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Abstract

The transformation of healthcare systems presents a key challenge for EU Member States,
as they face growing population needs, resource pressures, and ongoing health disparities
among communities. Using a systems-thinking approach provides a suitable framework for
analyzing how healthcare resources, behavioral and social health determinants, and overall
population outcomes are interconnected. This study aims to explore these relationships
from a systemic viewpoint within health communities across the European Union. The
research employs a cross-sectional approach, utilizing aggregated data from all 27 EU
Member States. It involves descriptive and factor analyses to create composite indices of
healthcare resources, positive health determinants, and health outcomes. Furthermore, it
uses a univariate Generalized Linear Model (GLM) and multilayer perceptron neural net-
works to model nonlinear relationships among variables. Cluster analysis is also conducted
to classify Member States into different health performance typologies. The results empha-
size connections between healthcare system resources and population health outcomes,
illustrating how positive determinants impact health status and highlighting structural
differences across European communities. The results indicate relevant associations be-
tween healthcare system resources and population health outcomes, whereas the analysis
of positive health determinants suggests more complex, partly nonlinear patterns. The
findings also highlight structural differences across European health communities.

Keywords: healthcare resources; health determinants; population health outcomes; systems
thinking; European Union; artificial neural networks; health clusters

1. Introduction

Healthcare systems in the European Union are undergoing continuous change due to
significant demographic shifts, a transition towards more chronic diseases, and growing
pressures on financial and human resources. In this environment, health performance
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cannot be fully understood by examining only individual indicators, such as spending
or service access. Instead, it requires a comprehensive view that considers how system
resources, behavioral and social factors, and population outcomes are interconnected.
Recent research emphasizes that health outcomes result from complex adaptive systems,
which involve nonlinear interactions, feedback mechanisms, and adaptive processes that
exceed the reach of traditional analysis methods [1,2].

The systems thinking approach has become increasingly important as a framework
for analyzing healthcare systems, providing theoretical and methodological tools to un-
derstand the complex interactions among their components [3,4]. In the European Union,
where different institutional models and levels of socioeconomic development exist, this
perspective is especially useful for explaining ongoing health disparities, despite shared
goals and similar policy efforts [5,6]. Research indicates that the link between healthcare
resources and population health outcomes is heavily influenced by contextual factors,
governance, and individual and collective behaviors, revealing the shortcomings of purely
linear or sector-specific methods [7-12].

Despite these theoretical advances, important gaps remain in the literature. Many
studies still analyze healthcare system resources, behavioral factors, or population out-
comes in isolation, rather than integrating them into a unified systemic framework [5]. In
addition, traditional linear models dominate empirical research, capturing average effects
but failing to capture nonlinear interactions and feedback mechanisms specific to complex
systems [11]. Furthermore, comparative studies across the European Union often focus on
the convergence or divergence of individual indicators, while overlooking the identification
of structural typologies that emerge from the interaction among resources, determinants,
and outcomes [13].

Building on these gaps, this article examines healthcare systems in the European
Union from a systemic perspective by combining institutional resources, positive health
determinants, and population outcomes into a unified analytical framework. The research
employs a mix of quantitative techniques, such as factor analysis to create composite
variables, generalized linear models to assess average effects, artificial neural networks to
identify nonlinear patterns, and cluster analysis to categorize Member States into typologies.
The novelty of this work lies in its integrated use of these methods within a systems-thinking
approach that examines health as being associated with complex configurations among
subsystems and highlights exploratory health-performance across Europe.

The article is organized as follows: the next section outlines the theoretical framework
and develops the research hypotheses, and the following section describes the data and
methods. The following section presents the empirical results, which are then discussed in
relation to the existing literature. The article concludes with remarks on implications for
public policy and future research.

2. Literature Review and Hypotheses Development

2.1. Health Systems as Complex and Adaptive Systems: A Systems Thinking and
Community Perspective

Modern literature increasingly views healthcare systems as complex adaptive systems,
marked by numerous interdependencies, nonlinear feedback loops, and emergent behaviors
that traditional sectoral analysis cannot fully explain [1,2]. This shift underscores the
understanding that health outcomes are not the result of a single intervention but rather
stem from the interplay among institutional actors, resources, individual actions, and
broader social and economic factors [14,15].

The systems thinking approach provides an integrative analytical framework that
overcomes the traditional fragmentation of health policies and facilitates an understanding
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of how decisions within one subsystem can generate indirect or unintended effects across
other system components [3,4]. From this perspective, healthcare systems function not
merely as providers of medical services, but as socio-institutional ecosystems in which pop-
ulation health emerges from the interaction of governance, financing, service organization,
and social and behavioral determinants of health [16-18].

The World Health Organization has been pivotal in redefining health systems as a
collection of organizations, individuals, and actions dedicated to promoting, restoring,
or maintaining health [16]. This approach highlights that evaluating health system per-
formance requires more than just medical output metrics; it also involves assessing how
well the system responds to population needs, utilizes resources effectively, and addresses
health disparities [6,12,19-21].

In European literature, scholars often use systemic perspectives to explain why health
performance varies persistently across Member States, despite shared goals and similar
institutional frameworks [8,22]. Comparative research shows that merely increasing health-
care spending does not necessarily lead to better population health unless it is supported
by effective coordination, governance, and service integration mechanisms [11,13,23-26].
This evidence underscores that the link between system resources and health outcomes
depends heavily on the healthcare system'’s overall structure and its functioning.

The community aspect is central in the systemic approach to health and is essential for
the sustainable transformation of healthcare systems [6,27]. Health communities, networks
of public, private, and civic actors involved in health promotion at local or regional levels,
serve as the ground on which health policies translate into practical actions and where the
interplay of structural and behavioral factors becomes evident [28,29]. From this viewpoint,
healthcare systems are deeply connected to the social contexts in which they operate, and
their success relies heavily on mobilizing community resources and fostering trusting
relationships between providers and beneficiaries.

A substantial body of research demonstrates that social determinants of health, such as
educational attainment, social integration, and community support, significantly influence
both individual health-related behaviors and population-level outcomes [30,31]. These
effects are often mediated by the structure of the healthcare system and by its interactions
with other social systems, including education, social protection, and labor markets [5,32].
Consequently, a systemic approach requires recognizing intersectorality as a fundamental
principle of health policy.

The conceptualization of health as an emergent outcome of a complex system is
supported by the literature on large-scale transformations in healthcare systems. Realist
review analyses show that successful reforms rarely follow linear or predictable trajectories;
instead, they unfold as iterative processes shaped by context, leadership, and the adaptive
capacity of the involved actors [27]. Within this framework, scholars view healthcare
systems as dynamic entities capable of learning and adapting, yet vulnerable to external
shocks and internal dysfunctions [2].

2.2. Healthcare Resources and Population Health Outcomes in the European Union

The specialized literature consistently emphasizes the crucial role of healthcare system
resources in influencing population health outcomes. However, the link between institu-
tional inputs and health outcomes is complex and not straightforward. In the European
Union, this connection varies significantly across Member States, with notable differences in
healthcare spending, the distribution of human resources, and the organization of long-term
care services [12,22,23].

Health expenditure is often used in economic studies as an indicator of a healthcare
system’s ability to provide adequate services to its population. Early research indicated a
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positive association between expenditure and measures such as life expectancy. However,
later studies revealed that this relationship is influenced by institutional, demographic,
and macroeconomic factors [23,33-35]. Data from OECD and European Union sources,
particularly Eurostat and OECD Health Statistics, indicate that regions with similar spend-
ing levels can have markedly different health outcomes, underscoring the importance of
efficiency and governance in shaping this relationship [23,33,35].

A key area of the existing literature examines whether healthcare expenditure con-
verges or diverges across the European Union. Multiple empirical studies point to long-
term trend convergence, especially among older Member States; however, these devel-
opments are often partial and sometimes show divergence, notably during economic
downturns [13,36,37]. Analyses using unit root and cointegration tests indicate that, while
healthcare spending generally tends to “catch up” over time, the pace of this convergence
is influenced by the countries’ financing mechanisms and their ability to maintain steady
growth in health investments [23,24,38,39].

In addition to the financial aspect, the literature highlights the critical role of human
resources in health, particularly the availability of medical personnel, as a key factor influ-
encing the effectiveness of the healthcare system. The quantity and regional distribution
of physicians are linked to access to services, care quality, and, indirectly, population
health results [40-42]. Within the European Union, variations in medical workforce density
mirror wider disparities in economic and institutional development, leading to ongoing
inequalities in health outcomes [5].

A specific part of the literature examines the significance of long-term care, particularly
in the context of population aging in Europe. Increasing life expectancy and the rise of
chronic diseases are placing additional strain on healthcare systems, making long-term care
a vital component of overall resources [43,44]. Research shows that investing in this area
can enhance quality of life and lessen hospital workload; however, the effects on traditional
health metrics depend on how well it is integrated with other parts of the healthcare
system [6,20,45,46].

Researchers frequently examine the link between healthcare system resources and
population health outcomes using aggregated indicators like life expectancy or healthy life
years. While these measures offer a broad overview of system performance, the literature
warns about their limitations, especially in detecting short-term changes and accounting for
cultural or social differences [47]. Moreover, although widely used, mortality-based indica-
tors can be unidimensional and sometimes serve as inappropriate proxies for healthcare
effectiveness, particularly for elective, non-life-saving procedures such as joint arthroplasty,
where quality-of-life improvements are more relevant than survival outcomes. Recent
studies highlight the importance of employing multiple, complementary indicators that
reflect both quantitative and qualitative aspects of health status [48,49].

Econometric and statistical research confirms that the relationship between healthcare
resources and health outcomes is complex and often nonlinear [11]. Endogenous growth
models posit threshold effects, in which additional investments in health yield varying
marginal returns depending on the system’s initial level of development [50,51]. Addi-
tionally, economic shocks, such as recessions, can temporarily alter this relationship by
increasing vulnerabilities in systems with weaker financing structures [52].

2.3. Positive Health Determinants and Multidimensional Health Outcomes

Beyond healthcare system resources, specialized literature highlights the importance
of positive health determinants in shaping population health outcomes, especially in
developed societies facing high rates of chronic and non-communicable diseases. These
determinants encompass individual behaviors, social factors, and living conditions that
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directly or indirectly affect health status and a population’s ability to utilize healthcare
resources effectively [12,29,30,53].

A large body of research underscores the importance of physical activity for health,
with well-established effects on all-cause mortality, cardiovascular health, and mental well-
being [54,55]. According to World Health Organization guidelines, maintaining sufficient
physical activity levels can prevent many non-communicable diseases and also promote
longer life expectancy and healthier years [56]. However, the distribution of physical
activity across populations is uneven and influenced by socioeconomic, cultural, and
environmental factors, resulting in ongoing disparities among states and communities [4].

Healthy nutrition is a key positive factor, with proven impacts on reducing the risks of
cardiovascular disease, diabetes, and obesity. Epidemiological research shows that diets
high in fruits and vegetables are associated with lower rates of premature death and better
quality of life [57,58]. However, these benefits depend on economic access, education,
and supportive public policies. This indicates that researchers must consider behavioral
factors within the broader social and institutional environment rather than analyze them in
isolation [33].

Maintaining a normal body mass index (BMI) is closely linked to physical activity
and dietary habits, serving as a combined indicator of energy balance and overall health.
Research highlights obesity as a significant risk factor for various chronic diseases. It
shows that its prevalence reflects both personal behaviors and social and economic factors.
Consequently, comparative studies often use BMI-related metrics as indicators of healthy
or unhealthy lifestyles in cross-country analyses [48,58].

Behaviors related to tobacco and alcohol use are key factors influencing health. The
research consistently shows that smoking increases the risk of death and illness, while
quitting smoking offers significant health benefits [59]. Likewise, alcohol intake is linked
to various health problems, and recent research highlights the importance of preventive
strategies and comprehensive public policies to reduce its effects [60]. However, the links
between these behaviors and health outcomes are often nonlinear and involve threshold
effects, making their analysis more complex [61].

A noticeable and growing focus in the recent literature has been on social support
and community integration. Both classical and modern research indicate that strong social
ties correlate with lower mortality rates and improved health outcomes, with effect sizes
similar to those of well-known health behaviors [11,31,62]. Social support influences
health through direct means, such as reducing stress, and indirect pathways, including
encouraging healthy habits and enhancing access to healthcare resources [32].

The literature on multidimensional health outcomes underscores the need to move
beyond unidimensional indicators, such as life expectancy, toward measures that capture
both the quantity and quality of life. Concepts such as healthy life years and self-perceived
health provide a more comprehensive perspective on population well-being by integrating
physical, psychological, and social dimensions [47]. Empirical evidence indicates that
positive health determinants influence these outcomes in differentiated ways, with more
pronounced effects on subjective dimensions of health [5].

