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Abstract

Socioeconomic disparities may influence the probability of health insurance claims and the financial sustainability of insurance
systems. This study developed a Bayesian hierarchical logistic model to predict the probability that an individual had at least one
recorded health insurance claim during the study period. Secondary individual-level data covering 2020-2023 were obtained from
the National Statistical Office of Thailand and linked with province-level healthcare indicators from the Ministry of Public Health
and regional economic indicators. The initial merged dataset contained 52,870 observations. After excluding records with missing
outcomes, incomplete predictors, duplicate identifiers, and unmatched geographic information, the final analytic sample comprised
48,320 individuals from 77 provinces. Individuals were modeled as nested within provinces, and posterior distributions were
estimated using Hamiltonian Monte Carlo. The Bayesian hierarchical model achieved an area under the curve of 0.862, exceeding
logistic regression, random forest, and gradient boosting by 0.081, 0.039, and 0.031, respectively. It also produced the lowest
root mean square error of 0.093 and Brier score of 0.072. Higher income, education, employment, healthcare access, and regional
gross domestic product were associated with lower claim probability, whereas higher health expenditure was associated with greater
claim probability. Posterior convergence and sensitivity analyses indicated stable estimates across alternative prior specifications.
These findings demonstrate that Bayesian hierarchical modeling can improve claim-risk prediction while explicitly quantifying
parameter and predictive uncertainty. The model may support risk classification, resource allocation, and equity-oriented health

insurance policy in Thailand.
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Introduction

Health insurance plays a vital role in promoting financial protection, equity, and access to healthcare. Yet,
in many developing and middle-income Asian countries, health insurance systems continue to face sustainability
challenges driven by rising medical expenditures, demographic aging, and widening socioeconomic disparities.
Accurate risk prediction and fair premium determination are crucial for ensuring both financial stability and social
equity in these systems. However, conventional actuarial and statistical approaches—such as generalized linear
models (GLMs), logistic regression, and survival analysis—often rely on restrictive assumptions of linearity,
independence, and homogeneity among predictors. These assumptions limit their capacity to model the nonlinear
and hierarchical relationships between socioeconomic factors and health outcomes. As a result, traditional models
tend to underestimate uncertainty, misclassify risk categories, and overlook the latent socioeconomic mechanisms
influencing insurance risk. Addressing these methodological limitations requires a more flexible probabilistic
modeling framework that captures interdependencies and explicitly quantifies uncertainty.

Bayesian inference provides this framework by integrating prior knowledge, probabilistic reasoning, and

empirical data into a coherent statistical structure. It allows model parameters to be treated as random variables
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and updated iteratively as new information becomes available, offering a natural way to manage uncertainty in
complex datasets. Several recent studies have demonstrated the growing relevance of Bayesian approaches in
health and actuarial modeling. For instance, Nkrumah (2025) introduced a Bayesian statistical learning model
combined with copula-based time series to assess health insurance portfolio risks and found that Bayesian
regression with Markov Chain Monte Carlo (MCMC) estimation provides superior accuracy in modeling
interdependent claim structures compared to classical GLMs. Similarly, Shams and Ghosh (2026) applied
Bayesian nonparametric regression to predict insurance claim frequency and severity, showing that Bayesian
approaches outperform parametric models when data are skewed or heavy-tailed. Shi et al. (2024) extended
this concept with a Bayesian hierarchical mortality model across multiple populations, capturing inter—population
dependencies and improving the precision of actuarial forecasting. Together, these works establish Bayesian
inference as a methodologically stronger and more adaptive alternative for actuarial risk estimation. Beyond
actuarial domains, Bayesian frameworks have also proven highly effective in modeling socioeconomic and health
determinants. Khan (2025) systematically reviewed Bayesian hierarchical and spatio-temporal models
predicting type 2 diabetes prevalence in urban populations and found that integrating socioeconomic data
significantly enhances model performance and generalizability. Nyavor and Obeng-Gyasi (2025) used Bayesian
network modeling to explore environmental and social determinants of cardiovascular disease, identifying
socioeconomic status as a key mediator of risk outcomes. Similarly, Boy-ngbogbele et al. (2026) used a
hierarchical Bayesian model to quantify the effects of wealth, education, and geographic disparities on childhood
malnutrition, demonstrating Bayesian robustness to measurement error and data heterogeneity. Espinosa et al.
(2025) conducted a systematic review of 46 studies, using Bayesian inference to examine racial and
socioeconomic inequalities in noncommunicable disease outcomes, and concluded that Bayesian models
effectively quantify uncertainty and structural inequities. Collectively, these studies confirm the growing use of
Bayesian methods for understanding health risks shaped by socioeconomic contexts. In the economic and policy
domains, Bayesian methods have also been applied to financial risk estimation and decision-making under
uncertainty. Karel and Plasil (2024) developed a hierarchical Bayesian model for estimating diagnostic test
implementation costs, demonstrating improved accuracy in cost-risk assessment when data are sparse or
incomplete. Moreira et al. (2025) applied Bayesian causal discovery techniques to policymaking, demonstrating
that probabilistic causal inference helps identify upstream social determinants that influence public policy
outcomes. Zhi et al. (2026) proposed a Bayesian multitask learning model to identify multimorbidity risk
factors, illustrating the scalability of Bayesian inference for integrating socioeconomic, spatial, and biomedical
predictors. These diverse applications underscore Bayesian inference’s capability to unify complex, uncertain,
and multi-dimensional data structures into coherent predictive models that inform both science and policy.
Within this regional context, Thailand presents a particularly relevant case for examining the socioeconomic
determinants of health insurance risk. The country’s health insurance system comprises both public schemes—
such as the Universal Coverage Scheme (UCS), Civil Servant Medical Benefit Scheme (CSMBS), and Social
Security Scheme (SSS) and private insurance providers, creating a complex interplay between socioeconomic
status and healthcare access. Despite significant progress toward near—universal coverage, socioeconomic
disparities in income, education, and regional development continue to influence health insurance utilization and

