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Abstract. Happiness is a concept that everyone wants to achieve. Although it is an emotion, various
variables have been determined to describe it. In this sense, the most famous document that studies this
notion is the World Happiness Report, created in partnership with the UN Sustainable Development
Solutions Network, a sign that the well-being of citizens is very important in the process of achieving
sustainability. Given the notoriety of this Report, the current research aims to take into analysis the
indicators used in this paper to describe happiness, with the aim of grouping the 27 EU member states
according to the degree of similarity identified between them. From a methodological point of view, the
current study initially involves the application of factor analysis to determine a matrix of comprehensive
factor scores, which is used as the starting point of the cluster analysis. Comparing the clustering of
countries with the associated Life ladder values, it is found that there is a link between the results
obtained and people's opinion about their happiness. In this sense, cluster 1 seems to contain countries
with high Life ladder values, while the second cluster encapsulates countries with lower values of this
indicator.
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Introduction

The concept of happiness has acquired many meanings over the decades and has been defined in
different ways, based on psychological concepts, interdisciplinary approaches, and differentiated
according to geographical location. Today, in a broader sense, happiness is viewed as a concept
that cannot be measured, but rather describes a way of life rather than a state (Rozario, 2018).
According to a 2016 study, out of 785 people interviewed, most associated the word "happiness"
with health and interpersonal relationships (Bojanowska, 2016). This concept is considered to
have a multidimensional character, as it encompasses aspects related to emotional well-being, life
satisfaction, and the way in which the quality of life is perceived (Adylla, 2025).
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It is important to mention that the concept of happiness is increasingly used in recent
studies as an indicator for measuring the degree of development of a country, as well as its
economic status. The results of Rozario's (2018) research showed that there is a positive
correlation between happiness and economic growth. The author studied 15 developed and 15
developing countries, using cross-sectional regression, and found that this correlation is
significant in developed countries, compared to developing countries. According to another
study, happiness was chosen by researchers as an alternative indicator in their studies in order to
better capture the progress of society and the well-being of citizens. They consider that
conventional indicators are limiting and cannot provide a clear picture for comparisons between
countries (Adylla, 2025).

A first paper to mention is the World Happiness Report (Helliwell et al., 2025), which has
been contributing significantly, since 2012, to the measurement and comparison of the level of
happiness of populations in different countries, using global statistical data. The purpose of this
annual report is to highlight that happiness represents a significant indicator, complementary to
the Gross Domestic Product (GDP), regarding the economic growth of a country, analyzed from
the perspective of the impact it has on its citizens. Also, this indicator can represent a solid basis
for shaping public policies in any state. The indicators used in the World Happiness Report
indirectly capture the well-being of individuals at work, since factors such as social support,
freedom to make choices, and positive states lead to both personal and professional well-being
and a reduction in the risk of burnout. Another significant study, conducted on the same set of
indicators, used k-means clustering as the analysis method. After going through the specific steps
of the analysis, it was observed that there was a high similarity between countries belonging to
the same cluster. It was also concluded that high incomes in certain countries are not sufficient to
increase the happiness fence, but rather, it occurs when there is a combination of factors such as
economic, social, and institutional (Adylla, 2025).

However, based on the studies identified so far, there are significantly fewer studies that
use clustering than those that use regression (Adylla, 2025); Helliwell et al., 2025; Ulkhaq &
Adyatama, 2021; (Pelka, 2019); Banerjee et al., 2019). Regression is seen as a standard method
that helps researchers determine whether there is a link between happiness and other economic
indicators, while clustering is seen as a modern technique that helps identify patterns in the
dataset used in the World Happiness Report (Helliwell et al., 2025). Therefore, this paper brings
an element of novelty through the analysis used, since numerous studies based on happiness
indicators have used regression as the analysis method.

