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Abstract Persistent inaccuracies in household poverty classification impede Indonesia’s progress toward Sustainable
Development Goal 1 (No Poverty). In March 2023, East Java Province reported the highest absolute number of poor
residents nationwide, underscoring the need for more reliable, data-driven targeting mechanisms. This study introduces a
novel categorical modeling framework that integrates binary logistic regression, based variable selection with Support Vector
Machine (SVM) classification, enhanced by Synthetic Minority Oversampling Technique (SMOTE) to address severe class
imbalance. From the 2023 National Socioeconomic Survey (SUSENAS), eleven socioeconomic indicators were identified as
statistically significant predictors of poverty status: household size, urban–rural residence, head-of-household employment,
literacy, wall material, floor area, sanitation facility, primary drinking-water source, land ownership, motorcycle ownership,
and ICT asset ownership. We then constructed linear and Radial Basis Function (RBF) SVM classifiers, each trained on
an 80% SMOTE-augmented dataset. The linear-kernel SVM, (C = 0.1) emerged as the best performer, achieving 78.73%
overall accuracy, 77.07% sensitivity (poor-household recall), 78.82% specificity (non-poor recall), a geometric mean of
77.94%, and an AUC of 77.94%. Compared to RBF-kernel alternatives, the linear model delivered superior balance between
minority-class and majority-class discrimination without incurring additional computational complexity. This research offers
policymakers a robust, scalable tool for rapid poverty monitoring and targeted intervention design by demonstrating that a
rigorously tuned, categorical SVM framework can substantially improve subnational poverty classification. Future work
should explore alternative cross-validation schemes and nonlinear kernels to optimize predictive performance further.
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1. Introduction

Indonesia, as a developing country with the largest population in Southeast Asia, faces serious challenges
in reducing poverty [1]. According to data from the Central Statistics Agency (Badan Pusat Statistik (BPS)),
Indonesia’s national poverty rate in March 2023 reached 9.36%, significantly higher than the target set in
the 2020–2024 National Medium-Term Development Plan (Rencana Pembangunan Jangka Menengah Nasional
(RPJMN)), which is 6.5%–7.5%. Despite various efforts, many people still have not felt the full benefits of
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poverty alleviation programs [2–4]. Furthermore, inaccuracies in classifying household poverty status constitute
a significant obstacle to the success of this policy [5, 6]. One increasingly emerging approach is using machine
learning technology to more accurately classify household poverty status, focusing on more holistic and measurable
socioeconomic factors.

Poverty is one of the main challenges in the Sustainable Development Goals (SDGs), especially the first goal,
which aims to end poverty in all its forms and dimensions worldwide by 2030 [7–9]. In the context of the SDGs,
poverty is measured by income and access to basic services such as education, health, housing, and opportunities to
participate in the economy [10]. SDG 1 also includes broader indicators such as access to productive resources and
resilience to economic risks. Therefore, to achieve the SDG 1 target, Indonesia needs to improve the government’s
classification method of poor households [11, 12]. More precisely, data-driven methods will support more efficient
and targeted aid distribution [13, 14].

Poverty is when an individual or household cannot meet the basic needs for a decent life, such as food,
clothing, health care, and access to other basic services [15]. BPS defines the poverty line based on the minimum
expenditure required to meet these basic needs [16]. However, this poverty line only considers economic factors,
while non-economic factors, such as education level, employment, and access to resources, also greatly influence
a household’s poverty status [17–19]. Thus, a poverty classification based solely on the poverty line may not
be sufficient to capture the true complexity of poverty. Therefore, a more comprehensive approach is needed to
determine household poverty status, which includes a broader range of socio-economic factors [20].

To address these challenges, machine learning technology, specifically the Support Vector Machine (SVM),
offers the opportunity to improve the accuracy of classifying household poverty status [21]. SVM works by
finding a hyperplane that maximizes the margin between two distinct classes, in this case, poor and non-poor
households. The main advantage of SVM lies in its ability to handle high-dimensional and complex data [22–24].
Using kernels, SVM can transform non-linear data into a higher-order feature space, enabling more accurate
separation between classes that are difficult to distinguish in the original space [25, 26]. In the context of
household poverty classification, SVM can effectively utilize various socioeconomic variables with non-linear
relationships. Compared with conventional classification methods such as logistic regression or Naive Bayes, SVM
has advantages in terms of accuracy and generalization capabilities [27]. Although frequently used in classification
problems, logistic regression tends to be limited to linear relationships between variables and outputs, making it
less effective in handling data with more complex relationships. Meanwhile, Naive Bayes assumes independence
between features, which often does not correspond to real-world data with dependencies between variables. With
its ability to handle linearly non-separable data and consider optimal separation margins, SVM provides more
accurate and robust results in classifying poor and non-poor households.

Factors determining poverty can be divided into three main categories: regional, community, and individual and
household characteristics [6]. These characteristics are interrelated and influence the socioeconomic conditions of
households [20]. For example, education and access to decent work can affect household income and economic
resilience. In addition, social characteristics such as marital status and family size can also impact a household’s
ability to meet basic needs. Therefore, it is essential to consider these factors in poverty classification. BPS
has established 14 criteria for identifying poor households eligible for social assistance, but in practice, many
households are not accurately identified due to the limitations of these criteria.

Poverty reduction remains a significant challenge in East Java, the province with the largest number of poor
people in Indonesia. In 2023, the number of poor people in East Java reached 4.19 million. Although various social
assistance programs have been launched, their distribution has not been optimal due to inaccuracies in classifying
poor households. Therefore, optimizing the classification of low-income families is crucial to ensure more targeted
social assistance.

This research employs Support Vector Machine (SVM) to explore the key factors influencing poverty status
in East Java, while simultaneously comparing the performance of two SVM approaches: linear classification
using a linear kernel and non-linear classification through a Radial Basis Function (RBF) kernel. Given the
imbalanced nature of the dataset, wherein non-poor households significantly outnumber low-income families, the
study will implement the Synthetic Minority Oversampling Technique (SMOTE) to mitigate class imbalance. By
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incorporating SMOTE into the SVM classification process, the study seeks to improve the model’s accuracy in
classifying poor and non-poor households, thereby enhancing predictive outcomes.