claims behavior. By focusing on Thailand, this study not only tests the applicability of the Bayesian probabilistic
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framework in a real-world developing Asian health system but also provides empirical insights to inform
equitable premium design and sustainable health financing reforms in similar middle-income economies.

Despite the breadth of existing Bayesian applications, several critical research gaps persist.

First, most actuarial and health risk models focus on disease-specific or claim-based outcomes without
explicitly incorporating socioeconomic indicators such as income, education, and regional inequality, which are
central to understanding health insurance risk in real-world contexts.

Second, while Bayesian hierarchical and nonparametric approaches have outperformed classical methods, few
studies have systematically integrated them into a unified framework for health insurance risk prediction that
generalizes across populations and socioeconomic strata.

Third, comparative analyses directly contrasting Bayesian inference with traditional machine learning and
frequentist statistical models remain limited, limiting assessment of the added value of Bayesian uncertainty
estimation for policy and actuarial decision-making.

Fourth, research in Asian health insurance systems remains limited, where socioeconomic disparities and data
heterogeneity are particularly pronounced; thus, existing models often lack contextual applicability and policy
relevance.

Finally, many studies neglect formal validation of posterior convergence, cross-validation accuracy, and
sensitivity analyses, which are necessary to ensure the reliability and reproducibility of Bayesian predictive
frameworks in health economics.

To address these gaps, this study proposes developing a mathematical model for health insurance risk
prediction using Bayesian inference and socioeconomic indicators. The research adopts a quantitative,
correlational, and model-development design, grounded in computational Bayesian statistical modeling and
supported by secondary data from national and international socioeconomic databases (e.g., World Bank, OECD,
and national health surveys). The Bayesian hierarchical model developed in this study aims to quantify
probabilistic relationships between socioeconomic determinants and health insurance risk while capturing
multilevel interdependencies and uncertainty through MCMC and Hamiltonian Monte Carlo (HMC) estimation.
The model’s performance will be benchmarked against traditional statistical and machine learning approaches to
evaluate predictive accuracy and uncertainty quantification. By bridging actuarial modeling, socioeconomic
analysis, and Bayesian inference, this study seeks to contribute both theoretically—by advancing probabilistic
modeling in health insurance risk prediction—and practically—by supporting equitable, data-driven policy design
and financial sustainability in Asian health insurance systems.

Fig. 1 illustrates the conceptual and methodological integration of Bayesian inference with socioeconomic
indicators to predict health insurance risk. The framework begins with contextual challenges such as rising
healthcare costs, inequality, and data uncertainty; progresses through a Bayesian modeling process that
incorporates socioeconomic variables; and culminates in predictive and policy-oriented outputs aimed at

improving equity and sustainability in health insurance systems.
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Figure 1 Conceptual Framework of the Study

Materials and Methods

Research Design

This study adopted a quantitative, correlational, and model-development design grounded in computational
and Bayesian statistical modeling. The design integrated empirical data analysis with mathematical model
formulation to examine and predict health insurance risk based on socioeconomic indicators. The research
followed a deductive approach, extending existing actuarial and statistical theories of health insurance risk through
a Bayesian inference framework. The correlational component identified relationships among socioeconomic and
health-related variables, while the model-development component focused on constructing and validating a
predictive mathematical model. This design was appropriate because it supported both a theoretical contribution
through the development of a robust probabilistic model and a practical application through risk prediction and
classification for policy and actuarial decision-making.

Data Collection Methods

Data Sources

The study used secondary data from the 2023 Health and Welfare Survey administered by the National
Statistical Office of Thailand as the principal individual-level dataset. The survey provided information on health
insurance status and utilization, socioeconomic characteristics, employment, education, demographic factors,
chronic health conditions, healthcare access, and household expenditure. Province-level healthcare indicators
were obtained from the Ministry of Public Health, including the availability of healthcare facilities and healthcare
personnel. Provincial and regional economic indicators, including gross provincial product and regional economic
conditions, were obtained from official national statistical sources and supplemented, where necessary, with
publicly available indicators from the World Bank and the Organization for Economic Co-operation and
Development.

Individual-level survey records were linked to province-level healthcare and economic indicators using

province identification codes. All variables were harmonized to the same reference year before analysis. The
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individual was treated as the primary unit of analysis, while province-level characteristics were incorporated as
contextual variables to account for geographic and socioeconomic differences in health insurance risk. The linked
dataset covered all 77 provinces across Thailand’s six geographic regions.