This study aims to classify European countries based on a set of happiness indicators,
which are found in the World Happiness Report, using the cluster method on panel data. The
indicators used include life ladder, log of GDP per capita, social support, healthy life expectancy
at birth, freedom to make life choices, generosity, perceptions of corruption, positive affect, and
negative affect. Life ladder is one of the main indicators used in the World Happiness Report
(Helliwell et al., 2025) and represents a subjective scale for the quality of life, log GDP per capita
represents the Gross Domestic Product per capita, logarithmized in order to reduce variation and
normalize the distribution. Social support is the indicator that measures the degree to which each
citizen believes that they can be helped by friends in case of need, healthy life expectancy at birth
illustrates the healthy life expectancy at birth, while freedom to make life choices records binary
responses for the freedom of each citizen in a country to make choices regarding their own life.
Generosity shows the proportion of people who have recently made a charitable gesture,
perceptions of corruption represents the general perception that citizens have regarding the
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degree of corruption within the Government and public institutions, positive affect quantifies the
average of positive emotions from the day before the questionnaire, while the last indicator in the
data set used in the analysis, negative affect, quantifies the average of negative emotions
experienced on the day previous (Helliwell et al., 2025).

This paper is structured into four sections. The first one, entitled "Literature review", is
intended to present similar articles and highlight the main results obtained, the second section
presents the cluster analysis applied to the set of indicators also used in the World Happiness
Report, because this method helps to position countries according to certain patterns. The third
section is dedicated to the interpretation of the results obtained following the application of the
cluster analysis. The article ends by highlighting the relevant conclusions.

Literature review

Happiness is multidimensional and has been defined in the literature in various ways over time,
based on aspects related to individuals' subjective perceptions of life, emotional state, as well as
economic, social, and institutional factors (Helliwell et al., 2012). In another study, happiness is
described as a combination of several factors, including life satisfaction and the balance between
positive and negative affects (Diener, 2003). This idea is also supported by one of the most
important researchers in psychology, who states that happiness is a way of life obtained at the
intersection of positive experiences and other aspects of a psychological nature, such as social
relationships (Seligman, 2011). When it comes to comparative analyses between countries,
happiness is measured through a series of indicators, as can be seen in the World Happiness
Report (Helliwell et al., 2025), the most important being life satisfaction and freedom to make
life choices, as they reflect each individual's perception of the quality of life and the freedom to
make their own choices. At the same time, generosity and social support are indicators that reflect
the social and relational dimensions of happiness. Both indicators are able to describe the degree
of solidarity within a country and define subjective well-being and life satisfaction (Helliwell et
al., 2019). They focus on each person's behavior in relation to others, thus going beyond the
individual sphere, contributing to shaping a higher level of life satisfaction, as the feeling of
belonging to a group is strengthened. Thus, the concept of happiness is shaped from two
perspectives, one subjective, emotional, and the other objective, determined based on indicators
such as income or health.

The World Happiness Report (WHR), published annually since 2012, is the most
important source of data for analyzing happiness at a global level (Helliwell et al., 2025). It ranks
countries according to their level of happiness. The report contains a set of subjective and
objective indicators that capture economic, social, and institutional dimensions of well-being,
along with assessments of life satisfaction and emotional experiences. These indicators include
log of GDP per capita, social support, healthy life expectancy at birth, freedom to make life
choices, generosity, perceptions of corruption, positive affect, and negative affect. The study
conducted within the report is based on a regression model, which explains how general well-
being is influenced by the variables taken into account. Gross Domestic Product (GDP), the
indicator used in numerous studies in the specialized literature to measure the level of happiness
of individuals in a country (Easterlin, 1974; Helliwell et al., 2025), is considered a determinant,
because income significantly influences access to quality education and health services.
Generosity and social support are also indicators that, although they represent an affective
component, vary depending on the economic context of a country and describe the state of
average income.
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In the specialized literature, there are numerous studies based on the indicators used in the
World Happiness Report to measure the degree of happiness at the level of countries of the
world. A significant part of them focused on regression-based analysis models (Boarini et al.,
2012; Deaton, 2008), while another part used the novelty of clustering-based analysis to group
countries according to common characteristics that define the concept of well-being. It is worth
mentioning the study of (Easterlin, 1974), because he demonstrated, based on an analysis, that
although richer countries tend to be happier than poorer ones, long-term economic growth within
a country does not necessarily lead to an increase in the average level of happiness. This
discovery is today called Easterlin's paradox. Another relevant study in relation to the studied
topic is the article written by Behera (2024), which highlights, based on a regression analysis,
that the indicators per capita income, social support, and freedom to make choices in life have a
positive impact on happiness, while gender inequality does not have a significant impact on
happiness. This article confirms the paradox discovered by (Easterlin, 1974), highlighting the fact
that income can mediate happiness by promoting emotional well-being, gender equality, and a
clean environment.

