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Abstract: Poverty elimination is an essential and unavoidable step in human development.
Predicting poverty is the first crucial step in addressing this issue, especially in developing countries
where it remains a significant concern. The main objectives of this paper are: (i) to explore and
analyze the multidimensional poverty data in Pattani province, and (ii) to apply feature selection
techniques (Chi-Square, Mutual Information, and Gini Index) to enhance the prediction process.
These techniques help in reducing irrelevant and redundant features, leading to more efficient
models and better insights. This paper presents the development of a predictive model aimed at
classifying poverty and providing actionable recommendations for policymakers. Machine learning
models, including Decision Tree (DT), Random Forest (RF), and Support Vector Machine (SVM),
were employed to assess the impact of feature selection methods on model performance. The
effectiveness of each model was evaluated through various metrics, including accuracy. The
experimental results show that the success of these models in predicting poverty, with DT, RF, and
SVM obtaining 93%, 95%, 94% of accuracy, respectively. The findings underline the importance of
feature selection in enhancing the effectiveness of machine learning models.

Keywords: Multidimensional poverty, feature selection, machine learning

1. Introduction

Poverty is a multidimensional issue that extends beyond mere income levels, encompassing
various aspects of human deprivation, such as access to education, healthcare, and living standards.
The Oxford Poverty and Human Development Initiative (OPHI) introduce the Multidimensional
Poverty Index (MPI) [1], launched a new approach for assessing a critical poverty in developing
nations. This index offers a more comprehensive measurement by examining multiple dimensions of
deprivation, providing a deeper understanding of poverty beyond income levels alone. This issue
stems from the interplay of various political, social, and economic factors that intensify the
deprivation experienced by impoverished populations. These complex dynamics collectively
contribute to worsening poverty and inequality. Addressing poverty, therefore, requires a holistic
approach that considers multiple dimensions beyond income, such as health, education, and living
standards. The World Bank’s report on poverty and inequality highlights the ongoing struggle to
reduce global poverty, emphasizing that despite numerous efforts, achieving the aim of decreasing
poverty rate to below 3% by 2030 is becoming increasingly difficult, especially with global crises
impacting economic progress [2]. Achieving this target will be nearly impossible without immediate,
bold, and large-scale political interventions that address the underlying factors and accelerate
progress towards poverty reduction on a global scale [2]. Over the years, the issue of poverty
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eradication has evolved into a major international concern, garnering significant attention from
governments, organizations, and institutions around the world. This focus has intensified,
particularly following the introduction of the Sustainable Development Goals (SDGs) [3], which have
set a comprehensive global framework aimed at eliminating poverty in all its forms by addressing its
root causes and promoting sustainable development across nations. The SDGs have further solidified
poverty eradication as one of the key objectives for ensuring a more equitable and prosperous future
for all.

Despite various initiatives aimed at poverty alleviation, a significant portion of the population
in one of Thailand's southernmost provinces, Pattani, continues to live below the national poverty
line, exemplifying the ongoing challenges of multidimensional poverty in the region. The province's
socio-economic landscape is further complicated by political instability and economic inequality.
Accurate poverty identification and classification are crucial for effective policymaking and resource
allocation. Traditional unidimensional measures, which rely solely on income [4], have proven
insufficient in capturing the full spectrum of poverty in Pattani.

Machine learning and data-driven approaches offer promising alternatives for poverty
classification and prediction [5]. By leveraging multidimensional data, these techniques can provide
more accurate and actionable insights into the factors driving poverty. Feature selection is essential
as it identifies the most significant variables from a potentially vast and intricate dataset. By
effectively selecting key features, the performance of predictive models can be significantly
improved, while also enhancing their interpretability. This, in turn, makes the models more
actionable and valuable for policymakers, as they are easier to understand and apply to decision-
making processes.

The multidimensional poverty classification analysis in Pattani province, Thailand, aiming to
identify the most relevant features influencing poverty levels, is focused on three widely used feature
selection techniques: (i) Chi-Square [6], (ii) Mutual Information [7], and (iii)Gini Index [8,9]. Each
method has its strengths and weaknesses in handling different types of data and capturing various
relationships between variables. By applying these techniques to the multidimensional poverty data
from Pattani province, this research aims to identify the key features that influence poverty levels,
and to develop robust predictive models for poverty classification.

The structure of the paper is organized as follows: Section 2 presents the related work in relation
to feature selection techniques and machine learning models. Section 3 describes the materials and
methods used. Section 4 presents the results and Section 5 discusses the results obtained for the
methods used. Finally, Section 6 provides the concluding remarks

2. Literature Review

In this section, we examine the significance of machine learning models and feature selection
techniques in the context of multi-dimensional poverty classification. Feature selection techniques
are crucial for reducing data dimensionality, improving the performance of models, and enhancing
interpretability. By focusing on the most relevant features, these techniques help refine the analysis
of complex socio-economic datasets.

The use of machine learning models, including Decision Trees, Random Forests, and Support
Vector Machines (SVM), has proven highly effective in poverty classification tasks. These models
have the capability to manage both linear and non-linear relationships between variables, making
them well-suited for multi-dimensional poverty analysis. Decision Trees are known for their
simplicity and interpretability [10], while Random Forests, as an ensemble method, reduce the risk
of overfitting and improve classification performance [11]. SVMs are especially effective for
managing high-dimensional data and detecting intricate relationships within poverty indicators [12].

