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Abstract 

Rural underdevelopment remains a significant barrier to achieving the Sustainable Development Goals 
(SDGs), particularly SDG 1 (No Poverty), SDG 10 (Reduced Inequality), and SDG 11 (Sustainable 
Communities), in Indonesia. This study addresses this challenge by employing Artificial Intelligence (AI) 
and machine learning techniques to predict and classify underdeveloped villages, offering a data-driven 
approach to inform targeted policy interventions. Using data from 75,261 villages based on Indonesia’s 
Village Development Index (IDM), the research achieved exceptional results, with the Decision Tree model 
delivering a classification accuracy of 99.5%. Feature importance analysis identified the Economic 
Resilience Index (IKE) as the most influential factor, followed by the Ecological Resilience Index (IKL) and 
the Social Resilience Index (IKS), underscoring the critical role of these dimensions in rural development. 
These findings provide actionable insights for enhancing rural policies in Indonesia and contribute to a 
broader understanding of how machine learning can support sustainable development in similar contexts 
globally. By integrating advanced analytics with development strategies, this study offers a replicable 
framework to address rural-urban disparities and promote equitable, sustainable growth. 
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1. Introduction 

Rural development in Indonesia is crucial for advancing the nation's agenda toward achieving the 
Sustainable Development Goals (SDGs) (Castro-Arce & Vanclay, 2020). While urban areas have seen 
significant progress, rural regions continue to face enduring challenges such as inadequate infrastructure, 
including poorly maintained roads, unreliable electricity, and limited access to clean water (Otok et al., 
2022). Additionally, access to essential services like education and healthcare remains restricted, 
exacerbating socioeconomic disparities between urban and rural populations (Parolin & Lee, 2021; Pujolar 
et al., 2022). Economic opportunities in these areas are often constrained by limited access to markets 
and financial services, hindering local livelihoods and economic growth (Aberese-Ako et al., 2022; Al Azies 
& Herowati, 2023; Cattaneo et al., 2022). These persistent issues highlight the substantial gap in 
development between urban and rural regions, underscoring the need for innovative approaches to 
bridge these disparities effectively (Bhatia et al., 2022). 

To address these challenges, leveraging technology—particularly AI-based machine learning 
models—emerges as a promising solution for enhancing rural development outcomes(Ayoub Shaikh et 
al., 2022; Gikunda, 2024). By utilizing AI and machine learning, stakeholders can optimize resource 
allocation, improve decision-making processes, and identify targeted interventions tailored to local needs 
(Pakpahan, 2021). These technologies can analyze large datasets to uncover patterns and trends that 
inform development strategies, ensuring that interventions are relevant and impactful (Khair et al., 2020). 
Furthermore, engaging local communities in the implementation of these technologies fosters a sense of 
ownership and accountability, ultimately leading to more sustainable and inclusive growth (Lauwo et al., 
2022). As Indonesia seeks to transform its rural landscapes, the integration of advanced technologies into 
development initiatives can play a pivotal role in driving equitable progress across the nation(Riggs et al., 
2021; Wibowo, 2023). 

