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 Village development requires mapping conditions based on the Village 

Development Index (IDM) into categories of Very Underdeveloped, 

Underdeveloped, Developing, Advanced, and Independent. This study aims 

to develop and evaluate a classification model for IDM status in Probolinggo 
Regency using the Random Forest and Gradient Boosting algorithms 

integrated with the Synthetic Minority Over-sampling Technique (SMOTE) 

and GridSearchCV. SMOTE was applied to address data imbalance, while 

Grid Search was used for hyperparameter optimization and feature importance 
analysis. The results showed that Random Forest produced better 

classification performance than Gradient Boosting before optimization, with 

accuracies of 93.10% and 89.66%, respectively. After optimization using 

GridSearchCV, the accuracy of Gradient Boosting increased to 93.10%, while 
Random Forest remained at 93.10%. These results indicate that 

hyperparameter optimization has different effects on each algorithm. The 

application of SMOTE and GridSearchCV can support the IDM status 

classification process on data with an unbalanced class distribution. The use 
of IDM indicator variables as well as the Village Fund ceiling and realization 

provides additional information in the classification process, while feature 

importance is used to identify the relative contribution of variables to the 

model. 
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1. INTRODUCTION 

Village development is a crucial component of national development, aimed at improving community 

welfare and village independence. Its implementation is supported by Law Number 6 of 2014 concerning 

Villages and Village Fund management policies. In the context of Village Fund management, Minister of 

Finance Regulation Number 7 of 2026 emphasizes that Village Fund allocations must consider village needs, 

priority programs, and relevant indicators. Therefore, information that describes the condition and level of 

village development is needed to support development planning. 

One of the instruments for measuring the level of village development and independence is the Village 

Development Index (IDM) as regulated in the Regulation of the Minister of Villages, Development of 

Disadvantaged Regions, and Transmigration Number 2 of 2016. IDM measures village development and 

independence based on three dimensions, namely the Social Resilience Index (IKS), the Economic Resilience 

Index (IKE), and the Environmental/Ecological Resilience Index (IKL) [1]. IKS describes the condition of 

social resilience, IKE reflects economic resilience, while IKL describes the village's environmental resilience. 

These three dimensions complement each other in forming the IDM value which then becomes the basis for 

grouping villages into five statuses, namely Very Disadvantaged, Disadvantaged, Developing, Advanced, and 

Independent [1]. Thus, differences in social, economic, and environmental conditions can result in differences 

in village development status. Differences in the characteristics of each village produce diverse data patterns 

so that an analytical approach is needed that is able to classify objectively and systematically. 

Utilizing machine learning can be an approach in identifying patterns and performing classification 

based on historical data [20]. Previous studies have applied various algorithms for IDM status classification. 

http://dx.doi.org/10.33650/jeecom.v8i2.17367
https://creativecommons.org/licenses/by-sa/4.0/
mailto:yunif4@ti.uin-malang.ac.id
https://orcid.org/0000-0002-2183-0762


319 
Journal of Electrical and Computer Engineering ( JEECOM )  

 

M. Rizal Wahyudi : Classification Index Village Building … 

Research [24] used C4.5 and obtained an accuracy of 69.96%, while research [25] used a Multiclass Support 

Vector Machine (SVM) with an accuracy of 97.75%. Research [26] applied XGBoost to West Java IDM data 

and obtained an accuracy of 89%, while research [27] compared Backpropagation and Naïve Bayes on East 

Java IDM data in 2024 and obtained the best accuracy of 81%. These results indicate that algorithm 

performance can differ based on the characteristics of the data and the region used. 

Random Forest and Gradient Boosting are ensemble learning algorithms that are capable of handling 

classification problems with complex data characteristics [21][22]. However, village status classification data 

can have an unbalanced class distribution, potentially causing the model to predominantly learn the majority 

class. To overcome this problem, this study uses the Synthetic Minority Over-sampling Technique (SMOTE) 

to improve the representation of the minority class [11]. In addition, GridSearchCV is used to obtain the optimal 

combination of hyperparameters so that model performance can be improved [3]. 

