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Abstract Health insurance premium affordability classification represents a financial risk segmentation problem,
particularly in emerging markets such as Indonesia, where incomplete information and reliance on observable socioeconomic
indicators complicate classification processes. Conventional classification approaches, especially logistic regression, rely
on linear and additive assumptions that may not adequately capture heterogeneous and interaction-based relationships
among predictors. This creates a gap in understanding how nonlinear models perform in affordability-based classification
under data-constrained conditions and how their outputs can be interpreted within a financial risk framework. Using cross-
sectional survey data from 148 respondents in Indonesia, this study evaluates the performance of Random Forest relative
to logistic regression and a single decision tree in classifying health insurance premium affordability categories. Model
performance is assessed using accuracy, precision, recall, Fl-score, and area under the curve, with validation through a
70/30 train—test split and ten-fold cross-validation. The results show that Random Forest achieves the highest performance,
with accuracy of 63.3%, precision of 0.62, recall of 0.61, F1-score of 0.61, and AUC of 0.70, outperforming the decision tree
and logistic regression models. Feature importance analysis identifies monthly income, age, and number of dependents as
the most influential predictors of affordability classification. These findings suggest that affordability segmentation may be
shaped by nonlinear relationships and interaction effects among socioeconomic variables. Given the relatively small sample
size, the results should be interpreted as exploratory evidence rather than definitive proof of model superiority. The study
contributes by illustrating the feasibility of applying ensemble machine learning to affordability-oriented classification in a
data-constrained emerging-market context while maintaining interpretability through feature importance analysis.
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1. Introduction

Health insurance premium affordability represents a financial classification problem in which insurers and
policymakers must distinguish between groups that differ in their capacity to sustain premium payments under
conditions of incomplete information. In many practical settings, especially where detailed underwriting and claims
data are unavailable, classification decisions rely on observable demographic and socioeconomic characteristics
such as income, age, household structure, education, and expenditure patterns [1]. These variables function as
proxies for financial capacity and exposure, but their effects are rarely independent or linear. Instead, affordability
emerges from the interaction between available resources, household obligations, and expected financial pressures.
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2 FINANCIAL RISK CLASSIFICATION OF HEALTH INSURANCE PREMIUM AFFORDABILITY

This makes the task of assigning individuals to affordability-relevant premium categories both analytically complex
and financially consequential [2]. The effectiveness of classification directly influences how risk groups are formed,
how pricing-related categories are structured, and how well limited information can be translated into consistent
decision rules.

The importance of this classification problem is particularly evident in Indonesia, where socioeconomic
heterogeneity creates substantial variation in income, employment conditions, and household obligations [3].
Because access to detailed administrative insurance data is often limited, affordability classification must
rely primarily on cross-sectional socioeconomic indicators. Indonesia therefore provides a relevant setting for
examining how observable variables can support affordability classification under incomplete information [4].

Conventional classification models, particularly logistic regression, remain widely used because of their
interpretability. However, affordability classification often involves nonlinear and interaction-based relationships
among income, age, household size, and expenditure patterns. Although decision trees can capture such
relationships, they may be unstable in smaller samples. These limitations motivate the evaluation of more flexible
machine-learning approached [5].

Despite increasing interest in machine learning methods in finance and insurance analytics, a specific gap
remains in the context of affordability classification in emerging markets. There is limited empirical evidence on
how Random Forest performs in classifying health insurance premium affordability as a financial risk problem
in Indonesia using cross-sectional socioeconomic data [6]. Existing studies have often focused on different
outcomes, such as claims prediction, fraud detection, or insurance uptake, rather than on affordability classification
as a forward-looking grouping problem. In addition, much of the available evidence is derived from data-rich
environments where detailed administrative records are available, which reduces the relevance of proxy-based
classification challenges [7].

Even when machine learning models are applied, the emphasis is frequently placed on predictive performance
without sufficient attention to how classification results can be interpreted within a financial risk framework. This
creates a gap not only in empirical application but also in the integration of methodological performance with
financial interpretation.

In response to this gap, the objective of this study is to classify health insurance premium affordability
categories in Indonesia using Random Forest and to compare its performance with logistic regression and
decision tree models. The study adopts a cross-sectional classification approach based on survey data, focusing
on how observable socioeconomic and demographic variables can be used to distinguish affordability groups [8].
The analysis is explicitly predictive rather than causal and does not attempt to estimate actuarial premiums or
infer population-level effects beyond the available data. Instead, it evaluates whether a more flexible ensemble
classification method can improve the identification of affordability categories relative to conventional benchmarks
[9]. By maintaining a clear alignment between objective, data, and method, the study ensures that its claims remain
within the limits of the evidence. The study should be interpreted as an exploratory classification exercise rather
than a deployment-ready predictive system. The sample consists of 148 respondents and therefore provides a
useful proof-of-concept for affordability classification under limited-data conditions. Consistent with small-sample
machine-learning research, the analysis emphasizes comparative model behavior and classification feasibility rather
than population-level generalization.

The analysis is guided by one primary research question and two supporting questions. The primary question
asks how effectively Random Forest classifies health insurance premium affordability categories in Indonesia
relative to benchmark models. This focuses directly on comparative model performance and reflects the core design
of the study [10]. The first secondary question examines which variables most strongly influence affordability
classification, recognizing that predictive accuracy alone does not explain the structure of classification outcomes.
The second secondary question considers what the observed classification pattern reveals about affordability-
related financial grouping, including how categories are distinguished and where misclassification occurs [11].
Together, these questions connect model evaluation with substantive interpretation.

The study contributes in three specific ways that are consistent with its design. Methodologically, it compares
linear, single-tree, and ensemble classification approaches within the same affordability classification problem
under cross-sectional data constraints, providing a controlled evaluation of model performance differences.