In recent years, significant advancements have been made in utilizing machine learning 
methodologies to classify underdeveloped regions in Indonesia. For instance, studies by Palisoa et al. 
(2023) and Fadila Palisoa et al. (2020) have effectively demonstrated the capabilities of Support Vector 
Machine (SVM) and Radial Basis Function Neural Network (RBFNN) in identifying and analyzing the 
nuances of these areas. Research on the classification of underdeveloped regions in Indonesia has 
employed various machine learning methods to achieve high accuracy in identifying these areas. Palisoa 
et al. (2023) investigated the application of Support Vector Machine (SVM) for classifying underdeveloped 
regencies in Maluku Province, finding that SVM with a linear kernel function and parameter C=1 could 
correctly classify 76.13% of cases (Palisoa et al., 2023). Maulana and Irhamah (2018) also used SVM and 
Entropy-Based Fuzzy Support Vector Machine (EFSVM) for classifying regencies in East Java Province. 
Their results indicated that EFSVM performed better than SVM, especially with imbalanced data (Maulana 
& Irhamah, 2018). Fadila Palisoa et al (2020) applied Radial Basis Function Neural Network (RBFNN) for 
classifying underdeveloped regions in Indonesia, achieving a high performance with an accuracy of 
93.48% (Fadila Palisoa et al., 2020). Sari et al. (2020) classified underdeveloped regencies in Eastern 
Indonesia using SVM with a linear kernel, reaching an accuracy of 87.23% (Sari et al., 2020). Putri et al 
(2023) proposed a novel approach for poverty mapping in East Java, Indonesia, using multi-source satellite 
imagery and point of interest data to create a more detailed poverty map at 1.5 km spatial resolution. 
Two scenarios were evaluated: one with zonal statistics from multi-source satellite imagery and geospatial 
data, and another using Resnet-34 transfer learning with daytime multiband and nighttime light intensity 
imagery. The CNN-1D model performed best in the first scenario, achieving an RMSE of 1.95 and an 
adjusted R² of 0.84 at the district level (Putri et al., 2023). 

Hasugian et al. (2020) used the K-Means algorithm for classifying village status to support the 
Ministry of Village, Development of Disadvantaged Regions, and Transmigration programs. They 
successfully clustered 303 villages in Padang Regency based on their status (Hasugian et al., 2020). Utami 
and Wijayanto (2020) applied a Bayesian Network approach with K-Means Discretization for classifying 
the Village Development Index at the regency/city level, achieving an accuracy of 90.69% (Utami & 
Wijayanto, 2020). Otok et al. (2022) utilized an unsupervised learning approach for clustering 
underdeveloped infrastructure regions in Java, finding that the CLARA method provided the best results 
with high accuracy (Otok et al., 2022). Al Azies and Anuraga (2021) compared the SVM and K-Nearest 
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Neighbor (KNN) methods in classifying underdeveloped regions in Indonesia, discovering that both 
methods had the same precision value of 92.2% (Al Azies & Anuraga, 2021). 

While these studies highlight the promise of machine learning in addressing rural 
underdevelopment, they also reveal notable gaps. Many approaches focus on a single algorithm or 
dataset, which limits their ability to capture the complex socio-economic dynamics of underdeveloped 
villages. Furthermore, the integration of multi-source data, including geospatial and socio-economic 
datasets, needs to be more utilized, constraining the potential for comprehensive analysis. Another 
critical gap is the need for more emphasis on translating these machine-learning insights into actionable 
policy recommendations, which are crucial for real-world impact. This research aims to address these 
limitations by employing a comprehensive framework that integrates multiple supervised learning 
algorithms, such as K-Nearest Neighbors (KNN), SVM, Logistic Regression, Decision Trees, and Naive 
Bayes. By analyzing diverse data sources and focusing on key socio-economic indicators, this study seeks 
to uncover nuanced patterns and causal relationships that traditional methods often overlook. Moreover, 
it emphasizes generating actionable insights to inform policy decisions, ensuring alignment with the SDGs. 
The novelty of this research lies in its integration of advanced machine learning techniques with diverse 
datasets to provide a granular analysis of underdevelopment at the village level. Unlike previous studies, 
this research not only focuses on achieving high accuracy in classification but also on delivering insights 
that can directly guide targeted and sustainable policy interventions. By incorporating community 
engagement in the implementation of these technologies, the study ensures inclusivity and long-term 
impact. Ultimately, this research aspires to set a benchmark for using AI in rural development, 
contributing to the reduction of rural-urban disparities and advancing Indonesia's sustainable 
development agenda. 

2. Methods 

This section outlines the comparative experimental methodology employed to analyze ensemble 
models in the classification of underdeveloped villages in Indonesia. The research specifically focuses on 
evaluating the performance of several supervised learning classification algorithms, including Decision 
Trees, Random Forests, Support Vector Machines (SVM), K-nearest neighbours (KNN), and Naive Bayes. 
Additionally, the effectiveness of various resampling techniques—such as oversampling and 
undersampling—on the dataset is examined to address class imbalance issues that may impact model 
performance. By implementing these methodologies, the study aims to identify the most suitable 
classification approach for accurately categorizing villages based on socio-economic indicators. 