This approach represents a novel contribution to the field. Additionally, the research aims to identify the most
effective SVM method for distinguishing between poor and non-poor households in East Java and to uncover
the primary socioeconomic factors that influence poverty status. The results of this study are expected to provide
valuable insights for policymakers, enabling the development of more targeted and effective poverty reduction
strategies. Unlike the official poverty measurement approach used by Statistics Indonesia (BPS), which determines
poverty status by comparing household per capita expenditure with the official poverty line, this study proposes a
predictive classification model based on household socioeconomic characteristics. Therefore, the proposed model
is intended to complement, rather than replace, the existing official methodology by providing an alternative tool
for identifying households at risk of poverty when detailed expenditure data are unavailable or for supporting the
initial targeting of social assistance programs. In doing so, this research will contribute to advancing the scientific
understanding of data classification techniques and support the formulation of evidence-based poverty alleviation
policies in Indonesia, aligning with the United Nations Sustainable Development Goal 1, which aims to eradicate
poverty globally by 2030.

2. Materials and Methods

2.1. Literature Review

2.1.1 Data Scale Standardization

Data preprocessing plays a vital role in enhancing the accuracy of machine learning models. Min-Max
normalization is commonly used to scale continuous variables by transforming their values into a range between 0
and 1 [28]. This ensures that all variables are on the same scale, preventing any one variable from disproportionately
affecting the model’s performance. The Min-Max normalization is expressed in Equation (1).

x′ =
x− xmin

xmax − xmin
(1)

One-Hot Encoding is used to convert categorical variables into binary format, where each category is represented
by a separate binary column. This allows machine learning models to process categorical data effectively, without
implying any ordinal relationships between categories.

2.1.2 Binary Logistic Regression

Binary logistic regression is a regression analysis used to describe the relationship between a set of predictor
variables either continuous or categorical and a binary response variable [29]. The binary logistic regression
equation is derived from the interpretation of the probability function π(Xi) = E(Yi | Xi), where π(Xi) is
expressed in Equation (2) [30].

π(Xi) =
exp (β0 + β1Xi1 + β2Xi2 + . . . + βpXip)

1 + exp (β0 + β1Xi1 + β2Xi2 + . . . + βpXip)
(2)

In binary logistic regression, hypothesis testing is conducted to examine the significance of the parameter
coefficients β in the model [31, 32]. The testing is carried out in two stages: simultaneous (overall) testing and
partial (individual) testing [30].

1. Simultaneous Test
The simultaneous test evaluates the overall significance of the coefficient β in the model. This statistical test
assesses whether the estimated coefficient significantly explains the dependent variable. The test is based on
formulating null and alternative hypotheses, where the null hypothesis generally posits that the coefficient
equals zero (indicating no effect). In contrast, the alternative hypothesis suggests that the coefficient differs
from zero (indicating a significant effect) [33]. This approach is crucial in determining the relevance of the
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predictor variables in the model.

H0 : β1 = β2 = · · · = βp = 0 (β = 0)

(The predictor variables do not have a significant effect on the response variable);
H1 : at least one βj ̸= 0, j = 1, . . . , p (∃ j ∈ {1, . . . , p} such that βj ̸= 0)

(At least one predictor variable has a significant effect on the response variable).

The test statistic for the simultaneous test is presented in Equation (3).

G = −2 ln

( [
n1

n

]n1
[
n0

n

]n0∏n
i=1 (πi)

(yi) (1− πi)
(1−yi)

)
(3)

The decision for the simultaneous test is determined using a significance level of α, where α = 0.05 and
the degrees of freedom are p. The null hypothesis H0 is rejected when the value of G > χ2

(α; p) or when the
p− value < α.

2. Partial Test
The partial test is conducted to identify which specific variables significantly affect the response variable.
Unlike the simultaneous test, which evaluates the overall significance of the coefficients, the partial test
assesses the significance of each coefficient β individually for each predictor variable. In this test, the null
hypothesis typically states that the coefficient for a given predictor is equal to zero (indicating no effect).
In contrast, the alternative hypothesis posits that the coefficient differs from zero (indicating a significant
effect). This method helps in isolating the contribution of each variable to the model and determining which
factors play a significant role in explaining the variation in the response variable [34, 35].

H0 : βj = 0, j = 1, . . . , p

(The jth predictor variable does not have a significant effect on the response variable);
H1 : βj ̸= 0, j = 1, . . . , p

(The jth predictor variable has a significant effect on the response variable).

The test statistic for the partial test is presented in Equation (4).

W 2 =
β2
j

[SE (βj)]
2 (4)

2.1.3 K–Fold Cross Validation

K–Fold Cross Validation is a widely used method for evaluating machine learning models. The dataset is divided
into k equal-sized folds, and the model is trained and tested k times, with each fold serving as the test set once
while the remaining folds are used for training. This technique helps ensure that each data point is used for both
training and testing, which provides a more reliable estimate of the model’s generalization ability [36, 37]. By
averaging the performance metrics from all iterations, K–Fold Cross Validation reduces bias and ensures that the
model is not overly influenced by a particular train-test split. This is especially important for datasets with limited
samples or variability [38]. For Support Vector Machines (SVM), K–Fold Cross Validation is particularly valuable
as it helps optimize hyperparameters such as the regularization parameter C and kernel functions while minimizing
the risk of overfitting. Overall, K–Fold Cross Validation provides a more comprehensive evaluation, making it an
essential tool for assessing the performance and generalization ability of models, especially in classification tasks
like those using SVM [22].
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2.1.4 Synthetic Minority Over-Sampling Technique (SMOTE)

SMOTE (Synthetic Minority Over-sampling Technique) is a widely used method to address class imbalance in
machine learning datasets [39]. This oversampling technique aims to balance the dataset by generating synthetic
instances for the minority class, thereby equalizing its quantity with that of the majority class [40]. Unlike simple
random replication, SMOTE creates new data points by interpolating between existing instances of the minority
class. Specifically, it uses the k-nearest neighbors (k-NN) algorithm to identify similar instances and generates
synthetic samples by taking the difference between feature vectors of neighboring instances, scaling this difference
by a random value, and then adding it to the feature vector of the minority class sample. The Euclidean distance
can be expressed in Equation (5).

xknn =

√
(x1 − y1)

2
+ (x2 − y2)

2
+ . . . + (xn − yn)

2 (5)

In general, the process of generating synthetic data can be expressed in Equation (6).

xsyn = xi + (xknn − xi)× δ (6)

Here, xsyn represents the synthetic data generated through replication, xi denotes the data to be replicated, xknn

refers to the data point that is closest to xi based on distance, and δ is a random number between 0 and 1.

