158 Int. J. Data Mining, Modelling and Management, Vol. 18, No. 2, 2026

Analysis of the debt status of households in poor
areas based on economic capital using two-class
boosted decision tree

Pita Jarupunphol and Wipawan Buathong

Department of Digital Technology,
Phuket Rajabhat University,
Phuket, Thailand

Email: p.jarupunphol@pkru.ac.th
Email: w.buathong@pkru.ac.th

Suthasinee Kuptabut*®

Department of Computer,

Sakon Nakhon Rajabhat University,
Sakon Nakhon, Thailand

Email: suthasinee@snru.ac.th
*Corresponding author

Abstract: This study examines household debt determinants in Kut Bak
district, Thailand, using a two-class boosted decision tree (TBDT) model
to analyse 301 households across 30 financial, asset, and socio-economic
variables. Compared with logistic regression, decision tree, random forest,
and XGBoost, the model demonstrates superior performance, achieving
an accuracy of 0.922, precision of 0.975, recall of 0.867, Fl-score of
0.918, and AUC of 0.948. Key findings reveal that limited savings,
minimal state assistance, and low ownership of productive assets significantly
increase debt likelihood. Specific thresholds, such as savings below 4,500
units and cash reserves of 50 units or less, are strongly associated
with indebtedness. The study highlights the model’s effectiveness in
predicting debt status and provides actionable insights for policymakers and
organisations to enhance financial stability in rural communities. These results
contribute to understanding socio-economic factors driving household debt in
disadvantaged areas.
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1 Introduction

In socio-economic research, understanding household debt dynamics in economically
disadvantaged areas is crucial for developing effective policies and interventions. This
study focuses on Kut Bak district, in Sakon Nakhon Province, Thailand, a region
recognised for its economic challenges. The primary objective is to analyse the
debt status of households within this area, which is pivotal in understanding these
communities’ broader economic health and resilience. Financial capital, in its various
forms, plays a significant role in shaping the livelihoods of households in poor areas
(Narongchai et al., 2016; Shah et al., 2021; Yalley et al., 2021). In rural economies like
that of Kut Bak district, factors such as agricultural tools and vehicles, bank accounts,
and savings patterns are integral to the economic well-being of families. This research
aims to dissect these components to unveil a comprehensive picture of the economic
status of these households, with a particular emphasis on their debt status.

To address the challenge of identifying household debt status in economically
disadvantaged areas, various machine learning techniques can be employed to analyse
complex relationships between financial capital and debt patterns (Alpaydin, 2020).
Logistic regression offers a straightforward probabilistic approach (Aglarci and Bal,
2024), while decision tree provides an interpretable structure for capturing nonlinear
relationships (Yuan and Tang, 2025). Random forest enhances decision tree by
reducing overfitting through ensemble learning (Niu et al., 2020), and XGBoost
further improves performance with its gradient-boosting framework and regularisation
capabilities (Abbasimehr et al., 2023). Among these methods, two-class boosted decision
tree (TBDT) also stands out as a robust choice due to its ability to sequentially refine
predictions and uncover intricate patterns in the data. Given that the debt status of
households in Kut Bak district is significantly shaped by a combination of financial
capital indicators, including savings patterns, ownership of productive assets (e.g.,
agricultural tools and vehicles), and access to formal banking services, we posit that
TBDT represents a compelling and suitable methodological choice for this research.
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This article utilises TBDT, a robust data mining technique (Talia et al., 2016),
to identify patterns within a dataset of 301 households. This technique is adept at
uncovering hidden relationships between various economic factors and their influence
on households’ propensity to be in debt. By examining 30 distinct characteristics,
ranging from banking habits to the possession of agricultural assets, the article intends to
provide insights into the factors contributing to or alleviating the burden of debt in these
households. Understanding the debt status of households in poor areas is not just an
academic exercise, it has profound implications for policy-making, financial assistance
programs, and overall economic development strategies. By identifying key factors that
can influence household debt in the district, this research has the potential to contribute
valuable knowledge to the field and support efforts to promote economic resilience in
disadvantaged communities.

1.1 Objectives

The main objective of the research is to analyse households’ debt status in the
Kut Bak district, using the TBDT algorithm to identify and understand the factors
influencing whether households are in debt. The study also aims to uncover patterns and
determinants that contribute to or mitigate the likelihood of household debt, providing
information that can inform policy making, financial advice, and community support
initiatives to improve economic stability and reduce debt among vulnerable populations.

1.2 Hypotheses

e TBDT will be highly effective compared to other machine learning methods in
identifying key predictors of debt and revealing nuanced relationships within the
dataset, thereby offering deeper and more actionable insights for understanding
household debt dynamics.

e  Specific socio-economic factors, financial behaviours, and asset ownership
patterns significantly influence the likelihood of households in Kut Bak district
being in debt.

e  Households with limited financial resources, minimal savings in agricultural and
cooperative banks, lower levels of state-sponsored financial assistance, and
minimal ownership of productive assets (such as small tractors and lawn mowers),
coupled with low cash reserves, are more likely to be in debt.