Based on previous research, there is still a research gap in the application of the IDM classification 

specifically using village data from Probolinggo Regency in 2024 by integrating IDM variables and Village 

Fund management variables, particularly the Village Fund budget and realization. Previous research also has 

not specifically combined the comparison of Random Forest and Gradient Boosting with SMOTE, 

GridSearchCV optimization, and feature importance analysis in the context of the region. Therefore, the 

novelty of this research lies in the integration of IDM characteristics and Village Fund management in the 

classification of village status and the application of an ensemble learning approach combined with data 

imbalance handling, hyperparameter optimization, and interpretation of variable contributions. 

This study aims to develop and compare Random Forest and Gradient Boosting models for classifying 

village IDM status in Probolinggo Regency in 2024. SMOTE is used to handle class imbalance, GridSearchCV 

for hyperparameter optimization, and feature importance to identify variables that have a relative contribution 

to the classification results. The results of this study are expected to provide an optimal classification model as 

well as information on the characteristics of variables that contribute to village development status. 

 

2. METHOD 

A series of research processes that will be done can seen in Figure 1. The research flow is arranged as 

following : 

 

 
 

Figure 1. Research Flow 

Research process This involving a number of step main, where the process starts with initial data 

processing For ensure the data is ready for use. Next, the village fund ceiling realization of village funds Fund 

absorption and IDM Status. The dataset is divided become training data by 80% and test data by 20%. 

Furthermore, the variable independent (x) and target variables (y) are separated. Next, data balancing is 

performed use SMOTE method for ensure distribution balanced class. Data normalization is done so that the 

data is more proportional and not creates bias in the learning model machine. 
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Researchers using two algorithms classification Random Forest and Gradient Boosting  find best 

hyperparameters, we will use GridSearchCV with cross-validation. Metrics the evaluation that will be used is 

f1_weighted Because own problem classification multiclass and previous experience imbalance class . 

f1_weighted consider recall and precision for every class and calculate the weighted average based on support 

(number of true instances) of each label. For measure author model performance use Confusion Matrix 

Accuracy, Precision, Recall, F1-Score ROC-AUC Score. 

 

2.1 DATA COLLECTION 

Data collection is the initial step to collect all the variables needed in modeling the IDM Status 

classification in Probolinggo Regency. Data used in study This is a secondary dataset results integration 

between indicator IDM composite from the Ministry of Villages, Development of Disadvantaged Regions , 

and Transmigration ( Kemendesa PDTT) 2024 as well as budget and realization data utilization of Village 

Funds from the Central Statistics Agency (BPS Kab. Probolinggo ) in 2024. Research location in the region 

Regency Probolinggo is located in the Province East Java.  
 

Table 1. Data Variables 

NO VARIABLE NAME   INFORMATION 

1 KODE DESA : 
Official identity code for village administrative areas (Ministry of 
Home Affairs/BPS) 

2 KECAMATAN : Name of the sub-district where the village is located 

3 NAMA DESA : Official name of the village 

4 JUMLAH PENDUDUK : Total number of people residing in the village 

5 
KEPADATAN 

PENDUDUK 
: Ratio of the number of people per square kilometer (people/km²) 

6 JUMLAH KK : Total number of registered heads of families 

7 LUAS WILAYAH : Land area of the village area (km² or ha) 

8 PAGU DANA DESA : Total budget allocation ceiling for Village Funds (Rupiah) 

9 REALISASI DANA DESA : Total village funds successfully absorbed and spent (Rupiah) 

10 SERAPAN DANA DESA : 
Percentage of effectiveness of absorption realization against the ceiling 
(%) 

11 IKS : Social Resilience Index achievement value 

12 IKE : Economic Resilience Index achievement value 

13 IKL : Environmental/Ecological Resilience Index achievement value 

14 NILAI IDM 2024 : IDM average composite score in 2024 

15 STATUS IDM 2024 : 
Village status classification class (Very Underdeveloped, 

Underdeveloped, Developing, Advanced, Independent) 

 
Table 2. Dataset 

No Village Name 
Village Fund 

Ceiling 

Village Fund 

Realization 

Village Fund 

Absorption 
…. 

