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Abstract

Universal Health Coverage (UHC) remains a core Sustainable Development Goal challenge
for Arab nations, with structural inequalities and conflict ongoing in threatening equal
access to health. Although literature concurs on the presence of a relationship between
UHC and financial inclusion, contextual mechanisms underpinning this relationship re-
main poorly understood. This study offers an integrated Explainable AI (XAI)-Econometric
methodology to unveil how financial inclusion—through digital as well as physical chan-
nels for services—drives UHC progress in 17 Arab nations (2011-2022). With the use of
Feasible Generalized Least Squares (FGLS), Panel-Corrected Standard Errors (PCSE), and
Random Forest regression with SHAP (SHapley Additive exPlanations) values, we estimate
both average causal and heterogeneous contextual effects. The combined model increases
predictive strength by 18% over conventional econometric baselines (R? = 0.83), while
the SHAP results identified top predicators. The findings suggest that ATM density and
electricity access remain the overriding drivers of UHC whereas digital financial services
play a role only with the complement of strong public health expenditures. The diagnostic
result allows policymakers to designate country-specific challenges and prioritize joint
investments in infrastructure and inclusive finance. While data constraints in conflict
settings need cautious interpretation, the proposed XAl-econometric strategy supplies a
replicable methodology template for contextualized SDG diagnostics.

Keywords: universal health coverage; financial inclusion; machine learning; econometrics;
health policy; Sustainable Development Goals (SDGs)

1. Introduction
1.1. General Introduction

Health is one of the most fundamental aspects of human life, a prime determinant of
individual well-being, economic function, and collective societal development [1]. Despite
its universal importance, equitable access to good-quality healthcare remains a chronic
dilemma for health systems globally, with particularly glaring inequities apparent in low-
and middle-income countries. In the Arab world alone, disparities in access to healthcare
assume especially stark expressions, where conflict-stricken nations such as Yemen and
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Syria contend with the most extreme systemic challenges stemming from ruined health
infrastructure, perennially scarce fiscal means, and perpetual political instability [2]. There
are numerous examples: Syria, for instance, now allocates less than 5% of GDP to health
expenditure—a proportion well below global averages—while Yemen’s entire healthcare
infrastructure has essentially collapsed under the twin pressures of persistent conflict and
catastrophic funding shortfalls [3]. Even in comparatively more stable regional settings like
Egypt and Jordan, recent estimates suggest that approximately half of national populations
continue to lack stable access to basic health services, a stark statistic that underscores the
pressing need for innovative policy solutions to bridge these systemic divides [4].

The emerging sector of financial inclusion, and particularly through new digital
financial service platforms (fintech), has increasingly been recognized as having tremen-
dous potential to solve these healthcare access challenges [5,6]. Contemporary fintech
innovations—ranging from mobile payment platforms to blockchain-based health financ-
ing platforms and microinsurance schemes—have demonstrated considerable potential in
initial applications by simultaneously reducing barriers of out-of-pocket health expenditure
while enhancing transactional transparency across healthcare systems [7]. Examples at the
regional level span from Egypt’s rapidly expanding mobile health payment ecosystems to
Jordan’s inaugural blockchain-based health financing platforms, both of which have seen
concrete success in streamlining healthcare payments while enhancing financial inclusion
metrics [8]. However, the adoption and measurable impact of such fintech solutions across
the Arab region remain extremely uneven, with Gulf Cooperation Council (GCC) mem-
ber states demonstrating relatively mature fintech adoption trajectories and low-income
and conflict-ridden regional counterparts experiencing extreme lag effects as a result of
underdeveloped digital infrastructure and chronically low connectivity rates [9].

Despite growing recognition of fintech’s potential, a significant research gap persists
regarding the systematic impact of financial inclusion on UHC in the diverse contexts of
the Arab world [10,11]. Crucially, existing studies have predominantly relied on traditional
linear econometric models [12]. While valuable for establishing correlations, these methods
are ill-equipped to capture the complex, non-linear relationships, and interaction effects
between financial, infrastructural, and health system variables that likely characterize this
relationship. This study bridges this gap by employing an integrated analytical frame-
work that combines robust econometrics for causal inference with machine learning to
uncover these hidden patterns, providing a more comprehensive evidence base for policy.
This knowledge gap assumes a specific urgency given the region’s particular challenges,
ranging from perennially high rates of unbanked populations to glaring disparities in per
capita healthcare expenditure, to compounding crises that range from global pandemics to
natural disasters [13]. The COVID-19 pandemic’s regional devastation coupled with the
2023 Turkey-Syria earthquake’s disaster have provided heart-wrenching case studies in
the manner in which compromised health and financial systems can exacerbate human
suffering during crises [14,15].