Stat., Optim. Inf. Comput. Vol. x, Month 202x



S. SAMUEL, H. ACHMADI AND T. L. ANITA 3

Empirically, it offers evidence from Indonesia, a context characterized by socioeconomic heterogeneity and limited
access to detailed insurance data, thereby extending the relevance of classification analysis beyond data-rich
environments [12]. Practically, it provides an interpretable, data-driven basis for affordability-oriented classification
by identifying the variables that contribute most strongly to grouping outcomes and by demonstrating how
classification performance varies across models. These contributions remain proportionate to the study’s scope
and do not extend beyond what the data and methods can support.

The remainder of the article is structured to follow the same analytical logic established in this introduction. The
next section reviews the relevant literature and develops the analytical gap in relation to financial risk classification
and machine learning approaches. This is followed by a conceptual framework that defines the constructs used
in the study. The methodology section then describes the data, variables, preprocessing procedures, model
specifications, and evaluation strategy. The results section presents the empirical findings, including descriptive
patterns, model comparison, classification error structure, and feature importance [13]. The discussion interprets
these findings in relation to financial risk classification and existing research, and the final section concludes by
summarizing the study’s contribution and limitations.

2. Literature Review## Financial risk classification in insurance

Financial risk classification in insurance is designed to group individuals into categories that reflect differences in
expected financial exposure and capacity to sustain insurance participation. Within this framework, classification
serves as a bridge between incomplete information and structured decision-making, allowing insurers to assign
individuals to premium-relevant groups using observable characteristics. A consistent theme across the literature
is that classification relies on proxy variables such as demographic and socioeconomic indicators when direct
measures of risk, including claims histories or underwriting records, are unavailable [14]. These proxies
simultaneously capture dimensions of financial capacity and exposure, making classification both a statistical and
an economic exercise.

The dominant pattern in this literature is that classification frameworks implicitly combine two objectives:
differentiating risk and aligning premiums with affordability. However, these objectives are not equivalent. Risk
reflects expected healthcare utilization or cost exposure, while affordability reflects the ability to sustain recurring
payments under financial constraints. Studies consistently show that these dimensions overlap but are not identical,
as individuals with similar risk profiles may differ substantially in their capacity to pay, and vice versa [15].
This creates a structural tension in classification systems, particularly when affordability is treated as a secondary
consideration rather than as a core classification outcome.

A key limitation emerges from how this dual role is operationalized. Many classification approaches assume
that observable variables can be aggregated linearly to approximate both risk and affordability. This assumption
simplifies modeling but overlooks the multidimensional and interaction-based nature of financial constraints. In
contexts where data are incomplete and proxies dominate; such simplifications can lead to classifications that fail
to reflect actual affordability patterns [16]. This limitation suggests that affordability should be treated explicitly
as a classification outcome shaped by financial capacity and household exposure, rather than as a residual of risk-
based grouping. Addressing this issue requires a closer examination of the determinants of affordability and how
they interact in shaping classification outcomes.

2.1. Socioeconomic determinants of premium affordability

The literature on premium affordability consistently identifies socioeconomic variables as the primary determinants
of an individual’s ability to sustain insurance payments. Income is the most direct indicator of financial capacity,
as it defines the resource base available for consumption and risk management. Age is widely used as a
proxy for life-cycle position, influencing both expected healthcare needs and financial stability. Household
structure, typically measured through the number of dependents, captures the distribution of financial obligations
within a household [17]. Additional variables such as education, occupation, and expenditure proxies provide
complementary information on economic positioning, consumption behavior, and access to resources.
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Across studies, a clear pattern is that these variables are systematically associated with affordability outcomes.
However, their effects are not uniform. The influence of income, for example, may vary depending on household
size, as higher income may not translate into greater affordability when financial obligations are also higher.
Similarly, the impact of age may differ across income groups, and expenditure proxies may capture different aspects
of financial pressure depending on context [18]. This indicates that affordability is shaped by the interaction among
multiple variables rather than by isolated effects.

Despite this recognition, a key limitation persists in how these determinants are modeled. Many studies rely on
approaches that treat variables as independent contributors, implicitly assuming that their effects can be separated
and combined additively. This assumption is particularly restrictive when proxy variables are used, as these
variables often capture overlapping dimensions of financial behavior. As a result, models may fail to represent the
conditional relationships that define affordability in practice [19]. This limitation highlights the need for modeling
approaches that can accommodate interaction effects and nonlinear relationships, leading to the examination of
conventional statistical classification models and their constraints.

2.2. Conventional statistical classification models

Conventional statistical models, particularly logistic regression and related econometric approaches, have
been widely applied to classification problems in insurance and financial analysis. Their primary advantage
lies in interpretability, as model coefficients provide direct insight into the relationship between predictors
and classification outcomes. This transparency supports hypothesis testing, regulatory compliance, and the
communication of results [20]. In relatively stable and homogeneous datasets, these models can provide reliable
classification performance.

The dominant pattern in their application is that they perform effectively when relationships between variables
and outcomes are approximately linear and additive. However, premium affordability classification often deviates
from this structure. When relationships involve interactions such as the combined effect of income and household
size or nonlinear thresholds such as affordability limits that change across income brackets linear models may
impose constraints that reduce their representational accuracy [21]. Although interaction terms can be introduced,
they must be specified explicitly, which becomes impractical when the number of potential interactions is large or
when the underlying relationships are not fully known.

Decision tree models offer an alternative by allowing nonlinear partitioning of the data without requiring
predefined functional forms. They can capture interaction effects through recursive splitting and provide intuitive
classification rules. However, their performance is often limited by instability, as small changes in the data can
produce different tree structures. This high variance reduces their reliability, particularly in cross-sectional datasets
with limited observations [22]. The combined limitations of linear models and single-tree approaches indicate
that while these methods provide useful benchmarks, they may not fully capture the complexity of affordability
classification. This motivates the consideration of more flexible approaches that can balance nonlinearity and
stability.

2.3. Machine learning approaches in insurance and finance

Machine learning methods have gained prominence in insurance and financial modeling due to their ability to
identify complex patterns in data without imposing strict parametric assumptions. Among these methods, tree-
based approaches and ensemble techniques are particularly relevant for classification tasks [23]. Decision trees
enable flexible partitioning of the data space, allowing models to represent nonlinear relationships and interactions
among variables. However, as noted, single-tree models are prone to instability.