1.3 Conceptual framework

Figure 1 illustrates the conceptual framework of the research, providing a visual
representation of the theoretical constructs, relationships, and variables under
investigation. This framework outlines the characteristics of economic capital, such as
socio-economic factors, financial behaviours, and asset ownership patterns, which are
hypothesised to influence the debt status of households in Kut Bak district. It serves as
a schematic guide to understand the study’s approach to examining how these variables
affect the likelihood of households being in debt. The framework also highlights the
flow of analysis, where features of economic capital are input into the TBDT model
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to identify significant predictors and generate interpretable rules derived from these
features.

To evaluate the effectiveness of TBDT, it is compared with other widely-used
machine learning techniques (Alpaydin, 2020) — logistic regression, decision trees,
random forests, and XGBoost — across key performance metrics, including accuracy,
precision, recall, Fl-score, and area under the curve (AUC). This comparative analysis
ensures the robustness of the chosen model and provides insights into its relative
strengths in capturing complex relationships within the dataset. Furthermore, TBDT
generates actionable rules based on the economic capital features, offering valuable
interpretability and practical implications for policymakers and stakeholders aiming to
address household debt challenges in economically disadvantaged areas. This analytical
process sets the foundation for the empirical analysis conducted in this study.

Figure 1 Conceptual framework of the research (see online version for colours)
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2 Literature review

The literature on household debt, particularly in poor areas, offers a rich array of
insights and findings. This review aims to contextualise our study within the broader
scholarly discourse, focusing on economic capital, debt patterns, and the use of TBDT
in socio-economic research.

2.1 Household debt in rural economies

A considerable body of research has been dedicated to examining the determinants
and implications of household debt within rural contexts, recognising its complex and
multidimensional nature. The extant literature underscores the distinct structural and
socio-economic factors that contribute to indebtedness in rural households, notably
agricultural dependency, limited income diversification, and constrained access to formal
financial institutions (Aldashev and Batkeyev, 2023; Shah et al., 2021; Xie et al.,
2024). In agrarian economies, household financial stability is often highly volatile, as
income sources fluctuate by seasonal agricultural cycles, leading to periodic liquidity
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shortages and heightened vulnerability to external shocks. In addition, the predominance
of informal credit mechanisms, including reliance on community lending, cooperatives,
or high-interest private loans, exacerbates long-term financial instability for rural
populations. Scholarly investigations have further demonstrated how external economic
shocks, such as market fluctuations, extreme weather events, and policy changes,
intensify financial distress and perpetuate cycles of debt, particularly in economically
fragile regions. In particular, Aldashev and Batkeyev (2023) provide compelling
evidence that the absence of financial buffers and exposure to unpredictable external
forces significantly increases household debt burdens in rural economies. Similarly, Shah
et al. (2021) highlight the role of poverty traps, wherein limited access to productive
assets and financial resources restricts households’ ability to escape recurring cycles of
indebtedness.

Moreover, Xie et al. (2024) take a different approach by examining the role of
agricultural insurance participation and its effectiveness in rural settings, questioning
whether it alleviates or compounds the debt burden for rural households. Their findings
suggest a complex relationship, where agricultural insurance can both provide the
necessary capital for agricultural investments and yet, due to its high-interest rates and
repayment structures, potentially lead to a cycle of indebtedness. In addition, Strzelecka
et al. (2020) identified and evaluated socio-economic factors determining the debt of
households in Central Pomerania using a logistic regression model. The data source was
a survey among 1,000 households in Central Pomerania, Poland. The results showed
that the following factors related to the socio-economic characteristics of households:
economic education of the head of the household, developmental phase in the household,
and socio-economic type of the household had a statistically significant positive impact
on the probability that central Pomeranian households would use external sources of
financing.

2.2 Economic capital and its influence

The role of economic capital in shaping household debt has been extensively studied
(Evans and Gregson, 2023; Narongchai et al., 2016; Ono and Uchida, 2018). Evans
and Gregson (2023) have shown how assets and income levels correlate with debt
status. The authors analysed the reasons behind the historical exclusion of monetary
considerations from the sociology of consumption studies. The authors re-examined
data from prior research on UK household consumption through the perspective of
monetary transactions and financial considerations. In addition, Narongchai et al. (2016)
investigated the evolution of intergenerational transfers of economic capital in rural
households of Northeastern Thailand, particularly in a community with a high elderly
population. The research was setup in an agricultural area where rice and other crops
are predominantly grown. The findings revealed that the social and economic landscape
of the community had undergone significant changes due to economic development.
Moreover, Ono and Uchida (2018) considered the politics of public education policy
in an overlapping-generations model with physical and human capital accumulation.
The authors examined how debt and tax financing differ in growth and welfare across
generations. The results showed that the growth rate in debt financing is lower than in
tax financing and that debt financing creates a tradeoff between the present and future
generations. These studies offer a foundational understanding of how various forms of
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economic capital, from agricultural tools to bank accounts, impact the financial health
of households.

