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Abstract

Global healthcare expenditures continue to rise, posing substantial economic
challenges, particularly for low- and middle-income countries (LMICs), where resource
constraints intensify the impact. Accurate forecasting, efficient resource allocation,
and equitable policy development are essential to address these growing pressures.
This study presents a hybrid analytical framework that integrates generative artificial
intelligence (Al) with traditional econometric and machine learning models to analyze
and predict trends of healthcare expenditure. Utilizing data from the World Bank and
World Health Organization, we applied generative adversarial networks, hierarchical
clustering, support vector machines, and autoregressive integrated moving average
models to uncover spending patterns, simulate policy scenarios, and tackle disparities
in health investment. Generative Al played a pivotal role by augmenting sparse
and incomplete datasets, particularly from underrepresented LMICs, identifying
anomalies, and generating realistic synthetic data to support robust forecasting.
This enabled the development of more inclusive, equity-focused health resource
planning tools. The results demonstrate improved forecasting accuracy and offer
deeper insights into regional and income-based differences in expenditure trends.
By combining traditional machine learning with cutting-edge generative models, this
study advances a scalable, data-driven approach to support global health decision-
making. Ultimately, generative Al is highlighted as a transformative enabler of
equitable, informed strategies in the management of global healthcare expenditures.

Keywords: Healthcare expenditure; Generative artificial intelligence; Autoregressive
integrated moving average; Health equity; Support vector machines; Low- and middle-
income countries

1. Introduction

Rising global healthcare expenditure presents a critical challenge for policymakers,
especially in low- and middle-income countries (LMICs), where financial and
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infrastructural limitations exacerbate health inequities.
Traditional econometric models often fall short in
capturing the complexity of health spending patterns
across diverse socioeconomic and regional contexts.
Moreover, the scarcity and inconsistency of data in LMICs
hinder the development of robust forecasting tools and the
formulation of health policies.

Following substantial increases of 7.4% in 2022 and
10.7% in 2023, it is estimated that the growth in global
healthcare expenditure will remain high at 9.9% in 2024.
While there is debate over whether population aging is the
primary cause of rising healthcare costs, many analysts and
representatives consider it one of the major contributors.!
Healthcare expenditure has become increasingly
burdensome globally, driven by various factors, including
gross domestic product (GDP) growth, aging populations,
and healthcare strategies.>” The United States (US)
exemplifies the surge in healthcare expenditure across
both private and public sectors, with per capita costs and
the share of GDP rising sharply due to rapid advancements
in medical treatments and technology. Technological
advancements, especially in developed nations, such as
the US, have significantly expanded treatment options
and increased per capita spending, often exceeding
expenditures in many countries with universal healthcare
structures.? Estimates of changes in global health research
and development expenditures are crucial for improving
and setting boundaries in health research planning.**
However, comparing this information across countries can
be a challenging task, as there is a gap in measuring data
per area.*

Over the past couple of decades, healthcare spending
has nearly doubled in many high-income countries, with
projections suggesting that global spending could reach
$15 trillion within 25 years.” In 2021, US healthcare
spending was nearly twice that of other high-income
countries, with significantly higher costs for inpatient,
outpatient, and administrative facilities.® In addition, it is
estimated that the growth of US per capita spending on
health, at an annual average rate of 5.0%, will continue to
outpace the GDP growth from 2023 to 2027, stressing the
need for systemic reform. At this rate, it is estimated that
health spending will reach 17.9% of GDP in 2025, growing
slightly faster than the economy. In addition, health
spending growth is expected to exceed overall economic
growth, reaching 19.7% of GDP within 7 years.”