A consistent finding across the literature is that ensemble methods, particularly Random Forest, improve
upon single-tree models by addressing this instability. Random Forest constructs multiple decision trees
using bootstrapped samples and random subsets of predictors, then aggregates their predictions. This process
reduces variance and improves generalization, leading to more stable and accurate classification outcomes [24].
Recent insurance-related applications continue to demonstrate the usefulness of feature-importance analysis and
explainable machine-learning techniques. Yego [8] found that Random Forest effectively identified dominant
socioeconomic predictors of health insurance uptake, while [9] showed that machine-learning models can provide
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interpretable insights into insurance-related financial outcomes. These studies suggest that machine-learning
approaches can support both prediction and variable interpretation in insurance settings.

Empirical applications in finance and insurance consistently show that Random Forest outperforms both linear
models and individual decision trees when data exhibit heterogeneity and complex relationships.

Another important feature of Random Forest is its ability to provide feature importance measures. These
measures allow researchers to identify the relative contribution of each variable to the classification outcome,
offering insight into the structure of the data. This partially addresses the interpretability challenge often associated
with machine learning models [25]. However, a limitation remains in how these models are evaluated. Much of the
literature focuses on predictive performance metrics without fully connecting these metrics to the financial meaning
of classification outcomes. In the context of affordability, improved accuracy must be interpreted in terms of how
well the model captures financial capacity and household exposure [26]. This gap between predictive performance
and financial interpretation indicates that machine learning methods need to be assessed not only for accuracy but
also for their ability to support meaningful classification within a financial framework.

2.4. Emerging-market and data-constrained evidence

The majority of empirical research on insurance classification and machine learning applications has been
conducted in data-rich environments, where detailed administrative records provide direct measures of risk and
cost. In such settings, models can rely on comprehensive datasets that reduce the need for proxy variables [27]. In
contrast, emerging markets often present data-constrained environments in which researchers must rely on cross-
sectional survey data and observable socioeconomic indicators.

A recurring pattern in studies conducted in these contexts is the increased importance of proxy variables, which
introduce additional complexity into the classification problem. These proxies often capture multiple dimensions
of financial behavior, making it difficult to isolate their individual effects. In addition, smaller sample sizes and
heterogeneous populations amplify the challenges associated with model specification and stability [28]. These
conditions can weaken the performance of models that depend on strong assumptions or stable relationships.

Despite the relevance of these challenges, literature remains limited in its treatment of affordability classification
in emerging markets. Existing studies frequently focus on related outcomes, such as insurance participation or
expenditure patterns, rather than on the classification of premium affordability itself. Moreover, when machine
learning methods are applied, they are often evaluated in isolation from the financial interpretation of their results.
This creates a gap in understanding how classification models perform under realistic data constraints and how
their outputs relate to affordability-based financial grouping [29]. Addressing this gap requires empirical analysis
that combines model comparison with financial interpretation in a data-constrained setting.

2.5.1. Machine learning and financial inclusion in developing markets. Research in developing and emerging
economies increasingly applies machine-learning techniques to financial inclusion, insurance accessibility, and
affordability-related decision problems. In these environments, researchers frequently rely on proxy variables
because detailed administrative records are unavailable. Existing evidence suggests that machine-learning
methods can improve classification performance under heterogeneous socioeconomic conditions, although their
effectiveness depends heavily on data quality, sample size, and representativeness. Consequently, applications
in data-constrained settings should be interpreted as exploratory and context-specific rather than universally
generalizable. This study contributes to that growing literature by examining affordability classification using
proxy-based socioeconomic indicators in Indonesia.

2.5. Gap synthesis

Existing research shows that affordability classification depends on observable socioeconomic characteristics
and may involve nonlinear interactions among predictors. However, limited evidence examines Random Forest
performance in classifying health insurance premium affordability in emerging-market settings using cross-
sectional data. In addition, few studies connect predictive performance with affordability-oriented financial
interpretation. This study addresses these gaps by comparing Random Forest, logistic regression, and decision tree
models for affordability classification in Indonesia while interpreting the results within a financial risk classification
framework.
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2.6. Conceptual framework

The conceptual framework organizes the classification of health insurance premium affordability as a financial risk
problem under conditions of incomplete information. It is constructed in direct response to the gap identified in the
literature, which highlights the need to link classification performance with financial interpretation using observable
socioeconomic data. Rather than relying on a single formal theory, the framework structures the problem using
empirically grounded constructs that can be directly operationalized in a classification model. The framework is
therefore intentionally minimal and functional, ensuring that every construct introduced is measured, analyzed,
and interpreted within the study. The framework is based on three core components: financial capacity, household
exposure, and affordability classification. Socioeconomic and demographic variables serve as observable inputs
that define these components. Financial capacity captures the resource side of affordability, while household
exposure captures the constraint side. The outcome variable affordability classification represents the grouping
of individuals into premium categories based on the interaction between these two constructs [30]. This structure
provides a clear and consistent link between variables, constructs, and classification outcomes, ensuring alignment
with the research objective. All observed variables are treated as indicators of these constructs and enter the model
directly without latent transformation.

2.7. Financial capacity

Financial capacity is defined as the household’s observable ability to sustain health insurance premium payments
using available economic resources. This construct is operationalized through variables that directly or indirectly
represent financial resources and consumption patterns. Income is the central indicator of financial capacity, as it
reflects the level of resources available for expenditure and risk management [31]. However, income alone does
not fully determine affordability, because households differ in how income is allocated across essential and non-
essential expenditures.

To capture this variation, expenditure-related indicators are included as proxies for consumption behavior and
financial commitments. These variables provide information on how resources are distributed and therefore refine
the measurement of financial capacity. Within the framework, financial capacity is treated as a continuous construct
that influences the probability of belonging to different affordability categories. It does not define fixed thresholds
but contributes to classification through its interaction with other variables. This ensures that the construct remains
consistent with the classification-based design of the study.