A common theme in the literature emphasizes the context-dependent and intercon-
nected nature of positive health determinants. Health behaviors are not just individual
choices; they are influenced by social norms, public policies, and economic systems, leading
to complex interactions across multiple levels [30,31]. This complexity is why straightfor-
ward linear models often cannot fully describe the relationships between positive determi-
nants and health outcomes, underscoring the need for analytical methods that can detect
nonlinear effects and interactions among factors [3,4].
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2.4. Methodological Approaches in Health System Analysis and Hypotheses Development

The complexity of healthcare systems, as discussed earlier, has led to a major shift in
the methods used to analyze the connections among resources, determinants, and health
outcomes. Experts agree that simple univariate or purely descriptive methods cannot fully
capture the complex, interrelated nature of these relationships, especially in comparative
settings like the European Union [1,4].

2.4.1. Dimensionality Reduction and Latent Constructs in Health System Research

An initial approach to address this complexity involves using dimensionality-
reduction techniques such as factor analysis and principal component analysis (PCA).
These methods help identify latent constructs that combine information from many corre-
lated indicators, making interpretation and comparison easier [63]. In healthcare system
research, PCA is commonly used to create composite indices of resources, determinants, or
health performance, thereby reducing multicollinearity and improving the robustness of
subsequent analyses [41,64,65].

Research indicates that latent constructs more accurately reflect systemic realities than
isolated indicators. For example, healthcare resources such as expenditure, personnel,
and infrastructure are rarely independent; they are closely linked through institutional
and financial mechanisms [12,26,40,53,66]. Likewise, positive health factors often group
into behavioral and social patterns, while health outcomes encompass both objective and
subjective aspects of well-being [5,47]. These insights robustly support the development of
the first research hypothesis.

Hypothesis H1. Indicators associated with healthcare system resources, positive health determi-
nants, and health outcomes form separate, coherent latent constructs. This reflects the multifaceted
and interconnected nature of healthcare systems within the European Union.

2.4.2. Linear Modeling and Average Effects in Comparative Health Analysis

Generalized Linear Models (GLMs) are among the most common methods for examin-
ing how inputs into the healthcare system relate to population health outcomes, especially
in cross-country studies. The economics and public policy fields often use these models
to estimate average effects while accounting for differences across units of analysis [8,22].
GLMs offer significant benefits in interpretability and statistical inference, making them
ideal for testing hypotheses about the direct links between resources and health outcomes.

Nonetheless, extensive research underscores the limitations of linear models in cap-
turing the complex dynamics of healthcare systems. Studies on expenditure convergence
and the effects of health investments on life expectancy reveal relationships and effects that
depend on the system’s initial level of development [26,36,39]. Despite these challenges, the
literature recognizes the usefulness of GLMs as a starting point for analysis, especially for
evaluating average relationships at a population level [24]. This body of work underpins
the second research hypothesis:

Hypothesis H2. Healthcare resources and positive health determinants are positively associated
with health outcomes in a generalized linear model across European Union Member States.

2.4.3. Nonlinear and Machine Learning Approaches in Health Systems Research

Over the last ten years, research on healthcare systems has increasingly incorporated
nonlinear methods and machine learning techniques, especially artificial neural networks
(ANNSs). These approaches are appreciated for their ability to model complex, nonlinear
relationships and multiple-variable interactions without requiring predefined functional
forms [61,67].

https://doi.org/10.3390/systems14050578


https://doi.org/10.3390/systems14050578

Systems 2026, 14, 578

7 of 32

Theoretical considerations support the use of ANNs in population health analysis,
given the adaptive and evolving nature of healthcare systems, in which the impact of
resources or determinants depends on their specific combinations [3,4]. Empirical evidence
shows that nonlinear models frequently outperform linear models in prediction accu-
racy, particularly when relationships include thresholds, saturation points, or synergistic
factors [51,52].

In the context of positive health determinants, the literature suggests that the effects
of healthy behaviors and social support on population outcomes do not follow strictly
additive patterns, but instead depend on specific social and institutional contexts [6,31].

These findings underpin the third research hypothesis:

Hypothesis H3. The relationships among healthcare resources, positive health determinants, and
health outcomes may include nonlinear components that artificial neural network models can explore
as a complement to traditional linear models.

2.4.4. Typologies, Clustering, and Health System Performance

Another important methodological approach in comparative literature is cluster anal-
ysis for classifying types of states or healthcare systems. These techniques categorize units
of analysis based on their structural or performance similarities, offering a perspective that
complements causal evaluations [41,68]. In European research, scholars often use cluster-
ing methods to highlight unique regional or institutional variations, such as disparities in
health outcomes between Western, Central, and Eastern Europe [5].

Cluster analysis is especially useful in a systems-thinking approach because it en-
ables the detection of emergent patterns in healthcare systems without assuming unidirec-
tional causality. By grouping states with comparable health performances, this method
improves insight into how varying mixes of resources, determinants, and institutional
settings lead to different population health outcomes [28]. This framework underpins the
following hypothesis:

Hypothesis H4. European Union Member States can be grouped into distinct typologies based
on health outcomes, revealing structural differences in health performance and well-being across
European communities.

3. Materials and Methods
3.1. Research Design

This study uses a quantitative, cross-sectional approach to examine the complex
relationships between healthcare system resources, positive health factors, and population
health outcomes in EU Member States. It relies on a harmonized dataset from a single
time point, ensuring direct comparability across countries and avoiding distortions caused
by calendar differences or institutional changes over time. Data are sourced from official
European sources, including the annual Eurostat databases and the most recent European
Health Interview Survey (EHIS) wave from 2019, which offers standardized data on health
status and behaviors.

The research design adopts a systems-thinking approach, viewing health as being
associated with configurations of institutional, behavioral, and social factors. Given the
cross-sectional nature of the dataset, the study does not aim to establish causal effects,
but to identify statistical associations, latent structures, possible nonlinear patterns, and
exploratory systemic typologies among EU Member States. This perspective supports the
use of multiple quantitative methods to capture different dimensions of the system.
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In the initial stage, descriptive analysis outlines how variables are distributed and
highlights heterogeneity among Member States. Next, exploratory factor analysis simpli-
fies the data by creating composite variables that represent healthcare system resources,
positive health determinants, and population health outcomes. The study then examines
the connections among these latent factors using a generalized linear model, allowing
estimation of average effects and testing hypotheses about how resources and determinants
affect health outcomes.

To explore possible nonlinear associations and systemic configurations among vari-
ables, the research design uses multilayer perceptron neural networks, applied separately
to healthcare system resources and positive health determinants. In addition to these
analyses, the study uses cluster analysis to classify Member States by health performance,
revealing distinct configurations of European health communities in terms of population
well-being.

By combining these methods within a coherent analytical framework, the research
design enables an in-depth exploration of the complexity of European healthcare sys-
tems. It provides a solid basis for interpreting structural and functional differences among
Member States.

3.2. Selected Data

The empirical analysis uses a harmonized European dataset that merges information
from the annual Eurostat databases with indicators from the most recent wave of the Euro-
pean Health Interview Survey (EHIS) [69]. This choice is based on the high methodological
comparability and comprehensive coverage of all 27 EU Member States. The 2019 data
provide a clear snapshot of healthcare system resources, health behaviors, positive health
determinants, and population health outcomes before the significant disruptions caused by
the COVID-19 pandemic.

The dataset’s structure embodies a multidimensional view of health, aligning with
the systems-thinking approach used in this study. It captures healthcare system resources
through indicators that reflect financial capacity, human resources, and care services—
such as current healthcare expenditure in purchasing power standards, long-term care
expenditure, and the total number of physicians at the national level. These measures
provide a comprehensive overview of the institutional inputs into healthcare systems and
are commonly used in comparative analyses across Europe.

Positive health determinants are measured through indicators reflecting healthy
lifestyles and social capital. These include maintaining a normal body mass index, par-
ticipating in physical activities that promote health, eating enough fruits and vegetables
daily, not smoking, avoiding recent alcohol use, and experiencing high perceived social
support. Collectively, these indicators represent behavioral and social aspects of health that
the literature broadly acknowledges as crucial for prevention and enhancing population
well-being.

Health outcomes are evaluated using indicators that include both objective and sub-
jective aspects of health. These comprise healthy life years at birth, absolute life expectancy,
and the percentage of people reporting good or very good self-perceived health. Using
these variables enables the analysis to address lifespan, quality of life, and perceptions of
personal health. This approach provides a more complete view of how well the healthcare
system performs.

The study chose variables based on existing literature and the availability of compa-
rable European data, ensuring relevance and avoiding redundancy. All variables were
measured at the national level and underwent initial checks for distribution, outliers, and
statistical consistency before use in the multivariate analyses (Table 1).
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Table 1. Variables used in the analysis and data sources.
Variable Dataset Measure References
. Purchasing power standard
CHE Current health care expenditure (PPS) per inhabitant [70]
Purchasing power standard
LTE Long-term care (health) (PPS) per inhabitant [71]
PN Physicians Number [72]
BMIN Body mass index—normal Percentage [73]
Performing health-enhancing physical
PAT activity (Aerobic, muscle-strengthening, Percentage [74]
or both)
DCFV5 Daily consumption of fruit and Percentage [75]
vegetables—b5 portions or more
Smoking of tobacco
STPNS products—Non-smoker Percentage [76]
Frequency of alcohol
FACN consumption—Never or not in the last Percentage [77]
12 months
OPSSS Overall perceived social Percentage (78]
support—Strong

HLYB Healthy life years at birth Year [79]
LEB Life expectancy in absolute value at birth Year [80]
GVGPH Share of people with good or very good Percentage [81]

perceived health

Source: developed by the author based on Eurostat [70-81].

3.3. Methods

The empirical analysis employs an integrated methodological framework that captures
the complex, multidimensional nature of the healthcare systems under study. Consistent
with a systems-thinking approach, the methods used do not aim to identify direct causal
links. Instead, they estimate statistical associations, uncover latent structures, and explore
possible systemic configurations among healthcare resources, positive health factors, and
population health outcomes. In this study, the term “systemic interaction” is used in an
interpretive sense, referring to the coexistence and configuration of institutional, behavioral,
and social dimensions within national healthcare systems, rather than to causally identified
interaction effects.

In the initial stage, the study performs descriptive analysis of the data to characterize
variable distributions and the level of heterogeneity across European Union Member States.
It calculates measures such as central tendency, dispersion, and distribution shape to
evaluate whether the data are appropriate for further multivariate analyses and to detect
potential outliers that might affect the results. This phase is exploratory and provides the
statistical foundation for interpreting more complex analytical methods.

The study then uses an exploratory factor analysis with the principal components
method to reduce the dataset’s dimensions and create meaningful synthetic variables [82].
This approach helps identify latent constructs that explain the shared variance among
observed indicators, making it easier to interpret relationships across complex dimensions.
The factor model can be expressed as follows:

xi =Afi + ¢ (1)
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x;—the vector of observed standardized variables for country i;
A—the matrix of factor loadings;

f—the vector of latent factor scores;

e;,—the vector of unique errors;

i—the analyzed EU Member States.

The study evaluates the appropriateness of factor analysis using the Kaiser-Meyer—
Olkin (KMO) measure of sampling adequacy and Bartlett’s test of sphericity, and selects
factors with eigenvalues greater than 1 [83]. The resulting factor scores are then used as
synthetic variables in the explanatory models.

To examine the linear relationships among the latent constructs, the analysis employs
a univariate generalized linear model, with population health outcomes as the dependent
variable and healthcare system resources and positive health determinants as independent
variables. The GLM specification can be written as follows:

Y; = Bo + B1HR; + BoPHD; + ¢; ()

Y;—the factor score for population health outcomes in country i;
HR;—the factor score for healthcare system resources;
PHD;—the factor score for positive health determinants;
Bo—the intercept;

B1, Bo—the regression coefficients;

g;—the error term.

This setup allows for estimating average effects and testing the statistical significance
of relationships.

Given the evidence in the literature of nonlinear relationships and complex interactions
within healthcare systems, the analysis also uses multilayer perceptron artificial neural
networks. This approach effectively captures nonlinear relationships and threshold effects
without requiring predefined functional forms [83]. The general structure of the ANN-MLP
model can be expressed as follows:

Vi = 8k ("‘Ok + Zle X fr (boh + Zle wthij)) 3)

Yiy—the predicted value of the output variable k for country i;

gx—the activation function of the output layer;

xor—the output-layer bias;

apr—the weight connecting the hidden neuron / to the output variable k;
fr—the activation function of the hidden layer,

wj,—the weight connecting input variable j to hidden neuron .

Xjj—the value of the input variable j for country i.

In the empirical models estimated in this study, H = 1, consistent with the parsimo-
nious ANN-MLP architecture selected for the small sample of 27 EU Member States.

The analysis considers two separate models: one that uses healthcare system resources
as inputs and another that focuses on positive health determinants. This approach enables
a comparison of how each dimension contributes to explaining population health outcomes.
The study evaluates variable importance by examining each input’s role in decreasing
prediction error.

