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poor households. However, the challenge of achieving accurate recipient identification 

remains a major obstacle. This research aims to build a classification model for BPNT 

recipients in West Java using machine learning methods (Random Forest, XGBoost, 

CatBoost, and LightGBM) and a Cuckoo Search-Based Ensemble Variable Importance 
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integrated VI rankings from each model, achieving a minimum Spearman correlation of 

0.6538. The results show that roof quality, living status, calorie consumption, and per 

capita expenditure are the main indicators for classifying BPNT recipients. This approach 
shows great potential to improve modeling interpretability and to provide stronger data-

driven support for social policy-making. 
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1. INTRODUCTION 

The Non-Cash Food Assistance Program, or in Bahasa known as Bantuan Pangan Non-Tunai (BPNT), 

is a development of the previous program, namely Rice for Prosperous Families, which began to be 

implemented gradually in 2017. The main objective of this program is to improve the efficiency of social 

assistance distribution through a non-cash system that allows recipient families to purchase food directly. The 

government is trying to reduce the burden of spending on the poor while encouraging greater financial literacy 

among lower-income groups. This program also aims to encourage balanced nutrition for each household [1]. 

The implementation of BPNT in West Java is expected to make a positive contribution to beneficiaries' 

food security. For example, studies in Bogor City show that although BPNT increases household purchasing 

capacity, its effectiveness remains closely tied to beneficiaries’ understanding of program mechanisms and 

access to supporting infrastructure [2]. Despite these benefits, some challenges remain, particularly inaccurate 

beneficiary targeting. Misclassification can create social friction, undermine program credibility, and weaken 

the effectiveness of resource allocation. 

These challenges highlight the need for more robust, data-driven tools to support program evaluation 

and targeting accuracy. Machine learning algorithms offer a solution for efficiently managing large amounts 

of diverse data and producing accurate predictions. The application of machine learning algorithms such as 

Random Forest (RF), XGBoost, CatBoost, and LightGBM has been proven to handle complex data 

characteristics and achieve good predictive performance. The advantage of this method lies in the model's 

algorithm, which combines multiple predictions to produce a more stable classification and reduce the risk 

of overfitting [3].  

The biggest challenge in machine learning-based modeling is understanding how each variable affects 

the classification result. The concept of variable importance (VI) has been widely used by researchers to 

identify which predictors have a strong impact on classification. Unfortunately, different machine learning 

algorithms can yield different VIs even when the predictors used are identical. In addition to the previous 

reason, there are many methods for producing VI, such as Permutation Variable Importance and Shapley 

Additive Explanation. There is a need for a method that can unify variable importances to better understand 

the effect of each predictor in classification when different ML or VI algorithms are used. 

  Research by [4] developed an ensemble variable importance (EVI) technique to unify various VI 

rankings produced by four different ML algorithms. First, the ML model is built to classify the Food 

Insecurity Experience Scale with 24 predictors using Random Forest, XGBoost, Neural Network, and Support 

Vector Machine. Each VI ranking from each model is unified with Cuckoo Search optimization. The EVI 

results show strong Spearman correlations with the individual variable importance rankings from each model, 

with coefficients of 0.952, 0.923, 0.941, and 0.942, respectively. The results show EVI's ability to produce 

stable, interpretable, unified rankings. This methodological framework can also be applied to the BPNT case 

to systematically identify the key household characteristics that drive program eligibility and classification 

outcomes. 

Despite these advances, several research gaps remain. First, existing studies have largely focused on 

the classification performance of Indonesia’s BPNT program using machine learning, while rarely 

interpreting results using variable importance (VI) methods, as in [5].  The application of ensemble VI 

methods for evaluating social assistance targeting can be beneficial because they are constructed from 

multiple VI models and take into account various algorithms. Second, prior work has rarely tested EVI on 

real-world, heterogeneous household survey datasets that exhibit data imbalance, regional heterogeneity, and 

mixed data types, except for [4], which used SUSENAS data for food insecurity classification.  