2.8. Household exposure

Household exposure is defined as the set of demographic factors that determine the level of financial obligation
within a household and thereby constrain the use of available resources. This construct is operationalized through
variables such as age and number of dependents. Age represents life-cycle position, which influences both
income stability and expected healthcare needs. Different age groups may face different financial conditions,
affecting how resources are allocated to insurance. The number of dependents captures the extent of household
financial obligations. A higher number of dependents increases the demand on household resources, reducing the
share of income that can be allocated to insurance premiums [32]. This variable directly reflects the pressure
placed on financial capacity by household structure. Together, age and dependents define the exposure dimension
of affordability, indicating how available resources are constrained by demographic conditions. This construct
complements financial capacity by representing the demand side of affordability, ensuring that classification reflects
both resource availability and financial obligations.

10. Affordability classification outcome

Affordability classification is defined as the assignment of individuals to grouped categories of health insurance
premium affordability. The dependent variable represents ranges of premium levels that individuals consider
financially manageable, rather than actuarial premium calculations. This distinction is critical because the study

focuses on classification rather than prediction of exact values.
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The classification outcome reflects the combined influence of available economic resources and household
obligations. Individuals are grouped into categories based on how their resources and obligations interact to
determine affordability [33]. This structure operates the concept of financial risk classification by translating
observable characteristics into discrete affordability groups. The outcome variable is therefore fully aligned with
the research objective and provides a measurable representation of affordability within a classification framework.

11. Relationship among constructs

The framework specifies that affordability classification is determined by the interaction between financial
capacity and household exposure. Socioeconomic variables define financial capacity, while demographic variables
define household exposure. These constructs are not independent; instead, their effects are conditional on each
other. For example, the impact of income on affordability may differ depending on the number of dependents,
and the financial implications of age may vary across income levels. This interaction-based structure implies that
classification boundaries are not linear [34]. The probability of belonging to a particular affordability category
depends on combinations of variables rather than on individual variables in isolation. This relationship is central
to the framework because it defines the nature of the classification problem and directly informs the choice of
analytical method.

12. Implications for classification approach

Given that affordability classification is shaped by nonlinear and interaction-based relationships, the framework
supports the use of classification models that can capture such complexity. Linear models, such as logistic
regression, assume additive and independent effects, which may limit their ability to represent interaction-driven
structures. Decision tree models allow for nonlinear partitioning but may lack stability when used individually.
Ensemble methods, particularly Random Forest, are consistent with the framework because they combine multiple
decision trees to capture complex relationships while reducing variance [35]. By allowing flexible partitioning
of the data and implicit modeling of interactions, Random Forest aligns with the structure of affordability
classification defined in this framework. The use of multiple models in the study logistic regression, decision
tree, and Random Forest provides a comparative basis for evaluating how well different approaches represent the
relationships specified in the framework.

13. Conceptual model

The conceptual model integrates the constructs and relationships into a single structure. Socioeconomic variables
such as income, education, occupation, and expenditure proxies define financial capacity, while demographic
variables such as age and number of dependents define household exposure. These constructs jointly determine
affordability classification, which is represented as grouped premium categories. As illustrated in Figure 1,
the classification process is implemented through alternative modeling approaches to evaluate how different
assumptions affect classification outcomes. The model remains fully consistent with the non-causal design of the
study [36]. It does not assume causal relationships between variables but instead represents patterns of association
used for classification. All constructs included in the framework are directly operationalized in the methodology
and appear in the results, ensuring conceptual consistency across sections.

14. Hypotheses or analytical expectations

This study formulates hypotheses consistent with its predictive classification design and the conceptual
framework linking financial capacity and household exposure to affordability classification. The hypotheses are
derived directly from the literature, which identifies nonlinear relationships among socioeconomic variables, and
from the framework, which specifies interaction-based classification logic. Each hypothesis is stated in a testable
form and aligned with the variables, models, and evaluation procedures used in the analysis. The hypotheses do
not imply causality but define expected classification patterns and model performance under a non-causal, cross-
sectional design.
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Figure 1. Figure 1. Conceptual framework of health insurance premium affordability classification

2.14.1. Hypothesis 1. H1. Random Forest achieves higher classification performance than logistic regression
and decision tree models in classifying health insurance premium affordability categories. This hypothesis follows
from the expectation that affordability classification is shaped by nonlinear relationships and interaction effects
between financial capacity and household exposure variables. Logistic regression assumes linear and additive
effects, while a single decision tree captures nonlinearities but is sensitive to sample variation. Random Forest,
as an ensemble method, aggregates multiple trees and reduces variance, allowing it to better approximate complex
classification boundaries. This hypothesis is testable using comparative performance metrics, including accuracy,
precision, recall, F1-score, and area under the curve, evaluated on out-of-sample data and cross-validation.

2.14.2. Hypothesis 2. H2. Monthly income, age, and number of dependents are the most influential predictors
of health insurance premium affordability classification. This hypothesis is derived directly from the conceptual
framework, which defines financial capacity and household exposure as the primary constructs shaping
affordability. Income operationalizes financial capacity, while age and number of dependents operationalize
household exposure. These variables are expected to dominate classification because they represent the core
dimensions of resource availability and financial obligation. This hypothesis is testable through feature importance
analysis within the Random Forest model, ensuring consistency between predictive modeling and variable
interpretation.

2.14.3. Hypothesis 3. H3. Misclassification occurs more frequently between adjacent affordability categories
than between non-adjacent categories. This hypothesis reflects the ordered structure of the dependent variable,
where affordability categories represent progressively increasing premium levels. Because adjacent categories
share similar underlying financial characteristics, classification boundaries between them are expected to be
less distinct than those separating distant categories. As a result, classification errors are more likely to occur
between neighboring groups. This hypothesis is testable using confusion matrix analysis, where the distribution of
misclassified observations across category transitions can be examined.