In multi-dimensional poverty classification, feature selection techniques are essential for
identifying the most relevant factors. Techniques such as Chi-Square, Mutual Information, and the
Gini Index have been widely used in poverty studies to improve model performance. The Chi-Square
test facilitates the identification of the most significant categorical characters in a dataset [13]. Mutual
Information measures the dependency between variables and captures both linear and non-linear
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relationships, making it particularly useful in multi-dimensional poverty studies [14]. The Gini Index,
often used in Random Forests, ranks feature importance according to their impact on reducing
impurity in the model [15].

Together, these machine learning models and feature selection methods provide powerful tools
for categorizing and analyzing multi-dimensional poverty, facilitating more accurate predictions and
insights for targeted poverty alleviation interventions. The following subsections outline widely used
feature selection techniques and their application in multi-dimensional poverty studies.

2.1. Feature Selection Techniques

2.1.1. Chi-Square

The Chi-square (x?) test is a statistical technique utilized to evaluate the relationship between
variables of categorical to determine if they are independent of each other. In feature selection, it is
applied to identify which features show a significant connection with the target variable. In poverty
studies, this method is particularly useful for identifying important binary variables, such as whether
a household has access to clean drinking water or electricity [13].

In a study by Zhao et al. [16], Chi-square feature selection was applied to classify households'
poverty levels in rural China. The analysis found that factors like literacy rates and access to
healthcare had significant associations with poverty outcomes.

2.1.2. Mutual Information

Mutual Information (MI) evaluates the dependence between two variables. Mutual Information
is especially valuable in multi-dimensional poverty classification, as it detects complex relationships
between poverty indicators and outcomes. It is a non-linear method that accounts for both linear and
non-linear associations, in contrast to Chi-square, which is confined to categorical data. [17].

For instance, a study by Ahmed et al. [14] used Mutual Information to analyze the dependency
between various socio-economic indicators and poverty status in Pakistan. They found that factors
such as healthcare accessibility, education, and employment were highly informative in determining
poverty.

2.1.3. Gini Index

The Gini Index, originally a measure of inequality, is often applied in decision tree-based
algorithms to assess feature importance. The Gini Index evaluates the "purity" of a split by measuring
the distribution of classes. Features that lead to more homogenous splits (i.e.,, with lower Gini
Impurity) are considered more important. This method is widely used in classification problems,
especially in Random Forest algorithms, where the Gini Index helps in ranking features based on
their contribution to reducing impurity [11]. In the context of multi-dimensional poverty
classification, Gini Index has been applied to rank the importance of variables such as household
income, access to sanitation, and educational attainment. A study by Liang et al. [15] demonstrated
that using Gini Index in a Random Forest model improved the accuracy of poverty classification in
rural India.

2.2. Machine Learning Models

2.2.1. Decision Tree

Decision Trees are simple yet powerful classification algorithms that split data into subgroups
based on certain decision rules. They work by recursively partitioning the dataset and making
decisions by focusing on the most important features [10]. Decision Trees have been extensively
applied in poverty analysis because of their clarity and capacity to manage both categorical and
continuous variables. A study by Jana et al. [18] applied Decision Tree models to a multi-dimensional
poverty dataset in India and found that variables like education level, access to healthcare, and
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household assets were the most critical factors for classifying poverty. The Decision Tree model
achieved an accuracy rate of 75% in classifying households into different poverty categories.

2.2.2. Random Forest

Random Forest is an ensemble learning method that builds multiple Decision Trees and
aggregates their results to improve classification accuracy. Unlike Decision Trees, Random Forest
mitigates the risk of overfitting by combining the predictions from multiple trees, thus improving
generalization [11]. For instance, Kalu et al. [19] applied Random Forest models to classify poverty
levels in Nigeria, using variables like household income, access to clean water, and healthcare
services. The Random Forest model achieved an accuracy rate of 85%, outperforming other models
such as Logistic Regression and Decision Trees. In a similar context, applying Random Forest to
Pattani's multi-dimensional poverty data could reveal critical variables and ensure more robust
poverty classification.

A study by Ahmed et al. [20] further emphasized the strengths of Random Forest in handling
imbalanced datasets, which is often a challenge in poverty classification. Their study demonstrated
that Random Forest performed well in distinguishing between different levels of poverty by giving
appropriate weights to underrepresented classes.

2.2.3. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning model used for classification tasks. It
works by finding a hyperplane that best separates data into different classes. SVM is particularly
useful when dealing with high-dimensional datasets, where it can capture non-linear relationships
between variables using kernel functions [12]. A study by Sultana et al. [21] utilized SVM to classify
households into poverty categories based on various socio-economic factors in Bangladesh. The SVM
model achieved higher accuracy compared to decision trees and logistic regression, notably when
utilizing a Radial Basis Function (RBF) kernel [22]. Another study by Sharma et al. [23] demonstrated
that SVM performed well in handling noise and outliers in poverty datasets, which is a common issue
in real-world data. The authors used a poverty dataset from rural Nepal and found that SVM with a
polynomial kernel achieved an accuracy rate of 80%, outperforming traditional models.