The ANN-MLP procedure was implemented in IBM SPSS Statistics v.27 and designed
as an exploratory nonlinear modelling stage rather than a purely predictive exercise. Before
estimating the neural networks, the dataset was checked for missing values, distributional
irregularities, and consistency across the 27 EU Member States. All cases with complete
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information were retained in the analysis. Because the variables were measured on different
scales, preprocessing included automatic rescaling in SPSS. In the first ANN-MLP model,
which examined the relationship between healthcare system resources and health outcomes,
the input covariates, namely current healthcare expenditure, long-term care expenditure,
and the number of physicians, were standardized.

In contrast, the scale-dependent output variables, healthy life years at birth, life
expectancy at birth, and self-perceived good or very good health, were normalized. In
the second ANN-MLP model, which examined the relationship between positive health
determinants and health outcomes, the input covariates, namely normal body mass index,
physical activity, daily fruit and vegetable consumption, non-smoking status, alcohol
abstinence, and strong perceived social support, were normalized. At the same time, the
same three output variables were also normalized.

For both ANN-MLP models, the architecture was intentionally kept parsimonious
because the analysis was based on a small cross-sectional sample of 27 EU Member States.
Each model included one input layer, one hidden layer with a single hidden neuron, and
one output layer with three dependent variables. A sigmoid activation function was used
in both the hidden and output layers, and the sum of squares was used as the error function.
This configuration was selected to detect potential nonlinear relationships while limiting
the risk of overfitting. The cases were split into training and test sets in SPSS, and model
performance was evaluated separately for each stage using the sum of squared errors and
the average overall relative error. The convergence process followed the SPSS stopping
rule, with one consecutive step and no decrease in error, and error computations based on
the testing sample.

Given the limited number of observations, advanced validation procedures such
as k-fold cross-validation or bootstrapping were not applied, because they would have
further reduced the effective training sample and could have produced unstable estimates.
Instead, robustness was addressed through three complementary strategies: maintaining
a very simple ANN architecture, comparing training and test errors to identify potential
overfitting, and interpreting the ANN results alongside the GLM findings. Therefore, the
ANN-MLP models are used to identify possible nonlinear patterns and relative variable
importance, not to claim strong predictive generalizability. This methodological choice is
consistent with the study’s exploratory and systemic purpose.

In the final stage, the analysis employed hierarchical cluster analysis to classify EU
Member States into distinct health-performance typologies. The classification was based
on the three health outcome indicators: healthy life years at birth, life expectancy at
birth, and the share of people reporting good or very good perceived health. Squared
Euclidean distance was used as the distance measure, while Ward’s agglomerative method
was applied to minimize within-cluster variance and obtain internally homogeneous
groups [84,85].

The selection of the final number of clusters was based on several complementary
criteria rather than on a single statistical rule. First, the dendrogram obtained from Ward’s
hierarchical procedure was inspected to identify the stage at which relatively large in-
creases in the fusion distance indicated a meaningful separation among cases. Second,
the interpretability of the resulting groups was assessed by comparing the final cluster
centers for the three health outcome indicators. Third, the solution stability was examined
through the iteration history and the absence of further changes in the cluster centers after
convergence. Finally, the resulting classification was compared with descriptive differences
in healthcare resources and positive health determinants to evaluate whether the clusters
reflected coherent systemic profiles. Given the small number of observations, the cluster
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analysis was used as an exploratory classification technique, and the resulting typologies
should be interpreted as indicative groupings rather than definitive categories.
The distance between observations is calculated using the following formula:

q
A=Y (zim—zim)° 4)

m=1

d2—the squared Euclidean distance between countries i and [;
Zim, Z1m—the standardized values of clustering variable m for countries i and /;
g—the number of clustering variables.

2
nAnp - .
A(A,B) = ————||z4— 2z 5
(A, B) nA+nB|| a—zg | (5)
A(A, B)—the increase in within-cluster variance caused by merging clusters A and B
n 4, np—the numbers of observations in the two clusters;

z 4, z p—the centroid vectors.

The resulting cluster solution was then interpreted using the dendrogram, final cluster
centers, convergence history, and substantive differences among the identified groups.

Across all methodological stages, the notation was standardized using indices 7 for
countries, j for input variables, k for output variables, and 4 for hidden neurons or latent
dimensions, depending on the model. This approach ensures consistency across the factor
analysis, GLM, ANN-MLP, and clustering procedures and improves the mathematical
transparency of the empirical strategy.

By applying these methods within a unified analytical framework, the study offers a
thorough view of the complexity of healthcare systems in the European Union. It establishes
a robust methodological base for testing hypotheses and analyzing empirical findings.

4. Results
4.1. Results of the Factor Analysis

To evaluate Hypothesis H1, the study employed exploratory factor analysis using
Principal Component Analysis (PCA) to determine how well the chosen healthcare system
resource indicators group into a single latent construct. Before extracting factors, the analy-
sis confirmed that the assumptions for dimensionality reduction were met, demonstrating
that the data were suitable for this process.

The Kaiser-Meyer-Olkin (KMO) measure is 0.657, above the usual minimum thresh-
old, suggesting that the correlations among variables are sufficiently consistent to sup-
port factor analysis. Additionally, Bartlett’s test of sphericity is significant (x> = 58.831;
p <0.001), confirming that the correlation matrix differs from an identity matrix and that
the variables exhibit meaningful intercorrelations.

The correlation analysis shows a link between current healthcare expenditure (CHE)
and long-term care expenditure (LTE), indicating structural complementarity between these
components of healthcare system financing. Correlations with the number of physicians
(PN) seem more moderate, suggesting that human resources play a different role than
financial aspects of the system.

The PCA results reveal a single principal component with an eigenvalue of 2.064,
explaining about 68.8% of the total variance. This significant share of explained variance
suggests a dominant underlying factor, which can be understood as healthcare system
resources. Communality values highlight the contributions of healthcare and long-term
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care expenditures to this factor, while the variable representing the number of physicians
has a smaller but still meaningful contribution (see Table 2).

Table 2. Communalities and factor matrix for the healthcare system resources factor.

Initial Extraction Factor 1
CHE 1.000 0.955 0.977
LTE 1.000 0.896 0.947
PN 1.000 0.213 0.462

Source: author’s design with SPSS v.27.0 (IBM Corporation, Armonk, NY, USA).

High factor loadings for CHE and LTE indicate they are linked to the identified
factor, underscoring the importance of financial factors and long-term care in determining
healthcare system capacity. Even though the PN variable has a lower loading, it still
exceeds the minimum threshold, indicating that the availability of medical personnel is a
supplementary element of the system’s resources.

Overall, these results support the validity of the latent construct “healthcare system
resources,” thereby confirming Hypothesis H1 and providing a solid foundation for its use
in subsequent GLM and nonlinear analyses.

To evaluate the underlying structure of positive health determinants, the study used
exploratory factor analysis PCA on six indicators of healthy behaviors and conditions at
the population level. Before extracting components, the analysis confirmed that the data
were suitable for this method, showing that its use was appropriate.

The Kaiser-Meyer—Olkin (KMO) measure is 0.677, reflecting adequate sampling suit-
ability for factor analysis. Bartlett’s test of sphericity is significant (x> = 37.048; p = 0.001),
indicating that meaningful correlations exist among variables and supporting the use of
dimensionality reduction. The correlation matrix reveals moderate positive relationships
among key health-promoting behaviors such as physical activity, healthy eating, and non-
smoking. Conversely, the frequency of alcohol consumption classified as “never” or “not in
the last 12 months” shows negative correlations with other indicators, suggesting a distinct
yet conceptually aligned dynamic within the set of health determinants.

The PCA results reveal a single principal component with an eigenvalue of 2.661,
accounting for about 44.4% of the total variance. Although this explained variance is less
than that of the healthcare resources factor, it remains acceptable for a behavioral and
social construct that exhibits greater heterogeneity across the population. Communality
analysis indicates consistent contributions from physical activity, non-smoking, and low
alcohol consumption frequency, whereas perceived social support contributes very little,
suggesting a weaker association within the identified factor structure (Table 3).

Table 3. Communalities and factor matrix for the positive health determinants factor.

Initial Extraction Factor 1
BMIN 1.000 0.388 0.623
PAT 1.000 0.681 0.825
DCFV5 1.000 0.429 0.655
STPNS 1.000 0.549 0.741
FACN 1.000 0.588 —0.767
OPSSS 1.000 0.025 0.158

Source: author’s design with SPSS v.27.0 (IBM Corporation, Armonk, NY, USA).
The factor loadings indicate an association among physical activity, non-smoking, and

healthy eating, suggesting that this factor primarily reflects a health-oriented behavioral
profile. The negative loading of the FACN variable indicates an inverse relationship with
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the other indicators, while remaining conceptually consistent, suggesting that alcohol
abstinence is a complementary aspect of a healthy lifestyle. In contrast, perceived social
support contributes only slightly to the factor, suggesting it may serve more as a separate
contextual factor than as part of the core health-promoting behaviors.

Overall, these results somewhat support Hypothesis H1 concerning positive health
determinants. They confirm a dominant latent construct but also emphasize the complexity
and diversity of this domain, an inherent feature of healthcare systems viewed from a
systemic perspective.

To assess the structural coherence of the indicators used to measure health outcomes,
the study applied exploratory factor analysis using the Principal Component Analysis
(PCA) method to three variables: healthy life years at birth (HLYB), life expectancy at birth
(LEB), and the proportion of the population reporting good or very good perceived health
(GVGPH). Preliminary analysis indicates that the data meet the necessary conditions for
dimensionality reduction.

The Kaiser-Meyer—Olkin (KMO) measure is 0.694, exceeding the recommended mini-
mum and indicating satisfactory sampling adequacy for factor analysis. Bartlett’s test of
sphericity is statistically significant (x> = 25.712; p < 0.001), confirming substantial correla-
tions among the variables. The correlation matrix shows moderate to positive associations
among all three indicators, reflecting the interdependence between objective and subjective
dimensions of health status.

The PCA results indicate the extraction of a single principal component with an
eigenvalue of 2.188, explaining approximately 72.9% of the total variance in the data. This
high proportion of explained variance confirms the presence of a robust latent construct
that can be interpreted as population health outcomes. Communality values are high for all
variables, indicating that the extracted factor adequately represents each indicator (Table 4).

Table 4. Communalities and factor matrix for the population health outcomes factor.

Initial Extraction Factor 1
HLYB 1.000 0.694 0.833
LEB 1.000 0.699 0.836
GVGPH 1.000 0.795 0.892

Source: author’s design with SPSS v.27.0 (IBM Corporation, Armonk, NY, USA).

The high and relatively balanced factor loadings indicate that all three indicators
consistently contribute to defining the latent construct, capturing both the quantitative
dimension of longevity and the qualitative dimension of perceived health status. This
convergence between objective and subjective indicators strengthens the conceptual validity
of the factor and supports its use as a synthetic dependent variable in subsequent analyses.

Opverall, the results of the factor analyses of healthcare system resources, positive health
determinants, and health outcomes confirm Hypothesis H1 by demonstrating distinct,
coherent, and analytically relevant latent constructs from a systemic perspective on health
in the European Union.

4.2. Univariate General Linear Model (GLM)

To test Hypothesis H2, the study estimated a univariate Generalized Linear Model
(GLM) with the synthetic factor of health outcomes as the dependent variable. In contrast,
the factors corresponding to healthcare system resources and positive health determinants
entered the model as independent variables. The use of previously extracted factor scores
enables an integrated analysis of relationships among the identified subsystems, reduces the
risk of multicollinearity, and facilitates interpretation within a systems-thinking framework.
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Descriptive analysis of the underlying variables indicates substantial variability across
European Union member states in healthcare resources, health-promoting behaviors, and
population health outcomes. Measures of skewness and kurtosis generally fall within
acceptable ranges, which suggests that the core assumptions of the linear model are reason-
ably satisfied for the analyzed data.

The GLM results indicate that the estimated model is statistically significant overall
(F = 6.860; p = 0.004) and explain approximately 36.4% of the variance in the health
outcomes factor (R? = 0.364; adjusted R? =0.311). This result indicates a statistically relevant
association between the explanatory factors and health performance at the Member State
level, without implying causal influence (Table 5).

Table 5. Tests of between-subject effects for the healthcare system resources factor.

Source Type III Sum df Mean F Si Partial Eta Noncent. Observed
of Squares Square & Squared Parameter Power
Corrected 9.457 2 4728 6860  0.004 0.364 13.719 0.885
Model
Intercept 0.000 1 0.000 0.000  1.000 0.000 0.000 0.050
HR 5.188 1 5.188 7526  0.011 0.239 7.526 0.749
PHD 0.239 1 0.239 0.347  0.561 0.014 0.347 0.087
Error 16.543 24 0.689
Total 26.000 27
Corrected Total 26.000 26
Source: author’s design with SPSS v.27.0 (IBM Corporation, Armonk, NY, USA).

The analysis of individual associations shows that healthcare system resources are
positively and significantly associated with health outcomes (p = 0.011), with a moderate
effect size (partial n> = 0.239). This indicates that Member States with higher levels of
financial and human healthcare resources tend to report better outcomes in life expectancy,
healthy life years, and self-rated health.