 
Figure 1. Research Framework for Comparative Experimental Approach to Classifying Underdeveloped Villages in Indonesia 

Source: by Author 
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The research framework is illustrated in Figure 1, which depicts the stages of data preprocessing, 
model training, evaluation, and comparison. Data preprocessing involves cleaning the dataset, handling 
missing values, and applying feature selection techniques to ensure that only relevant variables are 
included in the analysis. Once the models are trained using the processed data, their performance is 
evaluated through metrics such as accuracy, precision, recall, F1-score, and confusion matrices. This 
comprehensive approach not only highlights the strengths and weaknesses of each algorithm but also 
provides insights into how different resampling methods can enhance classification outcomes. Ultimately, 
the goal is to derive actionable recommendations for policymakers and stakeholders engaged in rural 
development initiatives in Indonesia. 

2.1 Data Sources and Research Variables 

The data used in this research is sourced from the Ministry of Villages, Development of 
Disadvantaged Regions & Transmigration, specifically from Regulation 2016 Number 2 concerning the 
Village Development Index (IDM). The dataset comprises a comprehensive collection of information on 
75,261 villages across Indonesia, reflecting their development status based on the IDM assessments 
conducted in 2023. The primary focus of this research is to classify these villages according to the Village 
Development Index, which serves as the target variable for analysis. Under the IDM framework, villages 
are categorized into five distinct classes: ‘Advanced’ (1), ‘Independent’ (2), ‘Developing’ (3), 
‘Underdeveloped’ (4), and ‘Very Underdeveloped’ (5). This classification system offers a holistic appraisal 
of the development levels within each village, enabling researchers and policymakers to identify regions 
that require targeted interventions and particular emphasis on enhancement. By utilizing this structured 
classification, the study aims to contribute valuable insights into the current state of rural development 
in Indonesia and inform strategies for improving the socio-economic conditions in underdeveloped and 
very underdeveloped villages. This research employs the three components that comprise the Village 
Development Index (IDM) from the Ministry of Villages, Development of Disadvantaged Regions & 
Transmigration, which in these concerns where: 

a. Social Resilience Index (IKS) 
Measures the social resilience of a village, covering aspects such as education, health, and social 
welfare. 

b. Economic Resilience Index (IKE) 
Evaluates the economic resilience of a village, involving economic parameters such as per capita 
income, employment opportunities, and access to economic resources. 

c. Ecological/Environmental Resilience Index (IKL) 
Reflects the environmental resilience of a village, including factors such as natural resource 
management, environmental sustainability, and environmental impact. 

2.2 Data Preprocessing 

The analysis stages begin with exploratory data analysis (EDA) to understand the distribution and 
relationships of the variables (Indrakumari et al., 2020). This consists of calculating descriptive statistics 
and creating images in order to look for patterns, trends, and outliers in the data. Exploratory Data 
Analysis (EDA) is used in analyzing the data structure and this is done before the modeling stage. Then 
subsequently outlier detection and handling are performed considering that the extreme values can 
introduce bias in the model. Outliers can bias statistical measures and affect models’ performance hence 
the reason why they need to be effectively handled. Z-scores, IQR, or robust scaling can be applied to find 
and remedy outliers. Z-score standardization has always been there before other standardization types 
such as range or min-max standardization where an effort is made to adjust the domains of the variables 
in an IT. Purely means transforming or normalizing the above information would give Z = 0, S = 1 therefore 
the use of such algorithms like SVM and KNN which are very susceptible to data size is highly sensitive. 
Finally, the main dataset is divided duplicated into a composite training data set and a held-out test data 
set for assessing performance of the model built on the ‘training’ data using ‘unseen’ data (Bates et al., 
2023). 
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2.3. Development of Classification Models  