2.1.5 Support Vector Machine (SVM)

SVM is a supervised learning algorithm used to solve classification problems by finding a hyperplane that can
separate two sets of data belonging to different classes [22, 41]. SVM is known for its high level of accuracy
and performs well in both linear and nonlinear cases, making it a commonly used method for classification tasks,
especially when the target variable is binary [42].

1. Support Vector Machine in Linear Classification
Linear SVM classification uses a decision boundary that determines the classification outcome, allowing the
linear model or hyperplane to be formed optimally [24]. Linear SVM separates paired classes by grouping
each pair of data points that belong to different categories [43]. An illustration of linear SVM with separated
data is shown in Figure 1.

Figure 1. Classification of Linearly Separable Data

Each classified data point that is separated by the decision boundary, also known as the separating hyperplane,
is calculated using Equation (7).

f(x) = x⊤w + b = 0 (7)

If the value of f(x) > 0, the data point is classified into class 1, whereas if f(x) < 0, it is classified into class
0. The linear SVM applies a classification rule that is expressed in Equation (8).

f(x) = sign
(
x⊤ŵ + b̂

)
(8)
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The values of ŵ and b̂ are obtained from Equation (9) and Equation (10), respectively.

ŵ =

n∑
i=1

aiyixi (9)

b̂ =
1

n

(
n∑

i=1

yi − x⊤
i w

)
(10)

In Equation (9) the value of ai is controlled by the Cost Parameter (C). The Cost Parameter is a turning
parameter used in the modelling of linear SVM. The value of ai falls within the range 0 ≤ ai ≤ C.

2. Support Vector Machine in Nonlinear Classification
Most real-world problems are nonlinear in nature, making it difficult to optimally separate training data
using a linear approach [22, 27]. SVM was therefore developed to address this issue by utilizing kernel
functions, allowing it to effectively separate nonlinear data [42, 44]. An illustration of nonlinear SVM
mapping such as mapping into three dimensions is shown in Figure 2.

Figure 2. Mapping to Three-dimensional Space in Nonlinear SVM

The classification rule in nonlinear SVM can be expressed in Equation (11).

f(x) = sign

(
n∑

i=1

n∑
j=1

aiyi K(xi, xj) + b

)
(11)

The value of b is obtained from Equation (12).

b̂ =
1

n

(
n∑

i=1

yi −
n∑

i=1

n∑
j=1

aiyi K(xi, xj)

)
(12)

In Equation (11) and (12), the value of ai like that in linear SVM falls within the range 0 ≤ ai ≤ C, where
the Cost Parameter (C) serves to control the value of ai. SVM provides several types of kernels, including
the Polynomial Kernel, Radial Basis Function (RBF) Kernel, Sigmoid Kernel, and others. In this study, the
RBF kernel is used, as expressed in Equation (13).

K(xi, xj) = exp

(
−∥xi − xj∥

2σ2

)
(13)
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2.1.6 Classification Accuracy

The performance of a classification model can be measured and evaluated using the confusion matrix method
[18]. A confusion matrix compares the classification results of the model, specifically the predicted values and the
actual values. These values are obtained through the calculation of the confusion matrix, as shown in Table 1.

Table 1. Confusion Matrix

Actual Value Predicted Value
1 (Positive Class) 0 (Negative Class)

1 (Positive Class) True Positive (TP) False Negative (FN)
0 (Negative Class) False Positive (FP) True Negative (TN)

The confusion matrix provides the basis for calculating five classification accuracy metrics, which are expressed
in Equations (14) through (18).

Accuracy =
TP + TN

TP + FN + FP + TN
(14)

Sensitivity =
TP

TP + FN
(15)

Specificity =
TN

FP + TN
(16)

G−Mean =
√

Sensitivity×Specificity (17)

AUC =
1

2
(Sensitivity + Specificity) (18)

Sensitivity, also known as Recall or the True Positive Rate (TPR), measures the model’s ability to correctly
identify positive instances by comparing the true positives to the actual positive instances. Specificity, or the True
Negative Rate (TNR), reflects the model’s ability to correctly identify negative instances by comparing the true
negatives to the total negative ones.

The G−Mean is the geometric mean of sensitivity and specificity, offering a balanced performance measure,
especially in imbalanced datasets. It combines both the ability to correctly identify positive and negative cases.
Finally, the Area Under the Curve (AUC) is the average of sensitivity and specificity, providing a single measure
of the model’s ability to distinguish between the positive and negative classes, with an AUC of 1 indicating perfect
classification and an AUC of 0.5 suggesting no better performance than random guessing [45].

2.2. Research Methodology

2.2.1 Data Source

In this study, the data were obtained from the National Socio-Economic Survey (Survei Sosial Ekonomi Nasional
(Susenas)) conducted by Statistics Indonesia (Badan Pusat Statistik (BPS)) of East Java Province in March 2023.
The predictor variables were sourced from the Susenas, while the response variable was obtained from the Susenas
Consumption and Expenditure Module. The unit of analysis in this study consists of 32,544 households spread
across 38 regencies/ cities in East Java.

2.2.2 Research Variable

The response variable (Y ) and predictor variables (X) used in this study are described in Table 2.
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Table 2. Research Variables and Operational Definitions

Variables Name Scale Description

Y Household of Poverty Status Nominal 0: Non-Poor Household
1: Poor Household

X1 Gender of Household Head Nominal 0: Male
1: Female

X2 Age of Household Head Ratio Age in years

X3 Highest Education Certificate of House-
hold Head

Nominal 0: Primary School or Lower
1: Junior High School
2: Senior High School
3: Higher Education

X4 Number of Household Members Ratio Number of persons

X5 Area of Residence Nominal 0: Urban
1: Rural

X6 Employment Status of Household Head Nominal 1: Laborer/ Employee
2: Casual Worker
3: Family Worker/ Unpaid
4: Unemployed

X7 Functional Disability Status of Household
Head

Nominal 0: No Disability
1: Has Disability

X8 Literacy Status of Household Head Nominal 0: Illiterate
1: Literate

X9 Type of Roof Material Nominal 0: Concrete/ Tiles
1: Zinc/ Asbestos
2: Bamboo/ Wood/ Thatch/ Leaves/

Rumbia/ Others

X10 Type of Wall Material Nominal 0: Bricks and Others
1: Bamboo and Others

X11 Main Lighting Source Nominal 0: No Electricity
1: PLN/Non-PLN Electricity

X12 Floor Area Ratio Area in square meters (m2)

X13 Type of Toilet Nominal 0: Private
1: Shared
2: None/ Open Defecation

X14 Main Source of Drinking Water Nominal 0: Bottled/ Refilled Water
1: Piped/ Spring/ Rainwater/ etc.

