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INTRODUCTION

Statistics is a basic tool that helps us draw meaningful
conclusions from data, aids in scientific discoveries, helps
us make good decisions, and gives us answers to many
problems. Health statistics is a specialized subdiscipline
that deals with analyzing, interpreting, and summarizing
health data [1]. Health statistics are important for figuring
out how healthy people and communities are, how common
diseases are, how well health services work, and how health
policies affect people. These numbers include a variety of
quantitative tools used to study health problems, from big
epidemiological studies to clinical trials.

When looking into complicated things like health sta-
tistics, comparisons and typologies can help you under-
stand them better. Typologies facilitate the simplification
of complex empirical realities, thereby enabling systematic
analysis of similarities, variations, and the identification of
patterns. Machine learning techniques are essential ana-
Iytical instruments that enable the examination and inter-
pretation of high-dimensional data [2, 3]. There are two
main types of machine learning: supervised learning and
unsupervised learning. When you use supervised machine
learning, you train a model on labeled data that has known
outcomes. When you use unsupervised machine learning,
you find patterns and relationships in unlabeled data that
don’t have any known outcomes.

Supervised machine learning is a kind of learning in
which the algorithm learns from labeled data, which means
that the input data is matched with the right output labels.
The goal of supervised learning is to teach the algorithm
how to connect inputs to outputs so that it can make accu-
rate predictions or classifications on data it hasn't seen
before. In supervised machine learning, classification is a
basic idea. It means using algorithms to put input instances
into one of several pre-defined groups. Random Forest is
a popular supervised machine learning algorithm that is
well-known for being good at classification tasks [4].

On the other hand, unsupervised learning is a type of
machine learning in which the algorithm looks for pat-
terns, structures, or relationships in the data without any
clear labeled output. It finds hidden patterns or structures
in the data that is being input. Clustering algorithms are
a type of unsupervised machine learning that puts similar
data points into groups called clusters. These algorithms
help find patterns or groups in a dataset without needing
to set class labels ahead of time. K-Means clustering is a
common unsupervised machine learning algorithm that
divides a dataset into a certain number of groups. It works
best when you already know how many clusters there are.
K-Means puts each data point in the cluster that is closest to
it and then keeps making these assignments better until the
sum of the squared distances between data points and their
centroids is as small as possible [5].

Standardized indicators are necessary to evaluate the
health status of a particular population. These indicators,

derived from health records and statistics of individuals

and communities, are used to assess current conditions

and make predictions about the future. Keeping accurate
records and statistics is crucial to seeing things as they are
and making wise choices.

Since its founding in 1948, the World Health
Organization (WHO) has been a leader in creating health
metrics and collecting and analyzing data that can be used
to compare different countries [6]. In the 1960s, there was
a push to work with other countries around the world and
make health indicators and data more consistent. A lot of
success has been made by the World Health Organization
(WHO) in making rules and standards for gathering and
analyzing health data that can be used to compare data from
different countries. What are “health indicators”? They
were made by the World Health Organization (WHO) and
show many different parts of health. Some of these factors
are the number of sick people, how well the health system is
working, the things that affect health, and the trends in the
health of the community. The purpose of these indicators
is to help public health officials make choices and decide
how to spend their money and time, and to allow people to
compare countries. They help countries and international
health groups track and rate the success of their health pro-
grams, identify health trends, and focus on areas that need
work or improvement [7]. These factors are categorized by
the World Health Organization (WHO) to help countries
make fair decisions:

o Health Status Indicators: These show how healthy a
person or society is overall by looking at things like the
number of diseases, how easy it is to get medical care,
and how long people generally live.

 Risk Factors: The World Health Organization (WHO)
has created a number of signs and tools to help find,
track, and protect public health when it comes to
health-related risk factors. These things are very
important for stopping the spread of diseases and mak-
ing people healthier.

o Service Coverage: The World Health Organization
(WHO) has created service coverage indicators to mea-
sure how easy it is to get healthcare services and how
well they work. These indicators are used to keep an eye
on health services and make them work better [7].