AI and ML are two significant elements that provide opportunities to solve and comprehend complex 
problems, such as the development disparity of poor villages (Figure 2A). AI is the capacity of machines 
or computer programs to undertake activities that generally demand human intelligence (Azies & 
Rositawati, 2021; Santoso & Kom, 2023). In this line of thought, AI has various components, including ML 
(Figure 2A). The critical difference is that M L sets an objective and develops models and algorithms that 
let the machine interpret the data independently without the need to be programmed. Concerning 
underdeveloped villages, ML can assist in developing predictive models that classify and interpret the 
figures of underdevelopment. Moreover, this will also help to determine some of the significant factors 
that hinder the village's development and enable better decisions to be made (Santoso & Kom, 2023). 
Including AI and ML in assessing underdeveloped villages brings a new understanding of the data. 
According to many definitions, supervised learning is a paradigm of Machine Learning wherein models or 
algorithms are developed by training on pre-classified data (Silalahi et al., 2023). Supervised Learning is 
an approach in Machine Learning where models or algorithms are trained using labeled data (Silalahi et 
al., 2023). In this context, "labels" refer to the desired or known outputs. The main goal of Supervised 
Learning is to learn the relationships or patterns between inputs and outputs so that the model can make 
accurate predictions or classifications on new, unseen data (Brnabic & Hess, 2021). There are various 
types of Supervised Learning algorithms (Figure 2B).  

 

Figure 2. Representation of the schema relationship between AI, ML, and DL (A); classification of ML algorithms (B) (Manickam et 
al., 2022) 

2.4. Evaluation of Classification Models  

Classification models are defined, and rules that will underlie the predictions are produced as they 
are used. These rules must be checked and verified to assess the level of prediction correctness. The 
classification rules evaluation and validation are done with the help of a Confusion matrix (Deng et al., 
2016),, which helps summarize the classification model's performance. In this case, metrics obtained from 
the confusion matrix include accuracy, which refers to how many instances were classified correctly 
concerning the total number of classified instances. Another metric is precision, whereby the proportion 
of actual positive instances out of the ones predicted to be positive is evaluated. Recall, called sensitivity, 
defines the ratio of accurate positive and positive results. The F1 score normatively covers the gap 
between the precision and recall scores to get an intermediate assessment. 
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3. Results and Discussions  

3.1. Overview of Underdeveloped Areas in Indonesia 

In this subsection, the overall information concerning the scenario of backward villages in Indonesia 
comes through descriptive statistical analysis. The explanation and graphical representations of the Social 
Resilience Index, Economic Resilience Index, and Ecological/Environmental Resilience Index are carried 
out. These descriptive statistics are then utilized by standard learning algorithms, as these characteristics 
of underdeveloped villages are understood before making them divided using supervised learning 
algorithms. 

 

Figure 3. Distribution of Villages by Development Status in Indonesia 

In Indonesia, as shown in Figure 3, the data shows that developing villages constitute a significant 
portion of the total, with 28,766 of the 75,261 villages studied classified as developing villages. 
Additionally, there are 23,035 advanced villages, 11,456 independent villages, 4,850 very underdeveloped 
villages, and 7,154 underdeveloped villages. While the categories of creating and advanced villages 
dominate the overall distribution, it is crucial to note that the very underdeveloped and underdeveloped 
categories still represent a substantial number of villages. The Social Resilience Index (IKS) measures 
various factors, including the level of education attained by individuals, the availability of healthcare 
services, community participation in social activities, and the overall safety and comfort experienced 
within the village. This index provides valuable context for understanding the social dynamics in these 
areas and serves as a foundational metric for evaluating the resilience and development status of villages 
across Indonesia. By analyzing the IKS, IKE, and IKL, researchers can gain insights into the underlying 
challenges faced by backward villages and the factors contributing to their development status. These 
descriptive statistics will guide the implementation of machine learning algorithms, helping to classify 
villages based on their resilience indices and other socio-economic indicators. This approach aims to 
uncover patterns and relationships that can inform targeted interventions and policies to promote rural 
development in Indonesia. 