X15 Main Source of Water for Bathing/
Washing

Nominal 0: Bottled/ Refilled Water
1: Well/ Pump/ Piped Water

X16 Land Ownership Nominal 0: Does Not Own
1: Owns
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Variables Name Scale Description

X17 Ownership of Motorbike Nominal 0: Does Not Own
1: Owns

X18 Ownership of Computer/ Laptop/ Tablet Nominal 0: Does Not Own
1: Owns

2.2.3 Analysis Step

The steps taken to achieve the research objectives are as follows:

1. Classify households into poor and non-poor categories using the poverty line specific to each regency/ city.

2. Conduct descriptive statistical analysis to summarize the characteristics of the data.

3. Normalize continuous variables using the Min-Max normalization method and apply One-Hot Encoding for
categorical variables.

4. Perform variable selection using significance testing based on binary logistic regression.

5. Split the data into training and testing sets using the K-Fold Cross-Validation method.

6. Apply oversampling to the training data using the SMOTE method, following its standard procedures.

7. Perform classification using the Support Vector Machine (SVM) method, with the following steps:

(a) Build SVM models using the training data with both linear and Radial Basis Function (RBF) kernels.
(b) Make predictions on the test data using both SVM models.
(c) Select the best model based on a comparison of the performance of the two models.

8. Analyze classification accuracy and interpret the results of the best-performing model.

9. Conclude and provide recommendations based on the research findings.

3. Results and Discussion

3.1. Characteristics of Research Variables

Household poverty status is divided into two categories: poor households and non-poor households. The
comparison between these two categories is presented in Figure 3.

Figure 3. Comparison of Household Poverty Status in East Java
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Based on Figure 3, data from East Java reveal that 4.8% of households, or 1, 570 families, are classified as poor,
while the remaining 95.2%, or 30, 974 households, are categorized as not poor. This significant disparity in the
distribution of households highlights the imbalance between the two categories, with the “not poor” group vastly
outnumbering the “poor” group. To address this class imbalance in the predictive modeling process, techniques
such as SMOTE (Synthetic Minority Over-sampling Technique) are essential to prevent the model from being
biased towards the majority class, ensuring more accurate and balanced predictions.

Based on Table 2, a total of 18 predictor variables were used, representing three dimensions. The variables head
of household’s gender (X1), age of the head of household (X2), and number of household members (X4) represent
the demographic dimension. The variables main employment status of the head of household (X6), ownership of
land/plots (X16), ownership of motorbike (X17), and ownership of computer/ laptop/ tablet (X18) represent the
economic dimension. Meanwhile, the variables highest education certificate of household head (X3), residence
area status (X5), functional disability status of household head (X7), literacy status of household head (X8), type
of roof material (X9), type of wall material (X10), floor area of the house (X12), main lighting source (X11), type
of toilet (X13), main source of drinking water (X14), and main source of water for bathing/ washing/ etc (X15)
represent the social dimension.

Before conducting the analysis, multicollinearity among the predictor variables was assessed using the Variance
Inflation Factor (VIF). The results showed that all 18 predictor variables had VIF values below 5, indicating that
there was no evidence of multicollinearity among the predictor variables used in this study.

3.2. Variable Selection Using Binary Logistic Regression Significance Testing

The significance testing of binary logistic regression is conducted on the parameter βi for each variable. Before
testing each variable, scale standardization is performed to ensure the data has the same scale and prevent any
disparities. The first test conducted is the simultaneous test.

Table 3. Simultaneous Test Results of Binary Logistic Regression

G P − value χ2
(0.05, 17) Decision

2237.271 0.000 27.587 Reject H0

Table 3 shows that H0 (Null Hypothesis) is rejected, indicating that there is at least one predictor variable that
significantly affects the response variable. After performing the simultaneous test and obtaining a significant result,
the next step is to conduct a partial test.

Table 4. Partial Test Results After Elimination

Variable W 2 χ2
(0.05, 1) P − value Decision

X4 1253.913

3.841

0.000 Reject H0

X5 25.450 0.000 Reject H0

X6(0) 27.828 0.000 Reject H0

X6(1) 46.858 0.000 Reject H0

X6(2) 26.853 0.000 Reject H0

X6(3) 4.006 0.045 Reject H0

X8 33.498 0.000 Reject H0

X10(0) 85.601 0.000 Reject H0

X10(1) 7.818 0.005 Reject H0

X12 126.337 0.000 Reject H0

X13(0) 7.308 0.007 Reject H0

X13(1) 2.214 0.000 Reject H0
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Variable W 2 χ2
(0.05, 1) P − value Decision

X14(0) 50.158 0.000 Reject H0

X14(1) 7.893 0.005 Reject H0

X16 4.982 0.026 Reject H0

X17 239.513 0.000 Reject H0

X18 89.696 0.000 Reject H0

Table 4 shows the results of the partial test after the elimination process, revealing several predictor variables
that are significant. There are 11 predictor variables that significantly affect the response variable. These variables
are: number of household members (X4), residential area status (X5), employment status of the head of household
(X6), literacy status of the head of household (X8), main wall material of the house (X10), floor area of the house
(X12), toilet usage status (X13), main source of drinking water (X14), ownership of land/plots (X16), ownership of
motorcycles (X17), and ownership of computers/ laptops/ tablets (X18). These variables are considered significant
as indicated by the test statistic value W > χ2

(0.05, 1) and p− value less than 0.05. These significant variables will
be further analyzed using SVM modeling to classify household poverty status in East Java Province.

The results of the significance test show that household poverty in East Java Province in 2023 is influenced by
demographic conditions, housing quality, access to basic facilities, and asset ownership. The number of household
members (X4) is one of the important predictors because the number of household members will affect the
household poverty status. The employment status of the head of the household (X6) and the literacy status of
the head of the household (X8) also play an important role in determining poverty conditions. Households with
heads who have stable jobs and good literacy skills generally have a greater chance of obtaining stable income and
better access to information, education, and job opportunities. Conversely, limitations in these aspects can reduce
the household’s ability to improve their economic well-being. Characteristics of the residence, such as the main
wall material (X10), floor area (X12), status of toilet facility usage (X13), and main source of drinking water (X14),
are indicators that reflect the quality of life and the level of household welfare. This shows that the characteristics
of the residence can influence the classification of whether a household falls into the poor or non-poor category.
In addition, asset ownership such as land (X16), motorcycles (X17), and computers, laptops, or tablets (X18) also
serve as important indicators in distinguishing between poor and non-poor households. The ownership of these
assets indicates the economic condition of the household. The economic condition will certainly influence the
classification of poor and non-poor households.