A significant part of the articles found in the specialized literature is based on analyses of
happiness indicators using econometric approaches and regression methods; this fact can also be
observed in the World Happiness Report (Helliwell et al., 2023). Although these approaches offer
valuable insights into the causal relationships between socio-economic factors and the level of
well-being of individuals, they offer a low degree of identification of structural similarities
between countries. Thus, cluster analysis proposes a complementary approach, offering the
possibility of grouping countries according to the degree of well-being (Chakraborty & Tsokos,
2021). However, current studies in the specialized literature use clustering methods in the
analysis of happiness on cross-sectional data. These techniques are characterized by their limited
ability to capture temporal dynamics and long-term developments (Bartolini et al., 2016). To our
knowledge, the use of cluster analysis on panel data in studies describing well-being at the
country level remains underexplored in the literature. Therefore, the present study contributes to
the development of the literature by using a clustering approach on panel data for European
Union countries, based on the indicators also used in the World Happiness Report. It offers a
dynamic and comparative perspective on the evolution of well-being.

It is important to mention that in the specialized literature, there are results that indicate
that certain indicators may be much more relevant in one region than in another region. These
differences indicate that complex analyses are needed to identify typologies of countries, since
happiness at a global level cannot be measured through a single classic model.

In order to perform the cluster analysis, the R environment was used, as it is capable of
analyzing a significant volume of statistical data, is prepared to offer advanced packages for data
visualization (Wickham, 2016), and, most importantly, offers support in establishing the level of
relevance by offering quantifiable indicators, such as silhouette (Kaufman & Rousseeuw, 1990)
or elbow method. In addition, the results obtained from clustering can be analyzed through the
prism of dendograms, which provide a clear picture of the groups of countries and the distances
between them. Cluster analysis was chosen as the research method because, unlike regression,
which is able to highlight the individual impact of each variable on happiness, it can identify
complex patterns and combinations of factors that are found in certain region (Everitt et al.,
2011). This approach is in line with the specialized literature, which affirms the complexity of the
concepts of well-being and happiness and emphasizes the need for multiple methods for an
adequate understanding.
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Methodology

The steps taken for the cluster analysis of happiness data for the period 2015-2022 have been
presented in this section. Thus, starting from the determination of the database, it should be noted
that the two indicators analyzed in the current research were taken from the World Happiness
Report (Helliwell et al., 2023) for the year 2023 because this was the last year in which the
authors published the data.

Given that one of the partners helping to publish the World Happiness Report is the UN
Sustainable Development Solutions Network, Table 1 presents the indicators investigated, as well
as the link between them and the Sustainable Development Goals (SDGs).

Table 1. Indicators

Label | Name SDG
LL Life ladder SDG 3
IGDP | Log of GDP per capita SDG 8
SS Social support SDG 3, SDG 10
HLEB Healthy life expectancy at | SDG 3
birth
FMLC | Freedom to make life choices SDG 16
G Generosity SDG 10, SDG 17
PC Perceptions of corruption SDG 16
PA Positive affect SDG 3
NEA Negative affect SDG 3

Source: Authors’ own research.

As can be seen, SDG 3 "Good health and well-being" and SDG 16 "Peace, justice and
strong institutions" were most often associated with indicators intended to explain the variation in
happiness. To these two is added SDG 8 "Decent work and economic growth", which is closely
related to 1GDP. Also, SGD 10 "Reduced inequalities" can be considered, which can be
associated with SS and G; the last indicator is also part of SDG 17 "Partnerships for the goals"
because it talks about helping less developed countries, as citizens help less advantaged social
categories through donations.