In contrast, positive health determinants, when combined as a single synthetic factor,
are not statistically significantly associated with the health outcomes factor in this linear
model (p = 0.561), and their effect size is minimal. This indicates that the relationship
between health-promoting behaviors and population outcomes is not fully represented
by a straightforward linear specification, especially when analyzed alongside healthcare
system resources (see Table 6).

Table 6. Parameter Estimates for GLM.
95% Confidence Partial
Int 1 artia
Parameter B Std. ¢ Sig. nterva Eta Noncent.  Observed
Error Lower Upper Squared Parameter Power
Bound Bound 9

Intercept ~ —0.00000000001063  0.160 0.000 1.000 —0.330 0.330 0.000 0.000 0.050
HR 0.715 0.261 2.743 0.011 0.177 1.254 0.239 2.743 0.749
PHD —0.0154 0.261 —0.589 0.561 —0.692 0.385 0.014 0.589 0.087

Source: author’s design with SPSS v.27.0 (IBM Corporation, Armonk, NY, USA).
Parameter estimates indicate a positive, statistically significant cross-sectional asso-

ciation between healthcare resources and health outcomes. In contrast, the coefficient for
positive health determinants is negative but statistically insignificant, with its confidence
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interval including zero. This suggests that, within this analytical framework, the model
does not identify a linear effect for these determinants.

Overall, the GLM results provide partial support for Hypothesis H2. Although health-
care system resources are positively and significantly associated with health outcomes,
positive health determinants do not show a significant linear association in this model. This
finding underscores the need to explore more complex, nonlinear relationships between
positive health determinants and health status, an issue addressed in the following sec-
tion using artificial neural networks, consistent with the systemic perspective adopted in
this study.

4.3. Artificial Neural Network-Based Models (ANN-MLP)

To explore potential nonlinear links between healthcare resources and health outcomes,
the study employed a Multilayer Perceptron (ANN-MLP) neural network. This method
was chosen to explore possible nonlinear associations between institutional indicators and
population-level health outcomes, and to build on GLM results that demonstrated the
limitations of a purely linear approach.

The ANN model incorporates three input variables representing healthcare system
resources: current healthcare expenditure (CHE), long-term care expenditure (LTE), and
the number of physicians (PN). It predicts three health outcome indicators: healthy life
years at birth (HLYB), life expectancy at birth (LEB), and self-perceived health status
(GVGPH). The network features a single hidden layer with a single neuron and a sigmoid
activation function, enabling an exploratory examination of potential nonlinear patterns
while mitigating overfitting risks associated with the small dataset (see Figure 1).

Synaptic Weight = 0
e Synaptic Weight < 0

Hidden layer activation function: Sigmoid

Output layer activation function: Sigmoid

Figure 1. ANN-MLP model illustrating the systemic relationships between institutional inputs and
population health outcomes. Source: authors’ design using SPSS v.27 (IBM Corporation, Armonk,
NY, USA).

Given the relatively small sample size (27 EU Member States), the ANN architecture
was deliberately simplified to a single hidden layer with one neuron to reduce the risk of
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overfitting and ensure model stability. The ANN is used primarily as an exploratory tool to
detect potential nonlinear patterns rather than for predictive generalization.

The model performance suggests acceptable exploratory stability within the limits
of the small sample. The mean relative error at the test stage is 0.520, lower than the
corresponding value during training, suggesting no overfitting and acceptable stability
of the estimates. Differences across dependent variables indicate that life expectancy is
predicted with higher accuracy than healthy life years and self-perceived health, likely
reflecting its more structural and less volatile nature.

The sum of squared errors equals 0.367 during the training phase and 0.238 during
the testing phase. Table 7 reports the predicted values, together with the absolute and
normalized importance of the input variables.

Table 7. Parameter estimates from the ANN-MLP model that capture systemic relationships between
institutional inputs and population health outcomes.

Predicted
Hidden Importance Normalized
Predictor Layer 1 Output Layer Importance
H(1:1) HLYB LEB GVGPH
(Bias) —0.032
CHE 10.738 0.470 100.0%
Input Layer LTE 7.129 0.269 57.2%
PN 6.102 0.261 55.4%
Hidden (Bias) ~1.023 ~0.491 ~0.202
Layer 1 H(1:1) 1.318 2.048 0.872

Source: authors’ construction using SPSS v.27 (IBM Corporation, Armonk, NY, USA).

Due to the limited sample size, advanced validation techniques such as cross-
validation or bootstrapping were not used, as they would further reduce the effective
training sample size. Therefore, the ANN results should be interpreted as exploratory,
aimed at identifying potential nonlinear patterns rather than providing a predictive model.

The parameter estimates describe the internal structure of the ANN-MLP model and
indicate how the input variables contribute to the modelled nonlinear association between
healthcare resources and population health outcomes. The connection weights from the
input to the hidden layers indicate that all three healthcare resource variables contribute to
the ANN model, suggesting their combined influence on systemic performance. Notably,
current healthcare expenditure (CHE) has the highest connection weight to the hidden
neuron (10.738), suggesting its dominant role within the model structure. The importance
analysis further supports this, with CHE having the highest normalized importance (100%),
followed by long-term care expenditure (LTE) at 57.2% and the availability of medical
personnel (PN) at 55.4%.

At the output layer, the coefficients connecting the hidden neuron to the dependent
variables highlight differences in how health outcomes are modelled in relation to non-
linear combinations of system resources. The higher value for life expectancy at birth
(LEB = 2.048) indicates it is most sensitive to intricate interactions among institutional
resources, followed by healthy life years at birth (HLYB = 1.318) and self-perceived health
status (GVGPH = 0.872). These findings suggest that, within the ANN model, objective
outcomes appear more closely associated with nonlinear resource configurations than
subjective indicators, which are more influenced by contextual and cultural factors.
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Overall, the ANN results suggest the possible presence of nonlinear patterns between
healthcare system resources and population health outcomes. However, given the lim-
ited number of observations and the absence of advanced validation procedures, these
findings should be interpreted as exploratory rather than confirmatory. They provide
indicative support for Hypothesis H3 by showing that the relationships among variables
may involve nonlinear configurations that the GLM does not fully capture. Therefore, the
ANN-MLP results should be understood as a complementary analytical perspective rather
than definitive evidence of nonlinear mechanisms.

To further investigate the nonlinear links between positive health factors and outcomes,
the study employs a second Multilayer Perceptron (ANN-MLP) neural network. This
model considers six key variables related to health-promoting behaviors and conditions
at the population level: maintaining a normal body mass index (BMIN), participating
in physical activity (PAT), consuming enough fruits and vegetables daily (DCFV5), not
smoking (STPNS), abstaining from alcohol (FACN), and having perceived social support
(OPSSS). The three health outcome components, HLYB, LEB, and GVGPH, remain the
dependent variables (see Figure 2).

Synaptic Weight =0
m Symaptic Weight < 0

m
2
2

Hidden layer activation function: Sigmoid

Output layer activation function: Sigmoid

Figure 2. ANN-MLP model illustrating the systemic relationships between positive health deter-
minants and health outcomes. Source: authors’ design using SPSS v.27 (IBM Corporation, Armonk,
NY, USA).

The network architecture is comparable to that of the previous model and includes a
single hidden layer with a single neuron and sigmoid activation. This structure allows an
exploratory examination of possible nonlinear associations among positive health determi-
nants while avoiding overparameterization, given the relatively small sample size. Model
performance indicates moderate exploratory performance, with a mean relative error of
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0.675 on the test sample. Although this error level is higher than that observed in the health-
care resources-based model, it reflects the more heterogeneous and context-dependent
nature of behavioral and social determinants.

Differences across dependent variables are noteworthy. Life expectancy at birth is
predicted with relatively higher accuracy. In contrast, self-perceived health status shows
greater variability in error, suggesting heightened sensitivity to contextual factors that
aggregated indicators capture less effectively. This observation aligns with the existing
literature, which emphasizes the subjective and culturally embedded nature of health
perception (Table 8).

Table 8. Parameter estimates in the ANN-MLP model capturing systemic relationships between
positive health determinants and health outcomes.

Predicted
Hidd Importance Normalized
idden
Predictor Layer 1 Output Layer Importance
H(1:1) HLYB LEB GVGPH
(Bias) ~3193
BMIN 2.416 0.297 83.4%
PAT 0.683 0.081 22.8%
Input Layer S
DCFV5 1.157 0.132 37.2%
STPNS 0.789 0.094 26.3%
FACN 0.362 0.041 11.5%
OPSSS 3.497 0.356 100.0%
Hidden (Bias) 0528 ~1.776 0975
Layer 1 H(1:1) 0.634 3.405 2.004

Source: authors’ construction using SPSS v.27 (IBM Corporation, Armonk, NY, USA).

The parameter estimates in Table 8 provide a detailed view of the nonlinear associa-
tions modelled between positive health determinants and health outcomes, highlighting
their distinct roles within the ANN-MLP model’s architecture. The connection weights
between the input layer and the hidden neuron show an uneven distribution of contri-
butions across the determinants analyzed, suggesting the presence of factors that play a
central role in shaping population health performance. In this regard, perceived social
support (OPSSS) has the highest connection weight to the hidden layer (3.497), suggesting
a dominant contribution to the ANN’s nonlinear aggregation mechanism. The relative
importance analysis reinforces this finding, showing that OPSSS has the highest normalized
importance (100%) and positions this social dimension as a pivotal element of the model.

In addition to social support, maintaining a healthy body mass index (BMI) plays a
major role at the input layer, with a connection weight of 2.416 and an importance score
of 83.4%. Proper intake of fruits and vegetables (DCFV5) has intermediate significance,
with a normalized importance of 37.2%, while physical activity (PAT) and non-smoking
status (STPNS) have a more moderate impact. The lack of alcohol consumption (FACN)
has the lowest importance at 11.5%, indicating a supplementary role within the nonlinear
arrangement of positive health factors.

At the output layer, the coefficients linking the hidden neuron to the dependent
variables reveal significant differences in the sensitivity of health outcomes to nonlinear
combinations of positive health determinants. The highest value, life expectancy at birth
(LEB = 3.405), suggests that this indicator is most strongly associated with positive health
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determinants in the modelled nonlinear association, followed by self-perceived health
status (GVGPH = 2.004) and healthy life years at birth (HLYB = 0.634). These results suggest
that the associations between positive health determinants and health outcomes may not
be uniform or strictly additive; rather, they depend on systemic thresholds and specific
combinations of key factors, particularly those with social and behavioral characteristics.

Overall, the results of the second ANN-MLP model provide additional exploratory
support for Hypothesis H3. They suggest that the relationships between positive health de-
terminants and population health outcomes may include nonlinear components, especially
when behavioral and social variables are considered jointly. Nevertheless, these results
should be interpreted with caution, as the limited sample size does not allow for strong
predictive validation or definitive confirmation of nonlinear mechanisms. The ANN-MLP
model should therefore be viewed as an exploratory tool for detecting possible patterns
rather than as a confirmatory model.

Taken together, the two ANN-MLP models do not provide strict statistical confirma-
tion of nonlinear mechanisms, but they offer exploratory evidence that the relationships
among healthcare resources, positive health determinants, and population health out-
comes may involve nonlinear configurations. Therefore, Hypothesis H3 is not considered
definitively validated but rather partially and exploratorily supported. This interpreta-
tion is consistent with the limited sample size, the cross-sectional design, and the role of
ANN-MLP models as complementary tools for identifying possible systemic patterns.

4.4. Cluster Analysis of Health Outcome Indicators

To identify distinct typologies of European Union Member States based on health
performance, the study applied cluster analysis using squared Euclidean distance and
Ward'’s linkage method, with health outcome indicators, healthy life years at birth (HLYB),
life expectancy at birth (LEB), and the proportion of the population reporting good
or very good health (GVGPH), as classification variables. This approach enables the
identification of emergent patterns of health performance resulting from the complex
interplay among system resources, positive health determinants, and institutional and
socio-cultural contexts.

The results indicate a two-cluster solution, selected through joint interpretation of
the dendrogram, the final cluster centers, and the classification process’s stability. The
dendrogram suggested that the main separation among Member States occurs at the level
of two broad groups, while more detailed subdivisions mainly reflect internal heterogeneity
within the better-performing group rather than clearly distinct health-performance regimes.
The algorithm converged after two iterations, with no further changes in the cluster centers,
which indicates a stable classification structure within the limits of the small sample.
Therefore, the two-cluster solution was retained because it offered the most parsimonious
and substantively interpretable distinction between Member States with higher and lower
population health outcomes (Figure 3).