 

Figure 4. Correlation Matrix Between Village Status and Social, Economic, and Ecological Resilience Indices Source 
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The correlation analysis (Figure 4) reveals several key insights about the relationship between village 
status and the indices of resilience: 

• Village Status and IKS, IKE, and IKL: The correlation between village status and IKS is -0.720250, 
indicating that villages with better status tend to have higher IKS values. This means that more 
advanced villages have better social resilience. Similarly, the correlation between village status and 
IKE is -0.711490, suggesting that villages with better status also tend to have higher IKE values, 
indicating better economic resilience in more advanced villages. The correlation between village 
status and IKL is -0.504073, which shows that villages with better status tend to have better 
ecological resilience, although this relationship is not as strong as with IKS and IKE. 

• Social Resilience Index (IKS) with IKE and IKL: The correlation between IKS and IKE is 0.773192, 
showing a strong positive relationship. Villages with good social resilience tend to also have good 
economic resilience. The correlation between IKS and IKL is 0.343444, indicating a positive but 
weaker relationship compared to the correlation between IKS and IKE. 

• Economic Resilience Index (IKE) with IKL: The correlation between IKE and IKL is 0.309940, showing 
a positive but weak relationship. Villages with good economic resilience tend to have good ecological 
resilience, although this relationship is not as strong as the relationship between social and economic 
resilience. 
These correlations highlight the interconnectedness of social, economic, and ecological resilience in 

determining the overall status of villages, with social and economic resilience being more strongly linked 
than ecological resilience. 

3.2. Classification Models for Underdeveloped Areas Using Machine Learning 

This section discusses the performance of various machine learning models used to classify 
underdeveloped villages in Indonesia. The models evaluated include K-Nearest Neighbors (KNN), Support 
Vector Machine (SVM), Logistic Regression, Decision Tree, and Naive Bayes. The performance metrics 
considered are accuracy, precision, recall, and F1-score. The results are summarized in the Table 1 below. 

Table 1: Performance Metrics of Classification Models for Underdeveloped Villages. 

Algorithm Accuracy Precision Recall F1-score 

KNN 0.994752 0.994753 0.994752 0.994746 
SVM 0.991364 0.991426 0.991364 0.991355 
Logistic Regression 0.990500 0.990580 0.990500 0.990479 
Decision Tree 0.995483 0.995482 0.995483 0.995479 
Naïve Bayes 0.878031 0.881352 0.878031 0.877753 

Source: Processed data by Python (2024) 

In the evaluation of models for classifying underdeveloped villages, the Decision Tree model emerges 
as the top performer with an impressive accuracy of 0.995483. This model not only achieves high accuracy 
but also demonstrates exceptional precision, recall, and F1-score metrics, highlighting its robustness in 
accurately identifying underdeveloped areas. Following closely, the K-Nearest Neighbors (KNN) model 
achieves an accuracy of 0.994752, showing strong performance across all metrics. This reinforces its 
effectiveness as another reliable model for this classification task. The Support Vector Machine (SVM) 
model, with an accuracy of 0.991364, also performs well, maintaining strong precision, recall, and F1-
score metrics, indicating its suitability for the task. Logistic Regression similarly shows robust performance 
with an accuracy of 0.990500, aligning well with the other top-performing models. 

In contrast, the Naive Bayes model exhibits a notably lower accuracy of 0.878031. While its precision, 
recall, and F1-score metrics are consistent with its accuracy, these results underscore its relative 
limitations compared to the Decision Tree, KNN, SVM, and Logistic Regression models. Overall, the results 
highlight the effectiveness of machine learning models, particularly the Decision Tree model, in accurately 
classifying underdeveloped villages. Its high accuracy and comprehensive performance metrics make it a 
valuable tool for identifying and addressing underdevelopment challenges in Indonesia, supporting 
informed policy decisions and targeted interventions in rural areas. 
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Figure 5. Confusion Matrix Analysis for Decision Tree Model in Classifying Underdeveloped Villages 

The selected Decision Tree model exhibits an outstanding accuracy of 99.55%, highlighting its 
exceptional ability to classify underdeveloped villages accurately. This high accuracy reflects the model's 
effectiveness in distinguishing between different development statuses. The accompanying confusion 
matrix (Figure 5) provides further insights into the model's performance. It indicates that a substantial 
majority of actual underdeveloped villages are accurately identified, as evidenced by a high True Positive 
rate. Moreover, the model demonstrates a deficient number of False Negatives, which are villages that 
are genuinely underdeveloped but incorrectly predicted as not underdeveloped. This minimal occurrence 
signifies that the model is highly reliable in capturing the villages that require attention and support.  