The research follows the steps implemented in the work published by Wang and Lu
(2021), which provides the code in the R programming language. Moreover, the authors explain,
in detail, each step that must be taken to perform the cluster analysis, starting from the
construction of a three-dimensional matrix specific to panel data. Therefore, the first
methodological step is to determine the factorability of the data, using the Kaiser—-Meyer—Olkin
(KMO) test, for which the Sampling Adequacy Measure (MSA) is calculated at the individual
level, but also overall. The closer this total value is to one, the higher the factorability (Kaiser &
Rice, 1974).

Once the factorability of the indicators is established, Principal Component Analysis
(PCA) is applied in order to determine the number of common factors. Through PCA,
information redundancy is reduced, each component taking over the maximum variance of the
original variables, provided that the components are independent, i.e. the correlation between
them is non-existent (Jolliffe, 2002). It should be noted that a step preceding the analysis is the
standardization of the data to reduce the possible differences that may arise due to differences in
scale. To determine the number of principal components taken into account in the analysis, two
criteria were taken into account: Kaiser's criterion (Kaiser, 1960) (according to which those
components whose eigenvalues are greater than one are taken into account in the analysis) and
the covered variance criterion (Wang & Lu, 2021) (which indicates that the first n components
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that cover approximately 80% of the variance of the original variables should be taken into
account). Next, to determine the common factors, an orthogonal rotation is performed, performed
using the Varimax method, in order to maximize the variance of the factors. The new eigenvalues
obtained, together with the scores, are taken into account to form the comprehensive factor score
matrix, with the help of which the cluster analysis is implemented. The comprehensive factor
score is calculated as the ratio of the sum of each common factor score multiplied by its
eigenvalue to the sum of the eigenvalues (Wang & Lu, 2021).

Cluster analysis begins by calculating the Euclidean distances between objects, using
hierarchical algorithms, which are one of the most popular methods for unsupervised clustering
of shapes (Arutyunova & Roglin, 2025). Since the number of clusters must be specified by the
researcher, several methods were used, including Within Sum of Square (Zhao et al., 2009),
Average Silhouette Width (Rousseeuw, 1987), and Gap Statistics (Tibshirani et al., 2001). To
ensure greater accuracy in determining the number of clusters, the NbClust package was used,
which contains a number of 30 indicators designed to recommend the optimal number of clusters,
including the three methods listed above (Charrad et al., 2014). The function called in RStudio
needs certain parameters, in this case the Euclidean distance is used, and the complete linking and
Ward methods are used (Amhimmid et al., 2025); the number of clusters that can be
recommended is in the range of two to five. After determining the number of clusters, the
Average silhouette width was calculated, in order to ensure the robustness of the results, a value
of this indicator greater than 0.5 indicating the achievement of an efficient clustering method.

Subsequently, the dendrogram of the best clustering method determined was presented,
creating a map to help visualize the clusters. Subsequently, the results of the cluster analysis were
compared with those of LL. The last step of the analysis consisted of presenting the dynamics for
each indicator, from the analyzed period for the determined clusters.

Results and discussions

This section begins with determining the factorability of the indicators, subsequently applying
Principal Component Analysis and Factorial Analysis in order to determine the comprehensive
factor score. Next, various methods for identifying the number of clusters are presented,
implementing the hierarchical algorithms method. For the clusters obtained, the results are
compared with the Life Ladder, and the dynamics of the clusters for each indicator are also
displayed.

As explained in the methodology, the pre-analysis stage involves data standardization. A
first step in implementing factor analysis is to determine the factorability of the data. In this
regard, Table 2 presents the MSA at the individual and overall levels. The value of 0.81 indicates
very good factorability, which is why this analysis can be applied to these variables.