These figures underscore the significance of government
regulations and policies in mitigating the upward trend
in healthcare costs. However, fluctuations in government
revenues, driven by events, such as the COVID-19
pandemic, the Russo-Ukrainian War, inflation, and

recessionary pressures, have widened spending disparities
between high- and low-income countries. In addition, the
weakening global economy has also constrained health
funding. The global economic slowdown in 2021 squeezed
health budgets, reducing health aid contributions from
high-income countries, such as the United Kingdom (UK)
and Sweden, thereby diminishing support for low-income
nations.®

Several interconnected factors contribute to the
excessive rise in healthcare expenditures, including
expanded insurance coverage, supplier-induced demand,
defensive medicine, factor productivity, and technological
advances.” While these technological developments have
improved treatment options and quality of life, they have
also contributed to sustained increases in healthcare
expenses in the US. Conversely, lifestyle factors, particularly
modifiable risk behaviors, such as regular physical activity
and healthy dietary choices, can reduce healthcare
expenses. Moreover, environmental factors, including
carbon dioxide emissions and fossil fuel consumption,
negatively impact population health.” For example, one
study indicates that air pollution in China significantly
increases healthcare costs, with the economic burden
extending well beyond classic respiratory illnesses."'

Innovations in technology have introduced automation
and cost-effectiveness into healthcare, transforming
research, diagnostics, and treatment delivery.!? Artificial
intelligence (AI) has become a transformative instrument
across several fields, particularly in health economics and
outcomes research. The application of Al, particularly
machine learning, offers novel approaches for enhancing
prediction models, economic analysis, and healthcare
decision-making trials” For example, to evaluate the
possibility of patient hospitalization, several machine
learning strategies have been developed using prevalent
methodologies with insurance claim datasets to improve
prediction accuracy.'*'* Other studies have validated how
machine learning is revolutionizing medical commerce.'!
It is a crucial task for humanity to enhance the quality of
healthcare through machine learning techniques, as it was
shockingly found that a high proportion of healthcare
expenditure failed to protect countries from COVID-19."
Nonetheless, machine learning should be viewed as a
complement to, rather than a replacement for, human
judgment, allowing human oversight to remain as a core
standard.”

The integration of Al into healthcare has transformed
the landscape of diagnostics, treatment, public health,
and health systems management. Over the past decade,
advancements in machine learning and deep learning have
significantly driven the development of intelligent, data-
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driven health technologies. For example, Rajkomar et al.*°
provided a foundational overview of how machine learning
is revolutionizing diagnostics and clinical decision-
making, enabling earlier and more accurate treatment
strategies. Complementing this, Topol*' emphasized the
synergistic potential of Al and human intelligence, coining
the term “high-performance medicine” to describe the
future of personalized, precise care. Moreover, Beam and
Kohane?? further highlighted the importance of integrating
big data and machine learning tools into healthcare
workflows, noting that the scalability of these technologies
can improve both outcomes and efficiency.

The rapid pace of innovation is evident, with Al
applications in diagnostics, drug development, and remote
patient monitoring advancing swiftly, as noted by Heaven.*
These advances are particularly crucial for enhancing the
delivery of healthcare, as outlined by Reddy et al.,** who
discussed both the opportunities and limitations of Al in
real-world systems. Similarly, Yu et al.** provided a more
comprehensive review of the challenges in implementing
Al technologies, including regulatory hurdles, ethical
concerns, and data privacy considerations.

Deep learning, a subset of Al, has become particularly
important in medical applications. Esteva et al.*® proposed
a practical guide to deep learning tools in healthcare,
demonstrating how models, such as convolutional neural
networks are now used to interpret medical images and
analyze unstructured clinical data. Inlow-resource settings,
AT also holds great promise. Wahl et al.,”” explored how it
can be used to reduce health disparities and enhance access
to care in underrepresented regions.

The COVID-19 pandemic has accelerated digital
adoption in healthcare, including the deployment of AI for
surveillance, diagnostics, and modeling. Keesara et al.,*®
described this shift as a digital revolution catalyzed by
the pandemic. ATs clinical utility is already evident in
specialties, such as cardiology, where Dilsizian and Siegel®
demonstrated its efficacy in cardiac imaging diagnostics.

However, ethical concerns remain. Obermeyer and
Emanuel® critically examined racial bias in healthcare
algorithms, showing how even data-driven tools can
perpetuate inequities. This is echoed by Holmes et al.,*!
who advocated for a more equity-focused approach to Al
deployment, especially in global health contexts.