In addition to high accuracy, the Decision Tree model maintains a well-balanced performance across 
key metrics, including precision, recall, and F1-score. These balanced values reinforce the model's 
robustness in accurately identifying and classifying underdeveloped villages across Indonesia. The strong 
performance of the Decision Tree model positions it as a valuable tool for stakeholders aiming to 
effectively identify and address developmental challenges in these regions. Its reliable predictions can 
facilitate targeted interventions, enabling policymakers and development agencies to allocate resources 
and design programs that address the specific needs of underdeveloped villages. 

 

Figure 6. Feature Importance Analysis of Decision Tree Model for Classification of Underdeveloped Villages 
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After discussing the Confusion Matrix results that provide an overview of the model's performance 
in After discussing the Confusion Matrix results that provide an overview of the model's performance in 
predicting underdeveloped villages, we further explore the Feature Importance of the Decision Tree 
Model, as presented in Figure 6. Feature Importance indicates the extent to which each feature or variable 
contributes to the model's ability to classify. In this context, the Feature Importance from the Decision 
Tree Model illustrates how significant the Social Resilience Index (IKS), Economic Resilience Index (IKE), 
and Ecological/Environmental Resilience Index (IKL) are in predicting whether a village falls into the 
categories of "Underdeveloped" or "Very Underdeveloped." Based on Figure 6, it is observed that the IKE 
feature has the highest Feature Importance, followed by IKL and IKS. This suggests that in the classification 
of underdeveloped villages, economic resilience (IKE) has the most substantial influence on predictions, 
followed by ecological/environmental resilience (IKL) and social resilience (IKS). Therefore, focusing on 
these aspects in the analysis helps in understanding and identifying key factors influencing the 
underdeveloped status of villages in Indonesia 

Conclusion 

This study explored the application of machine learning techniques to predict and classify 
underdeveloped villages in Indonesia, focusing on the Social Resilience Index (IKS), Economic Resilience 
Index (IKE), and Ecological/Environmental Resilience Index (IKL). By employing Decision trees and other 
supervised learning models, the research achieved high accuracy in identifying underdeveloped areas, 
offering valuable insights into the factors influencing rural development. Economic resilience (IKE) 
emerged as the most significant predictor, followed by ecological/environmental resilience (IKL) and 
social resilience (IKS). These findings underscore the critical role of economic and environmental factors 
in shaping rural development and provide a data-driven foundation for formulating targeted interventions 
to address underdevelopment. The results have direct practical relevance for policymakers aiming to align 
rural development initiatives with the Sustainable Development Goals (SDGs). By identifying key resilience 
factors, this study provides actionable insights that can guide evidence-based strategies to reduce 
disparities, improve livelihoods, and foster sustainable progress in rural communities. 

Limitations 

Despite its contributions, this study has several limitations. The predictive accuracy of the models 
may vary across different geographical regions and temporal contexts due to the dynamic nature of 
socioeconomic and environmental factors. The reliance on secondary data from national surveys may 
introduce biases or inaccuracies inherent in such datasets. Additionally, the study’s scope was confined 
to specific resilience indices, potentially overlooking other influential factors, such as cultural dynamics or 
local governance structures. Future research could address these limitations by incorporating more 
diverse and comprehensive datasets, including qualitative data on cultural and governance dynamics. 
Enhancing model robustness through ensemble techniques or spatial-temporal analyses could further 
improve predictive accuracy and applicability. By broadening the scope and refining methodologies, 
subsequent studies can build on these findings to create more holistic and effective strategies for rural 
development in Indonesia. This research highlights the potential of machine learning as a transformative 
tool in the pursuit of SDG-aligned policymaking. By leveraging data-driven insights, stakeholders can 
design targeted, impactful interventions that empower rural communities and ensure no one is left 
behind in Indonesia’s journey toward sustainable development. 
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