Table 2. KMO - Measure of Sampling Adequacy
Indicator | 1GDP SS HLEB | FMLC G PC PA | NEA | Total
MSA 0.89 0.88 0.65 0.91 0.88 | 0.81 091 | 048 0.81
Source: Authors’ own research.

To determine the number of common factors, PCA is applied, the results of which are
illustrated in Table 3. As only two of the components had eigenvalues greater than one, and the
percentage taken up by them is quite close to 80%, they were taken into account in the analysis.

DOI: 10.2478/picbe-2026-0099, pp. 1306-1321, ISSN 2558-9652 |
Proceedings of the 20t International Conference on Business Excellence 2026

PICBE |
1311



Table 3. Principal Component Analysis
PC1 | PC2 | PC3 | PC4 | PC5 | PC6 | PC7 | PC8

SS 421 | 1.52 1 0.69 | 0.51 | 0.41 | 0.30 | 0.22 | 0.14
Proportion | 0.53 | 0.19 | 0.09 | 0.06 | 0.05 | 0.04 | 0.03 | 0.02
Cumulative | 0.53 | 0.72 | 0.80 | 0.87 | 0.92 | 0.95 | 0.98 | 1.00

Source: Authors’ own research.

In the case of common factors, an orthogonal rotation is performed using the Varimax
method, in order to maximize the variance. In Table 4, the new results related to FA are
highlighted, the two eigenvalues being taken into account in the construction of the
comprehensive factor score.

Table 4. Factor analysis
RC1 RC2

SS 3.72 2.00
Proportion | 0.47 0.25
Cumulative | 0.47 0.72

Source: Authors’ own research.

The loadings are presented in Figure 1. In the case of the first principal component, the
strongest links are identified with the variables IGDP, FMLC, HLEB, G and PA in the direct
sense and PC in the reverse sense. As for the second component, it is very clear that the links
with the variables are weaker compared to those highlighted for the first component, this is due to
the fact that the first component takes the maximum of the variance of the original variables.
Thus, a direct link with NEA and an inverse one with SS is found.

As for the relationship with the variables viewed from the perspective of factor analysis
(Figure 1 b) the value associated with the first factor and the HLEB variable is much higher
compared to that obtained by the first component and the same variable. However, the meaning
of the relationships between the first factor and the original variables is the same as in the case of
the first component; with the mention that the relationship between the first factor and NEA is
insignificant. In the case of the second factor the relationship with SS is positive, and that with
NEA is negative, exactly the opposite compared to the second main component.

PC1 PC2 RC1 RC2
IGDP | 0.84 0.22 IGDP | 0.85 0.16
SS 0.49 -0.54 SS 0.22° 0.70

HLEB 0.59 0.69 HLEB | 0.83 -0.38
FMLC | 0.79 -0.14 FMLC @ 0.66 0.46

G 0.75 0.23 G 0.78 0.11

PC -0.91 0.06 PC -0.80 -0.44

PA 0.86 -0.03 PA 0.77 0.39

NEA -0.39 0.79 NEA -0.88
(a) (b)

Figure 1. Loadings: PCA (a) and FA (b)

DOI: 10.2478/picbe-2026-0099, pp. 1306-1321, ISSN 2558-9652 |
Proceedings of the 20t International Conference on Business Excellence 2026

PICBE |
1312



Total Within Sum of Square

Source: Authors’ own research.

The comprehensive factor score is calculated using common factor scores and eigenvalues
for common factors, forming a matrix with which to perform cluster analysis. Because the
number of clusters is not known and must be defined by the researcher, several methods were
chosen to help identify the number of classes.

Figure 2 encapsulates three methods, the first being the Within Sum of Square (a), it being
desirable that its value be as high as possible, the choice of the optimal number of classes being
made by the Elbow method, thus, two classes being taken into account. In Figure 2 (b) the
Average Silhouette Width is calculated for a maximum number of 10 clusters, it is clearly
observed that the highest value was attributed to the formation of two clusters. The Gap Statistic
method (Figure 2 c), also indicates the grouping of countries into two classes.