This stability suggests a clear separation among Member States based on the analyzed
health profiles. The final cluster centers reveal substantial differences between the two
groups. As an additional validation-oriented check, the two-cluster solution was examined
through the final cluster centers and descriptive between-cluster comparisons. The final
centers show a coherent separation across all three health outcome indicators: Cluster 1
records higher values for healthy life years at birth, life expectancy, and self-perceived
good or very good health, whereas Cluster 2 records lower values on the same indicators.
Descriptive ANOVA results also indicate sizeable differences between the two groups for
HLYB, LEB, and GVGPH. However, these statistics are interpreted only as descriptive
evidence of separation, not as formal hypothesis tests, because the clustering procedure
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itself maximizes between-group differences. This cautious interpretation strengthens
the methodological transparency of the analysis while avoiding overstatement of the
cluster validation.

Dendrogram using Ward Linkage
Rescaled Distance Cluster Combine

5 10 13 20 23
] | l 1 1

Figure 3. Dendrogram. Source: authors’ design using SPSS v.27 (IBM Corporation, Armonk,
NY, USA).

Cluster 1 shows higher values across all three health outcome indicators (HLYB
~ 64.4 years, LEB ~ 81.7 years, and GVGPH = 72.6%), suggesting a more favorable
population health profile. By contrast, Cluster 2 shows lower values (HLYB ~ 58.4 years,
LEB =~ 78.1 years, and GVGPH =~ 56.2%), indicating a more vulnerable health profile.

A detailed analysis of the mean values across two clusters reveals distinct structural
differences among European Union Member States in their healthcare resources, positive
health determinants, and population health outcomes (see Table A1 in the Appendix A).
Cluster 1, which includes countries with better health performance, has an average health-
care expenditure of around 2949 PPS per capita, notably higher than the EU average of
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2600 PPS. This discrepancy aligns with increased long-term care spending and greater
availability of medical personnel, with an average of over 77,000 physicians, compared
with roughly 36,900 in Cluster 2.

In parallel, the profile of positive health determinants shows a more favorable con-
figuration in Cluster 1, where the proportion of the population with a normal body mass
index is around 45% and average physical activity levels exceed 54%, compared with less
than 39% in Cluster 2. Differences also emerge in dietary behaviors, as states in Cluster 1
report higher consumption of fruits and vegetables and a larger share of non-smokers. By
contrast, Cluster 2 shows higher rates of abstaining from alcohol, suggesting heterogeneous
behavioral patterns that do not automatically translate into superior health outcomes.

These structural differences are reflected in distinct health outcome profiles. Cluster
1 reports average values of approximately 64 years for healthy life years at birth (HLYB),
81.4 years for life expectancy, and over 72% for self-perceived good or very good health. In
contrast, Cluster 2 shows a consistent gap, with average values of approximately 58.6 years
for HLYB, 78.1 years for life expectancy, and only 55% for self-perceived health. The dispar-
ity is particularly pronounced for subjective indicators, suggesting that health perceptions
respond to institutional and social contexts more than to strictly demographic measures.

A more granular analysis at the subcluster level within Cluster 1 reveals meaningful
internal stratification. Subcluster 1.2, which includes Sweden, Ireland, Spain, and Italy,
records the highest values across all three health outcome indicators, with averages exceed-
ing 70 years for HLYB and 83 years for life expectancy. These states combine high levels of
financial resources with favorable profiles of positive health determinants, particularly diet,
social support, and physical activity. Subcluster 1.1, while still exhibiting health perfor-
mance, shows more moderate values for behavioral determinants, suggesting that higher
institutional resource levels can partially compensate for less favorable lifestyle profiles.

By comparison, states in Cluster 2 exhibit lower resource availability and less favorable
positive health determinants, which constrain healthcare systems’ capacity to achieve
robust population health outcomes. Although some countries in this cluster approach
the European average on specific dimensions, the absence of a coherent configuration
across resources, behaviors, and social contexts is associated with less favorable health
outcome profiles.

From a systemic perspective, these findings suggest that health performance across the
European Union is not uniformly distributed but can be described through exploratory ty-
pologies associated with specific configurations of institutional resources, health-promoting
behaviors, and socioeconomic contexts. The identified clustering structure has important
policy implications. Member States in the higher-performing cluster appear to combine
stronger institutional resources with more favorable configurations of health determinants,
suggesting that integrated strategies may be relevant for supporting better health out-
comes. In contrast, countries in the lower-performing cluster exhibit structural gaps in
both resources and behavioral determinants, indicating that isolated policy interventions
may be insufficient. These findings support the need for differentiated policy approaches
tailored to cluster-specific profiles rather than uniform strategies across the European
Union. Moreover, the cluster typologies highlight the importance of aligning investments
in healthcare systems with interventions targeting social and behavioral determinants to
reduce structural health inequalities. However, the absence of external validation of the
clusters suggests that these typologies should be interpreted as indicative groupings rather
than definitive classifications.
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The selection of the two-cluster solution was supported by the dendrogram structure,
the algorithm’s convergence, the final cluster centers, and the substantive interpretability
of the resulting groups. Cluster 1 consistently shows higher values for healthy life years,
life expectancy, and self-perceived health, whereas Cluster 2 shows a more vulnerable
health profile. Nevertheless, the clustering results should be interpreted cautiously. The
ANOVA statistics are used only as descriptive indicators of separation, not as inferential
validation, and the absence of external validation means that the resulting typologies
remain exploratory. Thus, the cluster analysis provides indicative support for Hypothesis
H4 rather than definitive evidence of stable health-system categories.

5. Discussion

The results of this study provide exploratory empirical support for the value of
a systems-thinking approach to analyzing healthcare systems in the European Union.
They are consistent with the view that population health is associated with complex
configurations of institutional resources, positive health determinants, and broader social
contexts. This perspective aligns with the literature that conceptualizes healthcare systems
as complex adaptive systems, in which relationships among components may involve
interdependencies, feedback loops, and nonlinear dynamics [1,2,14].

Before interpreting the findings, it is important to distinguish between statistical
association, systemic interaction, and causal explanation. The GLM results indicate cross-
sectional associations among the analyzed latent constructs, particularly between healthcare
system resources and population health outcomes. The ANN-MLP and cluster analyses
offer exploratory insights into possible nonlinear configurations and heterogeneity among
Member States. However, these patterns should not be interpreted as causally identified
mechanisms. In this study, systemic interaction refers to the coexistence of institutional re-
sources, behavioral determinants, and social conditions within national healthcare systems,
rather than to causal interaction effects estimated through longitudinal or experimental
designs. Therefore, the findings should be understood as evidence of associations and
exploratory configurations that require further causal testing in future research.

The results related to Hypothesis H1 show that the selected indicators cluster into
distinct, coherent latent constructs representing healthcare system resources, positive health
determinants, and population health outcomes. This latent structure is consistent with
observations from comparative European studies that isolated indicators cannot explain
health performance and that a multidimensional analytical approach is required [5,49]. In
particular, the coherence of the healthcare resources factor aligns with literature emphasiz-
ing the close interrelation among expenditure, human resources, and medical infrastructure
within national systems [23,40]. By contrast, the more heterogeneous structure of positive
health determinants reflects the complexity of health behaviors and social factors, consistent
with the work of Solar and Irwin, who emphasize the contextual and intersectoral nature
of health determinants. However, the relatively low explained variance of the positive
health determinants factor (approximately 44.4%) indicates greater heterogeneity across
behavioral and social variables. In addition, the weak loading on perceived social support
suggests that this variable may capture a distinct dimension that is not fully aligned with
the core behavioral construct. This result reflects the complex, multidimensional nature of
health determinants, which may not be fully reducible to a single latent factor.

The results for Hypothesis H2 indicate a positive, statistically significant cross-sectional
association between healthcare system resources and population health outcomes, corrobo-
rating findings from numerous econometric and public policy studies. The relationship
between health expenditure and indicators such as life expectancy and healthy life years
appears widely documented in OECD and European Union research [7,10,22]. The findings
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of this study are consistent with the view that health investments and institutional capacity
are closely linked to population health performance, even in contexts characterized by
diminishing marginal returns, as endogenous growth models suggest [51].

This perspective also applies to the interpretation of subjective health indicators, such
as self-perceived health. In more developed healthcare systems, higher expectations, greater
medical awareness, and increased access to healthcare services may lead individuals to
report lower perceived health, even when objective conditions are better. Conversely,
populations in less developed contexts may report higher perceived health due to lower
expectations. This paradox aligns with the theory of diminishing marginal returns and war-
rants caution when interpreting subjective health measures in cross-country comparisons.

In contrast, positive health determinants do not show a statistically significant linear
effect in the GLM framework when analyzed alongside institutional resources. This aligns
with other research indicating that the effects of health-related behaviors are often difficult
to capture with aggregated linear models, especially at the national level [24,61]. The litera-
ture indicates that physical activity, healthy eating, and social support may be associated
with health indirectly and cumulatively, a relationship that traditional linear methods often
overlook [29,33]. Therefore, the absence of statistical significance in the GLM should not be
viewed as evidence of no effect but rather as a limitation of the linear analytical approach.

This interpretation is further supported, in an exploratory sense, by the findings re-
lated to Hypothesis H3. The ANN-MLP models suggest the possible presence of nonlinear
associations between positive health determinants and population health outcomes, but
these patterns should not be interpreted as definitive evidence of nonlinear mechanisms.
Given the limited number of country-level observations and the absence of advanced vali-
dation procedures, the ANN results should be understood as complementary exploratory
insights that help identify potential configurations warranting further testing in larger or
longitudinal datasets. The key contributions of perceived social support and maintaining a
normal body mass index within the ANN framework align with the literature emphasizing
the importance of social capital and relationships in reducing mortality and enhancing
quality of life [31,62]. Additionally, these results are consistent with recent machine learning
studies in population health, indicating that the impact of behavioral determinants varies
with specific combinations of factors and threshold levels [4,67]. It is important to note
that ANN-based results do not provide formal statistical inference, such as confidence
intervals or hypothesis tests. Therefore, the identified nonlinear patterns should be in-
terpreted cautiously as exploratory insights into potential system dynamics rather than
definitive conclusions.

The results of the cluster analysis provide exploratory support for Hypothesis H4 and
suggest indicative typologies of European Union Member States based on health outcomes.
These typologies point to structural differences among European communities and are
consistent with the literature documenting persistent health inequalities across regions
and groups of countries [5,43]. However, the systemic approach adopted in this study
adds an interpretive dimension by suggesting that these differences do not merely reflect
variations in resource levels but rather emerge from complex configurations involving
health behaviors. These findings should be interpreted as indicative, since no sensitivity
analysis was conducted to assess the stability of the results under alternative specifications.

These findings also suggest that systemic heterogeneity among EU healthcare systems
has direct policy relevance, as differences in health outcomes reflect not only variations in
healthcare resources but also the ways institutional capacity interacts with behavioral and
social determinants within specific governance contexts.

This research suggests that unidirectional health policies remain insufficient to reduce
health disparities. In line with the conclusions advanced by [6,28], the sustainable transfor-
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mation of healthcare systems requires integrated interventions that combine investments
in institutional resources with strategies to strengthen communities and promote positive
health determinants.

5.1. Theoretical Implications

The study’s findings contribute to the healthcare systems literature, especially by
enhancing the theoretical framework of systems thinking used to compare population
health. The evidence that indicators form separate latent constructs supports the view
that a single dominant dimension cannot explain health and that health should be seen as
a multidimensional, emergent phenomenon. This outcome is consistent with theoretical
claims that view healthcare systems as complex adaptive systems, in which institutional
resources, individual behaviors, and social factors are interconnected and may shape one
another over time. However, such dynamic relationships cannot be causally tested in the
present cross-sectional design.

The study contributes to the understanding of how healthcare system resources relate
to positive health determinants by showing that these elements do not function symmetri-
cally or equally. It indicates that, in the linear model, institutional resources show a more
direct statistical association with population health outcomes, whereas positive health de-
terminants appear to be associated with health mainly through nonlinear, context-specific
patterns. This distinction offers valuable nuance to the literature, which often views behav-
ioral determinants either as minor factors or as replacements for institutional investment.

Using multiple methods together enhances analysis by going beyond basic descrip-
tions. Factor analysis reveals hidden systemic patterns; GLM estimates average linear
relations; ANN models explore possible nonlinear associations and threshold-like patterns;
and cluster analysis uncovers emerging health system types. Collectively, these approaches
provide a more complete view of the healthcare system’s complexity, allowing analysis to
move from examining isolated relationships to gaining integrated, system-wide insights.

5.2. Practical Implications

In practice, this study’s findings inform public decision-makers and stakeholders
engaged in health policy planning at the European and national levels. The observed
association between healthcare system resources and population health underscores the
need to sustain adequate funding and optimize the use of human resources and care
services, especially given an aging population and rising prevalence of chronic diseases.

The findings also suggest that policies aimed solely at increasing institutional resources
may be insufficient to optimize health performance. The influence of positive health
factors, primarily identified using nonlinear models, suggests that interventions focused
on lifestyle and social capital may be more relevant when policymakers integrate them into
the healthcare system. However, the present findings do not estimate their causal effects.
Key elements such as perceived social support, regular physical activity, and maintaining a
healthy weight emerge as relevant contextual factors that may complement institutional
investments, particularly within communities.