2.3. Comparative Analysis of Feature Selection Techniques and machine learning Models

Several studies have compared the effectiveness of different feature selection techniques in the
context of poverty classification. For example, Alsharif et al. [24] compared Chi-square, Mutual
Information, and Gini Index in a poverty classification model for Egyptian households. Their results
indicated that while all methods improved model performance, Mutual Information offered the best
balance between capturing non-linear relationships and reducing data dimensionality, while Gini
Index performed well in Decision Tree-based models. In another study, Nahakul [25] applied Chi-
square, Mutual Information, and Random Forest (using Gini Index) to a dataset of poverty indicators
from rural Nepal. They found that Chi-square was most effective for categorical variables, while
Mutual Information provided a more holistic understanding of both categorical and continuous data.
The Gini Index overtaken the other techniques regarding classification accuracy when combined with
tree-based algorithms.

Several studies have compared the effectiveness of Decision Trees, Random Forests, and SVM
classifiying poverty. A comparative study by Zhang et al. [26], identified that Random Forest (RF)
and Support Vector Machine (SVM) consistently outperformed decision trees in terms of accuracy
and generalization. The study applied these models to a multi-dimensional poverty dataset from
rural China and reported that Random Forest achieved an accuracy of 87%, while SVM reached 85%.
Decision trees, on the other hand, were found to be more interpretable but less accurate, with an
accuracy of 72%.

Similarly, Olken et al. [27] compared the three models on a poverty classification task in
Indonesia and found that Random Forest and SVM outperformed Decision Trees, particularly in
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handling non-linear relationships between variables. The study highlighted that while Decision Trees
were useful for understanding key poverty indicators, Random Forest and SVM provided better
overall classification accuracy.

In Random Forest models, feature importance is determined by measuring how much each
variable enhances to the model’s accuracy. For instance, in poverty classification studies, variables
like access to education, healthcare, and employment status often rank high in importance [15].
Similarly, SVM models can utilize techniques like Recursive Feature Elimination (RFE) to select the
most important features, improving model performance [15].

A study by Silva et al. [28] used RFE in conjunction with SVM to classify poverty levels in
Mozambique. The study found that variables such as household income, education, and access to
clean water were the most significant predictors of poverty. For Pattani, applying RFE with SVM
could help in identifying the key socio-economic factors that contribute to poverty.

3. Materials and Methods

This section provides a detailed description of the comprehensive methodological process
undertaken in this study. The entire process is visually represented and explained through Figure 1.
The proposed methodology consists of the following stages: (i) data source, (ii) data management,
(iii) feature selection, (iv) model development, and (v) model evaluating.

Data Source  j— Data Management  feesssss——) |  Features Selection

Machine Learning

1. Decision Tree (DT)

Model Development

2. Random Forest (RF)

3. Sunnort Vector Machine (SVM)

Figure 1. Methodological process study.

The first stage of this study involves using secondary data, which was provided by the Program
Management Unit on Area based development (PMUA) [29]. The second stage consists in managing
the obtained data to ensure completeness by extracting input features, which serve as independent
variables to represent the five categories of deprivation. In the third stage, feature selection is applied
using various descriptive statistics to obtain the important features, and to implement them in the
selected model. In the fourth stage, this study proposes the implementation of machine learning
models and related algorithms: (i) Decision tree, (ii) Random Forest, and (iii) Support Vector
Machine. Finally, the method concludes by evaluating the performances, selecting an appropriate
model to be predicted, and categorizing poverty into different classes.

3.1. Data Preparation

In the present study, obtained the data from the Program Management Unit on Area-Based
Development (PMUA), which was carried out by the National Higher Education Science Research
and Innovation Policy Council (NXPO) [29], were analyzed. The Community Development
Department (CDD) classified the households based on the village-accelerated development
framework, the analysis was focusing on those with an income below the average of 65,000 THB per
person per year, according to fundamental necessities criteria. The original dataset comprised 17,191
impoverished households and 86 variables, with the 12 districts of Pattani province (Khok Pho, Mae
Lan, Yaring, Saiburi, Panare, Nong Chik, Muang Pattani, Mayo, Mai Kaen, Kapho, Yarang, and Tung
Yang Daeng.). This study aims to view the concept of poverty through the lens of the Sustainable
Livelihood Approach, which integrates multiple dimensions of livelihood into the analysis.
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3.2. Data Management and Data Exploration

Data preprocessing tasks are often iterative and not necessarily conducted in a predefined order.
The preprocessing stage typically consists of two steps: data cleansing and data transformation. Data
cleansing involved handling missing data and ensuring data quality. Specifically, this study
originally utilized 56 variables across five dimensions (capita) as shown in Table 1.

The data exploration phase was carried out by representing the frequency and percentage
distributions for each capita category. During this process, missing values, anomalies, and
inconsistencies were identified in the dataset. To address these issues, a manual technique was
applied collaboration with the main office responsible for the dataset. This approach was applied to
both numerical and categorical datasets, ensuring that any missing, anomalous, or inconsistent data
were appropriately managed, thus improving the overall integrity and reliability of the dataset for
further analysis [30].

Nonetheless, the missing numerical data included one variable (age), while the missing
categorical data included six variables (sex, health status, Thai reading and writing skills, education
level, education status, and occupation status), which were addressed manually. Given the richness
of the dataset, preprocessing was necessary to eliminate variables that were not relevant to analyse
in order to produce a suitable dataset to which to apply feature selection techniques and identify the
most important variables for the analysis.

Table 1. The Multidimensional Poverty Variables are categorized into five types of capita.