Data Variables

The dependent variable was a binary indicator of health insurance claims. It was coded as 1 if an individual
had at least one recorded health insurance claim during the observation period, and as O if no claim was recorded.
Accordingly, the model estimated the probability that individual (i), residing in province (j), experienced a
health insurance claim.

The individual-level predictor variables included annual income, years of education, employment status, age,
gender, chronic health conditions, health expenditure as a percentage of income, and type of insurance plan.
Employment status was coded as 1 for employed individuals and O otherwise, while gender and insurance-plan
categories were represented using appropriate indicator variables.

Province-level contextual variables included healthcare access and regional economic conditions. Healthcare
access was measured using an index that reflected the availability of healthcare facilities and services in each
province. Regional gross domestic product was included as an economic context variable to capture differences
in regional development. These contextual variables were linked to individual records using province identifiers.

Continuous variables were standardized before model estimation to improve computational stability and
facilitate comparison of regression coefficients. Categorical variables were coded using binary or dummy
variables, with clearly defined reference categories. The hierarchical model therefore incorporated individual-
level socioeconomic and health-related characteristics and province-level contextual factors to predict the
probability of a health insurance claim.

Data Collection Tools and Rationale

Data were extracted and cleaned using Python or R with specialized packages for data manipulation, including
pandas and tidyverse. These tools were selected because they can handle large and complex datasets and interface
directly with Bayesian analysis software, including PyMC3 and Stan. Data preprocessing involved: handling
missing data using multiple imputation; normalizing and standardizing continuous variables; encoding categorical
variables using one-hot or Bayesian encoding; and assessing and addressing multicollinearity among predictors.

Sampling Frame

The sampling frame included individuals in the nationally representative household survey administered by
the National Statistical Office of Thailand. The original survey used a stratified multistage sampling design to
obtain representation across geographic regions, provinces, urban and rural areas, and major socioeconomic
groups. The present study included individuals with available health insurance information and the required
socioeconomic variables. The initial combined dataset contained 52,870 individual observations from 77
provinces and six geographic regions of Thailand. Observations were eligible for inclusion when they contained
a valid individual identifier, a recorded health insurance risk outcome, complete information on the principal
socioeconomic predictors, and a valid province code that could be linked to the province-level healthcare and
economic indicators. Individuals with duplicate records, invalid geographic identifiers, or observations outside
the designated study period were excluded.

The Bayesian hierarchical model was selected because health insurance risk is influenced by factors operating

at both individual and regional levels. Individual socioeconomic characteristics, such as income, education,
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employment status, and healthcare expenditure, are nested within broader regional contexts that may differ in
healthcare access, economic development, and institutional conditions. The hierarchical structure therefore allows
the model to account for unobserved regional heterogeneity while estimating the effects of individual-level
predictors through partial pooling, thereby improving the stability of estimates in regions with relatively small
sample sizes. Bayesian hierarchical approaches have been widely applied to insurance, mortality, and health—
related data because they can accommodate complex dependency structures and quantify uncertainty through
posterior distributions and credible intervals (Gelman et al., 2013; Shi et al., 2024; Shiferaw et al., 2024).
Posterior parameters were estimated using Markov Chain Monte Carlo and Hamiltonian Monte Carlo methods,
which are suitable for efficiently sampling correlated parameters in complex hierarchical models (Betancourt &
Girolami, 2015).

Analytic Sample

The analytic sample was derived through a sequential data-screening and linkage process. Of the initial
52,870 observations, 1,420 observations were excluded because the dependent variable was missing or could
not be determined. An additional 2,315 observations were excluded because of incomplete information on the
principal socioeconomic or health-related predictors. Duplicate or invalid individual records accounted for a
further 410 exclusions, while 405 observations could not be matched with the corresponding province-level
healthcare or regional economic data. After the exclusion and data linkage procedures, the final analytic sample
comprised 48,320 individuals across 77 provinces and six geographic regions. The individual was treated as
the primary unit of analysis, while province-level healthcare access and regional economic indicators were
incorporated as contextual variables in the Bayesian hierarchical model. The final sample retained broad variation
in income, education, employment status, geographic location, healthcare access, and regional economic
development, thereby supporting the estimation of socioeconomic differences in health insurance risk.

Data Analysis Techniques

Model Specification

Individuals were nested within provinces because individuals residing in the same province may share
common healthcare infrastructure, economic conditions, and access to medical services. Let Yjj denote the binary
health insurance claim outcome for individual i residing in province j, where Yij = 1 indicates that at least one

claim was recorded and Yij = O otherwise. The likelihood was specified as:

Yij ~ Bernoulli(py)

with the logit link function:

logit(pi)) = Bo + Zie1” BiXije + U

where pij = P(Yij = 1 | Xjj, uj), Xjjk represents predictor k for individual i in province j, BO is the overall
intercept, Bk represents the fixed effect of predictor k, and uj is the province-specific random intercept.

The province-level random effects were specified as:

u; ~ N(0,0,%)
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The regression coefficients were assigned normal prior distributions:

Px~ N(0,10)

where 10 denotes the prior variance. The province-level standard deviation was assigned a weakly

informative half-normal prior:

oy~ Half — Normal(0,1)

The joint posterior distribution was expressed as:

p(Bw,ou|Y,X) < p(Y | X,5,u) p(B) p(u| 0u) p(0u).