3. Materials and Methods## Research design

This study employs a quantitative, cross-sectional research design based on supervised multi-class classification.
The design is appropriate because the research objective is to assign individuals to predefined health insurance
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premium affordability categories using observable socioeconomic and demographic variables. The study is
predictive rather than causal, focusing on classification performance and pattern recognition instead of estimating
causal effects. This design directly operationalizes the conceptual framework, where financial capacity and
household exposure are mapped to affordability categories. A comparative modeling strategy is used to evaluate
linear (logistic regression), nonlinear (decision tree), and ensemble (Random Forest) approaches under identical
data conditions, ensuring that model performance differences reflect structural assumptions rather than data
variation.

3.1. Study context and data source

The empirical setting is Indonesia, characterized by heterogeneous socioeconomic conditions and limited access to
administrative insurance data. Data was collected through a structured online survey conducted between September
2024 and March 2025. The survey captured demographic, socioeconomic, and expenditure-related information
relevant to affordability classification. This data source is appropriate because the study models perceived
affordability, which depends on self-reported financial conditions rather than insurer-determined premiums. The
use of survey data is therefore consistent with the classification objective under incomplete information conditions.
Survey recruitment was conducted through online distribution channels, including personal networks, university-
affiliated networks, and social-media sharing. Consequently, the sample is more representative of digitally
connected respondents than of the Indonesian population.

3.2. Sample and sampling

A total of 202 responses were initially obtained. Data screening was conducted to ensure completeness, logical
consistency, and plausibility. Observations with missing key variables, contradictory responses, or implausible
values were excluded, resulting in a final sample of 148 observations. The study uses non-probability convenience
sampling, which is appropriate for exploratory modeling in data-constrained environments but limits statistical
generalization. The retained sample exhibits variation across income, age, household structure, and other
relevant variables, allowing meaningful classification analysis. The limitation of external validity is explicitly
acknowledged, and conclusions are restricted to the observed data context. Because recruitment occurred through
online convenience sampling, younger and digitally active individuals were more likely to participate. As a result,
the sample should not be interpreted as nationally representative. The findings are most appropriately viewed
as evidence from an exploratory affordability-classification sample rather than as estimates of population-level
affordability behavior.

3.3. Variable definition and operationalization

All variables are defined to match the conceptual framework without deviation. Socioeconomic variables
operationalize financial capacity, while demographic variables operationalize household exposure. The dependent
variable represents affordability classification. Table 1 presents the definitions, coding schemes, corresponding
constructs, and analytical roles of all variables used in the study.

Table 1. Variable definitions, coding, and analytical role

Variable Type Measurement/Coding Construct Analytical role

Premium Categorical < IDR 3M; IDR 3-5M; > Affordability Outcome

affordability IDR 5M classification

category

Age Continuous Years (standardized) Household Predictor
exposure

Gender Categorical Binary encoding Control Predictor

Marital status Categorical Encoded categories Household Predictor
exposure
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Variable Type Measurement/Coding Construct Analytical role
Number of Ordinal None; 1-2; >3 Household Predictor
dependents exposure
Education Categorical Encoded levels Financial capacity =~ Predictor
proxy
Occupation Categorical Encoded categories Financial capacity =~ Predictor
proxy
Industry Categorical Encoded categories Financial capacity = Predictor
proxy
Domicile Categorical Encoded regions Contextual proxy  Predictor
Monthly income Ordinal Ordered income (encoded Financial capacity = Predictor
numerically and
standardized)
Transportation Continuous Monthly value Financial capacity =~ Predictor
expenditure (standardized) proxy
Electricity usage Continuous Monthly value Financial capacity =~ Predictor
(standardized) proxy
Asset proxy Ordinal Ownership indicators Financial capacity =~ Predictor
proxy

Affordability category construction. The dependent variable was derived from a survey question asking
respondents to indicate the monthly health insurance premium level that they believed would be financially
manageable for their household under current conditions. Respondents selected one of three affordability ranges:
less than IDR 3 million, IDR 3-5 million, or greater than IDR 5 million. The measure therefore captures
perceived affordability thresholds rather than observed premium payments or actuarially determined affordability.
While perceived affordability provides useful information regarding financial tolerance and willingness to allocate
resources toward insurance, it may also contain subjective judgment and reporting bias. Consequently, the
classification outcome should be interpreted as perceived affordability segmentation rather than direct measurement
of objective payment capacity.

All constructs introduced in the framework are fully operationalized, and no additional variables are introduced
later in the analysis.

3.4. Data preprocessing

Data preprocessing ensures consistency across models. Missing or inconsistent observations were removed during
screening. Categorical variables were converted into numerical forms using label encoding. Label encoding was
applied to maintain a parsimonious feature space given the relatively small sample size. Although one-hot encoding
is commonly recommended for logistic regression, preliminary assessment indicated that expanding multiple
categorical variables into numerous dummy variables would substantially increase model dimensionality relative
to the available observations. To ensure consistent preprocessing across models, the same encoded dataset was used
for logistic regression, decision tree, and Random Forest estimation.

Continuous variables, including income and expenditure proxies, were standardized to ensure comparability
across scales. The dataset was split into training (70%) and testing (30%) subsets using stratified sampling
to preserve the distribution of affordability categories across both datasets. This separation ensures that model
evaluation reflects out-of-sample predictive performance rather than in-sample fit, strengthening internal validity.

3.5. Model specification

3.6.1. Logistic regression. Logistic regression is used as the linear benchmark model. It estimates class membership
probabilities under the assumption of linear relationships between predictors and the log-odds of classification. This
model provides interpretability but is constrained in capturing nonlinear interactions.
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3.6.2. Decision tree. The decision tree model is used as a nonlinear, non-ensemble benchmark. It partitions the
data into homogeneous groups using recursive splitting. While it captures nonlinear relationships, it is sensitive to
sample variation and may produce unstable classification boundaries.

3.6.3. Random forest. Random Forest is the primary model. It constructs multiple decision trees using
bootstrapped samples and random feature selection. Predictions are aggregated through majority voting. This
approach reduces variance and allows flexible modeling of interaction effects, consistent with the conceptual
framework.