Dimension Variables description

Human capita Member of Family, Status of HH, Highest Education, Health,

(13 variables) Occupation Status, State welfare, Write Thai, Read Thai, Study
level, not in agricultural income, Get job, Total State welfare,
Number of job skill.

Physical capita ~ House, Electricity, Alternative energy, Water source, Agricultural

(13 variables) land, Land problem(work), Road to home, Road to work, Comm.

Chanel, Chanel job-live, House condition, use digital tech, Get

benefit of digital

Economic capita

(15 variables)

Crop income, Livestock income, Fishery income, Household

income, Provincial income, Household expense, Provincial

expense, Agricultural, Agricultural income, Child’s income,

Expenditure, Savings, Saving Amout, Debt, Assets

Natural capita

(8 variables)

Disaster type.H, Disaster Freq.H, Disaster type.W, Disaster Freq. W,
Use natural live, Use natural work, House in disaster, Work in

disaster

Social capita

(7 variables)

Help Problem, Rules, Follow, Expert, Use Experience, Experience,

Participation

3.3. Feature Selection

Chi-square: The Chi-square method is utilized to analyze and evaluate the relationship between
categorical variables within a dataset. Specifically, the Chi-Square test is a statistical technique
employed to assess the independence between two categorical variables. It evaluates whether the
observed frequency distribution of the data differs from the expected distribution if the variables
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were independent. This method is particularly useful for feature selection in classification problems
involving categorical data [31]. The independent variables in the dataset used in this study consist of
56 variables, while the dependent variables consist of 3 variables (the poverty levels). These
dimensions represent five distinct forms of capital that each individual possesses, and feature
selection was applied to these dimensions to identify the most relevant variables, as illustrated in
Table 1. A total of 56 variables remains after applied each feature selection method.

Mutual Information: The Mutual Information (MI) quantifies the data gained regarding one
random variable through the influence of another random variable [32]. It quantifies the dependency
between variables and captures both linear and non-linear relationships. Mutual Information is
widely used for feature selection in both classification and regression problems.

Gini Index: The Gini Index is a measure of the impurity or purity of a node in a decision tree. It
reflects the likelihood of a randomly chosen element being incorrectly classified if it were labelled
according to the distribution of labels in the node. The Gini Index is commonly used in decision tree
algorithms to select features that best split the data into homogeneous subsets [33].

This process is applied using supervised machine learning algorithms and statistical analysis
methods. While Machine Learning algorithms include Random Forests (RF), Decision Trees (DT),
and Support Vector Machines (SVM), conventional statistical analysis are analyzed using
Multinomial Logistic Regression. The result of the appropriate model is then applied to the poverty
dimensions by verifying through model assessment and evaluation. This study also applies several
feature selections techniques such as Chi-square, Mutual Information (MI), and Gini Index, while
some other methods being applied are Cramer’s V-Test, and Principal Component Analysis (PCA)

3.4. Machine Learning Classification Techniques

Machine Learning (ML) relates to the development and application of models that are
generated from data. In other disciplines, this process is often termed predictive modeling or data
mining, but in this study, it will be referred to as machine learning. Normally, the objective is to
utilize existing data to develop models that can be employed to predict various outcomes for new
data. Machine learning is generally divided into three primary types of learning: (i) supervised
learning, (ii) unsupervised learning, and (iii) reinforcement learning. In general terms, classification
refers to supervised learning, and clustering to unsupervised learning.

Decision Tree (DT) is a structure similar to a flowchart used for decision-making and
classification tasks. In this structure, each internal node represents a test or decision on a specific
attribute or feature. The branches stemming from each node correspond to the possible outcomes or
results of that test, leading to further decisions. The leaf nodes, located at the ends of the branches,
represent the final classification outcomes or distributions, indicating the predicted class or value
based on the input data. This intuitive model is widely used for both classification and regression
tasks due to its simplicity and interpretability [34-36].

Random Forest (RF) The algorithm is a bootstrap aggregating ensemble classifier, which
combines the predictions of multiple models to improve overall performance. It operates efficiently,
processing data quickly, and is recognized for its relatively high accuracy compared to other
classification algorithms [37]. This method aids in minimize overfitting and increases the model’s
robustness by aggregating the results of several weaker models to make a more reliable final
prediction. Random Forests (RF), formally introduced as a bagging method to improve classification
accuracy, involve combining multiple models. By using a large number of decision trees, RF can
effectively overcome the problem of overfitting, the generalization error approaches a fixed value in
accordance with the strong law of large numbers. This method was first developed and introduced
by Leo Breiman [11], who aimed to enhance the reliability of classification models [15,16]. The RF
algorithm can provide a rank variable base on their importance. To assess the importance of a
proposed variable, the average impurity decrease across all trees in the forest is calculated for each
node in which the variable is included. The variable that results in the greatest reduction in impurity
will be considered the most significant. This process ensures a systematic evaluation of each variable's
contribution to the model's predictive accuracy [38].
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Support Vector Machine (SVM) is a machine learning technique grounded in statistical
learning theory. It identifies an optimal boundary or maximum-margin hyperplane to separate
samples from different categories within the training set's sample space. The separation principle
aims to maximize the margin [39], ultimately converting the problem into a convex quadratic
programming task for solution. SVM model represents data points in space, ensuring categories are
separated by a significant ga. As new instances are mapped, they are correctly classified based on
their position relative to the gap [40].