Posterior distributions were estimated using Hamiltonian Monte Carlo with the No-U-Turn Sampler. Model
convergence was assessed using trace plots, the potential scale reduction statistic RA, effective sample size, and
divergent-transition diagnostics.

Computational Tools

Bayesian modeling was conducted using PyMC3, Stan, or JAGS, while statistical analyses were performed
in R using the rstanarm and brms packages. Model evaluation included posterior predictive checks, the widely
applicable information criterion, leave-one-out cross-validation, Brier score, log-likelihood, area under the
receiver operating characteristic curve, root mean square error, and precision—recall measures.

Comparative Analysis

For benchmarking purposes, logistic regression, random forest, and gradient boosting models were
implemented and compared with the Bayesian hierarchical model. This comparison assessed whether Bayesian
inference provided superior predictive accuracy and uncertainty quantification compared with traditional statistical
and machine-learning benchmark models.

Visualization and Interpretation

Posterior distributions and variable importance were visualized using credible intervals and density plots.
Socioeconomic determinants were interpreted in terms of their posterior probabilities and estimated effects,
providing insights into the indicators that most strongly influenced health insurance risk.

Validation and Reliability Measures

To ensure the robustness of the results, several validation and reliability procedures were employed. Ten-
fold and leave-one-out cross-validation were used to evaluate the model’s generalizability. Posterior
convergence was assessed using the Gelman—Rubin statistic (ﬁ ) effective sample size, and trace plots. Sensitivity
analyses were conducted under alternative prior specifications and data perturbation scenarios. Out-of-sample
predictive performance was evaluated using held-out test data. Variance inflation factors were calculated to
assess multicollinearity among the predictors. All analyses followed a reproducible computational workflow using
version-controlled scripts. Thailand provided an appropriate context for testing the Bayesian framework because
of its mixed public—private health insurance system and pronounced socioeconomic diversity. The findings
derived from this case study contributed to improving national health insurance risk prediction and informing

health policy reforms in developing Asian economies.
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To ensure a systematic and transparent approach to addressing the research objectives, the study adopted a
structured methodological framework, as illustrated in Fig. 1. The framework comprised three interrelated stages.
The first stage, Data Preparation and Variable Identification, focused on data collection and cleaning, as well as
identifying key socioeconomic and health-related variables. The second stage, Bayesian Model Development,
involved specifying prior distributions, constructing the Bayesian hierarchical model, and estimating posterior
distributions using Markov Chain Monte Carlo and Hamiltonian Monte Carlo methods. The third stage, Model
Evaluation and Interpretation, assessed predictive performance, compared the proposed model with traditional
statistical and machine learning benchmark models, and generated policy-oriented interpretations. This
methodological process (Fig.2) ensured both statistical rigor and practical applicability, enabling the developed

model to capture uncertainty and interdependencies in health insurance risk prediction.

1. Data Preparation and 2. Bayesian Model Development Stage 3. Model Evaluation and
Variable Identification Stage Interpretation Stage
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Figure 2 Methodologlcal Framework for Bayesian-based Health Insurance Risk Prediction
Results

This section presents the study’s findings, which used a Bayesian hierarchical model to predict health
insurance risk using socioeconomic indicators. The results are organized according to the methodological
framework outlined in Fig. 2, comprising (1) data preparation and variable identification, (2) Bayesian model
development and posterior estimation, and (3) model evaluation and comparative analysis. Each finding
empirically validates the study’s core hypotheses: that Bayesian inference improves predictive accuracy, captures
interdependencies among socioeconomic factors, and provides interpretable probabilistic insights superior to those
of traditional actuarial models.

The first finding assesses data quality, variable distributions, and multicollinearity among the selected
socioeconomic indicators (income, education, employment status, geographic location, health expenditure, access
to healthcare, and regional GDP) (Table 1). This aligns with the Data Preparation and Variable Identification

Stage in the methodology and ensures that the predictors are suitable for Bayesian hierarchical modeling.

Table 1 Median and Interquartile Statistics

Variable Q1 Med Q3 IQR
Income (USD/year) 9,113 11,705 15,085 5,922
Education (years) 8.00 10.00 13.00 5.00
Employment status (1=employed) 0.00 1.00 1.00 1.00
Geographic index (1=urban) 0.00 1.00 1.00 1.00
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Table 1 (Cont.)

Variable Q1 Med Q3 IQR

Health expenditure (% income) 5.33 7.00 9.20 3.87
Access to healthcare (index) 0.46 0.65 0.81 0.35
Regional GDP (USD billion) 65.72 80.68 99.05 33.33

The correlation analysis indicates that income, education, and healthcare access are inversely correlated with
insurance risk, whereas high health expenditure ratios positively correlate with higher claim probabilities (Table
2). Variance Inflation Factors (VIF < 2.5) confirm minimal multicollinearity, validating the inclusion of all
predictors in the Bayesian model. These results empirically support the socioeconomic heterogeneity assumption

embedded in the Bayesian design.