2.3 Machine learning and economic capital

Machine learning models play a crucial role in analysing economic capital by
uncovering complex relationships between financial behaviours, socio-economic
variables, and household debt status. The selection of an appropriate model depends on
the specific requirements of the analysis, such as the need for interpretability, robustness
to nonlinearity, or the ability to handle high-dimensional data (Alpaydin, 2020). For
instance, logistic regression offers a straightforward and interpretable approach, making
it helpful in understanding the influence of individual economic factors (Aglarci and
Bal, 2024; Strzelecka et al., 2020). Decision tree provides a simple, hierarchical
structure for classification, but may lack generalisation when dealing with more complex
patterns (Yuan and Tang, 2025). In contrast, ensemble methods such as random forest
(Niu et al., 2020; Park et al., 2022), two-class boost decision tree, and XGBoost
significantly improve robustness by aggregating multiple decision trees to enhance
accuracy and reduce overfitting (Abbasimehr et al., 2023; An et al., 2021; Rios Canales,
2016; Xu et al, 2024). These ensemble techniques are particularly effective in
capturing nonlinear relationships and interactions among economic variables, making
them valuable tools for evaluating financial stability and household debt risks. By
leveraging these models, researchers can gain deeper insights into the economic factors
influencing debt status, ultimately contributing to better financial decision-making
and policy development. Research has demonstrated the efficacy of machine learning
models in their transformative potential in multiple fields, allowing data-driven insights
and informed decision-making (Abbasimehr et al., 2023; Aglarct and Bal, 2024; Niu
et al.,, 2020; Yuan and Tang, 2025). The following equations illustrate the operational
mechanisms of logistic regression, decision tree, random forest, and XGBoost.

2.3.1 Logistic regression

Logistic regression is a statistical method used for binary classification problems, where
the goal is to predict the probability that a given input belongs to one of two classes.
This technique models the relationship between the independent variables and the
probability of the outcome using a logistic (sigmoid) function, which maps the input to
a value between 0 and 1. The model estimates the parameters through the maximum
likelihood estimation, allowing it to determine the most likely class label based on the
input features = = (x1, <2, ..., x,) belonging to class 1 represented in Equation 1.

1
1+exp(_</80+ﬁ1561 +/32$2+"'+ﬁpxp>>'

ply=1]2)= (1)

The log-odds (or logit) is given in equation (2), where a common decision rule is to
classify an instance as class 1 if p(y =1 | z) > 0.5.

iy = 1
log (M) = Bo + Pra1 + Poxa + -+ + Bpap. 2
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2.3.2 Decision tree

A decision tree is a supervised learning algorithm used for classification and regression
tasks, where data are split into subsets based on specific characteristics, forming a
tree-like structure. Each internal node represents a decision based on a feature, each
branch represents the outcome of that decision, and each leaf node represents a final
class label or output value. The model recursively partitions the data to maximise the
homogeneity of the resulting subsets, making it interpretable and practical for capturing
nonlinear relationships. Equation (3) explains the prediction function for a decision tree.

M
§=Y cnl(z € Ry) (3)
m=1

where

e {Ry,Rs,..., Ry} are the regions defined by the tree’s splits
e ¢, is the constant prediction (e.g., the mean response) in region R,,

e I(-) is the indicator function.

For classification, a standard formulation is illustrated in equation (4), where p,, is
typically the proportion of training samples in region R,, that belong to class 1.

ply=1]2)= > pnl(z € Ry) )

1=

2.3.3 Random forest

Random forest is an ensemble learning method that constructs multiple decision trees
during training and outputs the mode of their predictions for classification tasks or the
mean prediction for regression tasks. Each tree is built using a random subset of the data
(bootstrap sample) and a random subset of features at each split, reducing overfitting
and increasing model robustness. A random forest aggregates the predictions of multiple
decision trees. For regression, equation (5) describes that the prediction is the average
of the predictions from B trees, where T}(x) is the prediction from the b tree.

o]

1 B
j=—=Y Ty (5)
b=1

In many cases, the forest computes the average probability, and the final class is
determined by thresholding or majority vote as explained in equation (6).

B
By=112)= 5> 1) ©)
b=1
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2.3.4 XGBoost

Extreme gradient boosting (XGBoost) is an advanced ensemble learning algorithm that
builds decision trees sequentially, where each subsequent tree corrects the errors of
the previous ones by minimising a regularised objective function. It employs gradient
boosting with enhancements such as handling missing data, optimising split points, and
incorporating L1/L2 regularisation to improve accuracy and reduce overfitting. Known
for its efficiency, scalability, and high performance, XGBoost is widely used in machine
learning competitions and real-world applications for classification and regression tasks.
XGBoost builds an ensemble of trees in an additive manner. For an instance x;, the
prediction is represented in equation (7), where JF is the space of regression trees and
K is the number of boosting rounds.

K

gi=> fu(wi), fx €F ()

k=1
The objective function minimised during training is described in equation (8).

K

L() = Ui i) + Q) ®)

=1 k=1

XGBoost incorporates regularisation to control the complexity of the model and prevent
overfitting, ensuring better generalisation on unseen data. This is achieved by adding a
penalty term to the objective function, discouraging overly complex trees. Equation (9)
illustrates a typical regularisation term.

) = AT+ S\ ©)

where

e T is the number of leaves in the tree
e w 1is the vector of leaf scores

e v and ) are regularisation parameters.

For binary classification, the score g; is converted to a probability using the sigmoid
function as illustrated in equation (10).