This study employs a multi-method analytical framework to explore systematically
correlations between healthcare access indicators and financial inclusion metrics across
17 Arab countries during the years 2011-2022. The investigation centers on three principal
study questions: First, to what extent do traditional and digital financial inclusion indicators
significantly drive progress in UHC across Arab countries? Second, what are the most
potent predictors of UHC—including financial, infrastructural, and economic factors—
and what complex, non-linear relationships exist among them, as revealed by a machine
learning approach? And third, what integrated policy strategies, informed by both causal
inference and predictive analytics, can most effectively leverage financial inclusion to
accelerate progress toward SDG 3.8 in the region?
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By addressing these research priorities, the actual study aims to make a significant
contribution to emerging research at the intersection of health policy and financial technol-
ogy, with applied policy briefs for three stakeholder groups: national policymakers seeking
to implement SDG-compliant health financing reforms, healthcare providers operating in
resource-poor contexts, and fintech developers looking to create contextually appropriate
solutions for Arab markets. The study’s mixed-methods design, which combines cutting-
edge econometric approaches with machine learning, seeks to establish a new benchmark
of evidence on the dynamics of such relationships in subnational contexts.

1.2. Literature Review
1.2.1. Theoretical Literature Review

Health is also a central aspect of the Sustainable Development Goals (SDGs), aiming to
achieve a healthy and secure life for all without resulting in financial expenses. Universal
Health Coverage (UHC) is now a fundamental tool in building financial services that
enhance the accessibility of healthcare, particularly for the poor, in order to attain financial
security and better health status [4].

The intersection of healthcare access and financial inclusion must be understood
through integrated economic and biosocial lenses. The biosocial framework proposed by
Kinsey et al. [16] illuminates how systemic and environmental factors create and compound
health disparities, a dynamic that is critically relevant to the Middle East and North Africa
(MENA) region. This interplay is evident in maternal and child health, where Nikoloski
et al. [17] demonstrate that strengthening primary healthcare systems—a key component of
which is financial access—is pivotal for improving equitable coverage of essential services.
Their research underscores that financial barriers, often exacerbated by gender and wealth-
based inequities, can direct poorer populations toward public facilities and limit timely care,
thereby reinforcing the very biosocial vulnerabilities outlined by Kinsey and colleagues.

The Health Belief Model provides a useful framework for investigating these dispari-
ties. Sallam et al.’s [18] study on COVID-19 vaccine hesitancy in Jordan, Kuwait, and other
Arab countries revealed that structural access, while necessary, is insufficient; significant
barriers were rooted in health beliefs, including misinformation and conspiracy theories,
rather than financial or logistical constraints. This underscores that providing fintech
or digital payment solutions, which are crucial for financial inclusion as tracked in the
Global Findex Database [7], does not automatically translate into health behavior change.
A comprehensive approach must therefore address these deeply held beliefs and low
health literacy in parallel with improving financial access, aligning with the transtheoretical
model’s emphasis on the multifaceted nature of staged behavior change.

1.2.2. Financial Inclusion in the Arab Region

New studies indicate stark variations in the impacts of financial inclusion on various
groups. Islam’s [1] UAE case study found that although 78% of Emirati families could
access emergency health funds through digital platforms, migrant worker households
who represent 85% of society remained cut off due to stringent identification criteria.
This “inclusion paradox” even persists in GCC nations with extremely advanced fintech
ecosystems [9].

For instance, Elouaourti and Ibourk [8] emphasize persistent structural disparities
in digital financial inclusion across MENA economies, shaping citizens’ ability to afford
and access health-related services Niankara et al. [11] demonstrate that financial inclusion
significantly drives the adoption of digital payment solutions across Gulf Cooperation
Council (GCC) economies, highlighting how inclusive financial ecosystems can stimulate
broader participation in health and social services. Lattof et al. [12], while focusing on
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the mesoeconomics of abortion, contribute relevant evidence since access to reproductive
and maternal-health services—including safe abortion—is one of the WHO'’s 14 tracer
indicators within the Universal Health Coverage framework, thereby representing a crucial
dimension of service accessibility.

Emerging technologies offer new avenues for advancing both financial and health
literacy. Cannistra et al. [19] demonstrated that interactive, game-based financial education
programs significantly improved users” budgeting and decision-making skills across mul-
tiple countries, underscoring the potential of digital learning tools to promote inclusive
capability development. Building on this evidence, such approaches could be adapted
to integrate health-related financial training—for example, encouraging preventive-care
spending among vulnerable families. Nevertheless, Harris and McDade’s [16] biosocial
framework reminds us that sociocultural and infrastructural differences must be consid-
ered: digital education strategies that thrive in urbanized contexts like Dubai may fail in
rural Yemen, where smartphone access among women remains limited to about 34% [20].

1.2.3. Fintech and Healthcare Access

Existing studies emphasize the key role of financial inclusion in combating healthcare
inequalities. Al-Hanawi et al. [21] affirm that digital financial inclusion significantly de-
terred emergency medical financing difficulty in Saudi Arabia, having a coefficient estimate
of —0.262, with its value in alleviating finance-related burdens of care. Additionally, digital
payments infrastructure in India improved levels of financial inclusion among small farm
owners residing in rural areas through enabling the accessing of adequate levels of care.

Financial inclusion improves access to health care through three principal mechanisms.
First, by expanding access to credit and savings instruments, it mitigates catastrophic
health expenditure and enhances financial protection. Second, the availability of digital
and physical financial channels—such as ATMs, agents, and mobile payments—reduces
transactional frictions, facilitating prepayment and insurance enrollment. Third, digital
transaction systems strengthen public health system efficiency and accountability by en-
abling transparent, traceable fund flows. Collectively, these mechanisms operationalize
financial inclusion as a foundational determinant of UHC rather than a mere correlate
of income.