The list of health indicators is periodically updated to
align with current health priorities. These indicators serve
as a crucial tool in assessing the health status of popula-
tions, identifying disparities, and guiding evidence-based
decision-making at local, national, and international levels.
Recent advancements in the field of mathematical analysis
have significantly contributed to the development of more
accurate and efficient methods for approximating complex
functions, which are highly beneficial for evaluating health
systems [8-14]. While the literature includes some articles
focused on evaluating healthcare systems [15-21], to the
best of our knowledge, there are no published works that
compare the evaluation performance of supervised and
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unsupervised machine learning approaches in assessing
healthcare indicators of countries. The aim of this study is
to evaluate the health systems of 30 OECD countries based
on 21 healthcare indicators from 2006 to 2020 using both
supervised and unsupervised machine learning approaches.

MATERIAL AND METHODS

The work was done in three main separate steps: i)
the healthcare indicators for OECD countries from 2006
to 2020 were gathered, ii) data processing (standardiza-
tion) was done in Matlab 8.3.0.532 (R2014a) software
(MathWorks Inc., Natick, MA, USA), and iii) the evaluation
of health care systems was done employing machine learn-
ing methodology: the supervised classification and unsu-
pervised clustering. The flowchart in Figure 1 outlines the
main steps undertaken in this study. The following sections
offer comprehensive explanations of each stage involved in
the research process.

DATA COLLECTION

Traditionally, the classification of health systems in
countries has often relied on economic-based structures in
the literature. However, given the unique nature of health-
care services, which differ significantly from other types
of services, a focus on fairness-oriented maximum acces-
sibility becomes more crucial than merely ensuring equal
distribution. Evaluations based on health indicators—the
outputs of provided healthcare services—allow for more
valuable and accurate predictions for future assessments.
For this study, health status indicators, risk factors, and ser-
vice coverage indicators from the years 2006 to 2020 for 30
OECD countries were utilized. Health indicator data were
collected from the World Data Bank, Eurostat, and WHO
databases. To ensure consistency and accuracy, the data

were standardized before analysis. This step put all data on
the same scale, usually through normalization or z-score
standardization, so that differences in measurement units
did not affect the results. The dataset covers indicators such
as adolescent birth rate, total fertility rate, cancer incidence
by type, tuberculosis incidence, cardiovascular death rate,
rates of cancer, diabetes, or chronic respiratory diseases in
people aged 30 to 70, maternal mortality, death rate from
road traffic injuries, under-five mortality, infant mortality,
life expectancy at birth, stillbirth rate, and neonatal mor-
tality. The risk factor indicators included in the study are:
tobacco use among persons aged 18+ years, total alcohol
per capita (age 15+) consumption, prevalence of over-
weight and obesity in adults, proportion of the population
using safely managed sanitation services, air pollution lev-
els in cities, and prevalence of intimate partner violence.
The service coverage indicators included were: the cover-
age rate of vaccination in the national program for vaccines
such as diphtheria, tetanus, and pertussis, coverage rate of
vaccination for measles, and tuberculosis case detection
rate. All the indicators used, along with their codifications
and explanations, are detailed in Table 1.

Machine Learning Classification and Evaluation
Machine learning classification trains models to classify
data into preset classes. This procedure uses algorithms and
statistics to learn patterns and relationships from labeled
training data and to predict or label new data. This study
classified OECD countries using financial models using
decision tree regression (DTR) and support vector regres-
sion (SVR) (Fig. 2). Cross-validation tuned the DTR and
SVR hyperparameters to optimize model performance. In
this study it is selected DTR for its ability to handle com-
plex, nonlinear interactions in the data, and SVR for its abil-
ity to handle high-dimensional data and reduce prediction
error. These techniques have been successful in effectively
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Figure 1. The flow chart outlining the main steps followed in the present study.
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Table 1. The used health indicators with their explanations