1

1+ exp(—gi> 1o

ply=1]|z)=

2.3.5 Two-class boosted decision tree

TBDT is an ensemble learning method that combines multiple weak decision trees to
improve predictive accuracy for binary classification tasks. Each tree is sequentially
trained to correct the errors made by the previous ones, with a focus on misclassified
instances, using a boosting algorithm such as AdaBoost or gradient boosting. By
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aggregating the predictions of these trees, the model achieves higher performance and
robustness compared to individual trees, effectively capturing complex patterns in the
data while maintaining interpretability (An et al., 2021; Hassan and Saeed, 2023;
Rios Canales, 2016). Equation (11) shows the predicted score for an input x is given
by:

M
r) = Z FYmhm () (11
m=1

where

e M is the total number of decision trees
e () is the prediction of the m™ weak decision tree

e v, is the weight (learning rate-adjusted contribution) of tree h,,.

To convert this score into a probability for class y € {0, 1}, the sigmoid transformation
is applied in equation (12).

Ply=1]2) = —— (12)

l1+eFle

Equation (13) presents that the loss function typically used in binary classification with
boosting is the log loss, where N is the number of training examples.

N
== [yilog P(yilz:) + (1 — yi) log(1 — P(yi|z:))] (13)
=1

This technique is widely used in applications requiring binary classification, such as
spam detection, customer churn prediction, fraud detection, and medical diagnoses
where decisions are typically binary (e.g., disease/no disease). It combines multiple
decision trees through boosting, an ensemble learning method. The algorithm starts
with a single base decision tree to make initial predictions. These predictions are used
to evaluate the accuracy and identify instances in which the models predictions were
incorrect. In subsequent iterations, new decision trees are created, each focusing on
correcting the errors made by the previous trees in the ensemble. Each tree is trained on
the dataset, with increased emphasis on the instances that were misclassified by previous
trees.

After each tree is added, the algorithm adjusts the weights of the instances based on
the accuracy of the prediction. Misclassified instances are given higher weights, making
them more likely to be correctly predicted in the next round. The process continues
until a predetermined number of trees have been added or no further improvements
can be made to predict accuracy. By aggregating the predictions of multiple trees, the
TBDT model often achieves higher accuracy than individual decision trees. This model
can handle various data types without extensive pre-processing, including numerical and
categorical variables. In addition, it is less prone to overfitting than individual decision
trees, especially when the number of trees is correctly tuned.
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3 Methodology

This research used a mixed methods approach to analyse the debt status of households
in the Kut Bak district, focusing on the relationship between economic capital and
debt. The study combined quantitative data analysis using TBDT to provide a holistic
understanding of the factors influencing household debt.

3.1 Data collection

The study concentrated on a selected sample of 301 households in Kut Bak district, a
region characterised by its unique socio-economic dynamics. To gather comprehensive
data, researchers employed a structured questionnaire designed to delve into a broad
spectrum of economic attributes. The dataset comprises a total of 30 columns. Among
these, 14 columns provide detailed information about individuals’ agricultural and
work-related equipment or vehicles. This includes tractors, farming tools, and other
machinery crucial for their vocational activities. The remaining 16 columns focus
extensively on financial aspects, encompassing variables such as available cash, bank
deposits, and additional financial assistance sources. These financial columns offer a
comprehensive overview of the individual’s economic status and resources. The primary
focus of this research is encapsulated in one key column labelled ‘in debt’, which
categorises respondents based on their debt status with a simple ‘yes’ or ‘no’ response.
This column serves as the target variable for the study. The aim is to analyse and
understand how the various equipment, vehicle ownership, and diverse financial metrics
correlate with and potentially influence an individual’s likelihood of debt.

3.2 Ethical considerations

Data was gathered through field surveys and interviews, conducted by a team trained
in data collection techniques, ethical practices, and ensuring consistency and reliability
in their approach. These team members, fully briefed on the study’s goals, personally
visited each participant, carefully observing their living environments to collect detailed
information. The research strictly adhered to ethical standards, having been granted
clearance by the ethics committee of Sakon Nakhon Rajabhat University (full board
review) under the approval number HE 65-099, which was valid from 31 August 2022
to 31 August 2023. Throughout the interview process, it was paramount to maintaining
the participants’ confidentiality and being sensitive to their situations.

3.3 Data preparation

We first addressed missing data by evaluating the nature of the missingness and
applying appropriate techniques such as imputation for continuous variables and mode
substitution for categorical variables, ensuring no loss of vital information (Kalita et al.,
2024). Continuous variables were normalised to ensure they were on a similar scale,
facilitating better model convergence. In preparing the dataset, we addressed missing
values using imputation methods suited to variable type, aiming to minimise potential
bias in the analysis. For numerical variables, mean or median imputation was applied
based on the variable’s distribution, ensuring that the central tendency of the data
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was preserved without significantly altering its variability. We used mode imputation
for categorical variables, replacing missing values with the most frequently occurring
category to maintain category representation and mitigate the risk of introducing bias.