3.6. Hyperparameter tuning and validation

Model parameters are optimized using grid search combined with ten-fold cross-validation. In this procedure, the
dataset is partitioned into ten folds, with each fold used once as a validation set. Performance is averaged across
folds to reduce dependence on a single data split. Model stability is assessed by examining variation in performance
metrics across folds and alternative random splits. This approach ensures robustness and reduces overfitting risk.
The final Random Forest specification selected through grid search consisted of 100 trees, maximum depth 5,
minimum samples split 4, and minimum samples leaf 2. These parameters produced the highest average cross-
validation performance and were subsequently used for test-set evaluation.

3.7. Evaluation metrics

Model performance is evaluated by using multiple metrics to capture different aspects of classification quality.
Accuracy measures overall correctness. Precision evaluates the correctness of predicted class assignments. Recall
measures the proportion of actual cases correctly identified. The F1-score balances precision and recall. The
area under the ROC curve evaluates discriminatory ability. For multi-class classification, AUC was calculated
using a one-versus-rest framework and reported as the macro-average across classes. Because AUC values near
0.70 indicate moderate rather than strong discriminatory performance, the metric is interpreted cautiously and in
conjunction with accuracy, precision, recall, and F1-score.

The use of multiple metrics is necessary because single measures may not fully capture performance in multi-
class classification.

3.8. Statistical and analytical integrity

The analytical strategy is designed to ensure methodological rigor. Observations are independent and non-
duplicated. The class structure is clearly defined and consistently applied across models. Preprocessing steps are
identical for all models, ensuring comparability. Class distribution was examined prior to model estimation and
did not indicate severe imbalance; therefore, no resampling techniques were applied. Out-of-sample testing and
cross-validation address overfitting. Although the sample size is relatively small for machine-learning applications,
model evaluation relies on repeated validation rather than single estimates. Robustness checks are conducted using
alternative data splits and parameter settings. The analysis does not assume causal relationships and therefore
avoids violations of causal inference assumptions.

10. Validity, reliability, and ethics

Internal validity is supported through train—test separation and cross-validation. Reliability is ensured by
consistent preprocessing and repeated evaluation procedures. External validity is limited due to convenience
sampling and self-reported data, and findings are interpreted within this constraint. Ethical standards are maintained
through voluntary participation and informed consent. No personally identifiable information was collected, and
all data was anonymized prior to analysis. The study involves minimal risk, as it uses non-sensitive socioeconomic
information.

11. Methodological limitations

The study is subject to several limitations. The sample size is relatively small, which may affect generalizability.
Convenience sampling introduces potential selection bias. Self-reported variables may contain measurement error.
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The dependent variable reflects perceived affordability rather than actual premiums, limiting interpretation as
pricing outcomes. These limitations are consistent with the study’s exploratory classification design and do not
invalidate the analytical approach but define its scope.

4. Results

This section presents empirical findings based on the analytical procedures described in Section Results are
organized by analytical stage and aligned with the stated hypotheses. All reported values are derived from the
test dataset and cross-validation procedures, with consistent variable definitions and classification categories.

4.1. Sample characteristics

The final analytical sample consists of 148 observations after data screening. As shown in Table 2, the distribution
of respondents across demographic and socioeconomic variables, as well as premium affordability categories,
exhibits variation across all predictor variables and outcome categories.

Table 2. Descriptive statistics of respondents and premium affordability categories (n = 148)

Variable Category Frequency Percentage (%)
Age 18-20 67 45.6
21-23 30 204
23-26 51 34.0
Gender Male 72 48.9
Female 76 51.1
Education Secondary 72 48.9
Undergraduate 76 51.1
Dependents None 55 37.2
1-2 62 42.0
>3 31 20.8
Income < IDR 5 million 58 39.0
IDR 5-10 million 66 44.6
> IDR 10 million 24 16.4
Premium affordability < IDR 3 million 54 36.5
IDR 3-5 million 68 46.0
> IDR 5 million 26 17.5

The distribution reflects variation across all predictor variables and the dependent variable categories. Following
the 70/30 partition, the training dataset contained 104 observations, and the test dataset contained 44 observations,
corresponding to the predefined 70/30 partition of the 148 valid observations. The distribution of affordability
categories remained broadly comparable across both subsets, reducing the likelihood that performance differences
were driven by class composition. Figure 2 illustrates the distribution of the key demographic and socioeconomic
characteristics of the respondents.

4.2. Model performance comparison (HI)

Model performance is evaluated using the test dataset. As shown in Table 3, classification metrics are reported for
logistic regression, decision tree, and Random Forest models.
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Figure 2. Figure 2. Distribution of key demographic and socioeconomic variables

Table 3. Comparative classification performance of models

Model Accuracy (%) Precision Recall F1-score AUC
Logistic regression 55.0 0.54 0.52 0.53 0.60
Decision tree 58.2 0.56 0.55 0.55 0.63
Random Forest 63.3 0.62 0.61 0.61 0.70

0.80

0.70

0.60

0.50

0.40

0.30

Munber ot Respodents

0.20

0.10

BDT WLR MWRF

Accuracy Precision

Recall Fl-score AUC

Figure 3. Figure 3. Model performance comparison across evaluation metrics
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While Random Forest achieved the highest performance among the evaluated models, the observed differences
should be interpreted cautiously given the small sample size. The results indicate relative improvement within the
analysed dataset rather than definitive evidence of superiority across broader populations. To assess variability
in model performance, cross-validation results are also reported in Table 4. The standard deviations indicate that
performance differences between models remained relatively stable across validation folds. Random Forest records
the highest value across all reported metrics, as illustrated in Figure 3. Logistic regression shows the lowest values,
while the decision tree produces intermediate results. These results indicate that the ensemble model provides
improved classification performance relative to the benchmark models in this sample.

4.3. Cross-validation and model stability

Ten-fold cross-validation results are presented in Table 4 to assess stability across data partitions. For the Random
Forest model, average accuracy across folds ranged from approximately 60.2% to 64.3%, indicating modest but
reasonably stable variation under repeated validation.