Optimal number of clusters

Average silhouette width

°
>

°

=

°
[N

Optimal number of clusters
#

Optimal number of clusters
Gap statistic method

Gap statistic (k)
°
o
|
AN
——
}

6
Number of clusters k

(a)

(b)

(c)

Figure 2. Methods for determining the number of clusters: Within Sum of Square (a),
Average Silhouette Width (b), Gap Statistic (c)

Source: Authors’ own research.

Although all these methods would have been sufficient to conclude that the optimal
number is two clusters, the NbClust package was used, which includes 30 indices, including the
three presented previously, in order to once again verify the optimal number of clusters. In the R
function, the type of distance, the linking method, and the range in which to find the number of
clusters were specified. Thus, the Euclidean distance was chosen, based on linking methods, the
complete distance, and Ward's distance, with the number of clusters being a minimum of two and
a maximum of five. In this sense, by implementing the complete method, most indicators
recommend two clusters, while Ward's method recommends four classes (Table 5).

Table S. Identifying the number of clusters using the NbClust package

Linkage method Number of indicators Number of recommended clusters

10 2

2 3

complete 7 4

4 5

8 2

2 3

Ward 10 4

3 5

Source: Authors’ own research.

Because different numbers of classes were recommended, Average silhouette widths were
calculated for the two methods of grouping countries into classes, finding that for the complete
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method the value was 0.6, a value of 0.5 indicating a good way of grouping. Thus, the countries
were grouped into two classes using the complete method.
Silhouette plot of (x = cutree(hc2, k = 4), dist = distance1)

Silhouette plot of (x = cutree(hc1, k = 2), dist = distance1) o7 2 chsters
n=27 2 clusters C; .
i nlavee s & jion| aveig s
P bR ki 1. 6033
:
1 1
i 1: 12 | 056 PICBE |
: 27104 1314
i I
7 24
5 3: 81037
% 2: 15| 063 ®
: i 4: 61076
] %
T T i : : |
0.0 02 0.4 06 08 10 0.0 0.2 04 06 08 10

Silhouette width s; Silhouette width s;
Average silhouette width : 0.46

(a) (b)
Figure 3. Average silhouette width: complete (a) and Ward's method (b)
Source: Authors’ own research.

Average silhouette width : 0.6

Figure 4 illustrates the dendrogram according to which Denmark, Sweden, Ireland,
Luxembourg, Finland, the Netherlands, Estonia, Austria, Germany, Belgium, France and Malta
were placed in one class, while the other EU member states were included in the second cluster.

:

il
;
}

X C T DTN U N ZELNCONOTTI>YFELOOT O DO
Soc 8 38Cc6E82cO8 GG 530808G2 86
Eop cm8cSecDSspous02 SE0oocrggs
Ssitipdiizgr - "H828 555G63z5- 5%
=) g % ® w w o o I 5
S
3 =

Figure 4. Dendrogram
Source: Authors’ own research.

As can be seen from Figure 5, there is some influence of geographical location in the
formation of clusters, with countries in the north and west being assigned to cluster 1, while
countries in the south and east were placed in cluster 2.

The eight indicators taken in the cluster analysis are used to explain the happiness of
citizens, this being expressed by the variable LL. As can be seen by comparing Figure 5 and
Figure 6, countries with high values assigned to happiness were grouped in cluster 1.
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Figure 5. Cluster map
Source: Authors’ own research.

LL

I 7.74
6.46

5.18

Spain

Figure 6. Life ladder

Source: Authors’ own research.
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Table 6 presents the averages obtained by the two clusters for the eight indicators
analyzed. In this regard, it can be noted that cluster 1 presents better values for all indicators. The
biggest difference highlighted is that regarding the PC, a sign that citizens in the second cluster
believe that corruption is very high in the countries they come from. Cluster 2 is characterized by
sadder people (higher NEA) and less generous (negative G) although there are no significant
differences between the perceived social support (SS) and the average wealth level (IGDP) of the
clusters.