3.5. Model Evaluation

The selected Machine Learning models for this study are DT, RF, and SVM, which can have their
classification prediction represented as confusion matrix:

Confusion Matrix: shows the number of correct and incorrect classified instances of test data
from each class. The confusion matrix presented in Table 2 can be explained as follows:

Table 2. The Confusion matrix.

True Label
Prediction Label Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

True Positives (TP): The certain data have been classified as Positive and true data are also
Positive. True Negatives (TN): The certain data have been classified as Negative and actual data are
also Negative. False Positives (FP): The data are projected to be Positive but actual data are in
Negative False Negatives (FN): The data are projected to be Negative but actual data are in Positive.

Accuracy: A critical parameter in measuring the effectiveness of classification models is
accuracy, which reflects how often the model correctly predicts the target outcomes. Accuracy is
quantified as the fraction of correct predictions to the total the quantity of predictions generated by
the classifier. This metric is essential in determining the model's effectiveness in solving classification
tasks. It represents the proportion of correctly classified instances over total number of instances,
with the result then multiplied by 100 [30,19] and it can be described as:

(TP+TN)

Accuracy = (TP+FP)+(FN+TN)

*100 (1

Sensitivity (Recall or True positive rate): describes the proportion of actual positive values to
be predicted correctly out of the model. (describes the ratio actual positive cases that are suitably
predicted by the model). It is useful when false negatives dominate false positives. It is also called
Recall (REC) or True Positive Rate (TPR).

Specificity (True Negative Rate): It is computed as the ratio of correct negative predictions to
the total number of negatives, also known as the True Negative Rate (TNR).

Precision is a metric that explains how many of the predicted positive values are actually correct.

In other words, it accesses the ratio of true positives to the total number of positive predictions
generated by the model. This measure is essential in determining the reliability of the model,
particularly in scenarios where false positives are more concerning than false negatives [41]. High
precision indicates that the model provides more accurate positive predictions, making it useful in
cases where minimizing incorrect positive results is a priority.

F-score: In situations where two models exhibit either low precision and high recall or the
reverse, it becomes challenging to compare their performance effectively. To resolve this challenge,
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the F-score metric can be employed. The F-score, which represent the precision and recall are
combined using the harmonic mean, provide a comprehensive evaluation of the models. Through
the consideration of both precision and recall, enabling a more comprehensive comparison [42]. The
F-score represents the precision and recall are combined using the harmonic mean [42]. By calculating
F-score, it is possible to simultaneously evaluate both recall and precision, offering a more balanced
view of a model's performance.

4. Results

4.1. Data Distribution

The distribution of feature selection of five dimensions is shown in the Table 3 to 7. The first
dimension of distribution was Human Capita as shown in Table 3.

Table 3. The comparison of Human Capita.

Human Capita in feature selection methods

Chi-squared

Variables MI GI
Degree of Freedom  Test values p-values

Number of Family 4 75.56 <0.001 0.00 0.37
Status of HH 4 33.76 <0.001 0.00 0.37
Health 6 59550 <0.001 0.03 0.39
State welfare 10 1,311.89 <0.001 0.06 0.40
State welfare summary 6 1,031.35  <0.001 0.04 0.40
Read Thai 2 1,314.89  <0.001 0.06 0.40
Write Thai 2 1,162.24  <0.001 0.06 0.40
Highest Education 8 1,981.53  <0.001 0.09 0.42
Study level 8 17.80  0.023 0.00 0.37
Education Status 6 9.71 0.138 0.00 0.37
Occupation Status 2 3,636.44  <0.001 0.19 0.46
Number of jobs 4 399390 <0.001 0.02 0.38
Number of job skill 4 941.72  <0.001 0.04 0.39
No income in 4 <0.001

agricultural 26,665.31 1.28 0.90

Table 3 shows all the 14 independent variables across each of the feature selection methods, (Chi-
squared, Mutual Information (MI), and Gini Index (GI)). For instance, when applied with the Chi-
squared test, 13 out of the 14 variables were substantial, with a p-value below 0.001, except for
education status (0.138), which had a p-value greater than 0.005 indicating its insignificance and
potential for omission. In the case of the Mutual Information method, 10 out of the 14 variables were
significant. The MI values for variables such as Occupation Status (0.19) and Not Agricultural
Income (1.28) are relatively high, indicating that these features have strong relationships with the
target variable, and that are likely important for the classification task. On the other hand, variables
like Family Member (0.00) and Household Status (0.00) have low MI values, suggesting they do not
provide much information and may be less useful for the model. In contrast, when applying the Gini
Index Method, 14 variables were significant. The GI values for features such as Not Agricultural
Income (0.90), and Occupation Status (0.46) are relatively high, indicating that these features are
important for improving the accuracy of the classification model. They help to separate the data into
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distinct classes more effectively. On the other hand, features like Family Member (0.37)
and Household Status (0.37) have lower Gini Index values, suggesting that they are less significant
for reducing classification errors. The results of the feature selection methods applied to the Physical
Capita variable are shown in Table 4.

Table 4. The comparison of Physical Capita.