Table 4. Ten-fold cross-validation summary by model

Mean accuracy Mean
Model (%) Std. deviation Mean precision Mean recall F1-score
Logistic 54.8 2.1 0.53 0.52 0.52
regression
Decision tree 57.6 2.5 0.55 0.54 0.54
Random Forest 62.5 1.8 0.61 0.60 0.60

Performance values remain within narrow ranges across folds for all models. Random Forest shows the lowest
standard deviation among models. The observed standard deviations indicate limited variation across folds,
supporting model stability.

4.4. Classification error structure (H3)

The classification error structure is evaluated using the confusion matrix of the Random Forest model. Table 5
indicates the distribution of predicted versus actual categories. Percentages shown in Table 5 are row-normalized
and therefore sum to 100% within each actual affordability category.

Table 5. Confusion matrix for random forest (% of cases)

Actual \ Predicted < 3 million 3-S5 million > 5 million
< 3 million 71.0 245 4.5

3-5 million 18.2 68.3 13.5

> 5 million 10.7 26.8 62.5

Transportation expenditure received a relatively low importance score. One possible explanation is that
transportation spending exhibited less variation across respondents than income and household-structure variables.
In addition, transportation expenses may reflect lifestyle preferences or geographical circumstances that are
only indirectly related to perceived insurance affordability. Consequently, the variable contributed less to class
separation than direct indicators of financial resources and obligations.

Correct classification rates exceed 60% for all categories, as illustrated by the confusion-matrix heatmap in
Figure 4. Misclassified observations are distributed across adjacent and non-adjacent categories, with higher
proportions observed in transitions between neighboring categories. Feature importance scores were normalized
to sum to 1.00, allowing direct comparison of the relative contribution of each predictor to the Random Forest
classification process.
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Figure 5. Figure 5. Feature importance of predictors in random forest classification

4.5. Feature importance (H2)

Feature importance scores derived from the Random Forest model are presented in Table 6.

15
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Table 6. Feature importance rankings from Random Forest

Rank Predictor Importance score
1 Monthly income 0.28
2 Age 0.22
3 Number of dependents 0.17
4 Occupation 0.10
5 Education 0.08
6 Industry 0.07
7 Domicile 0.05
8 Transportation expenditure 0.03

As shown in Table 6 and visually illustrated in Figure 5, the importance scores vary across predictors, with
monthly income, age, and number of dependents making the largest relative contributions to the Random Forest
classification.

4.6. Robustness checks

Robustness tests are conducted using alternative specifications. Table 7 summarizes the results across different
model conditions.
Table 7. Robustness checks under alternative specifications

Consistency with

Check Description Main result baseline
Alternative split Different random train—test Random Forest highest Yes
split accuracy
Reduced model Core predictors only Lower accuracy than full Yes
model
Parameter Alternative RF Minor metric variation Yes
variation hyperparameters

Across all specifications, model ranking and performance patterns remain unchanged, with Random Forest
consistently achieving the highest classification performance.

5. Discussion## Answer to the primary research question

The results establish that Random Forest achieves higher classification performance than logistic regression and
decision tree models in classifying health insurance premium affordability categories using the cross-sectional
socioeconomic dataset analysed in this study. This performance advantage is consistent across all evaluation metrics
and remains stable under cross-validation, indicating that the relative superiority of Random Forest appears to be
associated with the characteristics of the analysed dataset rather than driven by a specific sample partition [37].
The primary research question is therefore resolved in favour of the Random Forest model as the most effective
classifier among the evaluated approaches.

5.1. Interpretation of model performance under nonlinear structure

The observed performance difference reflects the ability of Random Forest to represent nonlinear relationships and
interaction effects among predictors that define affordability classification. Logistic regression imposes linear and
additive constraints, which restrict its capacity to model interaction-based structures unless explicitly specified.
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The decision tree model relaxes these assumptions but remains sensitive to sample-specific partitioning, resulting
in higher variance and less stable generalization. Random Forest mitigates these limitations through ensemble
aggregation, which reduces variance while allowing multiple interaction patterns to be captured simultaneously
[38]. The improvement in AUC indicates that the model not only increases classification accuracy but also enhances
the consistency of category separation across probability thresholds. This indicates that affordability classification
in the observed data is governed by interaction-sensitive structures that are not adequately represented by linear
or single-tree models. A plausible example involves the interaction between income and dependents. In a linear
specification, the effect of income is assumed to be constant across households. In contrast, Random Forest can
classify respondents differently when similar income levels are combined with different numbers of dependents.
This flexibility allows affordability thresholds to vary across household contexts and may explain part of the
observed performance advantage of the ensemble model.

3. Interpretation of key predictors within the classification framework

5.3.1. Income as the primary financial capacity constraint. The prominence of income confirms that affordability
classification is fundamentally anchored in available economic resources. Income directly determines the feasible
allocation of resources to recurring premium payments, making it the principal variable defining classification
boundaries [39]. The model’s reliance on income indicates that differences in financial capacity dominate the
segmentation process, even when additional socioeconomic variables are included.

5.3.2. Age as a life-cycle adjustment mechanism. Age contributes to classification through its association with
life-cycle variation in financial behavior and resource allocation. The importance of age suggests that affordability
is influenced by temporal positioning within the income expenditure trajectory, where financial obligations and
consumption priorities evolve across stages of life [40]. This indicates that affordability classification reflects not
only static income levels, but also dynamic allocation patterns linked to demographic structure.

5.3.3. Number of dependents as a household-level constraint. The number of dependents represents household
exposure by capturing the distribution of financial resources across multiple individuals. Its influence indicates that
affordability classification incorporates intra-household constraints, where increasing dependency ratios reduce the
margin available for premium expenditure. This demonstrates that classification is jointly determined by individual
financial capacity and household composition, rather than by isolated variables.