3.3. Classification Using Support Vector Machine (SVM)

The classification of household poverty status in East Java Province is carried out using the Support Vector
Machine (SVM) method with two models: the linear kernel model and the Radial Basis Function (RBF) kernel
model. The linear kernel requires a Cost (C) parameter, while the RBF kernel requires both Cost (C) and Gamma
(γ) parameters. The percentage of oversampling using the SMOTE method was tested at increases of 40%, 60%,
and 80% with the set k value being k = 5. In addition, combinations of the parameters C and α are also explored.
The dataset is divided using 10-fold Cross-validation, where each experiment produces 10 values for Accuracy,
Sensitivity, Specificity, G−Mean, and AUC, which are then averaged to obtain a stable classification result. The
optimal parameters for C and γ are those that can classify poor and non-poor classes in a balanced manner.

3.3.1 SVM Classification with Linear Kernel

The parameter C in the SVM model with a linear kernel is tuned on the training data and tested on the testing
data. The values of C used are 0.01, 0.1, 1, and 10, resulting in 12 combinations when combined with different
SMOTE oversampling variations. The results of the modeling with combinations of SMOTE and parameter C are
presented in Table 5.
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Table 5. Linear Kernel Classification on Testing Data

C Accuracy Sensitivity Specificity G−Mean AUC

Oversampling 40%

0.01 92.35% 25.67% 95.73% 49.52% 60.70%
0.1 89.87% 38.92% 92.45% 59.90% 65.68%
1 89.18% 41.34% 91.60% 61.45% 66.47%
10 89.02% 41.53% 91.43% 61.53% 66.48%

Oversampling 60%

0.01 85.53% 53.19% 87.17% 68.07% 70.18%
0.1 83.91% 57.58% 85.25% 70.02% 71.41%
1 83.52% 58.28% 84.8% 70.26% 71.54%
10 83.51% 58.79% 84.76% 70.56% 71.78%

Oversampling 80%

0.01 78.99% 66.62% 79.61% 72.81% 73.12%
0.1 79.00% 68.41% 79.53% 73.73% 73.97%
1 79.01% 67.96% 79.57% 73.50% 73.77%
10 78.97% 67.90% 79.53% 73.45% 73.72%

Table 5 shows that an 80% oversampling yields higher average classification performance in terms of Sensitivity
and G−Mean compared to other oversampling levels. With 80% oversampling, the best-performing Cost
parameter (C) for classifying “poor” and “non-poor” households is C = 0.1. This model is considered the best
because it achieves the highest average G−Mean of 73.73% and a reasonably high average sensitivity of 68.41%.
Regarding the addition of 80% oversampling applied to the minority class training data, it is visualized in Figure 4.

Figure 4. Number of Oversampling of Linear Kernel Training Data

Figure 4 illustrates the increase in data for the minority class, where the number of poor households rises from
1, 413 to 22, 301. This increase was achieved by applying 80% oversampling using data from the majority class.
The 80% increase in the minority class, which represents poor households, enhances the classification accuracy
of the model in identifying poverty status. However, for non-poor households, there is a decrease in the average
specificity value. Despite this, the higher average G−Mean value, compared to other oversampling techniques,
suggests that the 80% increase in minority data leads to a more balanced classification accuracy, further supported
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by a high average AUC value. Subsequently, the performance of this best model will be examined across each fold
of the cross-validation, as presented in Table 6.

Table 6. Classification Accuracy of Linear Kernel (C = 0.1) with 80% SMOTE Oversampling

Fold Accuracy Sensitivity Specificity G−Mean AUC

1 79.48% 64.33% 80.25% 71.85% 72.29%
2 79.94% 68.15% 80.54% 74.09% 74.34%
3 78.37% 69.43% 78.83% 73.98% 74.13%
4 79.66% 70.12% 80.12% 75.26% 75.64%
5 79.59% 69.43% 80.11% 74.58% 74.77%
6 79.95% 68.54% 80.53% 74.24% 74.44%
7 79.72% 63.69% 80.53% 71.65% 72.11%
8 78.73% 77.07% 78.82% 77.94% 77.94%
9 78.67% 67.67% 79.76% 73.71% 73.59%
10 77.41% 64.97% 78.04% 71.21% 71.51%

Average 79.00% 68.41% 79.53% 73.73% 73.97%

Table 6 presents the classification results using parameter C = 0.1 across folds 1 to 10, showing relatively
consistent classification performance. However, a notable difference appears in the Sensitivity and G−Mean
values, particularly in fold 8, which records the highest scores in both metrics. Overall, the model using a linear
kernel with C = 0.1 and 80% oversampling performs well in classifying “poor” and “non-poor” households.
The model achieves a high average G−Mean of 73.73%, supported by strong values in Accuracy, Sensitivity,
Specificity, and AUC.

3.3.2 Classification Using Support Vector Machine with RBF Kernel

The tuning of parameters C and γ in the SVM model with an RBF kernel is performed on the training data and
evaluated on the testing data. The values of C used are the same as those in the linear kernel model, while the
values for γ are set at 0.3, 0.5, 0.7, and 0.9. In addition, the SMOTE oversampling technique is applied, resulting
in a total of 48 experimental combinations. The results of the modeling using combinations of SMOTE, C, and γ
parameters are presented in Table 7.