Code Health indicators Explanation
HSI-1 Adolescent birth rate
HSI-2 Total fertility rate
HSI-3 Cancer incidence rate, by type of cancer
HSI-4 Tuberculosis incidence rate
HSL5 Rate of cardiovascular deaths, diseases, cancer, diabetes, or chronic
respiratory diseases between the ages of 30 and 70
HSI-6 H.ealifh status Maternal mortality rate
HSI-7 indicators Death rate due to road traffic injuries
HSI-8 Under-five mortality rate
HSI-9 Infant mortality rate
HSI-10 Life expectancy at birth
HSI-11 Stillbirth rate
HSI-12 Neonatal mortality rate
RFI-1 Tobacco use among persons aged 18+ years
RFI-2 Total alcohol per capita (age 15+) consumption
RFI-3 Risk factors Overweight and obesity in adults’ prevalence
RFI-4 indicators Proportion of population using safely managed sanitation services
RFI-5 Air pollution levels in cities
RFI-6 Intimate partner violence prevalence
SCIL-1 Coverage rate of vaccination compared to vaccination for each
i ) vaccine (diphtheria, tetanus, pertussis) in the national program
Service coverage o .
SCL2 ndicators Cov&njrage rate of .vaccmatl.on compared to vaccination for each
vaccine (measles) in the national program
SCI-3 Tuberculosis case detection rate
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Figure 2. Classification of health care systems based on financial models.
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Figure 3. The schematic illustration of validation methods of a) hold-out validation and b) k-fold validation.

capturing the complex dynamics of financial data in health-
care systems.

Hold-out validation and k-fold cross-validation are two
validation methods that are often used in machine learning.
The dataset is split into two parts for hold-out validation: a
training set and a test set [22-24]. The model is trained on
the training set, and its performance is then evaluated on
the test set. The dataset is split into k equal parts for k-fold
cross-validation. One part is used for testing and the other
parts are used for training in each iteration. To see how well
the model works on the whole dataset, the results from all
iterations are put together. Cross-validation is generally
considered more unbiased, as it uses multiple partitions for
testing, whereas hold-out validation can introduce bias due
to random splitting. This study utilized a 10-fold cross-val-
idation method, as illustrated in Figure 3.

By using a confusion matrix, which comprehensively
divides the model’s predictions into true positives, true neg-
atives, false positives, and false negatives, the effectiveness
of the proposed model on classification problems can be
evaluated [18-20]. The confusion matrix facilitates the cal-
culation of multiple performance metrics, such as sensitiv-
ity, recall, F1 score, and specificity, each providing insight
into different aspects of the model’s accuracy. Additionally,

the average accuracy—which is determined by dividing the
number of correctly categorized cases by the total number
of examples—can be used to characterize the classifier’s
overall performance. This is represented mathematically by
Equation (1) [25]:

tpi + tnl’ )

!
( Eltp + fni+fp + ity (1)
l

Average accuracy =

where tp; is the number true positive class, tn; is the number
true negative class, fp; is the number false positive class, fu;
is the number false negative class, | is the number of evalu-
ated classes.

RESULTS AND DISCUSSION

In this study, the burn images were trained using the
deep learning algorithms GoogleNet, ResNet-50, and
Inception-v3, which consist of 22, 50, and 48 layers, respec-
tively, within the Matlab software environment. The train-
ing dataset comprised a total of 1294 burn images, broken
down into 561 first-degree, 275 second-degree, and 458
third-degree burn images [26, 27].
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For societies, resources are limited while needs are
unlimited. The ability to meet maximum needs with these
limited resources relies on accurate current situation anal-
ysis and future predictions. The situation is no different in
healthcare services. Both the human resources capable of
providing healthcare services and the medical equipment
used in healthcare are constrained, and theories are gener-
ated to determine how to achieve maximum benefit, form-
ing the foundation of healthcare systems [28].