IDM 

Value 

IDM 

Status 

1 Dringu 843,899,000 864,352,203 102% …. 7,617 Proceed 

2 Kalirejo 1,292,407,000 1,237,416,700 96% …. 7,724 Proceed 

3 Kalisalam 810,288,000 771,793,050 95% …. 7,562 Independent 

4 Kedungdalem 1,134,701,000 1,260,187,000 111% …. 7,963 Proceed 

5 Mranggon Lawang 846,293,000 868,458,573 103% …. 7,075 Proceed 

6 Ngepoh 776,109,000 774,456,650 100% …. 7,144 Proceed 

7 Pabean 885,247,000 886,187,600 100% …. 8,206 Independent 

8 Randuputih 1,035,136,000 1,025,978,781 99% …. 8,322 Proceed 



321 
Journal of Electrical and Computer Engineering ( JEECOM )  

 

M. Rizal Wahyudi : Classification Index Village Building … 

9 Sekarkare 671,694,000 682,813,750 102% …. 7,235 Proceed 

10 Sumberagung 787,470,000 770,031,437 98% …. 7,698 Proceed 

… … … … … … … … 

325 Sumberkledung 962,730,000 927,257,785 96.32% …. 7,243 Proceed 

 

2.2 PREPROCESSING 

The process begins with load index data Village Building (IDM) from Google Sheets. The data is then 

through stage comprehensive pre-processing, including : 

1. Feature Engineering 

First step in engineering feature is inspect information base DataFrame For understand column data type , 

number non-null values, and the use of memory. This will help in identify columns that require handling 

mark is lost or conversion data type . 

 

 
Figure 2. Data Frame 

 

2. Handling Missing Values 

Based on Figure 2.1 several column own missing values (Non-Null Count < 143) . For handle This is for 

To fill in the empty data, median imputation is used. Median imputation is technique Fill in empty data ( 

missing values ) using mark middle from the data available on a variable .  

3. Cleanup and Conversion of 'Object Column to Numeric 

A number of the column that should be numeric moment This own data type 'object' because existence non- 

numeric characters (e.g. , comma, period) as separator thousands, or sign percent). Before median 

imputation can done, columns This need cleaned and converted to numeric data type (float or integer). We 

will see mark unique in some column the For understand pattern necessary cleaning. 

4. Target Variable Encoding 

The target variable encoding stage is performed to convert categorical data in the IDM status variable into 

numeric form so it can be processed by the machine learning algorithm. The IDM status, consisting of 

several categories, is converted into consistent numeric labels without changing the information or meaning 

of each class. The encoding results are then used as target variables in the training and evaluation of the 

classification model. 
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Figure 3. Custom Mapping Status IDM 

 

The IDM STATUS 2024 column is encoded to mark numeric (1-5) to be used as target variable.  
2.3 DATA SHARING 

After preprocessing , author separate data into feature ( x ) and target ( y ). Our target is IDM STATUS 

column (Encoded). Next, the data will be shared into a training set of 80% and a testing set of 20%. Because 

the target is variables possible categorical No balanced distribution, then writer using SMOTE (Synthetic 

Minority Over-sampling Technique) on training data For balance amount class. 

 

2.3.1 SMOTE (Synthetic Minority Over-sampling Technique) 

For understand SMOTE impact, author do visualize distribution a number of feature important on 

x_train_resampled and compare it based on target class y_train_resampled. 