Addressing these gaps, this study develops a machine-learning-based classification model and applies 

a Cuckoo Search–based Ensemble Variable Importance approach to unify VI rankings across multiple 

algorithms. The aim is to identify the most influential predictors of BPNT recipient status and to provide a 

more data-driven foundation for program evaluation. This research offers a novel methodological 

contribution and generates actionable insights by integrating advanced ML techniques with an optimization-

based VI framework. The end result can support more accurate and equitable targeting in Indonesia’s food 

assistance programs. 
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2. RESEARCH METHODS 

2.1 Data Sources 

The data used in this research are secondary data obtained from the National Socio-Economic Survey 

(SUSENAS 2023), conducted by the Central Statistics Bureau (BPS) of West Java Province. The variables 

used in this research are related to non-cash food assistance (BPNT). The dataset consists of 14 variables and 

25,791 observations. The variables used pertain to food security. A detailed description is given in Table 1 

below: 

Table 1. The Variables Used  

Code Name of Variable Type 

𝑌 Non-cash food assistance (BPNT) recipient status Categorical 

𝑋1 Food insecurity concern status Categorical 

𝑋2 Urban/Rural area Categorical 

𝑋3 Regency/City area Categorical 

𝑋4 Homeownership status Categorical 

𝑋5 Roof quality Categorical 

𝑋6 Cash assistance (BLT) Categorical 

𝑋7 Floor area Numerical 

𝑋8 Expenditure per capita Numerical 

𝑋9 Average calorie consumption per capita Numerical 

𝑋10 Water source quality Categorical 

𝑋11 Toilet facility quality Categorical 

𝑋12 Credit usage status Categorical 

𝑋13 Household receiving family hope program (PKH) or prosperous family card 

(KKS) 
Categorical 

Data source: BPS 2023  

2.2 Machine Learning Models 

  Machine learning models are statistical methods for building predictive models from data. Among the 

most widely used are decision tree-based models and ensemble learning techniques such as Random Forest, 

Extreme Gradient Boosting (XGBoost), Categorical Boosting (CatBoost), and Light Gradient Boosting 

Machine (LightGBM). Random Forest is an ensemble method that employs a bagging approach, where 

multiple decision trees are constructed from randomly sampled training data, and their predictions are 

aggregated using majority voting for classification or averaging for regression. This method is known for its 

stability and ability to handle high-dimensional data [6]. 

XGBoost is a boosting algorithm designed for high efficiency and performance. Its strengths lie in its 

ability to regulate model complexity through regularization and its support for datasets containing missing 

values. This algorithm has been widely applied in various data analysis tasks due to its high predictive 

accuracy [7]. CatBoost is a boosting algorithm specifically developed to handle categorical data. It uses an 

ordered boosting technique and stable target statistics to reduce overfitting. Several studies have demonstrated 

CatBoost's competitive performance, especially when handling datasets with numerous categorical variables 

[8]. 

LightGBM is an improved version of XGBoost, offering greater computational efficiency and lower 

memory usage. This algorithm employs a histogram-based approach and a leaf-wise tree-growth strategy to 

accelerate training. The optimization strategy allows LightGBM to have good performance while maintaining 

speed and memory efficiency. However, this approach may also increase the risk of overfitting if appropriate 

parameter tuning is not applied [6]. 

2.3 Optuna 

The hyperparameters of a machine learning model can affect the model's ability to perform a given 

task; hyperparameter tuning is crucial to achieving a good model. As machine learning models are developed, 
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the demand for automatic hyperparameter tuning frameworks is increasing as a convenient way to optimize 

hyperparameters. Optuna is a hyperparameter tuning framework that allows users to construct the 

hyperparameter space and search it efficiently using an efficient search-and-prune algorithm. Optuna also 

provides versatility in many tasks of machine learning modelling, making it a good choice when it comes to 

hyperparameter tuning [9]. 

2.4 Permutation Variable Importance (PVI) 

Permutation Variable Importance (PVI) is a method for evaluating the contribution of individual 

features to a machine learning model. The PVI algorithm is described in Algorithm 1 [10]. The main 

advantage of PVI is its model-agnostic nature, allowing it to be applied across various types of algorithms 

[11]. In addition to its flexibility, this method is intuitive and easy to implement compared to other model-

agnostic methods, such as Shapley Additive Explanation (SHAP), which require heavy computation. 

Research by [12] demonstrated that PVI consistently identifies the most influential features contributing to a 

model's predictive performance.  