Table 7. Radial Basis Function Kernel Classification on Testing Data

C γ Accuracy Sensitivity Specificity G−Mean AUC

Oversampling 40%

0.01

0.3

94.42% 6.75% 98.86% 25.60% 52.81%
0.1 92.00% 24.08% 95.87% 47.85% 60.19%
1 90.81% 30.32% 93.87% 53.00% 62.17%
10 90.25% 31.91% 93.76% 54.41% 62.56%

0.01

0.5

94.62% 5.80% 99.14% 24.74% 52.47%
0.1 92.37% 20.83% 95.74% 44.53% 59.28%
1 90.26% 33.32% 93.44% 55.87% 62.45%
10 89.78% 33.25% 92.66% 55.41% 62.95%

0.01

0.7

94.07% 4.98% 99.14% 22.58% 51.36%
0.1 92.04% 17.86% 96.12% 41.72% 57.96%
1 90.02% 29.11% 93.48% 52.05% 60.98%
10 89.67% 32.87% 92.55% 55.06% 62.71%
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C γ Accuracy Sensitivity Specificity G−Mean AUC

0.01

0.9

92.99% 17.58% 96.37% 40.85% 56.52%
0.1 92.09% 17.36% 95.78% 40.58% 56.69%
1 90.29% 31.19% 92.48% 53.72% 61.10%
10 89.53% 32.99% 92.39% 55.13% 62.69%

Oversampling 60%

0.01

0.3

86.22% 35.10% 88.81% 55.78% 61.95%
0.1 85.42% 39.68% 87.72% 58.94% 63.70%
1 85.10% 49.24% 86.92% 65.35% 68.08%
10 83.90% 50.38% 85.61% 65.31% 68.00%

0.01

0.5

86.57% 32.23% 89.32% 53.57% 60.77%
0.1 86.31% 40.15% 88.11% 59.46% 64.13%
1 85.22% 46.69% 87.32% 63.75% 66.93%
10 83.42% 49.55% 85.86% 65.37% 67.44%

0.01

0.7

88.94% 25.52% 91.56% 48.36% 58.84%
0.1 85.94% 36.54% 89.64% 57.26% 63.16%
1 84.93% 45.41% 86.94% 62.31% 65.98%
10 84.03% 47.11% 85.72% 63.74% 66.80%

0.01

0.9

90.54% 42.19% 94.16% 62.12% 66.57%
0.1 85.82% 39.88% 88.52% 59.34% 64.20%
1 84.14% 47.52% 85.99% 63.85% 66.76%
10 86.22% 35.10% 88.81% 55.78% 61.95%

Oversampling 80%

0.01 76.95% 58.92% 77.86% 67.70% 68.39%
0.1 79.03% 62.87% 79.85% 70.82% 71.30%
1 78.43% 61.12% 79.09% 69.52% 70.86%
10

0.3

77.59% 61.52% 77.26% 68.45% 69.54%

0.01

0.5

75.43% 58.89% 76.13% 66.95% 67.57%
0.1 78.48% 59.90% 80.38% 69.10% 69.53%
1 78.44% 57.33% 80.92% 68.09% 69.15%
10 78.51% 58.99% 79.62% 68.59% 68.76%

0.01

0.7

74.10% 58.60% 74.89% 66.22% 66.74%
0.1 77.64% 58.92% 78.02% 67.80% 68.30%
1 79.64% 55.35% 80.97% 66.84% 68.11%
10 78.62% 55.86% 79.85% 66.70% 67.92%

0.01

0.9

73.37% 58.47% 74.12% 65.81% 66.30%
0.1 77.94% 56.21% 78.92% 66.82% 67.97%
1 79.49% 55.22% 80.72% 66.69% 67.97%
10 76.95% 58.92% 77.86% 67.70% 68.39%

Table 7 shows that using 80% oversampling results in higher average Sensitivity and G−Mean values
compared to other oversampling levels. These results are consistent with those obtained using the linear kernel. The
best combination of parameter C and parameter γ for classifying “poor” and “non-poor” households is C = 0.1
and γ = 0.3. This model is considered the best because it yields a high average G−Mean of 70.82% and a good
average Sensitivity for classifying the “poor” class, which is 62.87%. Further analysis of the best model will be
presented based on the modeling results for each fold, as shown in Table 8.
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Table 8. Classification Accuracy of Linear Kernel (C = 0.1) with 80% SMOTE Oversampling

Fold Accuracy Sensitivity Specificity G−Mean AUC

1 78.89% 58.60% 79.92% 68.44% 69.26%
2 79.54% 57.96% 80.63% 68.68% 69.30%
3 78.28% 64.33% 78.99% 71.28% 71.66%
4 79.20% 66.88% 79.92% 73.11% 73.40%
5 80.10% 64.97% 81.50% 72.77% 72.63%
6 78.93% 64.31% 79.61% 71.41% 71.31%
7 79.10% 61.15% 79.85% 70.17% 70.09%
8 79.10% 68.15% 77.95% 72.91% 73.09%
9 80.12% 68.15% 79.72% 73.67% 73.09%
10 77.57% 56.69% 78.72% 66.76% 67.66%

Average 78.89% 58.60% 79.92% 68.44% 69.26%

Table 8 shows that the classification results using the parameter combination of C = 0.1 and γ = 0.3 across folds
1 to 10 exhibit relatively consistent classification accuracy. A notable variation is observed in the Sensitivity values,
particularly in fold 8. Overall, the modeling using the RBF kernel with the parameter combination of C = 0.1 and
γ = 0.3 and 80% oversampling performs quite well in classifying both “poor” and “non-poor” households. This
is evident from the relatively high average G−Mean of 70.82%, supported by other classification performance
metrics.

3.4. Comparison of SVM with Linear and RBF Kernel

The next step after obtaining the best classification accuracy from each kernel is to compare the performance of
the kernels to determine which one yields the best results in classifying “poor” and “non-poor” households. The
comparison is primarily based on the G−Mean value, followed by other classification performance metrics. The
comparison of the best classification performance between the linear kernel SVM and the RBF kernel SVM is
presented in Table 9.

Table 9. Comparison of Classification Accuracy

Kernel Accuracy Sensitivity Specificity G−Mean AUC

Linear 79.00% 68.41% 79.53% 73.73% 73.97%
RBF 79.03% 62.87% 79.85% 70.82% 71.36%

Table 9 compares the performance of two kernel types in SVM, namely the Linear kernel and the RBF kernel,
in classifying poverty status in East Java Province. Based on the results shown, the SVM with the Linear kernel
performs better than the RBF kernel. This can be observed from the higher G−Mean value in the Linear kernel
SVM (73.73%) compared to the RBF kernel SVM (70.82%). A higher G−Mean indicates a better balance
between Sensitivity and Specificity, which is crucial in imbalanced datasets like in this study. Although the
Accuracy of the RBF kernel is slightly higher (79.03% compared to 79.00% for the Linear kernel), this difference
is minimal and does not outweigh the Linear kernel’s better performance in detecting the poverty class.

In terms of Sensitivity, the Linear kernel has a higher value (68.41%) compared to the RBF kernel (62.87%),
indicating that the Linear kernel SVM is more effective in identifying poor individuals, an aspect that is especially
important in poverty classification. The Specificity of the RBF kernel is slightly higher (79.85%) compared to the
Linear kernel (79.53%), but this difference is not significant in the context of this application, where it is more
critical to accurately detect poor individuals. The AUC for the Linear kernel is also higher (73.97%) compared
to the RBF kernel (71.36%), indicating that the Linear kernel has a better ability to differentiate between poverty
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and non-poverty classes. The use of SMOTE has proven effective in addressing the issue of imbalanced data
by improving the classification accuracy of the minority class (poverty), which also contributes to the improved
performance of both SVM models.