The role of big data is central to these transformations.
Chen and Chen* explored how Al-powered analytics can
support public health interventions, while Miotto et al.*®
proposed “deep patient,” an unsupervised model that can
accurately predict health outcomes from electronic health
records. The global health crisis sparked by COVID-19

further underlined the importance of rapid data modeling
and response strategies, as reviewed by Wang et al** In
addition, LeCun et al*® laid the theoretical foundation
of deep learning technologies, offering insights into
neural networks that now underpin most Al systems in
healthcare. Building on this, Wang et al.** emphasized the
organizational advantages of big data analytics in hospital
and system-level planning.

Furthermore, the use of AI in specific clinical
applications is highlighted by Krittanawong et al.,”” who
detailed how deep learning enhances cardiovascular risk
prediction and diagnostics. From a practical perspective,
Davenport and Kalakota® and Hinton* underscored the
growing integration of Al into clinical routines, making
a case for workflow optimization and clinical support
tools. Finally, the future of AI in healthcare depends on
its alignment with human oversight and decision-making.
Shortliffe and Sepulveda® highlighted the importance of
clinical decision support systems that enhance, rather than
replace, physician judgment, ensuring that ethical and
contextual considerations remain central to care.

Together, these works establish a comprehensive
framework for understanding the potential, progress, and
pitfalls of AI in global healthcare systems. The literature
collectively supports the premise that, when implemented
thoughtfully and equitably, Al holds transformative power
to reshape medicine, improve patient outcomes, and
reduce disparities worldwide.

This study proposed a novel, Al-driven forecasting
framework that combines generative Al (e.g., generative
adversarial networks [GANs]) with conventional machine
learning methods, such as support vector machines
(SVMs) and autoregressive integrated moving average
(ARIMA) models. By leveraging generative AL, we aimed to
augment incomplete or imbalanced datasets—particularly
those from underrepresented regions—thereby enabling
more inclusive and equitable global health expenditure
forecasting. The proposed methodology not only improves
prediction accuracy but also uncovers latent patterns
and clusters of countries based on spending behavior.
This hybrid approach enhances the interpretability
and relevance of predictions for LMICs, empowering
policymakers with reliable, data-driven insights to allocate
resources more effectively and equitably.

2. Methods

The data utilized in this study were retrieved from
the database of the World Bank Group (https://data.
worldbank.org/indicator/SH.XPD.CHEX.GD.ZS?most_
recent_year_desc=true&locations=1W), which retrieved
its data from the World Health Organization’s Global
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Health Expenditure Database (GHED). The GHED is an
integrated database comprising a total of 192 countries.
A subset of 168 countries was selected in this study.
The data were represented in a wide format, comprising
country-level healthcare expenditures as a percentage
of GDP, collected over the years from 2000 to 2021. In
the selected data, the highest health expenditure as a
percentage of GDP occurred in Nauru in 2007 (24.23%),
whereas the lowest ever was recorded in Qatar in
2011 (1.60%). The US consistently allocated the highest
share of GDP spent on healthcare throughout the study
period, with a mean of 15.66%, except in 2001, 2007, and
2008 (when Nauru exceeded the US), and in 2014 and
2015 (when Sierra Leone exceeded the US). In contrast,
despite maintaining high standards of medical care,
Qatar’s expenditure on healthcare is one of the lowest
among all other countries in the world, averaging 2.61%.
This dataset was subsequently used for machine learning
classification.

Data from 24 countries were selected from the above
dataset and transposed. The new dataset comprised
primarily countries from North America and Europe,
along with a few Asian countries, including India, China,
and Iran. The resulting data are a time series indicating
the health expenditure of 24 countries from 2000 to 2021.
This dataset was used to predict the health expenditure of
selected countries in 2025.

The healthcare expenditure data used in this study
were expressed as a percentage of GDP, which inherently
normalizes for inflation at the national level by relating
spending to the overall economic output. As such, an
explicit inflation adjustment was not required for this
analysis. Nonetheless, we acknowledge that inflation can
still indirectly influence healthcare costs, and future work
should consider integrating inflation-adjusted absolute
spending values. The following methods were employed to
analyze and predict future healthcare expenditures.

2.1. Hierarchical clustering

A hierarchical clustering approach was employed in this
study. The healthcare expenditure dataset was organized
by nations nested within broader geographic or economic
regions, using the city block distance metric and average
linkage methods. This structure allowed the understanding
of both country-specific variations and regional or global
trends over time. In this hierarchical framework, the
assumptions were:
(i) Level 1 represents the annual healthcare expenditure
for each country, varying by year
(ii) Level 2 captures regional-level or income-based
groupings.