The proper and logical interpretation of health indica-
tors, which are tangible outputs of the healthcare systems
used by countries, enhances the success of future healthcare
policies by optimizing the use of limited resources allocated
to healthcare services [29]. This allows for the optimal uti-
lization of scarce resources. In this study, classification and
interpretation are intended to be carried out based on health
indica-tors from 2006 to 2020 for 30 OECD countries.
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Figure 4. Histograms depicting the variables are shown for: a) HIS-1, b) HIS-2, ¢) HIS-3, d) HIS-4, e) HIS-5, f) HIS-6,
g) HIS-7, h) HIS-8, j) HIS-9, j) HIS-10, k) HIS-11and 1) HIS-12.
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From the basic health indicators, statistics on birth (ado-
lescent birth rate, total fertility rate), diseases (cancer inci-
dence rate by type of cancer, tuberculosis incidence rate),
causes of death (rate of cardiovascular deaths, deaths due
to cancer, diabetes, or chronic respiratory diseases between
the ages of 30 and 70, maternal mortality rate, death rate
due to road traffic injuries), and age and gender-specific
mortality (under-five mortality rate, infant mortality rate,
life expectancy at birth, stillbirth rate, neonatal mortality
rate) have been used as health status indicators (Fig. 4).

In the study, from the basic health indicators; non-com-
municable diseases (tobacco use among persons aged 18+
years, total alcohol per capita (age 15+) consumption, over-
weight and obesity in adults’ prevalence), environmental
risk factors (proportion of population using safely managed

sanitation services, air pollution levels in cities), injuries
(intimate partner violence prevalence) statistics were used
as risk factor indicators (Fig. 5).

The study utilized basic health indicators, specifically
focusing on vaccination coverage rates for each vaccine
included in the national program, such as diphtheria, tet-
anus, pertussis, and measles. Additionally, the tuberculosis
case detection rate was employed as a service coverage indi-
cator, as illustrated in Figure 6.

Decision trees are adaptable and widely used categori-
zation techniques. They work by iteratively splitting data
into subsets based on the values of input features. These
splits are determined by the algorithm’s parameters to opti-
mize information gain or Gini impurity. Decision trees
are understandable and facilitate a simple depiction of the
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Figure 5. Histograms depicting the variables are shown for: a) RFI-1, b) RFI-2, ¢) RFI-3, d) RFI-4, e) RFI-5 and f) RFI-6.
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Figure 6. Histograms depicting the variables are shown for: a) SCI-1, b) SCI-2 and ¢) SCI-3.
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decision-making process. Their ability to handle both qual-
itative and numerical data makes them suitable for many
applications.

Support Vector Regression is an effective method used
for classification and regression applications. It is highly
effective for regression tasks that aim to predict contin-
uous values. SVR aims to identify a hyperplane that best
accommodates the data while reducing the margin of error.
It determines the support vectors, which are the data points
closest to the hyperplane. SVR uses a kernel function to
map the data to a higher-dimensional space, enabling the
identification of nonlinear correlations between variables.

Findings obtained from the supervised machine learn-
ing analysis results; when a classification is made based on
health indicators, a similar result to the classification in the
literature known as the beveridge, bismarck, and mixed
model classification is obtained (Fig. 7). However, when the
trends of countries under this classification are examined,
changes in classifications are observed parallel to other
developments in the OECD countries [30, 31].

As seen in Figure 7, the financial-based models
(Beveridge, Bismarck, and mixed) used for classifying
the healthcare systems of OECD countries can be simu-
lated with an accuracy of 93.3% using the support vector
machine algorithm and 96.7% using the decision tree algo-
rithm. While these high accuracies highlight the impor-
tance of financial models in understanding and classifying
healthcare systems, they are insufficient to capture the full
complexity of these systems. Health systems are influenced
by a wide range of stakeholders, including government
agencies, private institutions, healthcare providers, and
patients, and are characterized by services that cannot be
delayed or replaced. Therefore, combining health indica-
tor-based models with financial-based models provides a
more comprehensive assessment. Health systems are mul-
tidimensional and shaped by economic, social, cultural,