Overall, while the RBF kernel shows a slight advantage in terms of Accuracy and Specificity, the SVM
with the Linear kernel excels in Sensitivity, G−Mean, and AUC, making it the optimal choice for classifying
poverty status in East Java Province. The successful application of SMOTE in handling the data imbalance further
strengthens the performance of this model, particularly in detecting the minority class.

Figure 5. Performance Comparison of Kernel

The performance comparison of the SVM kernels, as shown in the Figure 5, highlights the superior performance
of the linear kernel over the RBF kernel. The Accuracy, Sensitivity, Specificity, G−Mean, and AUC values
for the linear kernel remain consistently higher than those for the RBF kernel, as demonstrated by the graphical
representation. The linear kernel shows a slight increase in Accuracy and G−Mean compared to the RBF kernel,
indicating its robustness in classifying poverty status in East Java. The use of SMOTE has effectively mitigated the
data imbalance, especially for the minority class, which is reflected in the improved G−Mean and AUC scores.
Overall, the linear kernel SVM model provides a more balanced and accurate classification of household poverty
status.

After determining that the best SVM method is the linear kernel SVM, the next step is to present the hyperplane
function generated from the linear kernel SVM. The model formed using the linear kernel SVM with 11 predictor
variables is as follows.

f(xi) = sign

(
n∑

j=1

wjxij

)
(19)

where:
n∑

j=1

wjxij = w0 + w4xi4 + w5xi5 + w6(0)xi6(0) + w6(1)xi6(1) + w6(2)xi6(2) + w6(3)xi6(3)

+ w6(4)xi6(4) + w8xi8 + w10(0)xi10(0) + w10(1)xi10(1) + w10(2)xi10(2) + w12xi12

+ w13(0)xi13(0) + w13(1)xi13(1) + w13(2)xi13(2) + w14(0)xi14(0) + w14(1)xi14(1)

+ w14(2)xi14(2) + w16xi16 + w17xi17 + w18xi18

(20)
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The weight values (w) for each variable are obtained from the calculation in Equation (11), which is influenced
by the regularization parameter C = 0.1.

The function presented here is derived from the best-performing fold of the linear kernel SVM. The reason
for presenting the function from the best fold is that K-fold Cross-validation generates a separate function for
each fold, and fold 8 represents how well the model with parameter C = 0.1 classifies “poor” and “non-poor”
households. The average result of the 10-fold cross-validation is the main result of the research, while Fold 8 is
only used as an illustration of a representative model to explain the characteristics of the generated model. The
following is the hyperplane function from fold 8 of the linear kernel SVM with parameter C = 0.1.

f(xi) = sign

(
n∑

j=1

wjxij

)
(21)

where:
n∑

j=1

wjxij = 5.749 + 7.690xi4 + 0.109xi5 − 1.309xi6(0) − 1.623xi6(1)

− 1.561xi6(2) − 1.662xi6(3) − 0.923xi6(4) − 0.530xi8 − 1.914xi10(0)

− 1.140xi10(1) − 1.546xi10(2) − 5.905xi12 − 1.496xi13(0) − 1.497xi13(1)

− 1.207xi13(2) − 1.902xi14(0) − 0.992xi14(1) − 1.230xi14(2) − 0.264xi16

− 1.099xi17 − 1.744xi18

(22)

The hyperplane function is constructed based on 11 variables that have an influence in classifying household
poverty status. If f(xi) < 0, the household is categorized as non-poor, whereas if f(xi) > 0, it is categorized as
poor.

Figure 6. Performance Comparison of Kernel

The feature importance plot for the hyperplane function in the SVM from Figure 6, reveals the relative contributions
of each predictor variable in determining household poverty status classification. The horizontal bars represent the
magnitude of the coefficients (wj) for each feature, where the length of the bar indicates the strength of each
variable’s influence on the decision boundary. Larger absolute coefficient values suggest greater importance of the
corresponding feature in influencing the classification outcome.

The linear model used for classifying household poverty status involves a series of coefficients associated
with different predictor variables. Among these, xi4 stands out with a significant positive coefficient of 7.690,
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meaning that as the value of xi4 increases, the output of the hyperplane function wjxij also increases, pushing the
classification towards the poor category. Similarly, xi5, though having a smaller positive coefficient of 0.109, still
exerts a positive influence on the classification. On the other hand, the other variables all have negative coefficients.
These negative coefficients indicate that as the values of these features increase, the result of wjxij decreases,
making the classification more likely to fall into the “non-poor” category.

If we look at each variable coefficient in the SVM hyperplane function, the variables with the greatest influence
are number of household members (X4), floor area (X12), and main source of drinking water (X14). These findings
indicate that the demographic characteristics of households and the conditions of their living environments are
the most distinguishing factors between poor and non-poor households in East Java Province. The Number of
Household Members variable has a significant contribution because the more household members there are, the
greater the consumption needs that must be met. If the increase in the number of household members is not matched
by an increase in income, the economic burden on the household will become heavier and the risk of poverty will
increase. The Number of Household Members variable has a significant contribution because the more household
members there are, the greater the consumption needs that must be met. The Floor Area variable also becomes one
of the dominant predictors. The floor area of a house is an indicator that reflects the quality of the dwelling and the
level of household welfare. In addition, the Main Source of Drinking Water becomes a variable with a significant
influence because access to a proper drinking water source is one of the basic indicators of community welfare.
Overall, these three variables indicate that the classification of poverty is not only influenced by economic aspects
but also by demographic characteristics and access to basic services.

The bias term w0, which is 5.749, is another important component of the model. It acts as an offset, adjusting the
decision boundary to help the model correctly classify the data based on the sum of all the feature contributions.
The bias term ensures that the classification rule f(xi) > 0 for “poor” households and f(xi) < 0 for “non-poor”
households is properly positioned, thus improving the accuracy of the model’s predictions. Together, these variables
and their coefficients construct a robust model that classifies households into poverty and non-poverty categories,
with certain features having a more significant impact on the classification outcome than others. Next, the confusion
matrix from fold 8 of the linear kernel SVM with parameter C = 0.1 will be presented. The confusion matrix for
fold 8 is shown in Table 10.