Table 2 Descriptive and Correlation Summary of Key Variables (N = 48,320)

Variable Mean SD Min Max  VIF Correlation with Risk Score (r)
Income (USD/year) 12,540 4,820 1,200 46,800 1.8 -0.42
Education (years) 10.3 3.5 0 20 1.5 -0.36
Employment Status (1=Employed) 0.71 0.45 0 1 1.3 -0.29
Geographic Index (1=Urban) 0.58 0.49 0 1 1.2 -0.18
Health Expenditure (% income) 7.6 3.2 1.0 25.4 1.9 +0.31
Access to Healthcare (index) 0.63 0.22 0.1 1.0 2.1 -0.33
Regional GDP (USD billion) 84.5 26.3 12.0 192.4 2.3 -0.27

The second finding operationalizes the Bayesian Model Development Stage by estimating posterior
distributions of the model parameters using MCMC and Hamiltonian Monte Carlo (HMC) methods. It validates
the proposed model’s capacity to capture uncertainty and nonlinear dependencies between socioeconomic
indicators and insurance risk. A hierarchical Bayesian regression model was implemented in PyMCS3 and Stan,
with four chains and 10,000 iterations per chain.

Regression coefficients were assigned normal prior distributions with a mean of O and a variance of 10, that
is, Bk ~ N(0, 10), corresponding to a standard deviation of approximately 3.162 (Table 3). This moderately
diffuse prior was selected as the baseline specification, while prior variances of 5 and 20 were examined in the

sensitivity analysis to evaluate the robustness of the posterior estimates.

Table 3 Posterior Probability of Estimated Direction

Posterior Mean 95% Credible Posterior  Posterior
Variable Interpretation
B® Interval SD  Probability
Intercept 0.584 [0.321, 0.812] 0.124 — Baseline risk level
Higher income was negatively associated with
Income -0.142 [-0.231, -0.058] 0.046 0.998

claim risk
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Table 3 (Cont.)

Posterior Mean 95% Credible  Posterior  Posterior

Variable Interpretation
( B) Interval SD Probability
[-0.184, - Education was negatively associated with claim
Education -0.107 0.039 0.993
0.031] risk
[-0.166, - Employment was negatively associated with
Employment -0.089 0.042 0.986
0.015] claim likelihood
Geographic Urban residence showed a weak negative
-0.034 [-0.093, 0.018] 0.029 0.906
Index association with claim risk
Health Health expenditure was positively associated
+0.128 [0.064, 0.196] 0.041 0.999
Expenditure with claim risk
Healthcare [-0.131, - Healthcare access was negatively associated with
-0.076 0.031 0.996
Access 0.022] claim risk
[-0.098, - Regional GDP was negatively associated with
Regional GDP -0.051 0.028 0.982
0.006] average claim risk

Posterior estimates indicated strong evidence that income, education, employment, healthcare access, and
regional GDP were negatively associated with health insurance risk (Fig.3). The posterior probabilities that these
coefficients were negative ranged from 0.982 to 0.998. Health expenditure showed a positive association with
risk, with a posterior probability exceeding 0.999 that the coefficient was positive. In contrast, the geographic
index showed weaker evidence of a negative association because its 95% credible interval included zero and the
posterior probability of a negative coefficient was 0.906.

The posterior distributions provided direct evidence regarding both the direction and uncertainty of the
estimated associations. Income, education, employment, healthcare access, and regional GDP had 95% credible
intervals that remained below zero, indicating high posterior certainty of negative associations with claim
probability. Health expenditure had a credible interval entirely above zero, indicating strong evidence of a positive
association. In contrast, the credible interval for the geographic index crossed zero, suggesting greater uncertainty
regarding its association. Thus, the Bayesian analysis distinguished predictors with strong posterior evidence
from those for which the estimated associations remained uncertain.

The third finding evaluates the predictive accuracy and uncertainty quantification of the proposed Bayesian
hierarchical model relative to baseline models (Logistic Regression, Random Forest, and Gradient Boosting). It
aligns with the Model Evaluation Stage described in the methodology. Predictive accuracy was evaluated on an
80/20 train-test split using 10-fold cross-validation. Metrics included Area Under Curve (AUC), Root Mean
Square Error (RMSE), Brier Score, and Widely Applicable Information Criterion (WAIC).

Province-level random intercepts were examined to assess residual geographic variation in the probability of
health insurance claims after accounting for individual- and province-level predictors. Posterior means and 95%

credible intervals were estimated for all 77 provinces (Supplementary Fig. S1). Provinces with intervals entirely

above or below zero were interpreted as having higher or lower residual claim probabilities, respectively, relative
to the national average. Wider credible intervals indicated greater uncertainty in province-specific estimates,

particularly in provinces with smaller effective sample sizes.

10
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Figure 3 Posterior Distributions and 95% Credible Intervals of Regression Coefficients

The Bayesian hierarchical model achieved the highest AUC (0.862) and the lowest RMSE (0.093) and
Brier score (0.072), outperforming the traditional statistical benchmark, logistic regression, and the two machine
learning benchmark models, random forest and gradient boosting. In particular, its AUC exceeded those of
logistic regression, random forest, and gradient boosting by 0.081, 0.039, and 0.031, respectively (Table 4).
These findings suggest that incorporating prior distributions and a hierarchical structure improves predictive
accuracy and uncertainty quantification compared with the specified statistical and machine learning benchmark

models.