However, fintech use in the health sector in Sub-Saharan Africa is limited by digital
literacy disparities and infrastructure shortcomings. Mobile money has improved inclusion
but requires greater digital skills for long-term use in healthcare services [22]. Cyberspace
threat problems in electronic financial services also induce risks, especially in rural regions
of the regions where fraud risk awareness tends to be low [23].

Synthesizing insights from both economic and biosocial theories, we propose a concep-
tual framework that links financial inclusion to UHC through three primary transmission
channels: (1) financial protection, whereby expanded access to formal savings, credit,
and insurance reduces catastrophic health expenditure; (2) service accessibility, where
digital and physical financial infrastructure (e.g., ATMs, mobile banking agents) lowers
transaction frictions and facilitates prepayment for care; and (3) system efficiency, through
which transparent digital transactions improve accountability and resource targeting. These
channels are moderated by infrastructural enablers—notably electricity access and internet
penetration—that determine whether financial technologies can function effectively.

2. Materials and Methods
2.1. Data Collection

The analysis draws on a balanced panel dataset covering 17 Arab countries between
2011 and 2022. Core indicators were extracted from the World Bank’s Global Findex
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Database (financial inclusion), the World Development Indicators (macroeconomic and
infrastructure variables), and the World Health Organization’s Universal Health Coverage
(UHC) Service Coverage Index. The sample includes 17 Arab countries: Bahrain, Djibouti,
Egypt, Iraq, Jordan, Kuwait, Lebanon, Libya, Morocco, Oman, Qatar, Saudi Arabia, Su-
dan, Somalia, Syria, Tunisia, and Yemen. The UHC Service Coverage Index aggregates
14 tracer indicators spanning reproductive, maternal, infectious, and non-communicable
health services, together with workforce and system-capacity dimensions, scaled 0-100.
Missing data were handled using forward-carry imputation for short gaps (<2 years)
and cross-validation against regional averages [24]. All financial inclusion variables were
standardized (z-scores) prior to inclusion in PCA and Random Forest models to ensure
comparability and numerical stability. The dataset remains balanced across the study
period, facilitating consistent panel estimation.

Financial inclusion is measured using a number of indicators, emphasized in previous
studies [21,24]: Mobile services access by adults 35-59 (MOB), internet access (INT) by
adults aged 35-59, proportion of adults with active accounts (ACC), proportion of adults
who have borrowed from a bank or used a credit card (BOR), number of deposit accounts
per 1000 adults (DEP), commercial bank branches density and ATMs per 100,000 adults
(ATM), number of debit cards per 1000 adults (DEB), and number of payment service agents
per 100,000 adults (AGE). UHC is measured by the UHC service coverage index, which
tracks coverage of major health services. Control variables such as access to electricity
(ELE), general government final consumption expenditure (EXP), GDP growth (GDP), and
inflation (INFL) are controlled in the estimates to guarantee credible results. General govern-
ment expenditure (% of GDP) was retained as a control variable to reflect the broader fiscal
environment, recognizing its strong positive correlation with health-sector expenditure. In
macroeconomic terms, higher overall public expenditure typically translates into greater
health investment, ensuring that the control variable captures fiscal-commitment effects
without distorting the core relationship between financial inclusion and UHC outcomes.

The focus on the 35-59 age cohort for key indicators is based on the rationale that this
group typically represents a nation’s core economically active population, who are primary
decision-makers for household finances and healthcare expenditures, thus providing a
critical lens through which to analyze the finance-health nexus.

2.2. Econometric Models

This research examines the relationship between financial inclusion and Universal
Health Coverage (UHC) in 17 Arab countries (2011-2022) through an integrated analytical
framework combining machine learning and econometric techniques. The study employs
Random Forest (RF) regression as its primary machine learning approach, complemented
by traditional econometric methods to ensure robust and interpretable results.

2.2.1. Panel Models (FGLS & PCSE)

We implemented traditional econometric techniques to address specific challenges
in panel data analysis. The Feasible Generalized Least Squares model (FGLS) provides
parametric estimates that control for heteroscedasticity and cross-sectional dependence,
while the Panel-Corrected Standard Errors approach (PCSE) offers robust inference against
autocorrelation [25]. These methods validate and complement the patterns identified by
the Random Forest algorithm (RF).

To ensure robust and interpretable results, the analysis employs a tripartite economet-
ric strategy complemented by machine learning. The Feasible Generalized Least Squares
model (FGLS) provides efficient estimates by controlling for heteroscedasticity and cross-
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UHC;,

sectional dependence, while the Panel-Corrected Standard Errors approach (PCSE) offers
robust inference against autocorrelation [26].

2.2.2. Dynamic Panel Models (GMM)

The econometric analysis is complemented by Principal Component Analysis (PCA) to
distill the multifaceted financial inclusion indicators into core latent components, mitigating
multicollinearity and revealing underlying structural drivers [4,5]. This econometric triad
is then integrated with the Random Forest algorithm, which captures complex, non-linear
relationships and interaction effects without restrictive parametric assumptions, creating a
comprehensive analytical framework.