Table 6. Cluster averages

Cluster IGDP SS HLEB FMLC G PC PA NEA
1 10.91 0.93 71.05 0.89 0.06 0.42 0.72 0.22
2 10.40 0.90 69.04 0.76 -0.13 0.86 0.63 0.26

Source: Authors’ own research.

Figure 7 illustrates the dynamics of each indicator from the perspective of the two clusters
in the period 2015-2022. Thus, for the FMLC indicator, throughout the analyzed period, a much
better opinion was observed among those in cluster 1, however, a decrease was noted in 2021,
most likely as a result of the pandemic. In the case of cluster 2, the trend was upward until 2020,
since then continuing to decrease until the end of the analyzed period. In case G, until 2020, the
trend was downward in cluster 1, with a spectacular increase in 2021, the value continuing to
increase in 2022. For the second cluster, a decrease is noted in 2018 and another in 2022,
otherwise, the trend is upward. For HLEB, a constant growth trend is highlighted from one year
to the next, although the value assigned to cluster 1 was always higher compared to that in cluster
2. For IGPD, the trends for both clusters are similar, being characterized by an upward trend with
a slight decrease in 2020. Again, cluster 2 fell below cluster 1, although, until 2019, the growth
trend was higher in the case of cluster 2. PC had a slight decreasing trend in the case of the
second cluster; values remained relatively constant during the period 2015-2019 for cluster 1,
followed by a decrease in 2020, with values increasing slightly in the last two years investigated.
Although SS was much higher in cluster 1 during the period 2015-2020, 2021 was characterized
by a much lower value; even after the increase in the value in 2022, the level of the variable did
not return to that of 2020. 2021 was the year for which the average in cluster 1 was lower than
that of cluster 2, which was characterized by an upward trend of this indicator during the period
2017-2021, followed by a slight decrease in SS in 2022. Finally, the affects were left, in the case
of the positive ones (PA), noting that in 2020 a decrease was noted in the case of the first cluster,
otherwise, the values being quite similar for this class. In the case of cluster 2, the trend was one
of decrease in the period 2015-2028, followed by an increase until 2021, and a significant
decrease in 2022. In the case of NEA, despite the decrease in 2017 and 2022, the trend was one of
increase for this indicator, a sign that people in cluster 1 are experiencing more negative
emotions. Except for the slight increase in 2018, until 2019, the trend associated with cluster 2
was a downward one, followed by a sudden increase in 2020 and an equally sudden decrease in
the following period, managing to reach a minimum value in 2022. Although in cluster 2 the
trend was one of decrease, it still did not reach the level of cluster 1, although in 2022 the values
were quite close.
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Evolution of the annual average of indicators by clusters (2015-2022)
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Figure 7. Evolution of the annual average of indicators by clusters (2015-2022)
Source: Authors’ own research.

The results present the existence of differences between the countries of Northern and
Western Europe and those of Central and Eastern Europe for subjective well-being. The cluster
analysis highlighted two homogeneous groups for the two geographic regions. These
discrepancies strengthens the hypothesis that the indicators used — logarithm of GDP per capita,
social support, healthy life expectancy, freedom of choice, generosity, perception of corruption
and affective dimensions — reflect the level of perceived happiness in Europe. Similar results
were obtained in the study conducted by Ciucu-Durnoi et al. (2025) which highlights the
importance of GDP per capita, social support and life expectancy on happiness in the European
Union. The study shows that Western and Nordic countries have higher levels of subjective well-
being compared to Eastern European countries, thus reinforcing the idea that the existence of the
two clusters identified in the present research is confirmed in Europe. Bartolini and Sarracino
(2014) demonstrate that social relationships can explain long-term variations in well-being better
than traditional economic indicators that often consider only economic implications, not
perceived emotions. This study confirms the results obtained for Cluster 1, where high levels of
social support are associated with higher levels of well-being. In contrast, the study conducted by
Akgun et. al (2022) reveled that there is a positive relationship between traditional economic
indicators such as inflation rate or current taxes and happiness index ratings. Conversely, the
importance of the role of individual freedom in determining well-being is also mentioned by
Rahman and Veenhoven (2018), who show that freedom of choice is a significant determinant of
well-being.