Figure 2 The dataset after the preparation phase (see online version for colours)

In addition, we have attached a comprehensive list of all variables used in this study,
detailing the meaning and relevance of each variable to the analysis of houschold
debt. This list includes variables related to financial status, asset ownership, and
socio-economic factors, which are critical in understanding debt dynamics in rural
households. By providing this appendix, we aim to enhance the transparency and
interpretability of our model and findings. In this study, we employed the TBDT model,
selected for its proven strengths in managing complex, nonlinear relationships and
effectively handling imbalanced class distributions. These features make it particularly
well-suited to the socio-economic dataset under analysis. The model’s ensemble learning
approach iteratively refines predictions, enabling it to uncover intricate patterns and
interactions among variables, which are critical for a comprehensive understanding of
household debt dynamics.

To broaden the perspective, we intend to compare the performance of the TBDT
model against other widely used classification algorithms, including logistic regression,
support vector machines, and random forests. This comparative analysis will assess key
performance metrics such as accuracy, precision, recall, and Fl-score to contextualise
the results and highlight the model’s relative effectiveness. The study used Microsoft
Machine Learning Studio on a personal computer with a Core i5-13400F processor
operating at 2.50 GHz and 16 GB of RAM. Providing this information ensures
transparency regarding the computational resources utilised, which is essential for
reproducibility and evaluating the scalability of the methodology. Figure 2 depicts the
dataset in its prepared state, ready for training.
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3.4 Model training

Following the comprehensive data preparation process, the model training phase is
critical in applying the TBDT algorithm to analyse household debt status in Kut Bak
district. The dataset contains 301 entries, each with 30 unique attributes. These entries
are divided into two categories based on their debt status: ‘yes’ signifies individuals in
debt, while ‘no’ indicates individuals not in debt. In this case, the TBDT algorithm is
selected from the available machine learning models list. This algorithm is chosen for its
ability to handle binary classification tasks, such as distinguishing between households
in debt (yes) and those not (no). The dataset was first split into training and test
sets, typically following a 70:30 ratio. The training set was then used for parameter
optimisation of the TBDT model to enhance predictive accuracy. The test set remained
separate and was only used to evaluate the final model’s performance, preventing any
overfitting from exposure to test data during the training phase.

3.5 Model evaluation

Once training is complete, the model performance is evaluated using evaluation metrics
(Dalianis, 2018). Key metrics such as accuracy, precision, recall, and the area under
the ROC curve are examined to assess how well the model can predict the status
of household debt. Based on the performance metrics, the model parameters may
be adjusted and the model re-trained to further enhance its predictive accuracy.
This iterative process continues until the desired performance level is achieved. The
best-performing model configuration is selected as the final model. This model embodies
the optimal balance between accuracy and generalisability to predict the status of
household debt in the Kut Bak district. In addition, the effectiveness of the TBDT
model will be evaluated by comparing its performance with other competitive models,
including logistic regression, decision tree, random forest, and XGBoost, to determine
its efficiency in predicting household debt status. This comparative analysis ensures that
the TBDT model is assessed against widely used classification techniques, highlighting
its strengths and limitations in capturing complex socio-economic patterns influencing
household indebtedness.

3.6 Data analysis

The model’s findings are explored to uncover patterns and relationships within the data.
This involves examining the rules and conditions under which households are classified
as being in debt. Such analysis might reveal, for example, that households owning
certain types of agricultural machinery are more likely to be in debt, or that those with
specific banking habits have a lower incidence of debt. The analysis generates insights
into the socio-economic dynamics influencing debt status in Kut Bak district. These
insights lead to the formulation of hypotheses regarding the causative factors of debt,
which can be tested in future research or used to inform policy-making and intervention
strategies. The findings from the data analysis phase are visualised using charts, graphs,
and tables to effectively communicate the relationships and patterns identified. Figure 3
illustrates the data mining process, encompassing the stages from data splitting through
to model evaluation and utilising the TBDT algorithm. This process includes dividing
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the dataset into two portions: 70% for training and 30% for testing. The trained model
was then applied to the remaining 30% of the data, designated as the testing set,
to generate performance scores. The evaluation phase followed, where the predictive
accuracy and effectiveness of the model were systematically assessed.

Figure 3 The data mining process using the TBDT algorithm (see online version for colours)

4 Results and discussion

Figure 4 represents the evaluation of the model’s performance, presenting metrics such
as accuracy, precision, recall, Fl-score, and AUC. The metrics indicate the model’s
effectiveness in classifying households within Kut Bak district into ‘in debt = yes’ and
‘in debt = no’ categories, based on the TBDT algorithm. The key performance indicators
are detailed as follows:

1 Accuracy (0.922): This metric, standing at 92.2%, signifies the model’s overall
correctness in identifying both ‘in debt = yes’ and ‘in debt = no’ statuses across
all predictions. It highlights the model’s strong generalisation ability, indicating
that it can correctly predict the debt status of households in most cases.
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2 Precision (0.975): The precision rate of 97.5% reflects the model’s reliability in
predicting households that are in debt. This high precision indicates that when the
model predicts a household is in debt, it is correct 97.5% of the time, showcasing
a high level of trustworthiness in its positive classifications.

3 Recall (0.867): With a recall rate of 86.7%, this metric shows the model’s
capacity to identify all relevant instances of households in debt. It implies that the
model successfully captures most of the ‘in debt’ cases, although there is a margin
for missing some cases.