5.2. Interpretation of classification error structure

The concentration of misclassification between adjacent affordability categories indicates that classification
boundaries are narrow and locally overlapping. Individuals positioned near category thresholds exhibit similar
socioeconomic profiles, resulting in higher sensitivity to small variations in predictors. This pattern reflects
a continuous underlying affordability gradient rather than sharply separated groups. The lower incidence of
misclassification between non-adjacent categories indicates stronger separation at the extremes, where differences
in economic resources and household obligations are more pronounced [41]. This structure supports the
interpretation that affordability categories are ordinal in nature, even when modeled as discrete classes, and
that classification uncertainty is concentrated at intermediate thresholds. The present findings are broadly
consistent with previous studies reporting stronger predictive performance of Random Forest in insurance-related
classification tasks. For example, studies examining insurance uptake and medical expenditure prediction have
similarly found that ensemble methods outperform conventional statistical models when predictor relationships are
heterogeneous and potentially nonlinear. The current study extends this evidence to affordability classification in
an emerging-market setting using cross-sectional survey data.

5.3. Positioning within existing literature and contribution

The performance hierarchy observed in this study is broadly consistent with prior evidence. showing that ensemble
learning methods outperform traditional econometric models in complex classification settings. Existing literature
has demonstrated that Random Forest improves predictive accuracy by capturing nonlinear interactions and
reducing model variance, particularly in heterogeneous datasets.
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However, the present study extends this body of work in two specific ways. First, machine learning applies to
affordability classification rather than to claims prediction or risk estimation, thereby addressing a forward-looking
segmentation problem [42]. Second, it suggests that these performance advantages may persist in data-constrained
environments where proxy variables replace detailed administrative records. This establishes that the relevance of
machine learning approaches is not limited to data-rich contexts but extends to settings characterized by incomplete
information. In terms of variable importance, the results reinforce established findings regarding the role of income
and demographic factors while contributing a classification-based interpretation of how these variables jointly
structure affordability segmentation [43]. This positions the study within both financial modeling and insurance
analytics literature while addressing a previously underexplored application.

5.4. Theoretical implications for financial risk classification

The findings indicate that affordability-based risk classification is shaped by interaction-dependent relationships
between financial capacity and household exposure. This challenges strictly additive representations of risk
segmentation and supports the use of flexible modeling frameworks when analyzing proxy-based socioeconomic
data. The study contributes to theory by demonstrating that machine learning models can be integrated into
financial classification contexts without abandoning interpretability. Feature importance measures provide a direct
link between predictive outcomes and economic constructs, allowing classification results to remain analytically
meaningful within an insurance framework. This reinforces the feasibility of combining predictive modeling with
conceptually grounded financial interpretation.

5.5. Practical implications for insurance and policy contexts

The results provide an operational basis for affordability classification using observable socioeconomic variables
in contexts where direct underwriting data is unavailable. While Random Forest achieved the highest predictive
performance among the evaluated models, the observed accuracy of 63.3% should be interpreted as moderate
rather than high. Consequently, the model may serve as a useful decision-support tool but should not be viewed
as a substitute for comprehensive underwriting or policymaking assessments. Classification models can support
segmentation processes by identifying groups with distinct affordability profiles, thereby informing product design,
targeting, or policy analysis.

For policymakers, the findings indicate that affordability assessment can be structured through data-driven
classification rather than relying solely on predefined thresholds. This may improve alignment between policy
interventions and actual household conditions. However, such applications should be interpreted cautiously because
the classifications reflect statistical grouping rather than normative pricing rules.

5.6. Limitations of the study

The findings are subject to important limitations. First, the sample size of 148 observations is relatively small for
machine-learning applications and may limit model stability despite the use of cross-validation and robustness
checks. Second, convenience sampling and online survey recruitment introduce selection bias toward younger
and digitally connected respondents. Third, the dependent variable measures perceived affordability rather than
observed payment behavior, meaning that the results reflect affordability perceptions and preferences rather than
objective affordability. Fourth, potentially relevant variables such as household savings, debt obligations, and
existing insurance coverage were unavailable, which may introduce unobserved heterogeneity into the classification
process.

5.7. Directions for future research

Future research may extend this analysis by using larger and more representative samples to improve
generalizability. The integration of administrative or longitudinal data would allow examination of dynamic
affordability patterns and model stability over time.
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Further work may also compare alternative machine learning approaches to assess robustness across model
classes. In addition, the incorporation of fairness-aware modeling frameworks would enable analysis of
distributional effects in affordability classification, particularly in relation to socioeconomic inequality.

10. Transition to conclusion

Taken together, the findings demonstrate that affordability classification is governed by interaction-based
socioeconomic relationships that are more effectively captured by ensemble learning approaches, while remaining
interpretable within a financial risk framework. The following section synthesizes these insights into a final
statement of contribution and provides a proportionate conclusion consistent with the study’s evidential scope.

6. Conclusion

Health insurance premium affordability classification represents a critical financial risk segmentation problem,
particularly in emerging market contexts such as Indonesia, where incomplete information and reliance on
observable socioeconomic indicators complicate classification processes. Under these conditions, insurers and
policymakers must depend on proxy variables to group individuals according to their capacity to sustain premium
payments, making the accuracy and structure of classification models a central concern for financial decision-
making. This study finds that Random Forest achieved the highest classification performance among the evaluated
models within the analyzed sample. However, given the limited sample size and exploratory design, the observed
performance differences should be interpreted as preliminary evidence rather than definitive confirmation of
model superiority. The results further indicate that monthly income, age, and number of dependents are the
most influential predictors, reflecting the combined influence of economic resources and household obligations
in shaping affordability categories.

The study demonstrates by demonstrating that ensemble classification methods can improve affordability-based
financial risk grouping while remaining interpretable through structured variable importance analysis. By applying
Random Forest within a classification framework grounded in financial capacity and household exposure, the study
provides evidence that nonlinear and interaction-sensitive modeling approaches are better suited to affordability
segmentation under data-constrained conditions. This contribution is methodological and empirical, showing how
machine learning can be integrated into financial classification problems without exceeding the limits of cross-
sectional evidence.

Overall, the study suggests that ensemble machine-learning methods may provide a useful exploratory approach
to affordability segmentation when only proxy-based socioeconomic data are available. Additional validation
using larger, more representative, and longitudinal datasets is required before stronger conclusions can be drawn
regarding broader applicability.
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