In order to study the individual effect of financial inclusion and other determinants on
UHC, a mathematical model is defined:

= Po + P1MOB;; + B2INT;; + B3ACC; s + BsAGE;; + s ATM,; s + peBOR; + + p7BRN; s + psDEP;; + BoDEB; s
+B10ELE; s + B11EXP;; + B12GRO;

+ﬁ13INFLi,t

The econometric specification thus ensures both efficiency and unbiasedness in esti-
mating the structural determinants of UHC. Goodness-of-fit metrics (within-R? and Wald
x?) are reported to facilitate comparison with the machine-learning models.

2.3. Machine Learning Models
2.3.1. Random Forest (RF)

The Random Forest algorithm served as the foundation of our analysis, providing
a non-parametric method to capture complex relationships between financial inclusion
indicators and UHC outcomes. This ensemble learning technique constructs multiple
decision trees through bootstrap aggregation, offering inherent advantages in handling
non-linear effects and variable interactions without restrictive parametric assumptions.
The implementation uses standard parameters including 500 regression trees and consider-
ation of 3 variables at each split. All financial inclusion indicators and control variables
are incorporated in their original forms, allowing the algorithm to determine optimal
transformations through its recursive partitioning process.

2.3.2. Explainable AI (XAI) for Causal Pathway Analysis

While the Random Forest model has robust predictive power and global variable
importance, its ensemble character can render it a “black box,” with little interpretability to
guide policy design. To ensure that this otherwise inherent disadvantage is overcome and
to bring actionable insights into contextual determinants of UHC, this article uses a post
hoc Explainable Al (XAI) technique known as SHAP (SHapley Additive exPlanations) [27].

SHAP values have their foundation in cooperative game theory and capture the
marginal contribution of each predictor variable to the ultimate prediction for each and
every observation (i.e., country-year) in our data set. The approach yields three valuable
contributions to our analysis:

1.  Heterogeneous Effect Detection: It is more sensitive than average effects to report
how the relative contribution of a variable (e.g., mobile banking) varies in alternative
country contexts (e.g., in high-infrastructure versus low-infrastructure settings).

2. Visualization of Non-Linear Pathway: SHAP dependence plots can visually reveal
the precise, non-linear relationship between a feature and the UHC index, precisely
locating significant thresholds and points of saturation.
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3. Quantification of Interaction Effects: It can automatically identify and measure most
prominent interaction effects between variables, revealing the synergistic or condi-
tional relations that drive UHC outcomes.

SHAP analysis was used using the TreeExplainer method to the trained Random
Forest model and got a single score of effect direction and feature importance for each data
point and transformed our prediction model to a diagnostic one.

2.4. Robustness Tests

In order to ensure confidence in the robustness of the results, several diagnostic tests
were conducted to address potential issues like heteroscedasticity, autocorrelation, and
multicollinearity [6]. The tests validate the integrity of the econometric models used in the
study according to best practice in financial inclusion and health economics [7,24].

2.4.1. Multicollinearity (VIF & PCA)

To check for multicollinearity between the explanatory variables, a Variance Inflation
Factor (VIF) test was conducted. VIF values of all variables were below the threshold value
of 10 and had an average value of VIF as 2.26, indicating that multicollinearity is not a
serious issue in the model [5,6]. This is particularly important for the validity of regression
results since high multicollinearity can produce biased and inconsistent estimates [11]. The
small values of VIF confirm that explanatory variables are not correlated with one another,
thus making the results strong [6].

Principal Component Analysis (PCA) was applied to convert the indicators of financial
inclusion to lower-dimensional space to eliminate any possible multicollinearity. PCA
picked three principal components—Financial Services (PC1), Physical Structures (PC2),
and Agents and Card Usage (PC3)—which collectively retain the majority of the data
variance [4]. Principal components were varimax-rotated to enhance interpretability of
factor loadings. The PCA-derived components (PC1-PC3) were entered jointly with control
variables in the dynamic GMM model to capture both structural financial-inclusion effects
and contextual determinants [5].

2.4.2. Heteroscedasticity and Autocorrelation

The Breusch-Pagan test was conducted to determine heteroscedasticity in the residuals.
The test confirmed the presence of heteroscedasticity, which necessitated the use of FGLS
and PCSE models, which are robust to heteroscedasticity [10,28]. The Wooldridge test for
autocorrelation in panel data was also conducted, and the results confirmed the presence
of autocorrelation. This further justified the use of FGLS and GMMSs, which account for
autocorrelation in the error terms [26]. The tests ensure that the parameter estimates are
unbiased and efficient even in the presence of heteroscedasticity and autocorrelation.

3. Results
3.1. Descriptive Statistics

Figure 1 illustrates the UHC trends for each country from 2011 to 2022. The col-
umn representation highlights the cross-national disparities and the gradual convergence
observed in several middle-expenditure economies. This descriptive view provides the
empirical foundation for the econometric analysis presented in the subsequent section.