Support vector machine method

a)

Bévaridge

True Class

Mixed

Beveridge Bismarck Mixed

Predicted Class

True Class

technological, and human factors. Financial models offer
valuable insights into resource allocation and economic
sustainability, but they fail to account for critical factors
such as health outcomes, quality of care, equity, and patient
satisfaction. Therefore, health policies and system designs
must adopt a multidisciplinary approach that integrates
financial analysis with public health, sociology, technology,
and ethics to develop strategies that ensure health systems
are economically sustainable and can provide high-quality,
equitable, and accessible care to all.

While classifying countries’ healthcare systems accord-
ing to financing-based approaches might provide a high
level of accuracy [32], to reveal the interconnections among
these complex and multidimensional healthcare services,
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Figure 8. Cluster analysis of healthcare systems depending
on the first two principal components using k-means clus-
tering method.
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Figure 7. Classifying healthcare systems depending on a) support vector machine algorithm, b) decision tree algorithm.
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the healthcare systems of OECD countries have been cate-
gorized into three clusters using the K-means method, an
unsupervised machine learning technique, by utilizing the
outputs of 21 key health indicators (Fig. 8).

Based on the unsupervised machine learning results
observed in Figure 8, the representation of OECD countries
divided into three clusters in the world map is presented
with different colours for Cluster 1, Cluster 2, and Cluster 3.
According to the results of cluster analysis, the world map
displays that in Cluster 1; Austria, Japan, Mexico, Poland,
Portugal, South Korea, Turkey, Spain, and Hungary coun-
tries are located; in Cluster 2; Belgium, Canada, Czechia,
Denmark, Finland, France, Germany, Greece, Iceland,
Ireland, Italy, Luxembourg, Netherlands, Norway, Slovakia,
Sweden, Switzerland, and the United Kingdom countries
are situated; and in Cluster 3, the United States, Australia,
and New Zealand countries are included (Fig. 9).

The machine learning analysis indicates that the clas-
sification of OECD nations according to health metrics
diverges from conventional classifications in the litera-
ture. Germany, traditionally linked to the Bismarck model,
is included with the United Kingdom, recognized for the
Beveridge model, in the classification based on health indi-
cators (Group 2). The reclassification post-2013 can be
ascribed to both nations embodying the social state par-
adigm, wherein healthcare services are funded through
public resources such as taxes, indicating a transition
towards a more universal healthcare model. Belgium has
been classified with Group 2 countries since 2013, pre-
sumably because to its progressive healthcare policies that
prioritize social fairness and extensive coverage. Slovakia

[ Cuustert
@ Cluster2
[ Custer3

\ r/ ;\ !
VML st

demonstrates a notable reclassification in the post-2007
period, consistently aligning with Group 2 countries and
demonstrating reforms focused on improving accessibility,
quality, and equity in healthcare. These findings highlight
the dynamic nature of healthcare systems, suggesting that
traditional classifications may not adequately reflect the
complexities and evolving characteristics of contemporary
healthcare systems and require a more nuanced approach
that integrates a variety of health indicators for a precise
assessment.

The findings indicate that the United States, classified as
a mixed model, also falls under Group 3 in the health indi-
cators-based classification. New Zealand and Australia, cat-
egorized under the Beveridge model, are placed in Group
3, alongside the United States, based on a 15-year analysis
of health indicators. Consequently, it can be asserted that
evaluations based on health indicator outputs yield dif-
ferent outcomes than those derived from economic-based
classifications in healthcare systems.

In the literature, among OECD countries; Czech
Republic, Luxembourg, France, Greece, Netherlands, and
Switzerland are classified under the Bismarck model group.
However, in the obtained findings, when the 15-year health
indicator data of these countries are evaluated, it can be seen
that they are among the group 2 countries where Germany
and the United Kingdom are located.