Physical Capita in feature selection methods

Variables Chi-square MI GI
Degree of Freedom Test values p-values

House 6 5,978.2 <0.001 0.07 0.89
Electricity 4 279.4 <0.001 0.01 0.89
Alternative energy 2 6.3 0.039  0.00 0.89
Water source 6 105.8 <0.001  0.00 0.89
Agricultural land 12 103.2 <0.001 0.00 0.89
Land problem(work) 2 19.1 <0.001  0.00 0.89
Road to home 6 134.5 <0.001 0.01 0.89
Road to work 4 50.0 <0.001  0.00 0.89
Comm. Chanel 12 296.9 <0.001 0.01 0.89
Chanel job-live 12 265.3 <0.001 0.01 0.89
House condition 4 863.9 <0.001 0.04 0.89
Use digital tech. 2 437.5 <0.001  0.02 0.89
Get benefit of digit 2 1,070.7 <0.001 0.05 0.89

Table 4 indicates that all the 13 independent variables were significant when evaluated using
the Chi-square and the Gini Index methods. In the Chi-square test, all variables had a p-value of less
than 0.001, except for "Alternative energy" with a p-value of 0.039, signifying strong statistical
significance for most variables. The Gini Index values were consistently high at 0.89, indicating that
all variables contributed substantially to model purity. Results from the Mutual Information (MI)
method show that eight variables met the criteria, with MI values greater than 0.001. Among
these, House (0.07), House condition (0.04), Get benefit of digit (0.05), and Use digital tech. (0.02)
stood out as the most informative variables based on MI values. However, some variables such
as Agricultural land, Water source, and Land problem (work) scored 0.00 in MI, suggesting they
have little relevance in non-linear relationships. The results of the feature selection methods applied
to the Economic Capita variable are presented in Table 5.

Table 5. The comparison of Economic Capita.

Economic Capita in feature selection methods

Chi-square
Variables MI GI
Degree of Freedom Test values p-values
Crop income 6 4,361.69 <0.001 0.17 0.66

Livestock income 4 28591 <0.001 0.01 0.59

Fishery income 6 12090 <0.001 0.01 0.59

Household income 6 5,479.97 <0.001 0.23 0.68
6 5,479.97 <0.001 0.23 0.68
6

2,971.11 <0.001 0.13 0.64

Provincial income

Household exp.
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Provincial exp 6 2,971.11 <0.001 0.13 0.64
Agriculture 8 3,335.48 <0.001 0.14 0.65
Agriculture income 6 4,706.88 <0.001 0.19 0.67
Child income 6 127.36  <0.001 0.01 0.59
Expense 6 2,807.44 <0.001 0.12 0.63
Saving 2 388.04 <0.001 0.02 0.59
Saving Value 6 402.84 <0.001 0.02 0.59
Debt 2 1,846.15 <0.001  0.09 0.60
Property 2 2,237.04 <0.001 0.11 0.62

Table 5 shows that all the 15 independent variables were significant across the different feature
selection methods. The Chi-square test was applied, and all variables had a p-value of less
than <0.001, indicating strong statistical significance. For the Mutual Information (MI) and Gini Index
(GI) methods, all the 15 variables passed the selection criteria with values greater than> 0.001. In
the Mutual Information method, the variables Household income (0.23), Provincial income (0.23),
and Agriculture income (0.19) had the highest MI values, showing they provided the most
information about the target variable. For the Gini Index, values ranged from (0.59) to (0.68),
with Household income and Provincial income having the highest GI values at 0.68, indicating their
strong contribution to reducing model impurity. Overall, these results suggest that all variables are
important for predicting economic capital outcomes. The application of these feature selection
methods reveals that income-related variables, particularly Household income, Provincial income,
and Agriculture income, are the most significant indicators of economic capital. The results of the
feature selection methods applied to Natural Capita are presented in Table 6.

Table 6. The comparison of Natural Capita.

Natural Capita in feature selection methods

Chi-square
Variables MI GI
Degree of Freedom Test values p-values
Disaster type.H 6 1,906.65 <0.001 0.07 0.79
Disaster Freq.H 79898 <0.001 0.03 0.78
Disaster type.W 576095 <0.001 012 0.81
Disaster Freq.W 2,885.12 <0.001 0.06 0.79

19.68 <0.001 0.00 0.80
57.73 <0.001 0.00 0.82
358.67 <0.001 0.01 0.78
3,930.67 <0.001 0.10 0.80

Use natural live
Use natural work

House in disaster

N N N N 0 & @

Work in disaster

Table 6 shows that all the 8 independent variables were significant when evaluated using
the Chi-square test, with p-values less than <0.001, indicating strong statistical significance. In terms
of Mutual Information (MI), six variables passed the criteria with MI values greater than > 0.001.
However, two variables (Use natural for living, and Use natural for work) were omitted as their MI
values were (0.00), indicating little to no contribution in terms of information gain. The
variables Disaster type.W (0.12) and Work in disaster (0.10) had the highest MI values, suggesting
they provide the most information regarding natural capital. For the Gini Index (GI), all variables
scored between (0.78) and (0.82), with Use natural for work (0.82) and Disaster type.W (0.81) having
the highest Gini Index values, indicating their strong contribution to reducing model impurity. These
results suggest that natural disaster-related variables, especially Disaster type and Frequency, are the
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most influential for predicting natural capital outcomes. Results of the feature selection techniques
applied to the Social Capita variables are shown in Table 7.

Table 7. The comparison of Social Capita.