Cluster analysis offers a useful method for dividing states or regions by health perfor-
mance, aiding the development of tailored, context-aware policies. Instead of applying a
one-size-fits-all approach across Europe, the findings highlight the importance of adaptable
strategies that consider each community’s unique resource and determinant structures.

The systemic heterogeneity suggested by the cluster analysis has relevant policy im-
plications. The differences between Member States should not be interpreted only as
variations in healthcare expenditure, but as the result of interactions among institutional re-
sources, behavioral and social determinants, and governance capacity. Higher-performing
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systems appear to combine stronger financial and human resources with more favorable
behavioral and social profiles. In contrast, lower-performing systems show more vulnerable
configurations that are unlikely to be adequately addressed through isolated interventions.
EU health policy should rely on differentiated strategies rather than uniform prescrip-
tions. In countries with stronger healthcare resources, priorities should focus on efficiency,
long-term care integration, prevention, and community-based health promotion. In coun-
tries with weaker health profiles, increased expenditure would likely be more effective
if accompanied by reforms targeting access, institutional coordination, prevention, social
support, and behavioral risk factors. These findings support a systemic policy approach in
which healthcare investment, prevention policies, and social interventions are treated as
complementary components of the same governance framework.

5.3. Limitations and Future Research Directions

Although this study makes valuable contributions, readers should be aware of certain
limitations. The cross-sectional design limits understanding of how resources, determinants,
and health outcomes evolve. It offers a clear snapshot of current configurations but does
not support strong causal conclusions or long-term trend analysis.

For this reason, the empirical findings should be interpreted as cross-sectional associa-
tions rather than causal effects. The GLM identifies average statistical relationships among
latent constructs, while the ANN-MLP and cluster analyses explore possible nonlinear pat-
terns and systemic configurations. These methods can indicate whether variables coexist in
meaningful empirical patterns, but they cannot determine the temporal ordering, direction
of influence, or causal mechanisms linking institutional resources, behavioral determinants,
social support, and population health outcomes.

Second, using nationally aggregated data can hide significant inequalities within
regions or subpopulations. Positive health determinants, especially behavioral and social
factors, can vary widely across Member States, and macro-level analysis may not capture
these internal disparities. Moreover, certain indicators, such as self-perceived health and
social support, are influenced by cultural contexts and differences in subjective reporting,
potentially affecting cross-country comparisons.

In addition, self-perceived health indicators may introduce comparability biases across
countries because perceptions of health are inherently relative and shaped by cultural,
educational, and socioeconomic factors. In more developed contexts, individuals may
report lower perceived health despite objectively better conditions, reflecting higher ex-
pectations and awareness. In contrast, populations in less developed settings may report
comparatively higher perceived health. This potential paradox, consistent with dimin-
ishing marginal returns in perceived well-being, should be considered when interpreting
cross-country differences.

Another limitation is the relatively small sample size, which may reduce the robustness
of multivariate and machine-learning analyses. Although the ANN models were specified
with a simplified architecture to mitigate overfitting, the results should be interpreted
with caution, as they primarily capture indicative nonlinear relationships rather than fully
generalizable patterns.

A further limitation concerns the interpretation of the ANN-MLP models. Although
these models are useful for exploring potential nonlinear associations, the small sample of 27
EU Member States restricts their predictive and confirmatory value. The ANN architecture
was intentionally simplified to reduce overfitting, and the results were interpreted together
with the GLM findings. However, the absence of advanced validation procedures, such as
k-fold cross-validation or bootstrapping, means that the ANN findings should be treated
as exploratory indications of possible nonlinear patterns rather than as validated evidence
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of underlying mechanisms. Future research should test these relationships using larger
datasets, longitudinal designs, and more robust machine-learning validation procedures.

Another limitation relates to the factor analysis results. Some extracted factors explain
a moderate proportion of variance, particularly for positive health determinants, which
may affect the robustness of the latent constructs. Furthermore, certain variables, such
as perceived social support, exhibit weak loadings, suggesting that they may represent
distinct dimensions not fully captured within the constructed factors.

The cluster analysis also has several limitations. Although the two-cluster solution was
supported by dendrogram interpretation, convergence stability, final cluster centers, and
descriptive between-cluster differences, it was not externally validated using independent
datasets. In addition, the ANOVA results for the clusters were used only descriptively, as
the clustering procedure was designed to maximize differences among cases. Therefore,
the identified typologies should be interpreted as exploratory and indicative rather than
definitive. Future studies could strengthen this classification by applying silhouette coeffi-
cients, alternative distance measures, k-means sensitivity checks, or longitudinal clustering
procedures on larger datasets.

The cross-sectional design restricts causal inference. Although longitudinal analysis
would provide deeper insights into dynamic relationships, the use of EHIS data constrains
this possibility, as the survey is conducted in multi-year waves rather than annually. This
limits the availability of consistent time-series data for all variables across EU Member States
and prevents the construction of a robust longitudinal framework combining institutional
and behavioral indicators.

Another limitation is the absence of robustness and sensitivity analyses, including
tests of alternative model specifications or variable selection. As a result, the stability of the
reported relationships cannot be fully assessed, and the findings should be interpreted with
caution. Future research could address this issue by applying alternative specifications and
testing the consistency of results across different model configurations.

Future research could extend the analysis within a longitudinal framework to examine
dynamic relationships and the cumulative effects of health policies over time. Moreover,
integrating regional- or individual-level data could provide a more granular understanding
of the mechanisms through which positive health determinants influence population
outcomes. From a methodological perspective, future studies may explore additional
advanced nonlinear techniques or simulation approaches to deepen the understanding of
healthcare system complexity.

6. Conclusions

This study offers a comprehensive analysis of healthcare systems in the European
Union using a systems thinking approach, integrating traditional statistical methods with
advanced nonlinear analysis. The results suggest that population health is associated
with configurations of institutional resources, positive health determinants, and wider
social factors. These relationships are complex and cannot be explained by simple or
one-dimensional factors.

The study indicates that healthcare system resources are strongly associated with
health performance in the analyzed cross-sectional dataset. Furthermore, health behaviors
and social capital either strengthen or influence their effects. The exploratory evidence of
possible nonlinear patterns and the indicative typologies of Member States highlight the
relevance of tailored health policies that emphasize community involvement.

The study indicates that healthcare system resources are strongly associated with
health performance in the analyzed cross-sectional dataset. For example, individuals in
highly developed healthcare systems may report lower perceived health because of higher
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expectations, greater health awareness, and increased medicalization, even when objective
indicators are favorable. In contrast, individuals in less developed contexts may report
higher perceived health despite poorer objective conditions, reflecting lower expectations
and different cultural benchmarks. These contrasting patterns underscore the need to
interpret subjective health indicators cautiously and in conjunction with objective measures.

The findings have important implications for public policy, as they show that EU
healthcare systems require differentiated strategies tailored to their systemic profiles. Im-
proving population health outcomes depends not only on increasing healthcare resources
but also on strengthening the interactions among institutional capacity, behavioral determi-
nants, social support, and governance mechanisms. Given the cross-sectional design, these
findings should not be interpreted as evidence of causal effects. Their main contribution
lies in identifying statistically relevant associations and exploratory systemic configura-
tions that can guide future longitudinal, regional, or quasi-experimental research on the
dynamics of EU healthcare systems.
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Abbreviations

The following abbreviations are used in this manuscript:

CHE Current health care expenditure
LTE Long-term care (health)
PN Physicians

BMIN Body mass index—normal

PAT Performing health-enhancing physical activity (Aerobic, muscle-strengthening, or both)
DCFV5  Daily consumption of fruit and vegetables—b5 portions or more

STPNS  Smoking of tobacco products—Non-smoker

FACN Frequency of alcohol consumption—Never or not in the last 12 months

OPSSS Overall perceived social support—Strong

HLYB Healthy life years at birth

LEB Life expectancy in absolute value at birth

GVGPH  Share of people with good or very good perceived health

https:/ /doi.org/10.3390/systems14050578


https://doi.org/10.3390/systems14050578

Systems 2026, 14, 578 29 of 32

Appendix A

Table Al. Cluster membership.

CHE LTE PN BMIN PAT DCFV5 STPNS FACN OPSSS HLYB LEB GVGPH
Belgium 3868.81  898.07 36,343 48.0 39.1 15.1 80.6 23.2 34.6 624 821 74.1
Netherlands 3932.71 1096.24 65,121 48.9 81.6 29.5 78.9 222 32.8 61.0 822 74.8
Cyprus 1946.67  81.34 3768 47.7 32.3 79 74.5 29.0 66.7 625 824 77.0

Luxembourg 374124  708.12 1842 49.2 70.5 13.6 81.8 17.2 30.9 626 827 71.9
Denmark 3765.11  803.11 24,719 48.8 90.3 229 80.0 9.4 30.6 589 815 69.7

Austria 4004.44 57294 46,987 46.3 73.0 5.6 73.8 20.1 55.5 57.3  82.0 713
Finland 3101.61  538.82 15,546 40.6 94.7 13.5 82.2 15.3 224 564 821 68.6
Slovakia 1519.29 59 19,454 40.0 434 8.5 72.4 28.4 242 56.2 778 65.2

Germany 4516.45 880.96 365,100 452 85.2 10.9 71.7 21.2 38.1 663 814 65.5
France 3678.26  578.14 213,180 50.3 43.5 19.5 76.0 23.0 38.1 641 829 66.7

Slovenia 2286.72  233.42 6812 41.8 58.3 5.3 76.8 26.4 37.1 609 81.6 66.7
Bulgaria 1334.06 1.63 29,549 441 19.6 5.0 63.8 29.7 26.2 66.3 75.2 67.2
Romania 1311.35 72.75 61,731 425 9.9 24 72.7 30.5 17.3 60.2 75.7 71.2
Slu llaiues;relr 3000.52 497.80 68,473.23 45.65 57.03 12.28 75.78 22.74 34.96 61.16  80.71 69.99
Malta 2958.13 556.6 2029 34.2 26.1 11.6 74.9 32.2 36.1 732 829 74.2
Sweden 3855.18 1048.38 44,075 48.0 95.4 7.6 87.4 19.1 32.2 733 832 76.0
Spain 254405 27448 207,565 45.3 53.1 10.9 77.9 33.4 65.0 69.9 83.9 75.3
Italy 2528.03  269.09 241,945 51.4 31.2 10.5 77.6 34.8 31.7 683 836 72.9
Ireland 3481.8 754.01 16,366 43.7 57.2 32.9 81.8 22.6 57.8 69.6 828 84.3
Greece 1652.36 26.64 66,058 42.3 30.0 124 714 28.5 21.1 66.0 817 79.3
Slu Eilgir 2836.59 488.20 96,339.67 44.15 48.83 14.32 78.50 28.43 40.65 70.05 83.00 77.00
Cluster 1
mean 294875 494.77 77,273.16 45.17 54.44 12.93 76.64 24.54 36.76 63.97 8143 7221
Hungary 1494.64 59.21 34,137 38.9 55.1 8.2 72.8 29.1 38.4 61.7 764 58.5
Poland 1591.87 106.99 125,349 40.6 28.7 8.6 77.4 25.9 33.5 62.5 78.0 59.9
Czechia 232358 310.15 43,399 40.0 37.5 7.7 73.6 15.2 37.3 62.0 79.3 62.0
Estonia 1739.71  163.46 4603 42.4 434 13.3 75.2 22.8 16.8 55.8 78.8 56.6
Croatia 1429.75  44.79 14,312 34.5 35.1 9.8 74.3 38.3 45.0 574 786 60.5
Latvia 1436.48 71.6 6253 40.7 37.9 7.2 73.2 27.3 19.0 53.1 75.5 47.1

Lithuania 1898.63  142.8 12,768 427 41.3 15.9 76.3 28.6 26.8 575 764 46.2
Portugal 2268.82  108.34 54,744 434 28.8 14.4 83.0 30.0 31.8 59.2 818 50.1

Cluster 2

mean 177294 12592 36,945.63 40.40 38.48 10.64 75.73 27.15 31.08 58.65 78.08  55.11

Eu mean 2600.36  385.48 6532426 4376  49.71 12.25 76.37 25.31 3507 6239 8044 67.14

References

1.  Plsek, PE.; Greenhalgh, T. The challenge of complexity in health care. BM] 2001, 323, 625-628. [CrossRef]

2. Sturmberg, J.P.; Martin, C.M. Complexity and health—Yesterday’s traditions, tomorrow’s future. J. Eval. Clin. Pract. 2009, 15,
543-548. [CrossRef]

3.  Leischow, S.J.; Milstein, B. Systems thinking and modeling for public health practice. Am. J. Public Health 2006, 96, 403—405.
[CrossRef]

4. Rutter, H.; Savona, N.; Glonti, K.; Bibby, ].; Cummins, S.; Finegood, D.T.; Greaves, F.; Harper, L.; Hawe, P.; Moore, L.; et al. The
need for a complex-systems model of evidence in public health. Lancet 2017, 390, 2602-2604. [CrossRef]

https:/ /doi.org/10.3390/systems14050578


https://doi.org/10.1136/bmj.323.7313.625
https://doi.org/10.1111/j.1365-2753.2009.01163.x
https://doi.org/10.2105/AJPH.2005.082842
https://doi.org/10.1016/S0140-6736(17)31267-9
https://doi.org/10.3390/systems14050578

Systems 2026, 14, 578 30 of 32

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.
23.