 

  
 

Figure 4. Graph Visualization Distribution SMOTE feature 

Visualization distribution feature after SMOTE has been succeed created. Graphics This show 

distribution density For four feature first POPULATION NUMBER, POPULATION DENSITY, NUMBER 

OF FAMILY HOMES, and AREA) from the resampled training data ( x_train_resampled ), separated based 

on IDM STATUS class (Encoded). 
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From figure 4 we Can see that SMOTE has help balance amount samples in each target class is shown 

with color different . Although distribution original Possible No balanced , after SMOTE, density For every 

class on features This show more patterns evenly or balanced, which is objective from SMOTE. This means 

your model will trained with more representation fair For every IDM STATUS category. 
 

2.3.2 DATA NORMALIZATION 

After SMOTE, the author do normalize features numeric use StandardScaler . StandardScaler is tool 

deep data preprocessing machine learning that works For standardize feature numerical to have the mean value 

is the same with 0 and standard deviation The same with 1. Things are done so that all feature own the same 

scale , so that No There is features that dominate the learning model machine Because range its greater value 

big . We will do fit_transform on resampled training data (x_train_resampled) and only transform on test data 

(x_test) for avoid data leak. 

 
3. RESULTS AND DISCUSSION 

Modeling process involving implementation as well as training of two algorithms ensemble leading, 

namely Random Forest Classifier and Gradient Boosting Classifier, using training data that has been through 

stage pre-processing. Evaluation performance furthermore done against test data with utilise a number of metric 

main, which includes level accuracy, reports classification covering mark precision, recall, and F1-score, as 

well as matrix confusion . 

  

  
 

Figure 5. Test Results 

Based on testing the Random Forest model succeed record level accuracy around 93.10%, which 

reflects capability very optimal predictive in classification of IDM status and consistency reliable performance 

throughout category class. Meanwhile that is, the Gradient Boosting model get accuracy in the range of 89.66%, 

although this global achievement A little be under Random Forest , algorithm This still categorized as a strong 

and competent role model in map as well as classifying class data in a way accurate. 
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Figure 6. Feature Importance Result 

 

Analysis level feature importance executed use identify to what extent each variable contributes to 

results model prediction. Based on Figure 6, the test results show that IDM 2024 VALUE variable in general 

consistent dominate as the most influential features on both model architecture. Dominance This appears very 

prominent in the Gradient Boosting model , which indicates level high dependency from the model to mark the 

aggregate in question. 

Beside that, component index The IDM compilers, namely IKE, IKS, and IKL, also show level 

substantial interest, particularly in the Random Forest model, which confirms that index component the act as 

predictor key. While that, the variables supporters others, such as aspect demographics as well as condition 

finance village, giving relative contribution more small However still hold relevant roles in the prediction 

process. 

 

 
Figure 7. Comparison Model Accuracy Before and After Hyperparameter Tuning 

 

Researchers also conducted trials For increase accuracy with hyperparameter tuning with 

GridSearchCV, the Gradient Boosting model experienced improvement accuracy from 89.66% to 93.10%, 

equaling The accuracy of the Random Forest model is stable at 93.10%. The use of The SMOTE technique has 

proven to be crucial. in equalize representation target class (Very Disadvantaged, Disadvantaged, Developing, 
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Advanced, Independent), so that the model is not biased and produces even and high f1-score For all over IDM 

status category. 

 

4. CONCLUSION 

The results showed that Random Forest produced better classification performance than Gradient 

Boosting before optimization, with accuracies of 93.10% and 89.66%, respectively. After optimization using 

GridSearchCV, the accuracy of Gradient Boosting increased to 93.10%, while Random Forest remained at 

93.10%. These results indicate that hyperparameter optimization has different effects on each algorithm. The 

application of SMOTE and GridSearchCV can support the IDM status classification process on data with an 

unbalanced class distribution. The use of IDM indicator variables and the Village Fund budget and realization 

provides additional information in the classification process, while feature importance is used to identify the 

relative contribution of variables to the model. 
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