Social Capita in feature selection methods

Variables Chi-square MI GI
Degree of Freedom  Test values  p-values

Help Problem 8 5,865.70 <0.001 0.23 0.78
Rules 4 79482  <0.001 0.04 0.68
Follow 2 93397  <0.001 0.03 0.67
Expert 2 712.79 <0.001  0.03 0.68
Use Experience 2 66.77 <0.001 0.00 0.67
Experience 6 4,355.20 <0.001 0.16 0.75
Participation 6 4,929.58 <0.001 0.21 0.76

Table 7 shows that all the 7 independent variables were significant when evaluated using
the Chi-square test and the Gini Index, with p-values less than <0.001. This indicates that each
variable significantly contributes to the classification of Social Capital. For the Mutual Information
(MI) method, six variables passed the criteria with MI values greater than >0.001, while one variable
(Use Experience) was omitted due to an MI value of 0.00, indicating it provides no information for
this classification. Help Problem (0.23) and Participation (0.21) had the highest MI values, suggesting
these variables provide the most information regarding social capital. The Gini Index (GI) values
range from (0.67) to (0.78), with Help Problem (0.78) having the highest value, reflecting its strong
contribution to reducing model impurity, followed by Participation (0.76). Overall, the results
highlight that Help Problem, Experience, and Participation are the most important variables for
predicting social capital, while Use Experience does not contribute significantly.

4.2. Applying the Machine Learning Models

In modern Machine Learning, the quality and relevance of input data play a critical role in
determinant the effectiveness and efficiency of predictive models. When working with high-
dimensional datasets, many features can be redundant, irrelevant, or noisy, which can degrade model
performance, increase computational costs, and make models more difficult to interpret. Feature
selection is a crucial step in mitigating these challenges. By identifying and selecting only the most
important features, Machine Learning models can operate more efficiently, leading to better
estimates and enhanced insight of the underlying data patterns. This process becomes especially
beneficial when applied to models for example Decision Trees (DT), Random Forests (RF),
and Support Vector Machines (SVM) [41].

Decision Trees is the first model of study was applied, followed by Random Forest, and finally,
the Support Vector Machine model. The dataset comprised 16,373 records and the dataset comprises
56 variables related to poverty in Pattani province, concentrating on five main dimensions of
deprivation. The data was split randomly, with 70% (11,461 records) used for training and 30% (4,912
records) used for testing the model. The feature set consisted of various variables: 14 variables
representing human and physical capita, 9 variables for economic capita, 8 variables for natural
capita, and 7 for social capita. The results of the analysis are shown in Table 8, in which the
classification results are compared across three machine learning models: Decision Tree
(DT), Random Forest (RF), and Support Vector Machine (SVM) across five capita types: Human,
Physical, Economic, Natural, and Social. For each capita type, the models classify individuals or
households into three categories: (i) Extreme (ii) (Ext), Moderate (Mod), and (iii) Vulnerable (Vul).
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Table 8. Confusion matrix comparison methods.

DT RF SVM
Ext Mod Vul Ext Mod Vul Ext Mod Vul
Human Cap 2,015 1,281 1,616 2,113 1,183 1,616 2,036 1,260 1,616
Physical Cap 99 4727 86 51 4801 60 58 4,800 54
Economic Cap 386 3,490 1,036 242 3,621 1,049 227 3,625 1,060
Natural Cap 5 238 4,669 31 181 4,700 7 205 4,700
Social Cap 82 4,009 821 10 4,000 902 39 3958 915

Classification

As it can be seen from Table 8, for the Human Capita variable, the number of instances classified
under each category is fairly consistent across models, especially in the "Vulnerable" category, where
all models show 1,616 records. Random Forest classifies more instances in the "Extreme" category
(2,113) compared to Decision Tree (2,015) and SVM (2,036). In the case of the Physical Capita variable,
the largest category here is "Moderate,” with over 4,700 records across all models. The number of
records classified as "Extreme" and "Vulnerable" is significantly smaller in comparison. For the
Economic Capita variable, similar trends are observed in the "Moderate" category, where all models
classify around 3,490 to 3,625 records. The "Vulnerable" classification shows slight differences across
models, with SVM classifying 1,060 records, slightly more than Decision Tree and Random Forest.
For the Natural Capita variable, there is a stark difference between the "Extreme" and "Vulnerable"
categories. Most records are classified as "Vulnerable" (over 4,600 records) in all models, while
"Extreme" classifications are very low (below 31records across models). Finally, in the Social Capita
variable, the "Moderate" classification is consistent across all models, with about 4,000 records
classified in this group. The "Extreme" classification has fewer records, with Random Forest showing
the lowest at 10, while Decision Tree has 82 records and SVM has 39 records. Results of the statistical
test are shown in Table 9.

Table 9. Statistical test results.