24.

25.

26.
27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

Mackenbach, J.P; Stirbu, L; Roskam, A.-J.R.; Schaap, M.M.; Menvielle, G.; Leinsalu, M.; Kunst, A.E. Socioeconomic inequalities in
health in 22 European countries. N. Engl. . Med. 2008, 358, 2468-2481. [CrossRef]

Rajan, S.; Ricciardi, W.; McKee, M. The SDGs and health systems: The last step on the long and unfinished journey to universal
health care? Eur. J. Public Health 2020, 30, i28-i31. [CrossRef]

Aslan, A. Convergence of per Capita Health Care Expenditures in OECD Countries. Available online: https://mpra.ub.uni-
muenchen.de/10592/1/MPRA_paper_10592.pdf (accessed on 9 February 2026).

Panopoulou, E.; Pantelidis, T. Convergence in per capita health expenditures and health outcomes in the OECD countries. Appl.
Econ. 2012, 44, 3909-3920. [CrossRef]

Pekkurnaz, D. Convergence of Health Expenditure in OECD Countries: Evidence from a Nonlinear Asymmetric Heterogeneous
Panel Unit Root Test. J. Rev. Glob. Econ. 2015, 4, 76-86. [CrossRef]

Cylus, J.; Thomson, S.; Evetovits, T. Catastrophic health spending in Europe: Equity and policy implications of different calculation
methods. Bull. World Health Organ. 2018, 96, 599-609. [CrossRef]

Popescu, M.E.; Militaru, E.; Cristescu, A.; Vasilescu, M.D.; Maer Matei, M.M. Investigating Health Systems in the European
Union: Outcomes and Fiscal Sustainability. Sustainability 2018, 10, 3186. [CrossRef]

Kittipittayakorn, C. Association between healthcare resources, healthcare systems, and population health in European countries.
BMC Health Serv. Res. 2025, 25, 720. [CrossRef]

Hitiris, T.; Nixon, J. Convergence of health care expenditure in the EU countries. Appl. Econ. Lett. 2001, 8, 223-228. [CrossRef]
Atun, R. Health systems, systems thinking and innovation. Health Policy Plan. 2012, 27, iv4-iv8. [CrossRef] [PubMed]

De Savigny, D.; Adam, T. Systems Thinking for Health Systems Strengthening; Alliance for Health Policy and Systems Research;
WHO: Geneva, Switzerland, 2009.

World Health Organization. Everybody’s Business: Strengthening Health Systems to Improve Health Outcomes—WHOQO’s Framework for
Action; WHO Press: Geneva, Switzerland, 2007. Available online: https:/ /iris.who.int/server/api/core/bitstreams/809{813f-
5b90-4187-861b-3953bb54e244 / content (accessed on 12 March 2020).

Frenk, J.; Moon, S. Governance challenges in global health. N. Engl. . Med. 2013, 368, 936-942. [CrossRef] [PubMed]

Short, S.E.; Mollborn, S. Social Determinants and Health Behaviors: Conceptual Frames and Empirical Advances. Curr. Opin.
Psychol. 2015, 5, 78-84. [CrossRef]

Coiera, E.; Hovenga, E.J. Building a sustainable health system. Yearb. Med. Inform. 2007, 16, 11-18.

OECD. Fiscal Sustainability of Health Systems: Bridging Health and Finance Perspectives; OECD Publishing: Paris, France, 2015.
Available online: http://dx.doi.org/10.1787/9789264233386-en (accessed on 9 February 2026). [CrossRef]

O’Donrell, O. Health and health system effects on poverty: A narrative review of global evidence. Health Policy 2024, 142, 105018.
[CrossRef]

Hitiris, T. Health care expenditure and integration in the countries of the European Union. Appl. Econ. 1997, 29, 1-6. [CrossRef]
Gerdtham, U.-G.; Lothgren, M. On stationarity and cointegration of international health expenditure and GDP. J. Health Econ.
2000, 19, 461-475. [CrossRef]

Wang, F. More health expenditure, better economic performance? Empirical evidence from OECD countries. Inquiry 2015, 52,
0046958015602666. [CrossRef]

van den Heuvel, W.].; Olaroiu, M. How Important Are Health Care Expenditures for Life Expectancy? A Comparative, European
Analysis. . Am. Med. Dir. Assoc. 2017, 18, 276.9-276.e12. [CrossRef]

Piscopo, J.; Groot, W.; Pavlova, M. Determinants of public health expenditure in the EU. PLoS ONE 2024, 19, €0299359. [CrossRef]
Wongsin, U.; Pannoi, T.; Prutipinyo, C.; Maruf, M.A.; Pongpattrachai, D.; Quansri, O.; Sattayasomboon, Y. Strategic Planning and
Organizational Performance in Public Health Sector: A Scoping Review. BMC Health Serv. Res. 2025, 25, 1017. [CrossRef]

Best, A.; Greenhalgh, T.; Lewis, S.; Saul, ].E.; Carroll, S.; Bitz, J. Large-system transformation in health care: A realist review.
Milbank Q. 2012, 90, 421-456. [CrossRef]

Marmot, M.; Wilkinson, R.G. Social Determinants of Health, 2nd ed.; Oxford University Press: Oxford, UK, 2005.

Solar, O.; Irwin, A. A Conceptual Framework for Action on the Social Determinants of Health; WHO Press: Geneva, Switzerland, 2010.
Berkman, L.F; Glass, T.; Brissette, I.; Seeman, T.E. From social integration to health: Durkheim in the new millennium. Soc. Sci.
Med. 2000, 51, 843-857. [CrossRef]

Umberson, D.; Karas Montez, ]. Social relationships and health: A flashpoint for health policy. J. Health Soc. Behav. 2010, 51,
554-566. [CrossRef] [PubMed]

Cutler, D.M.; Lleras-Muney, A. Education and Health: Evaluating Theories and Evidence. In Making Americans Healthier: Social
and Economic Policy as Health Policy; NBER: Cambridge, MA, USA, 2006; p. 12352. [CrossRef]

Aisa, R.; Pueyo, F. Endogenous longevity, health and economic growth: A slow growth for a longer life? Econ. Bull. 2004, 9, 1-10.
Nurudeen, A.; Usman, A. Government expenditure and economic growth in Nigeria, 1970-2008: A disaggregated analysis. Bus.
Econ. J. 2010, 4, 1-11.

Narayan, PK. Do health expenditures’ catch-up’? Evidence from OECD countries. Health Econ. 2007, 16, 993—-1008. [CrossRef]

https://doi.org/10.3390/systems14050578


https://doi.org/10.1056/NEJMsa0707519
https://doi.org/10.1093/eurpub/ckaa035
https://mpra.ub.uni-muenchen.de/10592/1/MPRA_paper_10592.pdf
https://mpra.ub.uni-muenchen.de/10592/1/MPRA_paper_10592.pdf
https://doi.org/10.1080/00036846.2011.583222
https://doi.org/10.6000/1929-7092.2015.04.07
https://doi.org/10.2471/BLT.18.209031
https://doi.org/10.3390/su10093186
https://doi.org/10.1186/s12913-024-11743-0
https://doi.org/10.1080/135048501750103890
https://doi.org/10.1093/heapol/czs088
https://www.ncbi.nlm.nih.gov/pubmed/23014152
https://iris.who.int/server/api/core/bitstreams/809f813f-5b90-4187-861b-3953bb54e244/content
https://iris.who.int/server/api/core/bitstreams/809f813f-5b90-4187-861b-3953bb54e244/content
https://doi.org/10.1056/NEJMra1109339
https://www.ncbi.nlm.nih.gov/pubmed/23465103
https://doi.org/10.1016/j.copsyc.2015.05.002
http://dx.doi.org/10.1787/9789264233386-en
https://doi.org/10.1787/9789264233386-en
https://doi.org/10.1016/j.healthpol.2024.105018
https://doi.org/10.1080/000368497327335
https://doi.org/10.1016/S0167-6296(99)00036-3
https://doi.org/10.1177/0046958015602666
https://doi.org/10.1016/j.jamda.2016.11.027
https://doi.org/10.1371/journal.pone.0299359
https://doi.org/10.1186/s12913-025-13206-6
https://doi.org/10.1111/j.1468-0009.2012.00670.x
https://doi.org/10.1016/S0277-9536(00)00065-4
https://doi.org/10.1177/0022146510383501
https://www.ncbi.nlm.nih.gov/pubmed/20943583
https://doi.org/10.3386/w12352
https://doi.org/10.1002/hec.1196
https://doi.org/10.3390/systems14050578

Systems 2026, 14, 578 31 of 32

37.

38.

39.
40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.
51.

52.

53.

54.

55.

56.

57.

58.

59.

60.
61.

62.

63.

64.

Nghiem, S.H.; Connelly, L.B. Convergence and determinants of health expenditures in OECD countries. Health Econ. Rev. 2017, 7,
29. [CrossRef] [PubMed]

Jewell, T.; Lee, ].; Tieslau, M.; Strazicich, M.C. Stationarity of health expenditures and GDP: Evidence from panel unit root tests
with heterogeneous structural breaks. J. Health Econ. 2003, 22, 313-323. [CrossRef]

Carrion-i-Silvestre, J.L. Health care expenditure and GDP: Are they broken stationary? J. Health Econ. 2005, 24, 839-854. [CrossRef]
Leiter, A.M.; Theurl, E. The convergence of health care financing structures: Empirical evidence from OECD countries. Eur. J.
Health Econ. 2010, 13, 7-18. [CrossRef]

Kerem, K.; Puss, T.; Viies, M.; Maldre, R. Health and convergence of health care expenditure in EU. Int. Bus. Econ. Res. ]. 2008, 7,
29-44. [CrossRef]

Beauvais, B.; Pradhan, R.; Ramamonjiarivelo, Z.; Mileski, M.; Shanmugam, R. When Agency Fails: An Analysis of the Association
Between Hospital Agency Staffing and Quality Outcomes. Risk Manag. Healthc. Policy 2024, 17, 1361-1372. [CrossRef]
Christensen, K.; Doblhammer, G.; Rau, R.; Vaupel, ].W. Ageing populations: The challenges ahead. Lancet 2009, 374, 1196-1208.
[CrossRef]

Beard, J.R,; Officer, A.; de Carvalho, I.A.; Sadana, R.; Pot, A.M.; Michel, ].-P; Lloyd-Sherlock, P.; Epping-Jordan, J.E.; Peeters,
G.M.E.E,; Mahanani, W.R.; et al. The World report on ageing and health: A policy framework for healthy ageing. Lancet 2016, 387,
2145-2154. [CrossRef]

European Commission.  Identifying Fiscal Sustainability Challenges in the Areas of Pensions, Health Care and Long-
Term Care Policies; Occasional Paper No. 201; European Commission: Brussels, Belgium, 2014; Available online:
https:/ /ec.europa.eu/economy_finance/publications/occasional_paper/2014/pdf/ocp201_en.pdf (accessed on 2 Febru-
ary 2026).

Scrutton, J.; Holley-Moore, G.; Bamford, S.M. Creating a Sustainable 21st Century Healthcare System; The International Longevity
Centre—UK (ILC-UK): London, UK, 2015. Available online: https:/ /ilcuk.org.uk/wp-content/uploads/2018/10/Creating-a-
Sustainable-21st-Century-Healthcare-System.pdf (accessed on 2 February 2026).

Prince, M.; Patel, V.; Saxena, S.; Maj, M.; Maselko, J.; Phillips, M.R.; Rahman, A. No health without mental health. Lancet 2007, 370,
859-877. [CrossRef]

World Health Organization. WHO Global Health Expenditure Database; WHO: Geneva, Switzerland, 2021. Available online:
https:/ /apps.who.int/nha/database/ (accessed on 3 March 2021).