 

Algorithm 1. Permutation Variable Importance algorithm  

Input   : 𝑥𝑖 , 𝑦, 𝑓, 𝑀; 𝑖 = 1,2, . . 𝑝;  
Output: 𝑆𝑐𝑜𝑟𝑒𝑖 = 𝑀𝑖 − 𝑀𝑏𝑎𝑠𝑒 ; 𝑖 = 1,2, … , 𝑝  

1: Fit the model with all predictors (𝑥1, 𝑥2, … , 𝑥𝑝) 

2: Compute the performance metrics of the fitted model 𝑓 and call it 𝑀𝑏𝑎𝑠𝑒 

3: For 𝑖 = 1,2, … , 𝑝 do 

4: Permute 𝑥𝑖  

5: Calculate the performance metrics on permuted data with the fitted model 𝑓 and call it (𝑀𝑖) 

6: Calculate the VI score: 𝑆𝑐𝑜𝑟𝑒𝑖 = 𝑀𝑖 − 𝑀𝑏𝑎𝑠𝑒 

7: End for. 

2.5 Cuckoo Search Algorithm 

The Cuckoo Search (CS) Algorithm is a metaheuristic optimization algorithm inspired by the 

parasitism behavior of cuckoo birds. It leverages the concept of Levy flight to effectively perform both global 

and local solution searches. CS was performed by creating a few nests that represent the solution, which were 

later optimized. Each nest will be evaluated and compared to the new solution generated through the Levy 

flight. The Levy flight characteristic of frequently taking short steps and occasionally making large jumps 

helps the algorithm escapes local minima. The worst nest, which represents the poorest solution, is discarded 

and replaced with a new one. This process is repeated over several iterations until the objective function 

converges.  

Since its first introduction, Cuckoo Search has been widely used to solve various optimization 

problems in engineering and computer science. Its main advantages lie in its simplicity and the minimal 

number of parameters required, making it easy to implement across a wide range of applications[13]. Over 

time, Cuckoo Search has undergone various modifications, particularly for solving certain problems. One 

such improvement is the integration of the random key encoding scheme, leading to the development of the 

Random Key Cuckoo Search (RKCS) for discrete problems, which was later used in this research.  

Other research [14] on CS shows that it is commonly used in engineering, energy systems, and robotics, 

demonstrating the algorithm’s flexibility and effectiveness in tackling diverse challenges. Additionally, [15] 

proposed an adaptive model-based variant of Cuckoo Search that dynamically adjusts the search steps, 

leading to more efficient and convergent optimization. Numerous applications of Cuckoo Search have been 

explored in areas such as control system tuning, structural fault detection, and controller parameter 

optimization, further highlighting the algorithm’s vast potential in the fields of machine learning and 

optimization [16]. 

2.6 Ensemble Variable Importance 

One of the key outputs of machine learning algorithms is variable importance (VI), which quantifies 

the contribution of each predictor variable to the model’s performance. Although various supervised machine 

learning algorithms can be applied to the same dataset using the same VI computation methods, they often 

produce differing variable importance rankings. These differences can lead to ambiguity in interpreting and 

selecting important features. To address this issue, it is necessary to harmonize variable importance measures 
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across models. One promising approach is to use an optimization framework, such as simulated annealing or 

cuckoo search, to find a series of VI rankings that can represent all ML rankings through maximizing the 

minimum correlation of each VI ranking from different ML with the EVI [17].  

Simple aggregation methods, such as majority voting or averaging ranks (mean or median), are often 

inadequate for several reasons. In majority voting, when the number of models is even, and no clear majority 

exists at a given rank, the method fails to reach a definitive consensus. Similarly, using the mean or median 

of ranks may result in non-integer values, which are problematic in ranking contexts where unique, whole-

numbered positions are required. Moreover, these methods can lead to duplicate ranks for different features, 

reducing the interpretability and distinctiveness of the final importance list. In contrast, optimization-based 

approaches explicitly aim to maximize the unifying process across individual model rankings, yielding a VI 

ranking that better reflects the collective judgment of all models’ VI rankings. 

2.7 Data Analysis Stages 

The following were the stages of analysis in this research: 

1. Preparing the dataset. 

2. Conducting data exploration to understand the characteristics of the data. 

3. This ratio is chosen because the available dataset is sufficiently large, and the 80:20 split provides a 

balanced trade-off between supplying enough data for model training while reserving enough 

independent data to reliably evaluate model performance. 

4. Addressing class imbalance in the target variable, which can affect the machine learning modeling 

process, as models tend to perform better in predicting classes with higher frequencies compared to 

minority classes [18]. This was handled using the class weight method, a technique in machine 

learning that assigns greater weight to minority class instances [19]. 