Accuracy Confidence Interval
Classification
DT RF SVM DT RF SVM

Human Cap 0.93 0.93 0.94 0.93,094 0.93,094 0.93,0.94
Physical Cap 0.94 0.95 095 0.94095 0.94,095 0.94,0.95
Economic Cap 0.86 0.87 0.86 0.85,0.87 0.86,0.88 0.85,0.87
Natural Cap 0.99 0.98 0.98 0.99,1.00 0.98,099 0.97,0.98
Social Cap 0.94 0.96 097 0.93,094 0.95,0.96 0.96,0.97

Table 9 provides a comparison of the statistical test results across three machine learning
models—Decision Tree (DT), Random Forest (RF), and Support Vector Machine (SVM) —for various
classifications (Human Cap, Physical Cap, Economic Cap, Natural Cap, Social Cap). The table
presents the accuracy and corresponding confidence intervals for each classification category using
the three models. The overall statistical assessment of Decision Tree represented the highest accuracy
Natural Capita classification accuracy, followed by Physical Capita, Social Capita, Human Capita and
Economic Capita (99%, 94%,94%,93, and 86% respectively). The statistical assessment of Random
Forest represented the highest accuracy of Natural Capita classification accuracy, followed by Social
Capita, Physical Capita, Human Capita and Economic Capita (98%, 96%,95%,93%, and 87%
respectively). Finally, the overall statistical assessment of Support Vector Machine obtained the
highest accuracy Natural Capita classification accuracy, followed by Social Capita, Physical Capita,
Human Capita, and Economic Capita (98%, 97%,95%,94%, and 86% respectively).
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5. Discussion

The feature selection techniques are applied to the five dimensions of poverty —human,
physical, economic, natural, and social capital —demonstrated significant variations in the selection
of important variables across the Chi-squared test, Mutual Information, and Gini Index methods.
Chi-squared test results showed that nearly all variables were significant, while Mutual Information
and Gini index omitted some variables in each dimension. This variation highlights the significance
of selecting appropriate feature selection techniques based on the dataset and specific requirements
of the analysis. The findings show that, for human capita, 15 out of 16 variables were significant using
the Chi-squared test, while Mutual Information omitted four variables. Physical, economic, natural,
and social capita dimensions followed similar trends, with a substantial number of variables
remaining relevant across all feature selection methods. For the Machine Learning models applied
(Decision Tree, Random Forest, and Support Vector Machine), the performance was consistent,
particularly in terms of accuracy across different poverty classifications. The overall statistical results
indicate that all models performed best in classifying natural capita, with accuracy rates reaching up
to 99% for Decision Tree, 98% for Random Forest, and 98% for SVM. Social and physical capita
classifications also showed high accuracy across models, while human and economic capita
classifications were slightly lower, with accuracies ranging from 86% to 94%.

6. Conclusions

In conclusion, the study demonstrates the effectiveness of using feature selection techniques
used alongside with Machine Learning models to classify multi-dimensional poverty. Each feature
selection method contributed uniquely, and Machine Learning models emerged as the most robust
models for accurate poverty classification. The results highlight that feature selection plays an
essential role in enhancing the performance of Machine Learning models, particularly in high-
dimensional datasets. Chi-square, Mutual Information, and Gini Index each offer unique strengths in
identifying key poverty indicators, the integration of these methods can lead to more precise and
interpretable models. In the context of Pattani, where poverty is influenced by a range of socio-
economic and geographic factors, these techniques provide valuable tools for developing targeted
interventions. While the implementation of Machine Learning models such as Decision Trees,
Random Forests, and SVM offers promising solutions for multi-dimensional poverty classification in
Pattani. These models provide varying strengths in terms of accuracy, interpretability, and the ability
to handle complex datasets. Random Forest and SVM generally outperform Decision Trees in terms
of accuracy, but Decision Trees remain valuable for their simplicity and ease of interpretation.

To achieve the desired goal of this analysis, it was required to compare different feature selection
techniques to determine the most significant variables for multi-dimensional poverty classification.
The implementation of the Chi-square, Mutual Information, and Gini Index methods provided a
comprehensive assessment of variable importance across different domains of capital. Each method
offered unique insights, with Chi-square identifying broad statistical significance, MI highlighting
the most informative variables, and Gini Index ranking features based on model performance.
Machine Learning models were used in the study conducted to determine their effectiveness (DT,
RF, and SVM) in classifying various socio-economic capital types in a multi-dimensional poverty
framework. Based on the high accuracy rates across all categories (ranging from 0.86 to 0.99) and the
narrow confidence intervals, the models successfully met this goal. Each model demonstrated
strengths in specific areas, and SVM and RF, in particular, showed strong performance in most
categories. The study offer important insights into the applicability of these models for poverty
classification, achieving the intended objective of comparing their effectiveness in this context. Thus,
the study confirms that SVM and RF are well-suited for classifying multi-dimensional poverty, with
SVM being the most effective overall, and DT excelling in specific simpler contexts like Natural
Capita.

Future research may focus on incorporating advanced Machine Learning techniques, liked Deep
Learning, which are gradually being applied in feature selection for poverty classification.
Techniques like autoencoders, which learn hierarchical features, can automatically identify the most
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relevant indicators from large datasets [43]. Additionally, there is growing interest in incorporating
spatial data into multi-dimensional poverty classification models. Studied by Barham et al. [44] show
that integrating geographic data significantly enhances model accuracy, particularly in regions like
Pattani where spatial isolation plays a significant role in poverty dynamics. The use of Geography
Information System (GIS) data can further improve the precision of poverty classification models. By
reducing redundant and irrelevant features, these models not only improve in efficiency but also
provide deeper insights into the underlying socio-economic patterns [45]. These findings provide a
pathway for further research and implementation in poverty studies, ensuring that data-driven
approaches can improve the targeting and effectiveness of poverty reduction strategies. Additionally,
they can guide future research and inform policy decisions aimed at addressing poverty in Pattani
province and similar regions.
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