Table 4 Model Comparison Results

Model AUC RMSE Brier Score WAIC Interpretation
Logistic Regression 0.781 0.116 0.092 14,220 Baseline frequentist model
Random Forest 0.823 0.103 0.087 - Non-probabilistic benchmark
Gradient Boosting 0.831 0.099 0.084 - Strong ML baseline

Bayesian Hierarchical Model 0.862 0.093 0.072 13,486  Best predictive and uncertainty-adjusted performance

The fourth finding assesses the robustness of the Bayesian model to varying prior assumptions and
perturbations to socioeconomic parameters. It validates the model’s sensitivity and reliability, as specified in the
methodology’s Validation and Reliability Measures. Sensitivity tests were conducted by altering prior variances
(02 = 5, 10, 20) and re-estimating posterior distributions. Predictive uncertainty was evaluated using posterior
predictive checks (PPC) and Leave-One-Out Cross-Validation (LOO-CV). Sensitivity analyses were
conducted by varying the prior variance of the regression coefficients. The baseline model used Bk ~N(0, 10),
where 10 denotes the variance, not the standard deviation. Alternative models were estimated using a narrower
prior variance of 5 and a wider prior variance of 20. This specification ensured consistency between the baseline

model and the sensitivity analysis.

11



A H s I a Asian Health, Science and Technology Reports, 34(4), 4564. Research article

The Bayesian model is robust to perturbations in the prior and data. Minimal variation in posterior coefficients
(AB < 0.03) and stable predictive coverage (<=959% ) indicate that the model’s inference is not overly sensitive
to prior selection. These findings satisfy the robustness and reproducibility standards established for Bayesian

modeling (R<1.01; ESS > 3,000), confirming computational stability and methodological validity (Table 5).

Table 5 Sensitivity and Posterior Robustness Analysis

Scenario Prior Variance Mean APosterior B LOO-CV K Predictive Coverage (95%)
Baseline prior 10 — 13,481 1.002 94.8%
Narrow Prior (0?=5) 5 0.017 13,486 1.004 94.3%
Wide Prior (0?=20) 20 0.022 13,492 1.005 95.2%
Perturbed Data (£109% income variance) — 0.028 13,497 1.006 94.6%

The final finding translates the Bayesian model’s probabilistic outputs into actionable policy insights,
demonstrating the framework’'s practical applicability. Posterior probabilities were summarized for three
representative population segments: low, middle, and high socioeconomic status (SES) to estimate expected
claim probabilities (Table 6).

Posterior predictive distributions indicate that socioeconomic gradients were strongly associated with
differences in health insurance risk, with low-income and low-education groups exhibiting a predicted risk
nearly threefold higher than that of high-SES populations. These probabilistic results enable evidence-based
premium adjustments and equitable subsidy targeting, achieving both the methodological and policy objectives
stated in the Introduction. Moreover, the Bayesian framework’s interpretability distinguishes it from black-box

machine learning methods, enhancing its value for actuarial and regulatory applications.

Table 6 Posterior Predictive Insurance Risk by Socioeconomic Segment

SES Income Education Predicted Risk 95% Credible
Policy Interpretation
Category (USD) (Years) (Mean) Interval

High-risk: policy subsidies
Low SES 4,500 6 0.274 [0.228, 0.319]

recommended

Moderate risk: balanced premium
Middle SES 12,500 10 0.181 [0.146, 0.217]

range

Low-risk: premium reduction
High SES 28,000 15 0.098 [0.071, 0.126]

justified

The posterior predictive intervals quantify the uncertainty surrounding the estimated claim probabilities for
each socioeconomic group. Although the intervals indicate clear risk differences across the three groups, they
also show that the predicted probabilities should be interpreted as distributions rather than fixed point estimates.
This uncertainty information represents an important advantage of the Bayesian framework for policy and actuarial

decision-making.
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Collectively, the results demonstrate that the proposed Bayesian hierarchical model

1. Accurately predicts health insurance risk using socioeconomic indicators while capturing hierarchical
dependencies

2. Outperforms logistic regression, random forest, and gradient boosting in predictive accuracy and
uncertainty quantification, while maintaining greater interpretability than the machine learning benchmark
models.

3. Remains robust under variations in priors and socioeconomic data perturbations and

4. Provides actionable, equity-oriented policy insights derived from posterior probability distributions.

These results confirm the study’s theoretical and practical contributions, advancing Bayesian probabilistic
modeling for health insurance risk prediction and supporting data-driven decision-making for sustainable health
financing in the Asian context.

To provide a comprehensive overview of the analytical procedures and computational findings, the study’s
results are synthesized and visualized in a structured framework, as illustrated in Figure 3. This framework
summarizes the full computational workflow of the research from data preprocessing and socioeconomic variable
validation to Bayesian model estimation, performance comparison, and policy-oriented interpretation. It reflects
the multi-stage analytical design outlined in the methodology, emphasizing how each stage contributes to the
overall goal of developing an interpretable, uncertainty-aware model for health insurance risk prediction. The
framework encapsulates five key result dimensions: (1) data preparation and correlation analysis, which ensures
variable relevance and multicollinearity control; (2) posterior estimation and parameter inference, validating
model convergence and reliability; (3) model performance and comparative evaluation, demonstrating superior
predictive accuracy relative to traditional and machine learning models; (4) sensitivity and robustness analysis,
confirming model stability under varying prior assumptions; and (5) policy and actuarial implications, translating
posterior predictions into equitable premium and risk management strategies. Collectively, this visualization
highlights both the statistical rigor and the practical relevance of the proposed Bayesian approach, serving as a

concise representation of the study’s methodological and empirical contributions.
Discussion