Among OECD countries, Spain and Hungary are clas-
sified under the Beveridge model when evaluating the
healthcare system. However, in the analysis results of the
data of both countries, it is possible to say that they are
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Figure 9. The illustration of OECD countries on world map depending on the cluster analysis of healthcare systems de-

pending.
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in the Group 1 category after 2016 when a health indica-
tor-based classification is made.

This study highlights the importance of clustering
healthcare systems as a mechanism for facilitating informed
decision-making, policy formulation, and constructive
dialogue among stakeholders. Utilizing machine learning
methodologies renders the classification of healthcare sys-
tems more objective, data-driven, and adept at managing
extensive datasets and intricate relationships characteris-
tic of healthcare data. This study effectively used machine
learning to classify the health indices of 30 OECD countries
with high accuracy. This achievement demonstrates the sig-
nificant potential of machine learning to provide valuable
insights into the characteristics and effectiveness of health
systems, thereby improving understanding of how other
countries manage and deliver health care.

Health indicators are very important for both national
and international levels because they provide critical infor-
mation for assessing people’s health status. Because health
problems often create significant positive externalities and
impact global public health, there is an urgent need for
objective and accurate methodologies for classifying health
systems. The primary goal of addressing global health chal-
lenges is to improve population health, which necessitates
data-driven and objective methodologies for understand-
ing and evaluating the effectiveness of health systems.
Policymakers, researchers, and stakeholders can signifi-
cantly benefit from these findings, as they establish a basis
for continuous endeavors to optimize healthcare systems
and, consequently, boost global health outcomes. Moreover,
clustering according to health indicators can substantially
aid in the development of health policy recommendations
designed to improve community well-being and health [33-
35]. This approach enables multiple essential processes: 1)
Objective Evaluation of Healthcare Systems: Clustering
based on health indicators facilitates an impartial com-
parison of various healthcare systems, providing a greater
insight into the performance of different countries regard-
ing health outcomes and healthcare delivery. ii) Identifying
Strengths and Weaknesses: By categorizing countries with
similar health indicators, this approach facilitates a clearer
distinction between the strengths and weaknesses inherent
in each health system. This, in turn, facilitates the develop-
ment of a more focused strategy to address areas requiring
improvement. iii) Disseminating Effective Policy Strategies:
When countries have similar health concerns and needs,
clustering helps identify successful policy strategies. These
practices can then be disseminated to other countries fac-
ing similar challenges, fostering a collaborative strategy
to address common health concerns. iv) Identifying Best
Practices: Analyzing the experiences of countries with
similar health indicators facilitates the identification of
best practices and can result in improved resource alloca-
tion and implementation methods among countries facing
similar health challenges. v) Facilitating Collaboration:
Clustering based on health indicators fosters collaboration

and the sharing of experience among countries with similar
health profiles. This collaboration may yield more cohesive
and united strategies for addressing global health concerns.
vi) Improved Health Policy Formulation and Execution: By
elucidating the correlations between health indicators and
healthcare system efficacy, clustering enhances the formu-
lation and execution of health policies. This results in more
informed decisions and more precisely focused actions that
cater to the distinct needs of various populations.

Clustering based on health measures not only helps
with objectively putting healthcare systems into groups and
judging them, but it also plays a key role in making health
policies that are more likely to improve people’s health and
well-being. The insights gained from this method could
lead to positive changes in healthcare around the world.
This makes it an essential tool for lawmakers, researchers,
and other people who want to improve public health.