5. Conducting binary classification modeling using Random Forest, XGBoost, CatBoost, and 

LightGBM methods, with hyperparameter tuning through the Optuna hyperparameter tuning 

framework. 

6. Applying cross-validation to evaluate the model’s performance in making predictions and to assess 

the predictive accuracy  [20]. Balanced accuracy is used as the performance metric to evaluate 

ensemble model performance and to address imbalanced data [21]. The following balanced accuracy 

function in Eq. (1) below: 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
1

2
(𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦). (1) 

7. Identifying variable importance using the permutation feature importance method to determine the 

contribution of each independent variable to the target variable [22]. 

8. Applying optimization using the Cuckoo Search Algorithm to find Ensemble Variable Importance 

Measure (EVI-CS), with the following objective function in Eq. (2) below. The maxmin strategy 

helps to find a series of VI ranks that maximize the minimum Spearman correlation (𝜌) between the 

ensembled VI rank and each VI rank from 4 different ML algorithms. 

𝑚𝑎𝑥𝑟𝑒
[𝑚𝑖𝑛{𝜌(𝑟𝑒, 𝑟𝑟𝑓), 𝜌(𝑟𝑒, 𝑟𝑥𝑔𝑏), 𝜌(𝑟𝑒, 𝑟𝑐𝑎𝑡), 𝜌(𝑟𝑒, 𝑟𝑙𝑔𝑏𝑚)}], (2) 

where: 

𝑟𝑒        : Ensembe VI rankings 

𝑟𝑟𝑓      : Random Forest VI rankings 

𝑟𝑥𝑔𝑏    : XGBoost VI rankings 

𝑟𝑙𝑔𝑏𝑚  : LightGBM VI rankings 

9. Evaluating by examining the correlation between the variable importance from each model and the 

ensemble variable importance derived from the Cuckoo Search method (EVI-CS). 

The flowchart illustrating the research methodology for this research is presented in Fig. 1. 
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Figure 1. Research Flow Chart  

3. RESULTS AND DISCUSSION 

3.1 Exploratory Data Analysis 

 
Figure 2. Distribution of Classes in the Response Variable 
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The distribution of households receiving Non-Cash Food Assistance (BPNT) in West Java Province in 

2023 indicates an imbalance in the response variable classes. A total of 6,085 households (23.6%) received 

BPNT, while 19,706 households (76.4%) were non-recipients. Fig. 2 illustrates the distribution of households 

across the response variable categories. This class imbalance must be considered during the modeling process, 

particularly when selecting appropriate methods and model evaluation metrics.  

 
Figure 3. Spearman Correlation Plot of Predictor Variables 

Fig. 3 displays the Spearman correlation matrix for the predictor variables included in the analysis. 

The Spearman rank correlation coefficient was chosen because the data were categorical and may not meet 

the assumptions of normality or linearity. Overall, the matrix reveals that most pairwise correlations fall 

within the weak to moderate range, with only a few relationships showing notable strengths. This suggests a 

relatively low degree of multicollinearity, which is suitable for ensembling variable importances [17]. 

Among the observed relationships, a moderate positive association is evident between X7 (floor area) 

and X8 (expenditure per capita), and between X9 (calorie intake per capita) and X8, aligning with economic 

theory that suggests better economic standing leads to improved nutritional outcomes and life conditions. 

Other variables show weak positive correlations with each other. The absence of high-magnitude correlations 

(e.g., >0.8 or <-0.8) across the matrix indicates that the predictors provide largely distinct information, which 

is desirable in building predictive models and deriving variable importances. 

3.2 Machine Learning Modelling 

The modelling starts with dividing the dataset into training and testing sets, with 80% allocated for 
training and 20% for testing. This corresponds to 20,632 observations in the training set and 5,159 
observations in the test set. The modelling process was conducted using the training data and involved four 
widely used machine learning algorithms: Random Forest (RF), XGBoost, CatBoost, and LightGBM. The 
class imbalance in the response variable, as previously discussed, was addressed by incorporating class 
weights during model training. These weights were computed based on the ratio between the positive and 
negative classes. 