The present study developed and validated a Bayesian hierarchical model for health insurance risk prediction
that integrates socioeconomic indicators within a probabilistic inferential framework. This approach aimed to
overcome the methodological limitations of traditional actuarial models, which often assume linearity,
independence, and homogeneity among predictors. The empirical results demonstrated that the Bayesian model
effectively captures nonlinear interdependencies among socioeconomic variables such as income, education, and
healthcare access, while offering superior predictive accuracy and robustness compared to both classical statistical
and machine learning methods. Importantly, the study extends theoretical and applied understanding of Bayesian
inference in actuarial and public health contexts by applying it to a nationally representative Thai dataset, marking
one of the first comprehensive Bayesian applications to health insurance risk modeling in Thailand.

The Bayesian multilevel logistic regression model’s superior predictive performance may be explained by its
ability to explicitly account for the data’s hierarchical structure. Individuals residing within the same province

may share healthcare infrastructure, socioeconomic conditions, and access to health services. By incorporating
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province-level random intercepts and partial pooling, the Bayesian model captured this within-province
dependence and unobserved regional heterogeneity, whereas the conventional logistic regression model assumed
independent observations. Partial pooling may also have improved the stability of province-specific estimates,
particularly for provinces with relatively smaller sample sizes. In addition, using posterior distributions allowed
the model to incorporate uncertainty in parameters and predictions directly into the estimation process. These
characteristics may explain why the Bayesian model achieved better discrimination and probability calibration
than the benchmark models. The observed differences were also practically meaningful within the context of
health insurance risk prediction. The Bayesian model increased the AUC from 0.781 for logistic regression to
0.862, representing an absolute improvement of 0.081. It also reduced the RMSE from 0.116 to 0.093 and
the Brier score from 0.092 to 0.072. These improvements indicate not only better discrimination between
individuals with and without recorded claims but also more accurate and better—calibrated predicted probabilities.
These improvements may matter for risk classification, resource allocation, and identifying population groups
that need policy support. However, because formal statistical tests comparing model performance were not
conducted, the differences should be interpreted as improvements in out-of-sample predictive performance rather
than statistically significant differences.

The findings indicate that socioeconomic disparities were strongly associated with health insurance risk in
Thailand. Individuals with lower income and educational attainment exhibited significantly higher predicted claim
probabilities, consistent with international evidence linking socioeconomic inequality to adverse health outcomes
and financial vulnerability. Conversely, higher income, greater access to healthcare facilities, and residence in
economically developed regions were associated with lower predicted insurance risk. These relationships reflect
Thailand’s socioeconomic structure, where regional income disparities and the distribution of health resources
remain substantial (World Bank, 2023). The model’s results resonate with existing literature suggesting that
socioeconomic inequality continues to influence healthcare utilization despite Thailand’s near—universal coverage
system (UCS). The Bayesian framework, by quantifying uncertainty through posterior distributions rather than
single-point estimates, provides a more realistic and equitable foundation for understanding these risk patterns.
In the context of Thailand’s mixed health insurance landscape—which includes the Universal Coverage Scheme
(UCS), the Social Security Scheme (SSS), the Civil Servant Medical Benefit Scheme (CSMBS), and private
health insurance providers (Tangcharoensathien et al., 2015)—the model’s insights are particularly valuable.
The predictive differentiation observed among socioeconomic groups mirrors actual coverage disparities within
these systems. For instance, low-income informal workers predominantly enrolled in the UCS face higher risks
of out-of-pocket expenditures, while formal-sector employees under the SSS benefit from greater financial
protection. The Bayesian model’s ability to capture these probabilistic risk gradients offers a data-driven
mechanism to recalibrate premium contributions, adjust subsidy schemes, and improve actuarial balance across
Thai health insurance programs. Furthermore, the model’s uncertainty quantification can support adaptive pricing
mechanisms that respond dynamically to changing socioeconomic and demographic conditions, enhancing both
fairness and financial sustainability.

These results align with previous international studies that have demonstrated the power of Bayesian inference
in modeling complex dependencies and uncertainty in health and actuarial domains. Nkrumah (2025) showed
that Bayesian learning outperforms traditional GLMs in health insurance portfolio analysis; Shams and Ghosh

(2026) confirmed Bayesian regression’s advantage in handling heavy-tailed and multimodal claim data; and
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Khan (2025), Boy-ngbogbele et al. (2026) emphasized the value of integrating socioeconomic data into
Bayesian hierarchical structures to improve prediction validity in public health studies. The present findings
reinforce these conclusions and extend their applicability to the Southeast Asian context, demonstrating that
Bayesian frameworks are not only statistically robust but also contextually adaptable to real-world health systems
such as Thailand’s. From a policy perspective, the model’s probabilistic outputs have several implications for
Thailand’s health financing strategy. The posterior predictive results revealed distinct risk stratifications across
socioeconomic segments: the lowest-income quintile exhibits nearly triple the expected claim risk of the highest-
income group. These findings support a transition toward risk-adjusted premium mechanisms that balance
actuarial equity and social solidarity. Policymakers could use Bayesian-based predictive models to design targeted
subsidies that alleviate financial pressure on vulnerable populations, thereby improving system equity without
undermining fiscal sustainability. Additionally, regional-level posterior inferences highlight the need for
geographically sensitive funding allocations, ensuring that underserved provinces receive adequate financial
support to reduce inequality in healthcare access. In this way, the study contributes not only to methodological
advancement but also to actionable insights for Thailand’s ongoing healthcare reform efforts.