CONCLUSION

This study presents an innovative methodology employ-
ing a Deep Convolutional Neural Network (DCNN) model
designed for the accurate detection and classification of skin
burn severity using images sourced from medical atlases
and textbooks. The model utilizes these images to identify
key features, which are subsequently processed through a
fully connected feedforward neural network. The purpose
of this network is to categorize burns into three categories
according to severity: first-degree, second-degree, and
third-degree burns. The DCNN model described in this
work is designed to significantly support medical profes-
sionals and healthcare providers by offering a swift and
reliable approach for assessing the severity of skin burns,
thereby facilitating prompt and appropriate treatment deci-
sions. This DCNN-based model has applications extending
beyond traditional clinical settings. This approach holds
significant potential to enhance telemedicine, particularly
in rural regions or underdeveloped nations where the scar-
city of healthcare professionals is prevalent. This method is
particularly advantageous in healthcare environments with
limited resources, as it enables these facilities to determine
burn severity more swiftly and precisely. This innovative
technology employs deep learning to assess the severity of
a burn. It will improve the treatment process by providing
physicians with a method to quickly, fairly, and accurately
assess burn severity. These assessment interfaces, which
utilize deep learning techniques, can process comprehen-
sive datasets to efficiently categorize burn injuries, thereby
improving patient management. These digital platforms
support healthcare professionals by providing access to
educational resources and guidance. They also facilitate
data collection and analysis for epidemiological research
and enable remote consultations and assessments. This
technology will significantly impact the management of
burn injuries, a significant public health problem. It facil-
itates the prevention of burns and enhances the efficacy



2184

Sigma J Eng Nat Sci, Vol. 43, No. 6, pp. 2174-2185, December, 2025

of treatments, resulting in enhanced patient outcomes.
Future extensions of this research may include the incor-
poration of authentic patient photographs to improve the
model’s ability to differentiate between superficial-partial
and deep-partial thickness burns, as well as the develop-
ment of algorithms to accurately estimate the Total Body
Surface Area (TBSA%) affected. This enhancement would
increase the clinical tool’s utility in assessing and managing
burn patients, thereby further advancing patient care and
treatment strategies.

The outcomes of this study demonstrate that financial
models alone are insufficient to fully explain the function-
ing of healthcare systems. This stems from the complexity
of healthcare systems, which encompass numerous factors
that influence their efficiency and outcomes. While finan-
cial models are essential for resource allocation, ensuring
system sustainability, and assessing profitability, they do
not comprehensively capture the complex dynamics of
healthcare delivery, service quality, patient outcomes, social
determinants of health, technological innovations, and
cultural influences. It is challenging to compare health-
care with other industries due to its encompassing various
domains such as ethics, technology, society, and culture.
To better understand health systems, it’s essential to exam-
ine them holistically, not just from a financial perspective.
To achieve a comprehensive understanding, this approach
must incorporate economic principles, as well as sociopolit-
ical insights, cultural nuances, and technological advance-
ments. This study highlights the importance of integrating
health data with financial models to achieve a more detail
understanding of health systems. This combination allows
us to examine how factors such as resource allocation, ser-
vice delivery, patient outcomes, and equity influence the
overall quality, efficacy, and efficiency of healthcare ser-
vices in a more comprehensive manner. For this approach
to be effective, it is essential that both long-term financial
sustainability and societal impacts are considered, and that
individual health and well-being are not compromised by
financial hardship. These findings suggest that policymak-
ers and other stakeholders should adopt a multidisciplinary
approach when formulating health policies. Value-based
healthcare models and other strategies that consider health
outcomes in financial decision-making can assist policy-
makers in promoting high-quality, patient-centered care.
Real-time health data analytics can also facilitate informed
decision-making grounded in factual information, thereby
promoting more efficient resource utilization and reduc-
ing disparities in healthcare access and outcomes. In the
future, additional research should emphasize the integra-
tion of concepts from diverse disciplines, such as econom-
ics, behavioral science, data science, and public health, to
develop more effective models for evaluating healthcare
systems. Additionally, exploring advanced technologies
such as artificial intelligence and machine learning will
enhance healthcare efficiency, facilitate trend prediction,
and support policymakers in decision-making. These tools

have important potential to increase the sensitivity and
responsiveness of health systems, enabling more effective
interventions. By advancing research in these areas, it can
make sure that future health policies are more sustainable,
equitable, and deliver high-quality services that meet the
varying needs of diverse populations and improve overall
health outcomes.
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