OECD; European Union. Health at a Glance: Europe 2020: State of Health in the EU Cycle; OECD Publishing: Paris, France, 2020.
[CrossRef]

Agenor, P.R. Health and infrastructure in models of endogenous growth. J. Macroecon. 2008, 30, 1407-1422. [CrossRef]
Bhattacharya, J.; Qiao, X. Public and private expenditures on health in a growth model. J. Econ. Dyn. Control 2007, 31, 2519-2535.
[CrossRef]

Keegan, C.; Thomas, S.; Normand, C.; Portela, C. Measuring recession severity and its impact on healthcare expenditure. Int. .
Health Care Financ. Econ. 2013, 13, 139-155. [CrossRef]

Stefan, S.C.; Popa, I.; Breazu, A. Healthcare Organizations and Performance: The Role of Environment, Strategic Orientation, and
Organizational Structure. Systems 2025, 13, 1018. [CrossRef]

Warburton, D.E.R.; Nicol, C.W.; Bredin, S.S.D. Health benefits of physical activity: The evidence. CMA]J 2006, 174, 801-809.
[CrossRef]

Lee, I.-M.; Shiroma, E.J.; Lobelo, F.; Puska, P.; Blair, S.N.; Katzmarzyk, P.T. Effect of physical inactivity on major non-communicable
diseases worldwide: An analysis of burden of disease and life expectancy. Lancet 2012, 380, 219-229. [CrossRef]

World Health Organization. Global Recommendations on Physical Activity for Health, WHO Press: Geneva, Switzerland, 2010.
Willett, W.C.; Stampfer, M.]. Current evidence on healthy eating. Annu. Rev. Public Health 2013, 34, 77-95. [CrossRef]
Mozaffarian, D. Dietary and policy priorities for cardiovascular disease, diabetes, and obesity. Circulation 2016, 133, 187-225.
[CrossRef]

World Health Organization. WHO Global Report on Trends in Prevalence of Tobacco Smoking 2000-2025, 3rd ed.; WHO Press: Geneva,
Switzerland, 2019.

Rehm, J.; Shield, K.D. Global Burden of Alcohol Use Disorders and Alcohol Liver Disease. Biomedicines 2019, 7, 99. [CrossRef]
Fan, V.Y,; Savedoff, W.D. The health financing transition: A conceptual framework and empirical evidence. Soc. Sci. Med. 2014,
105, 112-121. [CrossRef]

Holt-Lunstad, J.; Smith, T.B.; Layton, J.B. Social relationships and mortality risk: A meta-analytic review. PLoS Med. 2010, 7,
€1000316. [CrossRef]

Alcalde-Unzu, J.; Ezcurra, R.; Pascual, P. Cross-country disparities in healthcare expenditure: A factor decomposition. Health
Econ. L. 2009, 18, 479-485. [CrossRef]

Albulescu, C.T.; Oros, C.; Tiwari, A.K. Is there any convergence in health expenditures across EU countries? Econ. Bull. 2017, 37,
2095-2101.

https://doi.org/10.3390/systems14050578


https://doi.org/10.1186/s13561-017-0164-4
https://www.ncbi.nlm.nih.gov/pubmed/28819772
https://doi.org/10.1016/S0167-6296(02)00122-4
https://doi.org/10.1016/j.jhealeco.2005.01.001
https://doi.org/10.1007/s10198-010-0265-z
https://doi.org/10.19030/iber.v7i3.3232
https://doi.org/10.2147/RMHP.S459840
https://doi.org/10.1016/S0140-6736(09)61460-4
https://doi.org/10.1016/S0140-6736(15)00516-4
https://ec.europa.eu/economy_finance/publications/occasional_paper/2014/pdf/ocp201_en.pdf
https://ilcuk.org.uk/wp-content/uploads/2018/10/Creating-a-Sustainable-21st-Century-Healthcare-System.pdf
https://ilcuk.org.uk/wp-content/uploads/2018/10/Creating-a-Sustainable-21st-Century-Healthcare-System.pdf
https://doi.org/10.1016/S0140-6736(07)61238-0
https://apps.who.int/nha/database/
https://doi.org/10.1787/82129230-en
https://doi.org/10.1016/j.jmacro.2008.04.003
https://doi.org/10.1016/j.jedc.2006.07.007
https://doi.org/10.1007/s10754-012-9121-2
https://doi.org/10.3390/systems13111018
https://doi.org/10.1503/cmaj.051351
https://doi.org/10.1016/S0140-6736(12)61031-9
https://doi.org/10.1146/annurev-publhealth-031811-124646
https://doi.org/10.1161/CIRCULATIONAHA.115.018585
https://doi.org/10.3390/biomedicines7040099
https://doi.org/10.1016/j.socscimed.2014.01.014
https://doi.org/10.1371/journal.pmed.1000316
https://doi.org/10.1002/hec.1374
https://doi.org/10.3390/systems14050578

Systems 2026, 14, 578 32 of 32

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.
83.

84.

85.

Albulescu, C.T. Health Care Expenditure in the European Union Countries: New Insights about the Convergence Process. Int. ].
Environ. Res. Public Health 2022, 19, 1991. [CrossRef]

Fallahi, FE. Convergence of Total Health Expenditure as a Share of GDP: Evidence from Selected OECD Countries; Munich Personal
RePEc Archive: Munich, Germany, 2011 Available online: https:/ /mpra.ub.uni-muenchen.de/51324/1/MPRA _paper_51324.pdf
(accessed on 9 February 2026).

Akca, N.; Sonmez, S.; Yilmaz, A. Determinants of health expenditure in OECD countries: A decision tree model. Pak. J. Med. Sci.
2017, 33, 1490-1494. [CrossRef]

Schmitt, C.; Starke, P. Explaining convergence of OECD welfare states: A conditional approach. J. Eur. Soc. Policy 2011, 21,
120-135. [CrossRef]

Eurostat. European Health Interview Survey (EHIS) Methodology; Publications Office of the European Union: Luxembourg,
2019. Available online: https://ec.europa.eu/eurostat/web/microdata/european-health-interview-survey (accessed on 10
February 2026).

Eurostat. Total Health Care Expenditure. Available online: https://ec.europa.eu/eurostat/databrowser/view /tps00207 /default/
table?lang=en&category=t_hlth.t_hlth_care (accessed on 2 February 2026).

Eurostat. Long-Term Care (Health) Expenditure. Available online: https://ec.europa.eu/eurostat/databrowser/view /tps00214
/default/table?lang=en&category=t_hlth.t_hlth_care (accessed on 2 February 2026).

Eurostat. Physicians by Sex and Age. Available online: https://ec.europa.eu/eurostat/databrowser/view /hlth_rs_phys/
default/table?lang=en&ecategory=hlth.hlth_care.hlth_res.hlth_staff (accessed on 2 February 2026).

Eurostat. Body Mass Index (BMI) by Sex, Age and Educational Attainment Level. Available online: https://ec.europa.eu/
eurostat/databrowser/view /hlth_ehis_bmle/default/table?lang=en&category=hlth.hlth_det.hlth_bmi (accessed on 2 Febru-
ary 2026).

Eurostat. Performing Health-Enhancing Physical Activity by Sex, Age and Educational Attainment Level. Available online:
https:/ /ec.europa.eu/eurostat/databrowser/view /hlth_ehis_pe9e__custom_19812029/default/table?page=time:2019 (accessed
on 2 February 2026).

Eurostat. Daily Consumption of Fruit and Vegetables by Sex, Age and Educational Attainment Level. Available online:
https:/ /ec.europa.eu/eurostat/databrowser/view /hlth_ehis_fv3e/default/table?lang=en&category=hlth.hlth_det.hlth_cfv (ac-
cessed on 2 February 2026).

Eurostat. Smoking of Tobacco Products by Sex, Age and Educational Attainment Level. Available online:
https:/ /ec.europa.eu/eurostat/databrowser/view /hlth_ehis_skle__custom_19812049 /default/table?page=time:2019 (accessed
on 2 February 2026).

Eurostat. Frequency of Alcohol Consumption by Sex, Age and Educational Attainment Level. Available online:
https:/ /ec.europa.eu/eurostat/databrowser/view /hlth_ehis_alle/default/table?lang=en&category=hlth.hlth_det.hlth_alc
(accessed on 2 February 2026).

Eurostat.  Overall Perceived Social Support by Sex, Age and Educational Attainment Level. Available online:
https://ec.europa.eu/eurostat/databrowser/view /hlth_ehis_ssle__custom_19812086/default/table?page=time:2019 (accessed
on 2 February 2026).

Eurostat. Healthy Life Years at Birth by Sex. Available online: https://ec.europa.eu/eurostat/databrowser/view /tps00150__
custom_19812110/default/table (accessed on 2 February 2026).

Eurostat. Life Expectancy at Birth by Sex. Available online: https://ec.europa.eu/eurostat/databrowser/view /tps00208 /default/
table?lang=en&category=t_hlth.t_hlth_state (accessed on 2 February 2026).

Eurostat. Share of People with Good or Very Good Perceived Health by Sex. Available online: https:/ /ec.europa.eu/eurostat/
databrowser/view/sdg_03_20__custom_19812161/default/table (accessed on 2 February 2026).

Field, A. Discovering Statistics Using IBM SPSS Statistics, 6th ed.; SAGE Publications: New York, NY, USA, 2024.

Aldrich, J.O. Using IBM® SPSS® Statistics: An Interactive Hands-On Approach, 3rd ed.; SAGE Publications: New York, NY,
USA, 2018.

PennState, Eberly College of Science. Agglomerative Hierarchical Clustering. Available online: https://online.stat.psu.edu/stat5
05/lesson/14/14.4 (accessed on 6 February 2025).

Hu, Y,; Li, K.; Meng, A. Agglomerative Hierarchical Clustering Using Ward Linkage. Available online: https:/ /jbhender.github.
io/Stats506/F18/GP/Group10.html (accessed on 6 February 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/systems14050578


https://doi.org/10.3390/ijerph19041991
https://mpra.ub.uni-muenchen.de/51324/1/MPRA_paper_51324.pdf
https://doi.org/10.12669/pjms.336.13300
https://doi.org/10.1177/0958928710395049
https://ec.europa.eu/eurostat/web/microdata/european-health-interview-survey
https://ec.europa.eu/eurostat/databrowser/view/tps00207/default/table?lang=en&category=t_hlth.t_hlth_care
https://ec.europa.eu/eurostat/databrowser/view/tps00207/default/table?lang=en&category=t_hlth.t_hlth_care
https://ec.europa.eu/eurostat/databrowser/view/tps00214/default/table?lang=en&category=t_hlth.t_hlth_care
https://ec.europa.eu/eurostat/databrowser/view/tps00214/default/table?lang=en&category=t_hlth.t_hlth_care
https://ec.europa.eu/eurostat/databrowser/view/hlth_rs_phys/default/table?lang=en&category=hlth.hlth_care.hlth_res.hlth_staff
https://ec.europa.eu/eurostat/databrowser/view/hlth_rs_phys/default/table?lang=en&category=hlth.hlth_care.hlth_res.hlth_staff
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_bm1e/default/table?lang=en&category=hlth.hlth_det.hlth_bmi
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_bm1e/default/table?lang=en&category=hlth.hlth_det.hlth_bmi
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_pe9e__custom_19812029/default/table?page=time:2019
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_fv3e/default/table?lang=en&category=hlth.hlth_det.hlth_cfv
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_sk1e__custom_19812049/default/table?page=time:2019
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_al1e/default/table?lang=en&category=hlth.hlth_det.hlth_alc
https://ec.europa.eu/eurostat/databrowser/view/hlth_ehis_ss1e__custom_19812086/default/table?page=time:2019
https://ec.europa.eu/eurostat/databrowser/view/tps00150__custom_19812110/default/table
https://ec.europa.eu/eurostat/databrowser/view/tps00150__custom_19812110/default/table
https://ec.europa.eu/eurostat/databrowser/view/tps00208/default/table?lang=en&category=t_hlth.t_hlth_state
https://ec.europa.eu/eurostat/databrowser/view/tps00208/default/table?lang=en&category=t_hlth.t_hlth_state
https://ec.europa.eu/eurostat/databrowser/view/sdg_03_20__custom_19812161/default/table
https://ec.europa.eu/eurostat/databrowser/view/sdg_03_20__custom_19812161/default/table
https://online.stat.psu.edu/stat505/lesson/14/14.4
https://online.stat.psu.edu/stat505/lesson/14/14.4
https://jbhender.github.io/Stats506/F18/GP/Group10.html
https://jbhender.github.io/Stats506/F18/GP/Group10.html
https://doi.org/10.3390/systems14050578

	Introduction 
	Literature Review and Hypotheses Development 
	Health Systems as Complex and Adaptive Systems: A Systems Thinking and Community Perspective 
	Healthcare Resources and Population Health Outcomes in the European Union 
	Positive Health Determinants and Multidimensional Health Outcomes 
	Methodological Approaches in Health System Analysis and Hypotheses Development 
	Dimensionality Reduction and Latent Constructs in Health System Research 
	Linear Modeling and Average Effects in Comparative Health Analysis 
	Nonlinear and Machine Learning Approaches in Health Systems Research 
	Typologies, Clustering, and Health System Performance 


	Materials and Methods 
	Research Design 
	Selected Data 
	Methods 

	Results 
	Results of the Factor Analysis 
	Univariate General Linear Model (GLM) 
	Artificial Neural Network-Based Models (ANN–MLP) 
	Cluster Analysis of Health Outcome Indicators 

	Discussion 
	Theoretical Implications 
	Practical Implications 
	Limitations and Future Research Directions 

	Conclusions 
	Appendix A
	References