The model is represented by Equation I:
Y. =B, +pB, X, +¢, (I
Where Y, represents the healthcare expenditure for
country j in year i, X, denotes time-specific covariates, and
¢; is the error term. The intercept 3, and slope /3 terms

may vary across countries, allowing the capturing of both
the overall trend and country-specific deviations.

2.2, SVMs

The high dimension of the data remained a consistent
challenge in employing different algorithms. To reduce
the complexity, the SVM model was used for predictive
analysis due to its strong performance in classification
and regression tasks. SVM aims to identify an optimal
hyperplane in higher dimensions that maximally separates
data points from different classes or accurately fits the
data in regression tasks. For classification, the SVM
model constructs a decision boundary that maximizes
the margin between data points from distinct classes,
thereby minimizing classification error and enhancing
generalization to new data.

2.3. ARIMA

In this study, the ARIMA model was employed to
analyze and forecast time-dependent trends in healthcare
expenditures across countries. The ARIMA model is
a widely used statistical method for analyzing time
series data, especially when a series exhibits temporal
autocorrelation. The model is particularly advantageous for
handling non-stationary data by integrating differencing,
autoregressive, and moving average components, making it
suitable for our dataset, which spans multiple years. Based
on the autocorrelation function and partial autocorrelation
function diagnostics, initial ARIMA model configurations
were identified and fitted to the data. Model performance
was assessed using standard evaluation metrics,
including the Akaike information criterion (AIC) and
Bayesian information criterion (BIC), to select the most
parsimonious model with adequate predictive accuracy.

2.4. Generative Al

Generative Al a subset of Al that focuses on generating new
data instances resembling existing data, offers innovative
solutions for complex problems in health economics.
Unlike traditional predictive models, generative Al models,
such as GANs and variational autoencoders (VAEs), excel
in simulating realistic scenarios and exploring data-driven
solutions, making them a valuable tool for understanding
and forecasting healthcare expenditure under various
economic, demographic, or policy-driven conditions. By
leveraging models, such as GANs or conditional VAEs,
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researchers can generate plausible future trends based on
historical data and specific input variables. For example,
these models can simulate how an economic downturn, a
new healthcare policy, or a pandemic may affect spending
patterns across regions or income groups. Such simulations
enable policymakers to explore potential outcomes before
implementing changes, enabling proactive planning and
risk mitigation.

3. Results
3.1. Machine learning
3.1.1. Hierarchical clustering

The results of the hierarchical clustering showed six
clusters with similar healthcare expenditure from 2003 to
2021 (Figure 1). The information of each cluster, including
size and countries, is depicted as follows:

(i) Cluster 0 (30 countries): The UK, Armenia, Canada,
Austria, Switzerland, Netherlands, Sweden, Portugal,
Belgium, Denmark, Japan, Spain, Malta, Australia,
Finland, Lesotho, Norway, New Zealand, Maldives,
Serbia, Brazil, Iceland, El Salvador, Argentina, Bosnia
and Herzegovina, Slovenia, Namibia, Italy, Uruguay,
and Greece.

Cluster 1 (46 countries or regions): Timor-Leste, Lebanon,
Nicaragua, Panama, Czechia, Cyprus, Chile, Republic
of Korea, Honduras, Mozambique, Latvia, Colombia,
Bulgaria, North Macedonia, Georgia, Andorra, Ecuador,
South Africa, Guinea-Bissau, Latin America and
Caribbean (excluding those high-income countries),
Bolivia, Croatia, Barbados, Paraguay, Tajikistan, Ukraine,

(ii)

Euclidean distances

150

125

100

San Marino, Israel, Lithuania, Slovak Republic, Costa
Rica, Cambodia, Estonia, Malawi, Hungary, Rwanda,
Jordan, Albania, Eswatini, Tunisia, Guatemala, Belarus,
Poland, Botswana, Mexico, and Iran.