Table 1 presents the descriptive statistics for all variables. The dependent variable,
the UHC service coverage index, has a mean of 59.53 with a standard deviation of 14.93,
indicating substantial variation in healthcare access across the 17 Arab countries from 2011
to 2022. The range (17.17 to 78.00) underscores the stark disparity between high-income Gulf
states and conflict-affected nations. Financial inclusion indicators also show considerable
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variation. Mobile phone access (MOB) is near-universal (mean 92.77%), while internet
access (INT) is lower (mean 62.24%). The density of ATMs (ATM) and the proportion
of adults with active accounts (ACC) exhibit uneven distribution, with means of 26.52
per 100,000 adults and 40.08%, respectively. Among control variables, access to electricity
(ELE) averages 87.31%, yet a minimum of 38.31% highlights severe deficits in some areas.
Government consumption expenditure (EXP) averages 17.21% of GDP.

UHC trends by country (2011-2022)
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Figure 1. Universal Health Coverage (UHC) Trends by Country, 2011—-2022. Average Universal
Health Coverage (UHC) levels across the 17 analyzed countries from 2011 to 2022. The column
representation highlights cross-country differences and convergence patterns, showing that several
middle-expenditure economies exhibit steady improvements over the observed period.
Table 1. Descriptive Statistics.
Variable Abbreviation Definition Mean Std. Dev. Min Max

The universal

A composite measure that quantifies
a country’s progress toward
achieving universal health coverage,
reflecting the coverage of essential

health coverage UHC health services and financial 59.52679 14.92705 17 78
protection, as defined by the World
Health Organization (WHO) and
the World Bank.
Access to a mobile The percentage of individuals aged
phone (% ages MOB 35-59 who own or have access to a 92.76831 2.616673 74.186 100
35-59) mobile phone.
Access to internet The percentage of individuals aged
o INT 35-59 who have access to the 62.23696 7.408684 26.39105 91.86608
(% ages 35-59) .
internet.
The percentage of individuals aged
Active account (% ACC 35-59 who hold an act1v<.e financial 40 07866 9875833 2 135044 83.93176
ages 35-59) account (e.g., bank, mobile money,
or other formal financial accounts).
The number of authorized agents
Agents of payment (e.g., retail outlets or kiosks)
service providers AGE & 6228.377 2219.771 859.2509 18,354.78

per 100,000 adults

providing payment services per
100,000 adults.




deflator (annual %)

domestically produced, final goods
and services in an economy

Computation 2025, 13, 269 90f17
Table 1. Cont.
Variable Abbreviation Definition Mean Std. Devw. Min Max
The number of automated teller
ATMs per 100,000 ATM machines (ATMs) available per 2652041  19.65656  1.066988  74.42395
adults
100,000 adults.
Borrowed from a The percentage of individuals aged
financial 1nst1t}1t10n BOR 35-59 w.ho hgve ‘bOI'.I'OV\‘Ied from a 18.2742 537807 1.23450 44.60987
or used a credit formal financial institution or used a
card (% ages 35-59) credit card.
Branches per The number of commercial bank
100,000 adults BRN branches per 100,000 adults. 12.05267 6.647995 1.594146 28.59316
Deposit accounts The number of deposit accounts
erpl 000 adults DEP (e.g., savings or current accounts) 673.4159 271.1654 85.15827 1358.718
P held per 1000 adults.
Debit cards per The number of debit cards issued
1000 adults DEB per 1000 adults. 361.5879 129.5222 40.75094 961.771
Access to elecfcrlaty ELE T}}e percentage of tlr}e.populahon 8731345 19.1426 383 100
(% of population) with access to electricity.
General . The percentage of GDP spent by the
government final overnment on goods and services
consumption EXP 8 . & . g 17.20778 8.042782 3.990501 50.83647
. o including healthcare, education, and
expenditure (% of ublic infrastructure
GDP) P :
GDP growth The annual percentage growth rate B
(annual %) GRO of Gross Domestic Product (GDP). 2.305964 11.99859 50.33852  86.82675
The annual percentage change in
Inflation. GDP the GDP deflator, which measures
y INFL the level of prices of all new, 6.619493 13.18242 —28.76014 46.47625

3.2. Correlation Matrix and VIF Values

The correlation matrix (Table 2) reveals a very strong positive association between

UHC and access to electricity (ELE, 0.877). Financial inclusion indicators such as ATM
density (0.534) and active accounts (ACC, 0.209) show moderate positive correlations with

UHC. The Variance Inflation Factor (VIF) test results indicate that multicollinearity is not a

concern, with a mean VIF of 2.26, well below the common threshold of 10.

Table 2. Pearson’s correlation matrix.

UHC MOB INT ACC AGE ATM BOR BRN DEP DEB ELE EXP GRO INFL
UHC 1
MOB 0.02167 1
INT 0.069239  0.778245 1
ACC 0.20862  0.33865  0.523274 1
AGE 0.20208 0 0 0.041394 1
ATM 0.533809  0.050204 0.148154 0.288059  0.155605 1
BOR 0272421  0.217424 0.506941 0.789461 0.07319  0.245091 1
BRN 0.44658  —0.07794 0.015659 0.138366 0.126982  0.409702  0.146907 1
DEP 0.436467  0.014301 0.03087  0.133078 0.223493  0.535778  0.079735  0.668019 1
DEB 0.235082 0 0 0.098735  0.294518 0.450723 0.082572 0.10214  0.369115 1
ELE 0.877452  —0.03613 —0.01534 0.091338 0.185146 0.502616 0.188116 0.475677  0.422086 0.184717 1
EXP 0.396106 0.111866 0.081387 0.145304 0.043563 0.050131 0.044732 0.112427 0.112257 0.231273  0.235634 1
GRO 0.004686  0.026275 —0.00165 0.027193 0.082455 0.059709 —0.0561 0.091547 0.11864  0.111016 0.025408 —0.09806 1
INFL —0.24473 —0.02148 —0.05649 —0.07488 —0.14133 —0.3034 —0.08891 —0.31193 —0.262 —0.20108 —0.30897 —0.30946 —0.29986 1