4  Fl-score (0.918): The Fl-score, combining precision and recall in a single
measure, stands at 91.8%. This score is particularly useful when an equilibrium
between precision and recall is essential. It suggests the model maintains an
excellent balance between accurately predicting ‘in debt’ households and
minimising false positives.

5 AUC (0.948): An AUC of 94.8% indicates an excellent model performance
distinguishing between the ‘in debt = yes’ and ‘in debt = no’ classes. This high
value suggests that the model has a high probability of ranking a randomly chosen
‘in debt = yes’ instance more highly than an ‘in debt = no’ instance.

Figure 4 The overall performance metrics of the model (see online version for colours)
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These validation metrics demonstrate the robust predictive power and practical
applicability of the model in identifying and understanding the debt status among
households in the Kut Bak district. The high accuracy and precision indicate a reliable
model for stakeholders to derive insights into the community’s financial health. While
slightly lower than precision, the substantial recall rate still ensures that a significant
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proportion of indebted households are correctly identified, offering a solid basis for
targeted interventions. Furthermore, the exceptional AUC value reinforces the model’s
discriminative capacity, highlighting its utility in nuanced scenarios where the distinction
between varying degrees of financial stability is crucial. This becomes particularly
relevant in socio-economic research and policy-making, where identifying households at
risk of financial distress is crucial.

4.1 Comparison of classification model performance

To assess the effectiveness of the TBDT model in analysing the status of household
debt, its performance must be compared with other competitive models. This study
evaluates TBDT alongside XGBoost, random forest, logistic regression, and a standard
decision tree to determine its efficiency. The implementation is carried out using Python
in Google Colab, incorporating a data split of 70:30 for training and testing, along
with a confusion matrix analysis for performance validation. The results demonstrate
the efficiency of the two-class enhanced decision tree, providing insight into its
classification capabilities. Figure 5 illustrates a comparative analysis of the classification
model results, highlighting the performance differences between metrics.

e The accuracy of the models varies significantly, with XGBoost achieving the
highest accuracy at 0.93, followed closely by TBDT and random forest, both at
0.92. These results indicate that these three models demonstrate strong reliability
in making general predictions. However, the decision tree model achieves an
accuracy of 0.89, placing it in the middle range of performance. Logistic
regression performs the lowest, with an accuracy of only 0.77, suggesting that it
faces challenges in correctly classifying household debt status compared to the
other models.

o  The precision of the models varies significantly, with XGBoost achieving the
highest precision at 0.99, followed closely by TBDT and random forest, both at
0.98. These models exhibit exceptional performance by minimising false positives,
ensuring that non-debt households are rarely misclassified as debt-ridden. The
decision tree also performs well, with a precision of 0.88. On the other hand,
logistic regression demonstrates the lowest precision at 0.77, indicating a higher
tendency to incorrectly classify non-debt households as struggling with debt.

e Recall is highest for the decision tree and XGBoost (0.88), followed closely by
TBDT (0.87) and random forest (0.86). These models effectively identify many
debt-ridden households, making them reliable for scenarios where missing a
positive case is costly. In contrast, logistic regression performs the lowest with a
recall of 0.77, implying it is more likely to overlook actual debt-ridden
households.

e The Fl-score, which balances precision and recall, is particularly valuable when
minimising false positives and false negatives is critical. Among the models
evaluated, XGBoost (0.93), TBDT (0.92), and random forest (0.92) demonstrate
the best performance in achieving this balance. These models excel in accurate
classification while effectively controlling errors, making them highly reliable
choices. Additionally, the decision tree model achieves an F1-score of 0.88,
indicating strong performance, though it falls slightly behind the top-performing
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models. In contrast, logistic regression, with a lower F1-score of 0.77, struggles to
maintain an optimal balance between precision and recall.

o  XGBoost, with an AUC of 0.96, exhibits the highest capability in distinguishing
between debt-ridden and non-debt households, establishing itself as the most
effective classification model. It is followed closely by TBDT (0.95) and random
forest (0.94), demonstrating strong performance in classification tasks. In contrast,
logistic regression, with a lower AUC of 0.84, shows the weakest ability to
separate the two groups, making it less reliable for accurately classifying
debt-ridden versus non-debt households. The decision tree performs moderately
with an AUC of 0.88 but still falls short compared to ensemble methods like
XGBoost and random forest.

The comparative results show that XGBoost outperforms all other models, achieving
the highest rank across all performance metrics. Its accuracy of 0.93 demonstrates
superior predictive ability, ensuring many correct classifications. Its precision of
0.99 suggests that it effectively minimises false positives, which is crucial when
misidentifying households struggling with debt could have profound implications.
Additionally, XGBoost maintains a strong recall of 0.88, successfully identifying many
debt-ridden households. The Fl-score of 0.93 reflects a well-balanced performance
between precision and recall, making it a highly reliable model. Furthermore, its AUC of
0.96 indicates an excellent ability to differentiate between debt and non-debt households,
reinforcing its robustness.