In addition to the theoretical and empirical contribution, the results obtained can
contribute to the development of European public policies to reduce the differences observed
between the two clusters. The results of this research show discrepancies in economic and social
development between the states of Western Europe and those of Central and Eastern Europe.
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These discrepancies are attempted to be reduced by the cohesion policies of the European Union
which aim to reduce the differences between regions and promote economic and social
convergence. The reports of the European Commission claim that the European Structural and
Investment Funds have contributed and will contribute to improving the standard of living in the
states of Central and Eastern Europe through investments in infrastructure, education and the
labor market, supporting the process of economic convergence until 2050 (European
Commission, 2022). Another initiative that aims to strengthen social inclusion and improve
access to education and employment is the European Pillar of Social Rights, which has as its
main objectives the reduction of at least 15 million people at risk of poverty or social exclusion,
the annual participation in vocational training activities of at least 60% of adults and ensuring a
job for 78% of the population between 20 and 64 years old (European Union, 2017). For the
period 2021 - 2027, the European Union proposes that through the European Social Fund Plus
(ESF) it will support young people to obtain a qualification, find a job and improve their level of
education and skills; retraining and upgrading people for a digital and green economy by
increasing the quality of education and vocational training systems. Supporting social innovation,
allocating resources to support children in difficulty and combating poverty (Delhey et al., 2018;
European Union, 2021).

Conclusion

The current study uses panel data analysis and cluster analysis through NbClust package in R to
examine key indicators of happiness drawn from the World Happiness Report for European
countries between 2015 and 2022. These indicators: log of GDP per capita, social support,
healthy life expectancy at birth, freedom to make life choices, generosity, perceptions of
corruption, positive affect, and negative affect offers a profound understanding of perceived
happiness across the European continent. Following the analysis, two clusters were identified that
divided the countries into the following clusters. Cluster 1: Denmark, Sweden, Ireland,
Luxembourg, Finland, Netherlands, Estonia, Austria, Germany, Belgium, France and Malta and
cluster 2: Spain, Czech Republic, Slovakia, Romania, Poland, Italy, Slovenia, Cyprus, Portugal,
Greece, Croatia, Lithuania, Latvia and Hungary. Indicators considered in the cluster analysis had
values close to the results from The World Happiness Report for the Life Ladder classification. It
was observed that for the two clusters in the analyzed period the Healthy life expectancy at birth
indicator registered a constant increase. It is worth mentioning that Perceptions of corruption
increased slightly in 2016 for both clusters, and starting with 2017 it registered a slight decrease
for both clusters. Major changes were recorded in the case of Negative affect, which fluctuated
considerably for cluster 2 in 2020 with the pandemic, then began to decrease. Regarding cluster
1, an increase was recorded from 2018 to 2021, and it will only decrease in 2022. Moreover, the
findings of the current study highlight a discrepancy between the northern and western European
countries (Cluster 1) and eastern European nations (Cluster 2). This enforces the importance of
the role of social support, freedom and health in promoting resilience as well as the significance
of each country’s economic status.

While the current research contributes to the existing literature and offers valuable
insights regarding happiness across Europe by providing insights for policymakers aiming to
improve well-being through targeted improvements in health, governance, or social policies, the
authors considered some limitations. One significant constraint is the reduced number of
analyzed indicators. Although the indicators were collected from World Happiness Report, there
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are factors that were not covered by the current analysis such as environmental quality, education
access, or cultural variables that could improve the results of the study. Additionally, another
limitation may be considered the novelty of the data presented. For this research the used data
was collected from The World Happiness Report published between 2015 and 2022. Future
researchers could extend this work by considering most recent that that will be available in March
2026 for 2025 year on the report webpage. Moreover, the use of panel data and clustering
methods assumes certain statistical properties that may not fully account for unobserved
heterogeneity or endogeneity, suggesting opportunities for more advanced econometric
techniques in future studies.
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