(iii) Cluster 2 (51 countries or regions): Uzbekistan,
Russia, Jamaica, The Bahamas, Trinidad and Tobago,
Mongolia, Cabo Verde, Samoa, Zambia, Dominica,
Romania, Mauritius, Burkina Faso, Comoros,
Caribbean small states, Tonga, Peru, Saudi Arabia,
Philippines, Niger, Morocco, Grenada, Suriname,
Luxembourg, Turkmenistan, Togo, Algeria, Nepal,
China, Seychelles, Chad, Belize, Guyana, Dominican
Republic, Uganda, Egypt, Vietnam, Tiirkiye, Kenya,
Mali, Senegal, Bahrain, Ghana, Eritrea, Monaco,
Madagascar, Haiti, Tanzania, Ethiopia, The Gambia,
and Sudan.

(iv) Cluster 3 (1 country): The US.

(v) Cluster 4 (4 countries): Palau, Cuba, Germany, and
France.

Cluster 5 (27 countries): Kuwait, Myanmar, Singapore,
Fiji, United Arab Emirates, Iraq, Thailand, Azerbaijan,
Malaysia, Vanuatu, Oman, Mauritania, Nigeria, Sri Lanka,
Kazakhstan, Bhutan, Cameroon, Guinea, Indonesia, India,
Angola, Pakistan, Qatar, Djibouti, Gabon, Benin, and
Bangladesh.

It is noticeable that Clusters 0, 3, and 4 comprised
developed economies, including the US, Japan, the UK,
Nordic countries, Germany, and France, indicating that
developed countries allocate a higher percentage of GDP
than developing countries and emerging economies. Other

Cophenetic
correlation
0.8

o i)

i)

s

3 TWOITRIDY ©

Figure 1. Hierarchical clustering graph of 158 countries
Notes: Green: Cluster 0; Orange: Cluster 1; Blue: Cluster 2; Pink: Cluster 3; Black: Cluster 4.
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clusters consisted of countries from Eastern Europe, Latin
America, Africa, the Caribbean, Asia, and the Middle
East, implying that most countries in these regions tend
to allocate a lower percentage of GDP to healthcare than
other developed countries.

3.1.2. SVMs

The linear SVM, polynomial SVM, and Gaussian radial
basis function (RBF) SVM models demonstrated accuracies
of approximately 77, 71, and 81%, respectively. The graphs
of 158 countries are shown in Figure 2. The US is in one
cluster with a substantial difference from other countries.
The linear SVM results showed straight lines across classes,
indicating clear linear separations. However, it might also
imply an oversimplification of the relationship across
classes.

The polynomial SVM results demonstrated slightly
curved boundaries compared to linear boundaries,
suggesting the added complexity of the polynomial
transformation ~was  unnecessary. Moreover, the
Gaussian model generated more complex and non-linear
boundaries with curved and localized decision regions,
implying potentially better capacity in capturing the
actual association across classes. Its superior accuracy to
other methods suggests that the data contain patterns,

A

Linear SVM decision boundary

2021

2 1 0 1 2 3

such as complicated overlapping classes and non-linearly
separable data.

3.2. Predictive modeling
3.2.1. ARIMA

To analyze health expenditure trends across countries, a
simple ARIMA model was initially fitted to each country.
The model was specified with an order of (1, 1, 1), where
the parameters represent the following: One lag for the
autoregressive term, first-degree differencing to address
non-stationarity, and one lag for the moving average term.
This configuration utilized the values from one step prior
for both autoregressive and moving average components
while assuming stationarity of the time series as the
primary requirement for ARIMA models.

However, visual inspection indicated that the data
exhibited non-stationary behavior. To address this, first-
degree differencing (d = 1) was applied, ensuring the data
met the stationarity assumption. Figure 3 visualizes the
predicted health expenditure of 25 selected countries in a
map.