A particularly important contribution of this study is its demonstration of the Bayesian model’s transparency
and interpretability compared with black-box machine learning methods. By presenting credible intervals for
each socioeconomic factor, the framework enables decision-makers to understand the probabilistic influence of
determinants rather than relying on opaque predictive scores. This interpretability is critical in policy
environments like Thailand’s, where public trust and ethical considerations play central roles in health financing
decisions. Furthermore, the model’s hierarchical structure enables continuous learning through Bayesian updating,
so that as new national health survey data become available, risk estimates can be refined over time—an essential
feature for dynamic, evidence-based policymaking.

The proposed Bayesian hierarchical method also has several methodological limitations. First, posterior
estimates may be sensitive to the selection of prior distributions, particularly for regions or socioeconomic
subgroups with relatively small sample sizes. Second, MCMC and HMC estimation require greater computational
resources and processing time than conventional statistical models. Third, the model’s performance depends on
the correct specification of its hierarchical structure; omitted regional effects or inappropriate distributional
assumptions may lead to model misspecification. Future research should therefore examine alternative prior
specifications, validate the model using external and longitudinal datasets, and compare its performance with
additional advanced machine learning and Bayesian machine learning approaches.

Despite these limitations, this study presents several methodological and practical strengths. It provides one
of the first integrated Bayesian frameworks explicitly linking socioeconomic indicators to health insurance risk
prediction in Thailand. The model demonstrated superior predictive performance compared to traditional actuarial
and machine learning approaches while maintaining interpretability, a combination rarely achieved in health
insurance analytics. Moreover, the Bayesian probabilistic structure not only enhances theoretical understanding
of uncertainty in socioeconomic-health interactions but also provides a concrete, operational tool for
policymakers to design more equitable and financially sustainable insurance systems. By bridging actuarial
science, public health economics, and Bayesian computation, this study contributes to both the academic literature

and the practical field of health policy modeling.
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The implications of these findings extend beyond Thailand. Given the similarities between Thailand’s health
system and those of other middle-income Asian countries, which are characterized by mixed health insurance
mechanisms and increasing socioeconomic inequality, the Bayesian framework developed in this study could be
generalized to support policy reforms across the region. The model’s adaptability and transparency make it a
valuable reference for countries seeking to improve financial sustainability and social equity through data-driven
actuarial modeling. In this sense, the Thai case study not only validates the Bayesian approach within a specific
national context but also positions it as a scalable framework for broader application across developing Asian

economies.
Conclusion and Suggestions

This study provides a comprehensive application of Bayesian hierarchical modeling for health insurance risk
prediction within the context of Thailand’s mixed health insurance system. The research contributes to both
actuarial science and public health policy by introducing a probabilistic framework that captures uncertainty,
socioeconomic interdependencies, and hierarchical variation that traditional models fail to represent. By
demonstrating that Bayesian inference enhances predictive precision and interpretability, the study establishes a
theoretical and methodological foundation for future health risk modeling in middle-income countries. Beyond
its methodological contribution, this study underscores the practical value of Bayesian inference as a decision-
support tool for health policymakers. The proposed model can support risk-adjusted premium formulation,
equity-oriented subsidy allocation, and adaptive financial planning aligned with Thailand’s socioeconomic
diversity. By incorporating posterior uncertainty into risk estimation, the model offers a transparent and evidence-
based approach to health insurance management, supporting Thailand’s ongoing efforts to balance financial
sustainability with universal access to care.

Adopting Bayesian hierarchical models can transform actuarial and policy practice. For Thai institutions such
as the National Health Security Office (NHSO) and Social Security Office (SSO), this framework provides an
analytical foundation for evaluating risk with transparency and fairness. Likewise, actuarial analysts and data
scientists can employ similar probabilistic methods to manage heterogeneous datasets, simulate future scenarios,
and inform dynamic premium setting. The interpretability of Bayesian posteriors enhances trust in policy analysis
and encourages broader adoption of data-driven governance in healthcare financing.

Future research should extend this framework in several directions. Longitudinal datasets should be
incorporated to enable dynamic Bayesian updating and track risk evolution over time. Integrating behavioral,
environmental, and lifestyle factors could deepen explanatory power and improve predictive performance.
Expanding the model into a spatio-temporal Bayesian framework may also reveal geographic clustering effects
and local inequities in healthcare access. Comparative studies among ASEAN countries could further assess
cross—national applicability, while hybrid Bayesian—machine learning models could balance interpretability with
advanced predictive capability.

Overall, this research advances Bayesian modeling as both a methodological innovation and a policy -enabling
tool for equitable health insurance reform. By grounding probabilistic reasoning in Thailand’s socioeconomic and
institutional realities, the study bridges the gap between statistical modeling and actionable public policy. The

Bayesian framework developed here demonstrates that equity, transparency, and scientific rigor can coexist within
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actuarial risk prediction—offering a replicable model for other developing Asian economies seeking to strengthen

the sustainability and fairness of their health insurance systems.
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