Each model underwent hyperparameter tuning using the Optuna optimization framework, with the 

hyperparameter search space defined in Table 2. Furthermore, model evaluation was performed using 10-

fold cross-validation, with balanced accuracy Eq. (1) employed as the evaluation metric. This metric was 

chosen to ensure fair assessment in the presence of class imbalance. Finally, the best-performing models were 

applied to the test set to assess their generalizability and predictive performance. 
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Table 2. Hyperparameter Search Space 

Model Hyperparameter Choice Type Search Space  

RF n_estimators Integer 100-1,000  

 max_depth Integer 3-20  

 min_samples_split Integer 2-10  

 min_samples_leaf Integer 1-5  

 max_features Category Sqrt, log2  

CatBoost iterations Integer 100-1,000  

 depth Integer 3-10  

 learning_rate Float 0.01-0.3  

 l2_leaf_reg Float 1-10  

 bagging_temperature Float 0-1  

XGBoost n_estimator Integer 100-1,000  

 max_depth Integer 3-20  

 learning_rate Float 0.01-0.3  

 subsample Float 0.6-1.0  

 colsample_bytree Float 0.6-1.0  

 gamma Float 0-1  

 reg_alpha Float 0-10  

 reg_lambda Float 0-10  

LightGBM n_estimator Integer 100-1,000  

 max_depth Integer 3-20  

 learning_rate Float 0.01-0.3  

 num_leaves Integer 20-100  

 subsample Float 0.6-1.0  

 colsample_bytree Float 0.6-1.0  

 gamma Float 0-1  

 reg_alpha Float 0-10  

 reg_lambda Float 0-10  

The machine learning models used in this study demonstrated relatively similar performance based on 

the evaluation metrics. A small difference between the evaluation metric values on the training and test sets 

indicates good classification ability and generalizability. The incorporation of class weights during the 

modelling process resulted in a slight increase in balanced accuracy on both the training and test datasets 

across all four models. This suggests that even without explicit handling of class imbalance, the models were 

already capable of performing classification effectively. Despite the marginal differences in evaluation 

metrics, the model version incorporating class weights was selected for further analysis to obtain variable 

importance. A comprehensive summary of model evaluation results is presented in Table 3. 

Table 3. Model Evaluation 

Modelling Model 
Balanced Accuracy on Training 

Data (K-fold) 

Balanced Accuracy on Testing 

Data 

Without class 

weights 

RF 0.7803 (± 0.0072) 0.7794 

XGBoost 0.7923 (± 0.0097) 0.7959 

CatBoost 0.7989 (± 0.0114) 0.8020 

LightGBM 0.7938 (±0.0135) 0.7942 

With class 

weights 

RF 0.8054 (±0.0138) 0.8124 

XGBoost 0.8052 (±0.0141) 0.8110 

CatBoost 0.8055 (±0.0135) 0.8115 

LightGBM 0.8047 (±0.0146) 0.8111 
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Previous research [4] that employed undersampling techniques for BPNT classification increased the 

recall of Random Forest and XGBoost models to 80.01% and 74.04%, respectively. The increase is offset by 

a decrease in overall accuracy (from 55.21% to 60.52%). On the other hand, the model developed in this 

study demonstrates a more balanced performance. Specifically, the proposed model achieved an average 

balanced accuracy of 80%, indicating strong recall and a better balance between sensitivity and specificity. 

This suggests that the current model may offer better classification capability, particularly in handling class 

imbalance. 

The selected model was used to obtain variable importance (VI) rankings for each feature using the 

Permutation Variable Importance (PVI) algorithm. The VI ranking for each variable was determined based 

on its PVI score, where a rank of 1 indicates an important feature for classification, and a rank of 13 indicates 

a less important one. To obtain an ensemble ranking, the RKCS algorithm is used to find a series of rankings 

that maximizes the minimum Spearman correlation across the VI rankings of the machine learning models. 

The optimization process was carried out using the following parameters: the number of nests (n_nest) set to 

20, the discovery probability (Pa) set to 0.5, and the step size (step_size) set to 0.5. The optimization results 

indicated convergence after approximately 750 iterations, with the minimum Spearman correlation value 

reaching 0.6538. The optimization history is illustrated in Fig. 4. 

 
Figure 4.  Optimization History of EVI-RKCS 

The Ensemble Variable Importance (EVI) ranking, generated using the Random-Key Cuckoo Search 

(RKCS) algorithm, achieved a Spearman correlation of 0.6538 with the VI ranking from the CatBoost model, 

0.6648 with that of the Random Forest (RF) model, 0.6813 with that of the XGBoost model, and 0.8626 with 

the VI ranking from the LightGBM model. Table 4 demonstrates that although the models exhibit similar 

predictive performance, the resulting variable importance (VI) rankings may differ. This variation arises from 

differences in the algorithms underlying each model. The result of the EVI ranking indicates that it was 

constructed by integrating and balancing the VI rankings from all four machine learning models. The full 

EVI ranking is also presented in Table 4. 