3.2.2. Predicted values

Table 1 presents the predicted health expenditures for
the year 2025 across all selected countries, using both the

Guassian RBF SVM boundary

2021

Figure 2. Decision boundaries of (A) linear, (B) polynomial, and (C) Gaussian radial basis function support vector machine models for 2020-2021
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Figure 3. Predicted health expenditure of selected countries for 2025 using a simple autoregressive integrated moving average model (p=1,d=1,q=1)

Table 1. Predicted health expenditure as percentages of GDP
for 2025 using a simple ARIMA model (p=1, d=1,q=1) and a
multi-model ARIMA

Country Simple ARIMA (%)  Multi-model ARIMA (%)
United States 17.57 17.53
United Kingdom 13.13 12.36
Switzerland 11.77 11.80
Sweden 11.27 11.25
Spain 11.33 10.74
Poland 6.46 6.24
Norway 10.15 10.08
New Zealand 10.02 9.83
Netherlands 10.95 11.29
Japan 10.78 10.82
Ttaly 9.36 9.09
Israel 8.06 7.90
Iran 5.88 5.77
India 3.25 3.28
Greece 9.16 9.17
Germany 12.89 12.93
France 12.25 12.31
Finland 10.59 10.49
Denmark 11.03 10.82
China 5.36 5.38
Canada 12.38 12.42
Belgium 10.99 11.04
Austria 12.12 12.10
Australia 10.46 10.54

Abbreviations: ARIMA: Autoregressive integrated moving average;
GDP: Gross domestic product.

simple ARIMA model and the enhanced multi-model
approach. While the simple ARIMA model demonstrated
favorable AIC scores, the multi-model approach achieved
further reductions in AIC by fitting ARIMA models with all
possible parameter combinations. This optimization led to
losing their autoregressive component for most countries,
except for Canada, New Zealand, Italy, and Poland.

The differences in predicted expenditures between the
two approaches ranged from as little as 0.01 (for Greece)
to 0.76 (for the UK). These results highlight the utility of
the multi-model approach in refining parameter selection
to enhance predictive accuracy. Subsequently, the fitted
models were used to predict health expenditure for the
next 4 years, with the results summarized in Figure 4,
which presents the comprehensive prediction graphs for
each country.

3.3. Generative Al

GANs play a transformative role in augmenting sparse
and underrepresented datasets by generating synthetic
yet realistic data. In the context of healthcare expenditure
prediction, GANs can create additional data points for
countries or regions where reliable data are scarce.

Figure 5 illustrates the progression of GAN training.
In Figure 5A, epoch 0 represents the state before training,
where the generated data (red points) were scattered
randomly, showing no resemblance to the real data (blue
points). This stage highlights the GAN’s initial random
generation, as the generator has not yet learned the
underlying patterns of the real dataset.

The latent space dimension and batch size of trained
data were 150 and 64, respectively. For epoch 0, the
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Figure 4. Predicted health expenditure of selected countries for 2022-2025 with a simple autoregressive integrated moving average model (p=1,d=1,q=1)

discriminator loss was 1.396, implying that the generator
makes many errors in classifying real and simulated
samples. Meanwhile, the generator loss was 0.783,
indicating the generation of fake data. In Figure 5B, epoch
2,000 presented the GAN'’s capability after extensive
training. Here, the generated data aligned closely with the
real data, demonstrating the generator’s success in learning
and replicating the distribution of healthcare expenditure
patterns. This alignment indicates the potential of GANs
to generate high-quality synthetic data, which can be used
to address data sparsity issues in underrepresented regions

or time periods. By filling gaps in datasets, GANs enable
more accurate predictive modeling and equitable analysis
of healthcare expenditures globally. Increasing the number
of epochs to 2,000 reduced the discriminator and generator
losses to 0.67 and 0.73, respectively.

Generative Al brings transformative advantages to
healthcare expenditure analysis byaddressing the limitations
of traditional predictive models. One significant benefit
is its ability to handle incomplete or imbalanced datasets
through data augmentation. By generating synthetic yet
realistic data, generative Al fills gaps in underrepresented
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Figure 5. Outputs of generative adversarial networks at (A) epoch 0 and (B) epoch 2,000

regions, ensuring that models trained on such data are
more inclusive and generalizable. This capability enhances
the reliability of global healthcare expenditure predictions,
particularly for low-income countries with limited historical
data, thus fostering equitable decision-making.