Figure 5 Performance comparison of different models (see online version for colours)
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The TBDT follows closely behind XGBoost in overall ranking. With an accuracy of
0.92, it performs nearly as well as XGBoost in terms of correct classifications. Its
precision of 0.98 means it also makes very few false positive errors. However, its recall
is slightly lower at 0.87, indicating that it may miss some actual cases of debt-ridden
households compared to models with higher recall. The F1-score of 0.92 ensures a good
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balance, making it a strong alternative to XGBoost. Its AUC of 0.95 also confirms that
it effectively distinguishes between the two classes. This model is a solid second choice,
especially in scenarios where interpretability and computational efficiency matter. The
random forest performs similarly to TBDT in accuracy and F1-score, at 0.92. However,
its recall is slightly lower at 0.86, which means it may miss a few more actual
debt-ridden households compared to XGBoost or TBDT. Its precision remains high at
0.98, ensuring that most positive classifications are correct. The AUC of 0.94 suggests
that it still has strong discrimination ability, though not as powerful as XGBoost. This
model remains a good choice for classification but does not surpass the two leading
models.

The decision tree model has an accuracy of 0.89, which is lower than TBDT but
still acceptable. Its precision and recall are 0.88, which shows balanced performance,
but does not excel in either category. The Fl-score follows the same trend at 0.88,
maintaining consistency. With an AUC of 0.88, it is evident that while this model
performs decently, it lacks the refined learning power of boosted models. The decision
tree tends to be more interpretable than the ensemble models. Nevertheless, the trade-off
between simplicity and predictive power suggests that TBDT would be preferable.
Logistic regression ranks the lowest for all performance metrics, with an accuracy of
0.77, significantly lower than the other models. Its precision, recall, and F1-score are
all 0.77, indicating it struggles to make the correct classifications. The AUC of 0.84
suggests it has difficulty distinguishing between the two classes, making it the weakest
performer. Given its lower complexity, logistic regression might still be helpful in cases
where a simple and interpretable model is needed, but it does not perform well for this
particular problem.

The results confirm the hypothesis that TBDT demonstrates excellent performance
across all critical metrics, except recall, where its performance is nearly equivalent
to that of the traditional decision tree. Notably, the model achieves higher accuracy,
precision, Fl-score, and AUC compared to other methods, establishing its efficiency and
suitability for classification tasks within this context. Furthermore, the findings highlight
the superior performance of ensemble-based decision tree methods, such as random
forest and XGBoost, over traditional classification approaches like logistic regression
and standalone decision trees. This underscores the advantages of ensemble techniques
in capturing complex patterns and relationships within the dataset. Collectively, these
results validate TBDT as a robust and reliable model for analysing household debt status
in Kut Bak district (An et al., 2021; Rios Canales, 2016).

4.2 Decision rules from the TBDT model

Figure 6 illustrates a series of five TBDT models, each developed to analyse and predict
the debt status of households within Kut Bak district. Model 4 has been selected for a
detailed discussion due to its exemplary performance in identifying the nuanced rules
that determine whether households are categorised as in debt or not in debt. The rules
extracted from model 4 offer crucial patterns and associations in understanding the
financial behaviours and conditions that lead to household debt. While the model has
generated many rules that dictate the debt status outcome, we will focus on a curated
selection of these rules to eclucidate and interpret their significance. This selective
approach highlights the most impactful and representative rules, providing a clear and
concise overview of the key factors contributing to or mitigating the likelihood of
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household debt within the community. For example, rules that involve variables such as
the value of community financial fund contributions, agricultural and cooperative bank
savings, state-sponsored financial assistance, and the ownership of essential assets such
as small tractors and lawn mowers have been particularly telling. These rules not only
reflect the economic resilience or vulnerability of households, but also paint a broader
picture of the socio-economic landscape of the Kut Bak district.

Figure 6 Examples of rules extracted from model 4 (see online version for colours)
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Model 4 reveals that a combination of rules leads to classifications of households,
with five rules indicating a status of not being in debt (in debt = no) and seven rules
suggesting a status of being in debt (in debt = yes), culminating in a total of 12
distinct outcomes. In this scenario, the rules presented in Table 1 are derived from
the TBDT model, which identifies splits in the data based on their ability to minimise
classification errors. Unlike association rule mining (Ledmi et al., 2023), which uses
metrics such as support and confidence to evaluate rule quality, TBDT prioritises
variables and thresholds that contribute to the overall model’s performance metrics, such
as accuracy, precision, recall, and Fl-score. The rules were selected to demonstrate
the model’s interpretability and practical application in analysing household debt status.
Table 1 elaborates on examples of rules from Model 4, providing the rules and their
corresponding descriptions.

Table 1 provides a selection of representative rules extracted from model 4,
emphasising complex and impactful interactions among variables. Although Figure 6



176

P. Jarupunphol et al.

illustrates the tree structure with more straightforward rules, the rules in Table 1
incorporate multiple variable thresholds, offering more profound insight into the
relationships identified by the model. The redundancy observed in some rules highlights
the complexity of real-world data and the prioritisation of more predictive conditions
by machine learning models. For example, the cooperative deposit value appears
to be a less significant variable compared to the community financial fund and
agricultural/cooperative bank savings. As a result, the cooperative deposit value

variations do not affect the predicted outcome, as the model relies primarily on the more

influential variables to drive its predictions.

Table 1

Examples of rules and descriptions from model 4

No.