3.3. Traditional Econometric Models

The Feasible Generalized Least Squares (FGLS) and Panel-Corrected Standard Errors
(PCSE) models demonstrate remarkable consistency in identifying the core drivers of UHC.
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Principal Component Analysis (PCA) reduced the financial inclusion indicators to three
components (Table 3): PC1 (Digital Financial Services), PC2 (Physical Infrastructure), and
PC3 (Agents and Card Usage).

Table 3. PCA components with the highest contributions and their compositions.

Variable PC1 PC2 PC3
MOB 0.2876 —0.3835 0.2489
INT 0.3888 —0.4017 0.1
ACC 0.4462 —0.2361 —0.1589
AGE 0.1477 0.2236 0.5897
ATM 0.3745 0.3128 —0.0006
BOR 0.4198 —0.2252 —0.1794
BRN 0.2714 0.3778 —0.4654
DEP 0.3199 0.4429 —0.1476
DEB 0.2296 0.3135 0.5334

PC1: Financial services component; PC2: Physical structures component; PC3: Agents and card usage component.

As shown in Table 4, panel econometric models showed a significant positive effect for
ATM density (FGLS: 3 = 0.1413, p < 0.01; PCSE: 3 = 0.1162, p < 0.01) and access to electricity
(FGLS: p = 0.5856, p < 0.01; PCSE: 3 = 0.6818, p < 0.01), underscoring the fundamental
role of physical infrastructure. Government expenditure (EXP) also emerges as a strong,
consistent predictor across both models (FGLS: 3 = 0.3837, p < 0.01; PCSE: 3 = 0.5498,
p <0.01). The PCSE model additionally identifies bank branch density (BRN, 3 = 0.2580,
p <0.01) as a significant factor. The convergence of FGLS and PCSE results provides high
confidence in the robustness of these average causal effects. The Generalized Method
of Moments (GMM) model using the resulting components showed that PC1 (3 = 1.484,
p <0.01) and PC2 (3 =0.864, p < 0.1) had a significant positive impact on UHC, while
PC3 had a significant negative coefficient (3 = —0.361, p < 0.05). The Arellano-Bond tests
confirmed the validity of the instruments (AR(1) p = 0.334; AR(2) p = 0.514).

Table 4. Impact of financial inclusion and control indicators on universal health coverage in Arab
countries for the period (2011-2022) FGLS, PCSE and 2-steps GMM methods. Dependent variable:
Universal Healthcare Coverage.

FGLS PCSE GMM
0.0208 —0.0253
MOB (—0.2874) (—0.1422) Pl
—0.0674 ~0.0189
1.484
INT (—0.1078) (—0.0885) (0506)
AcC 0.0035 0.0598 *
(—0.0705) (—0.0328)
0.1413 ** 0.1162 ***
ATM (—0.0292) (—0.0319) pCo
0.2087 —0.0341
0.864 *
BOR (~0.1678) (—0.1053) 0.595)
BRN 0.1028 0.2580 *+*
(—0.0777) (—0.0721)
0.0002 ** 0.0000
AGE (—0.0001) (—0.0001) Pes
—0.0067 ~0.002 —0.361

DEB (—0.0032) (—0.002) (0.667)
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Table 4. Cont.
FGLS PCSE GMM
—0.0014 —0.0076
DEP (—0.0022) (—0.003)
ELE 0.5856 *** 0.6818 *** 0.563 ***
(—0.0292) (—0.0425) (0.171)
EXP 0.3837 *** (0.5498 *** 0.332 **
(—0.0673) (—0.0781) (0.152)
0.0682 * 0.0694 ** 0.043 **
GRO (—0.0406) (—0.0274) (0.021)
0.0585 0.0415 0.123
INFL (—0.0363) (—0.0274) (0.095)
_cons —3.2505 —9.6315 3.901

Standard errors in parentheses; * p < 0.1, ** p < 0.05, ** p < 0.01.

3.4. Machine Learning Model

The Random Forest model was implemented using Stata’s (version 17) rforest package
(500 trees, mtry = 3, minimum node size = 5). Model tuning followed a 10-fold cross-
validation procedure minimizing out-of-bag (OOB) error to prevent overfitting. The model’s
out-of-sample R? reached 0.83, representing an 18% improvement over baseline econometric
fits. Variable importance was computed using permutation importance, standardized
against the model’s baseline mean-squared error (MSE). The combination of variable
rankings and SHAP values allowed simultaneous assessment of feature relevance and
marginal effect direction, providing both predictive and explanatory insights into the
UHCfinancial inclusion nexus.

