
2090 the rest of the world. Left panel: scatterplot of the average country-to-World distance computed using

9091 the Euclidean formula (X axis) and the geodetic formula (Y axis). Right panel: empirical relationship
between the ranked distances calculated on the average Euclidean and geodesic distances.
2092 & g

3832 Appendix C Robustness of the spatial distance:
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Highlights

e A geographically-informed hierarchical clustering approach is used to analyze cross-country
climate change awareness.

e Spatial information is integrated with awareness, socio-economic, and climate-related
indicators through a Ward-type algorithm with spatial constraints.

e A novel procedure is proposed to tune clustering hyperparameters and compare spatial
and non-spatial partitions.

* Incorporating geography improves cluster stability and yields more interpretable, spatially
compact groupings.

e Western countries exhibit high and homogeneous climate change awareness, while Asia,
Africa, and the Middle East show lower and more heterogeneous awareness levels.
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