Rules

Description

1

If (community financial fund value <=
1,500) = true, (agricultural and
cooperative bank savings value <=
4,500) = false, (cooperative deposit value
<= 10) = true, then in dept = no

If (community financial fund value <=
1,500) = true, (agricultural and
cooperative bank savings value <=
4,500) = true, (state-sponsored financial
assistance value <= 500) = false, then in
dept = no

If (community financial fund value <=
1,500) = true, (agricultural and
cooperative bank savings value <=
4,500) = true, (state-sponsored financial
assistance value <= 500) = true, (small
tractor <= 0.5) = true, (lawn mower <=
0.5) = false, then in dept = no

If (community financial fund value <=
1,500) = true, (agricultural and
cooperative bank savings value <=
4,500) = true, (state-sponsored financial
assistance value <= 500) = true, (small
tractor <= 0.5) = true, (lawn mower <=
0.5) = true, (cash total <= 50) = true,
then in dept = yes

This rule reflects that households with a
strong financial foundation, as
demonstrated by their savings levels, are
less likely to be indebted, even if they
have small investments or deposits in
community or cooperative schemes.

The rule highlights an interesting insight
from the data: households that may not
have high values in community or
cooperative savings but receive a
considerable amount of state-sponsored
financial assistance are predicted to be
financially stable enough to not be in
debt. This suggests that government
assistance plays a critical role in
supporting household financial health,
potentially offsetting limited personal
savings or investments.

This rule underscores a nuanced view of
household financial health, suggesting that
not being in debt is associated with a
careful balance of savings, receipt of
financial assistance, and practical asset
management. Households that maintain
moderate savings, receive some level of
government assistance, and make selective
decisions about the assets they own are
seen as less likely to be in debt.

This rule provides critical insight into
how a confluence of financial constraints
and minimal asset ownership correlates
with a higher likelihood of being in debt.
It underscores the importance of one or
two financial indicators and a broader
assessment of a household’s financial
health, including liquid assets and tangible
property, in understanding debt dynamics.
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Given these results, future work could explore the refinement of the model to improve
recall without significantly compromising precision. This could involve additional
feature engineering, experimenting with different model parameters, or incorporating
more nuanced socio-economic variables. Additionally, the insights derived from this
model can inform targeted financial literacy programs, debt relief initiatives, and
economic development policies tailored to the specific needs and characteristics of the
Kut Bak district, ultimately contributing to a more nuanced understanding and mitigation
of household debt challenges.

5 Conclusions

In conclusion, this research has comprehensively analysed household debt status in
the Kut Bak district, employing the sophisticated TBDT model within Microsoft
Machine Learning Studio. The study examined a dataset comprising 302 households
characterised by 30 distinct attributes, aiming to identify patterns and determinants
influencing the likelihood of household indebtedness. The TBDT model was compared
against logistic regression, decision tree, random forest, and XGBoost to assess
its predictive performance. The validation phase demonstrated that TBDT achieved
high accuracy (0.922), precision (0.975), recall (0.867), Fl-score (0.918), and AUC
(0.948), outperforming logistic regression, decision tree, and random forest, while
closely competing with XGBoost (An et al., 2021; Hassan and Saeed, 2023). These
performance metrics validate the efficacy of TBDT as a robust machine learning
approach, reinforcing its potential for predictive analytics in socio-economic research.

In this study, the model automatically selected variable thresholds and the order
of processed variables within each decision tree in the boosted ensemble, rather
than relying on predefined ones. This adaptive approach enabled each tree to refine
predictions iteratively, improving accuracy and robustness. The decision trees within
the TBDT ensemble, particularly Model 4, contributed unique corrective adjustments,
leading to improved classification accuracy. Despite minor variations in rule sets, this
boosting methodology ensured consistency and a holistic understanding of household
debt factors.

The analysis revealed strong relationships between household financial
characteristics, asset ownership, and debt status. Factors such as contributions
to community financial funds, savings in agricultural and cooperative banks,
state-sponsored financial assistance, and ownership of productive assets (e.g.,
small tractors and lawnmowers) significantly influenced household debt likelihood.
Specifically, the model’s decision rules suggested that households with greater
financial stability — characterised by higher savings, financial aid, and prudent asset
management — were less likely to be in debt. The findings provide valuable insights into
socio-economic determinants of household debt in rural Thailand, offering a data-driven
foundation for policymaking, financial planning, and targeted interventions (Evans
and Gregson, 2023; Shah et al., 2021; Yalley et al., 2021). The study underscores
the importance of comprehensive financial support systems, including state-sponsored
assistance and community financial initiatives, to strengthen household financial
resilience.

Future research could expand on this work by incorporating additional
socio-economic variables, leveraging longitudinal data to track debt trends over time,
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and applying the model to diverse regional contexts to validate its generalisability
(Xie et al., 2024). Furthermore, further exploration of external economic factors such
as market dynamics and policy shifts could refine insights into household debt risks.
Ultimately, this study not only enhances our understanding of household debt dynamics
in the Kut Bak district but also demonstrates the power of advanced machine learning
models in uncovering complex socio-economic patterns, providing a roadmap for future
research and policy development in financial stability and debt mitigation.
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