The Random Forest permutation importance analysis revealed distinctive patterns
in UHC drivers across Arab nations (Table 5). Electricity access (ELE) and ATM density
emerged as the dominant predictors with 25.03% and 20.57% importance, respectively,
highlighting the critical role of physical infrastructure. Digital financial indicators showed
varied impacts, with internet access (INT, 4.51%) and active accounts (ACC, 7.92%) demon-
strating moderate predictive power, while mobile banking (MOB, 2.26%) showed more
limited standalone effects. The negative permutation importance of payment agents (AGE,
—6.92%) arises because this feature seemed to introduce redundant information highly
correlated with ATM density (r = 0.77). When permuted, the model benefits from noise
reduction, yielding improved accuracy. Such effects are consistent with multicollinearity-
induced variance inflation, even in ensemble methods tolerant to correlated features.

Post hoc SHAP analysis provided nuanced insights into heterogeneous effects across
contexts. The SHAP summary plot (Figure 2) identifies electricity access as the most
influential variable, with its contribution to predicted UHC values. The marginal benefit of
electrification rises steeply up to near-universal coverage (~=100%), indicating sustained
though diminishing returns rather than a strict saturation threshold.

Furthermore, Figure 3 reveals important conditional relationships in healthcare system
effectiveness. The analysis demonstrates that higher health expenditure levels in Saudi
Arabia are associated with accelerated UHC progress, with the most substantial improve-
ments observed in high-spending environments compared to medium and low-spending
contexts during 2011-2021.
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Table 5. Random Forest Permutation importance values.
Variable Permutation Interpretation

MOB 2.26% Limited mobile effect

INT 4.51% Moderate digital access

ACC 7.92% Moderate account ownership
AGE —6.92% Redundant payment agent effect
ATM 20.57% Strong physical access point

BOR —0.31% Negligible credit effect

BRN 3.31% Modest branch infrastructure
DEP 4.43% Moderate deposit access

DEB 2.75% Limited card penetration

ELE 25.03% Dominant infrastructure predictor

EXP 1.12% Modest public finance effect

GRO 3.72% Moderate economic growth effect
INFL 8.62% Substantial price level effect
RMSE 1.41
OOBE 6.72%

R? 0.83

Threshold Effect: Electricity Access on UHC

50

UHGC index

30
!

o | ° Observed mean UHIC by electricity access Smoothed Lowess trend

T T T T
40 60 80 100
Access to Electricity (%)

Figure 2. Threshold Effect of Electricity Access on UHC.

To provide a more integrated perspective, Figure 4 plots the co-evolution of UHC and
financial inclusion—proxied by the mobility index (MOB)—for three expenditure tiers (low,
medium, and high). The solid lines represent UHC trajectories (left axis), while the dashed
lines denote MOB trends (right axis).

The figure reveals that higher-expenditure countries not only achieve faster UHC
improvements but also sustain stronger upward trajectories in financial inclusion. In
contrast, low-expenditure countries exhibit flatter curves in both indicators, suggesting that
limited mobility and financial participation constrain health system inclusiveness. These
visual patterns reinforce the regression results, which indicate that expenditure efficiency
and inclusive financial environments jointly drive progress toward universal coverage.

The negative importance scores for payment agents (AGE: —6.92%) and borrowing
(BOR: —0.31%) indicate these variables contain redundant information already captured
by other predictors in the ensemble. This suggests that in the Arab regional context, the
predictive information in these financial access measures overlaps substantially with other
infrastructure and digital finance variables.
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UHC Index and Health Expenditure: Country-Level Analysis
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Figure 3. Relationship between Universal Health Coverage (UHC) Index and health expenditure
in Saudi Arabia from 2011 to 2021. The scatter points represent annual observations, while the
smoothed trend lines illustrate the overall temporal patterns. The UHC Index (left axis, blue) measures
population coverage of essential health services on a scale of 0-100%, while health expenditure (right
axis, red) reflects total health spending. The parallel upward trends suggest a positive association
between health financing and service coverage over the study period.

Trends in UHC and Financial Inclusion (MOB) across Expenditure Groups, 2011-2022
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Figure 4. Trends in UHC and Financial Inclusion (MOB) across Expenditure Groups, 2011-2022. Dual-
axis plot illustrating the co-evolution of Universal Health Coverage (UHC, solid lines; left axis) and
the financial inclusion proxy (MOB, dashed lines; right axis) for low-, middle-, and high-expenditure
country groups.

Financial inclusion indicators show a clear hierarchy: physical access points (ATM:
20.57%, ELE: 25.03%) dominate predictions, while digital and account-based services show
more moderate effects. The substantial importance of inflation (INFL: 8.62%) underscores
the sensitivity of healthcare access to macroeconomic stability in the region.

Model validation (R? = 0.83) confirms that infrastructure variables collectively drive
UHC predictions in the Arab world, with the combination of electricity, financial access
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points, and digital connectivity outweighing the effects of traditional economic indicators
and some financial service metrics.