4, Discussion

Despite its transformative potential, implementing
generative Al in healthcare expenditure analysis faces
significant challenges, particularly related to data quality
and privacy. Generative AI models rely heavily on large,
high-quality datasets to produce accurate and reliable
outputs. However, healthcare expenditure data often suffer
from inconsistencies, incomplete records, and regional
disparities in reporting. For underrepresented countries
or regions with scarce data, the generative AI model’s
ability to produce meaningful synthetic data might be
compromised. In addition, concerns around data privacy
and compliance with regulations, such as the General Data
Protection Regulation and Health Insurance Portability and
Accountability Act, pose obstacles to obtaining and utilizing
sensitive healthcare-related information for training models.

Another major challenge is the computational
complexity and resource requirements of generative Al
models. Training sophisticated models, such as GANs
or VAEs, requires substantial computational power,
specialized infrastructure, and expertise, all of which may
not be readily available in low-resource settings. Moreover,
generative Al models often lack interpretability, making it
difficult for policymakers and stakeholders to fully trust
or understand the outputs. The potential for generating
unrealistic or biased synthetic data further emphasizes the
need for rigorous validation and oversight mechanisms.
Overcoming these challenges requires collaboration across
Al researchers, policymakers, and healthcare experts to
ensure ethical, efficient, and equitable implementation of

Table 2. Validation methods and the accuracy of all models

Model Data split Validation Results
method
SVM (linear) 70% train Cross-validation Approximately 77%
15% validation  (k-fold) accuracy
15% test
SVM 70% train Cross-validation Approximately 71%
(polynomial) 15% validation  (k-fold) accuracy
15% test
SVM (RBF)  70% train Cross-validation Approximately 81%
15% validation  (k-fold) accuracy
15% test (highest among
SVM models)
ARIMA Time-series split AIC, BIC, Accurate
(simple) (train/test by holdout year short-term forecast:
year) prediction AIC/BIC optimized
ARIMA Time-series split Grid search Improved model fit
(multi-model) (train/test by for (p, d, q) for most countries
year) combinations
GAN - (unsupervised) Visual Generator loss
convergence and reduces to 0.73 and
loss monitoring ~ discriminator loss
reduces to 0.67 by
epoch 2000

Abbreviations: AIC: Akaike information criterion;
ARIMA: Autoregressive integrated moving average; BIC: Bayesian
information criterion; GAN: Generative adversarial network;
RBF: radial basis function; SVM: Support vector machine.

generative Al solutions. Validation processes include:

(i) ARIMA models: AIC and BIC were used to select
optimal parameters and evaluate forecast accuracy by
comparing predicted values versus actual expenditures
in a holdout year.

(ii)

SVM models: Cross-validation was applied, and

classification accuracy was reported across different
kernels. The RBF kernel achieved the highest accuracy

at 81%.
(iii) GAN models: Model fidelity was evaluated using
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visual comparison of generated versus actual data
distributions, and loss curves were monitored, with
both generator and discriminator losses decreasing
over training.

The validation and accuracy of the training, test, and
validation sets are summarized in Table 2. A standard
approach was used for data partitioning. The dataset was
split into training (70%), validation (15%), and test (15%)
sets based on a stratified sampling method to maintain
the distribution of healthcare expenditure across different
country groups. For the SVM models, cross-validation was
applied during training to optimize model parameters and
mitigate overfitting.

5. Conclusion

This study demonstrates the potential of integrating
generative and traditional AI techniques to forecast
healthcare expenditures globally, with a strong emphasis
on addressing data sparsity and equity in LMICs. By
applying a hybrid framework of GANs for synthetic data
augmentation, SVMs for classification, and ARIMA for
temporal forecasting, the robustness and accuracy of
predictions were enhanced, particularly in data-scarce
settings. The findings highlight that generative AI can
mitigate the limitations of incomplete datasets, enabling
a more representative modeling of global expenditure
patterns. This methodological advancement is especially
impactful for LMICs, where historical health data may
be inconsistent or unavailable. By simulating realistic
expenditure trends, the proposed framework equips
policymakers with actionable forecasts tailored to their
unique economic and demographic conditions. Ultimately,
this work contributes to the development of a scalable
and replicable Al-based model that supports equitable,
evidence-based decision-making in global health finance,
bridging a critical gap between advanced predictive
technologies and real-world health policy needs.
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