Table 4. Results of Ensemble Variable Importance (EVI) and Individual Model-Based Variable Importance  

(VI-ML) Rankings 

Predictors 
VI-ML Rankings EVI-CS 

Rankings RF CatBoost XGBoost LightGBM 

X1 10 7 10 10 11 

X2 12 10 12 12 12 

X3 5 12 5 5 9 

X4 4 5 4 4 2 

X5 3 4 1 1 1 

X6 11 3 3 11 8 

X7 1 11 11 7 5 

X8 9 1 2 3 4 

X9 6 2 7 2 3 
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Predictors 
VI-ML Rankings EVI-CS 

Rankings RF CatBoost XGBoost LightGBM 

X10 2 9 6 6 7 

X11 8 6 9 9 6 

X12 7 8 8 8 10 

X13 13 13 13 13 13 

ρ (VI-ML, EVI-RCKS) 0.6648 0.6538 0.6813 0.8626  

Fig. 5 presents a simplified visualization that highlights the capability of the derived Ensemble Variable 

Importance (EVI) ranking. The EVI result serves as a strong tool for interpreting each variable's importance 

in classifying BNPT recipients, as it effectively captures the collective pattern of variable importance across 

the four machine learning models and provides deeper insights. Variables that were consistently categorized 

as important in the individual VI rankings remained in the important category in the EVI results. The 

condition can be seen on variables such as X5, which remained in the important category, and X2, which 

remained in the less important category. For variables with more diverse VI rankings, such as X8, the EVI 

assigned a rank by balancing the varying importance scores across models. 

 
Figure 5. Visualization of EVI-RCKS and VI-ML 

The EVI ranking identifies the top four most important variables as: roof quality (X5), homeownership 

status (X4), average calorie consumption per capita (X9), and average expenditure per capita (X8). These 

results suggest that household consumption capacity and living conditions are the key factors influencing the 

classification of BPNT recipients in West Java in 2023. Based on the result, the living conditions represented 

by X5 and X4 are considered more important than the consumption capacity represented by X9 and X8. 

While consumption capacity indicators directly capture a household’s economic ability to meet basic needs, 

they are often difficult to measure accurately in practice because they rely on detailed, self-reported 

information that may be prone to recall bias or data gaps. 

On the other hand, living conditions indicators are practical proxies for determining household 

conditions. Roof quality and homeownership status can reflect accumulated economic resilience in each 

household. This makes it a more reliable indicator than other variables. Characteristics such as the physical 

structure of the house, the quality of the roof, and homeownership status can be directly assessed during field 

visits, making them practical proxies for household welfare and a tool for evaluating the accuracy of BNPT 

implementation when detailed consumption data is absent. 
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4. CONCLUSION 

This study successfully implemented the Cuckoo Search-Based Ensemble Variable Importance (EVI) 

approach to improve the interpretability of the BPNT recipient classification model in West Java in 2023. 

Although all Machine Learning models used (Random Forest, XGBoost, CatBoost, and LightGBM) showed 

good classification performance, with small differences in evaluation metrics, the resulting variable 

importance (VI) differed across models. Through optimization using the Random-Key Cuckoo Search 

(RKCS) algorithm, an EVI ranking was obtained that integrated the key information from the four models, 

with a minimum Spearman correlation of 0.6538, demonstrating convergence and stability of the results. 

Validation of the EVI with VI-ML rank categorization confirmed that the EVI consistently represented 

important patterns across models. Variables such as roof quality, homeownership status, average calorie 

consumption, and per capita expenditure were identified as the main factors in determining BPNT recipients. 

This finding confirms that housing conditions and household consumption power are crucial indicators in 

social assistance targeting and demonstrates the potential of the ensemble VI approach to improve accuracy 

and transparency in public policy modeling. 

Despite these contributions, the study is not without limitations. The use of cross-sectional SUSENAS 

2023 data restricts temporal analysis, and the EVI results remain sensitive to the specific set of machine 

learning models included in the study. Future research can expand this work by incorporating multi-year or 

panel data, integrating a wider range of machine learning algorithms or other optimization strategies, and 

combining EVI with local explanation methods such as SHAP at the household-level. In the end, there is still 

considerable room for improvement in this study. 
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