4. Discussion
4.1. Interpretation of Key Findings and Novel Contributions

The integrated framework yields strong convergence between econometric and
machine-learning results, affirming that physical infrastructure—particularly electricity and
ATM density—forms the foundational layer upon which digital financial inclusion exerts
its influence. While government expenditure exerts a consistently positive causal effect, its
uniform distribution across countries limits its contribution to predictive differentiation—
that is, its ability to explain variance in UHC outcomes. In contrast, ATM density captures
tangible disparities in financial-service reach, acting as a proxy for infrastructural readi-
ness that enables health payments and insurance transactions. In lower-digital or rural
settings, such physical infrastructure directly expands access to formal health financing
and essential services. This asymmetry highlights a sequencing logic for policy: physical
and fiscal infrastructure must precede digital expansion to maximize health outcomes. By
moving beyond correlation to diagnose context-specific thresholds, the study introduces an
operational roadmap for policy targeting.

The paramount importance of electricity access (ELE) is unequivocally demonstrated
across the methodological spectrum. It is a dominant predictor in the Random Forest
analysis (25.03% permutation importance) and shows strongly significant coefficients in
both FGLS (3 = 0.5856, p < 0.01) and PCSE (3 = 0.6818, p < 0.01) models. Crucially, the
SHAP analysis added a layer of diagnostic precision unreachable by traditional methods,
revealing a clear threshold effect where benefits plateau above 85% electrification.

Similarly, the role of physical financial infrastructure is consistently validated. ATM
density is a top predictor in the Random Forest (20.57% importance) and is strongly sig-
nificant in both econometric models. The PCA further corroborates this by forming a
“Physical Infrastructure” component (PC2), which includes ATM and bank branch density
and itself shows a significant positive impact on UHC (3 = 0.864, p < 0.1) in the GMM
model. Interestingly, PC3 (agents and card use) exhibits a statistically significant negative
association with UHC. This pattern may reflect an urban bias where fintech deployment
concentrates in already-served populations, thereby widening rural access gaps. Alterna-
tively, excessive reliance on card-based systems in low-infrastructure contexts seems to
impose new transaction frictions, offsetting inclusion gains. Recognizing this asymmetry
reinforces the importance of sequencing digital expansion after foundational infrastructure
is secured.

However, the framework also reveals critical divergences that highlight the value of a
multi-method approach. For instance, while government expenditure (EXP) is a strongly
significant driver in the FGLS and PCSE models, it has modest predictive importance
(1.12%) in the Random Forest. This suggests that while public spending is a crucial average
causal driver, its predictive power for differentiating between country-year outcomes
is low, as it may be a necessary but insufficient condition, or its effect may be more
uniform across the region. Conversely, the PCA revealed that the latent dimension of
“Digital Financial Services” (PC1) is a significant driver, a finding that was obscured when
examining individual digital indicators like mobile banking (MOB) in isolation in the
linear models.

This synergy between public finance and private fintech innovation represents a
significant nuance for policy design, one that only becomes apparent by layering the
causal, average-effect lens of econometrics with the predictive, pattern-recognition power
of machine learning and the dimensionality reduction in PCA.
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4.2. Theoretical and Practical Implications

This study demonstrates the profound value of integrating XAI with traditional econo-
metrics in development economics. While econometrics establishes causality on average,
XAl opens the “black box” to reveal for whom and under what conditions these causal rela-
tionships hold. This allows for the construction of a diagnostic typology for policymakers
(Table 6), which directly translates our complex findings into an actionable framework.

Table 6. A Diagnostic Typology for UHC-Financial Inclusion Policy in the Arab World.

Country Cluster Binding Constraint Priority Policy Intervention

Infrastructure-Constrained
(Yemen, Sudan)

Foundational Synergy: Co-locate energy

ification (<85%). g . ) .
Low electrification (<85%) and basic financial service points.

Integrated Rollout: Strengthen bank

(S};Wlie}D:;;‘;le;ry Constrained Gaps 11; pihyillclail flilancnal branch networks linked to mobile

8Yypt, Jo service delivery. platforms.

Financially Ready but Public-Finance Inadequate public health Smart Leverage: Use public funds to
Limited (Morocco, Tunisia) financing. catalyze private health-fintech products.
Synergy-Optimized Maximizing returns on Advanced Innovation: Focus on Al-driven
(Saudi Arabia) existing assets. finance and blockchain for health.

Practically, this typology provides a clear, evidence-based guide for resource allocation.
It argues that the question is no longer if financial inclusion matters, but which type of
financial inclusion intervention is most appropriate for a given national context. For
instance, recommending mobile banking solutions to a country in the “Infrastructure-
Constrained” cluster is likely an inefficient use of resources until the electricity threshold
is met.

5. Conclusions

This study demonstrates that the relationship between financial inclusion and UHC in
the Arab world is not monolithic but is critically contingent on infrastructural and fiscal
context. By integrating XAI with robust econometrics, we move beyond average effects to
provide a diagnostic tool for policymakers. The findings advocate a non-negotiable, phased
investment strategy: first, achieve minimum electrification and fiscal thresholds; second,
expand physical financial access points like ATMs; and only then, third, scale complex
digital inclusion programs. This sequential approach ensures that financial innovation
is built on a foundation of readiness, maximizing its potential to drive equitable and
sustainable health coverage. Future research should incorporate granular governance and
educational data into this framework and employ temporal forecasting to track progress
towards the 2030 SDG agenda.
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