Table 10. Confusion Matrix Results

Actual Value Predicted Value
1 (Positive Class) 0 (Negative Class)

1 (Positive Class) 121 36
0 (Negative Class) 656 2441

After obtaining the confusion matrix, the classification performance metrics, namely Accuracy, Sensitivity,
Specificity, G−Mean, and AUC can be manually calculated using Equations (14) through (18). The model
accuracy value is as follows.

Accuracy =
TP + TN

TP + FN + FP + TN

=
121 + 2441

121 + 36 + 656 + 2441

= 0.7873

The correct prediction of “poor” households is reflected by the Sensitivity value. The Sensitivity of the model
is as follows.

Sensitivity =
TP

TP + FN
=

121

121 + 36
= 0.7707
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The correct prediction of “non-poor” households is reflected by the Specificity value. The Specificity of the
model is as follows.

Specificity =
TN

FP + TN
=

2441

656 + 2441
= 0.7882

The model ability to balance the classification of the positive and negative classes is indicated by the G−Mean
value. The G−Mean of the model is as follows.

G−Mean =
√

Sensitivity×Specificity

=
√
0.7707× 0.7881

= 0.7794

Finally, the best model ability to successfully separate the positive and negative classes is indicated by the AUC
value. The AUC of the model is as follows.

AUC =
1

2
(Sensitivity + Specificity)

=
1

2
(0.7707 + 0.7881)

= 0.7794

The five manually calculated classification performance metrics are then summarized as percentages in Table 11.

Table 11. Classification Performance of Linear Kernel SVM

Accuracy Sensitivity Specificity G−Mean AUC

78.73% 77.07% 78.82% 77.94% 77.94%

Table 11 shows that the linear kernel SVM model can correctly classify “poor” households with an Accuracy
of 77.07% and “non-poor” households with an Accuracy of 78.82%. It also achieves a balanced classification,
with a G-Mean of 77.94%. These results suggest that the SVM model with a linear kernel and parameter C = 0.1,
combined with 80% oversampling, is effective in overcoming the bias that typically favors classifying only “non-
poor” households. This performance is better than that of previous studies, demonstrating that the SVM model,
when combined with the SMOTE method, can be a viable alternative for classifying household poverty status.
While the overall Accuracy of 78.73% indicates a relatively strong performance, the misclassification of “poor”
households still requires further improvement.

The Sensitivity of 77.07% indicates that the model still faces challenges in accurately identifying “poor”
households. This lower Sensitivity reflects the difficulty in classifying the minority class in a highly imbalanced
dataset. Conversely, the Specificity of 78.82% indicates that the model successfully identified “non-poor”
households, consistent with the larger proportion of these households. This suggests that the model has adequately
addressed most of the imbalance, although errors in predicting poor households remain.

The G−Mean value of 77.94% indicates that the model successfully balances the two classes, although data
imbalance remains a challenge. This relatively high G−Mean value suggests that the model is not excessively
biased toward a single class and is capable of distinguishing between “poor” and “non-poor” households to
a satisfactory extent. Nevertheless, further improvement is still possible, particularly in enhancing the model’s
sensitivity to low-income families. Similarly, the AUC value also reached 77.94%, indicating that the model
possesses a moderate ability to discriminate between the two classes, although the result still reflects a slight
overlap in the predicted classifications.

The classification results on fold 8 are a representative example in the application of the SVM model for
classification and the formation of the confusion matrix in one iteration of 10-fold cross-validation, applied to
real cases, particularly the status of poor households. The main results of the model are still based on the results
from all 10 folds, as presented in Table 6. The average results indicate that the SVM model with SMOTE has
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consistent performance across various data splits, so the reported classification ability reflects the overall model
performance and is not dependent on a specific fold.

The results of this research are not only based on the improvement of the accuracy of classifying poor households
but also as a new potential in utilizing it as a decision support system in poverty program evaluation. The developed
model is capable of identifying household characteristics related to poverty status based on socio-economic
predictor variables that have not been previously applied. Thus, the model’s prediction results can be used as
supporting information in the initial identification (pre-screening) process of households that are potentially poor
before the administrative verification or field verification process by the relevant agencies.

Although the proposed model shows good classification performance, this study still has several limitations
that need to be considered when interpreting the research results. First, this study only uses micro data from
the March 2023 SUSENAS in East Java Province. Therefore, the developed model represents the characteristics
of household poverty during the observation period and has not yet evaluated the consistency of the model’s
performance against changes in socio-economic conditions over time. Second, the research results are influenced
by several methodological decisions, such as the choice of oversampling level, the type of SVM kernel, and the
hyperparameter values used. Although these parameters were selected based on experimental evaluation results
and yielded the best performance in this study, different parameter configurations have the potential to produce
different performance outcomes as well. Third, the results of this study were specifically developed using the
characteristics of households in East Java Province in 2023, so the model’s generalizability to other provinces or
regions with different socio-economic conditions has not yet been determined. Fourth, the implementation of the
model in practice requires the availability of household data with a variable structure comparable to SUSENAS
data. In addition, the model needs to be periodically updated (retraining) using the latest survey data to remain
capable of accommodating changes in poverty characteristics over time. On the other hand, the process of model
training and parameter optimization requires relatively greater computational resources as the amount of data and
model complexity increase, so this aspect needs to be considered if the model is to be widely implemented as a
decision support system.

Based on these limitations, future research is expected to address various existing limitations through the use
of more diverse data, optimization of model parameters, and validation in different regions and periods, thereby
producing a more robust model with better generalization capabilities.

4. Conclusion

Based on the analysis and discussion, modeling using the linear-kernel SVM (C = 0.1) augmented by 80%
SMOTE oversampling emerged as the most effective strategy for binary classification of household poverty status
in East Java. This approach achieved a balanced trade-off between Sensitivity (77.07%) and Specificity (78.82%),
yielding an overall Accuracy of 78.73% and a G−Mean of 77.94%. These results demonstrate that, by converting
socioeconomic indicators into categorical predictors and applying a carefully regularized SVM, one can reliably
distinguish between “poor” and “non-poor” households. Such a model not only supports timely, cost-effective
monitoring of SDG 1 (No Poverty) at sub-national scales but also provides policymakers with a robust tool for
targeting interventions in regions with heterogeneous poverty profiles. Overall, this model is proposed in a process
that can assist the government in distributing aid, which includes the complete stages of household data collection,
prediction using the model, prioritization, verification and validation, and determination of aid recipients.
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