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1. Introduction 

  The Family Planning (FP) program is one of the national strategies aimed at controlling population 

growth, improving reproductive health, and enhancing family welfare through the appropriate use of 

contraceptive methods. The effectiveness of this program depends not only on the availability of healthcare 

services but also on the quality of information used to support policy formulation, program monitoring, and 

evidence-based evaluation. Proper management of FP participant data enables health authorities to identify 

contraceptive utilization patterns, participant characteristics, and continuation status, thereby facilitating 

evidence-based decision making. Recent studies have demonstrated that data-driven approaches can improve 

the understanding of contraceptive utilization and reproductive health behavior among women of reproductive 

age  [1][2]. The rapid advancement of information technology has resulted in a substantial increase in the 
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 The Family Planning (FP) program requires accurate information to support 

evidence-based decision-making and improve the quality of reproductive health 

services. Classification of FP participant status can assist health authorities in 

identifying participant patterns and monitoring program implementation. Previous 

research using the Support Vector Machine (SVM) algorithm on the same dataset 

achieved an accuracy of 56.20%, indicating that improvements in classification 

performance are still required. This study proposes the Random Forest algorithm 

within the Cross-Industry Standard Process for Data Mining (CRISP-DM) 

framework to classify FP participant status. The dataset consists of 1,402 FP 

participant records obtained from SATPEL PPKB, Cilebar District, Karawang 

Regency. Data preprocessing included data transformation, One Hot Encoding for 

categorical predictor variables, Label Encoding for the target variable, and Hold-

Out Validation with an 80:20 train-test split using stratified sampling. The 

predictor variables were registration month, wife's birth year, wife's age, and 

contraceptive method, while the target variable was FP participant status (New, 

Change Method, and Repeat). Model performance was evaluated using accuracy, 

precision, recall, F1-score, confusion matrix, classification report, and feature 

importance analysis. The Random Forest model achieved an accuracy of 59.43%, 

with weighted precision, recall, and F1-score of 59.00%. However, the macro-

average precision, recall, and F1-score were 45.00%, 44.00%, and 44.00%, 

respectively, indicating performance differences across classes caused by class 

imbalance. The model achieved the highest F1-score for the New class (0.63), 

followed by the Repeat class (0.59), whereas the Change Method class obtained 

the lowest F1-score (0.11). Feature importance analysis identified wife's birth year 

and wife's age as the most influential predictor variables. Compared with the 

previous SVM-based model, Random Forest provided a modest improvement in 

accuracy and enhanced model interpretability through feature importance analysis. 

Nevertheless, the low macro-average performance indicates that further research 

should investigate class-balancing techniques and hyperparameter optimization to 

improve classification performance, particularly for minority classes. 
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volume of data generated across various sectors, including healthcare. Such growth requires analytical 

techniques capable of transforming large datasets into meaningful information. Data mining has emerged as an 

effective approach for discovering hidden patterns and extracting valuable knowledge from complex datasets. 

One of the most widely used techniques in data mining is classification, which aims to develop predictive 

models by assigning data into predefined categories based on their characteristics. Classification techniques 

have been successfully applied in numerous healthcare-related studies, including patient length-of-stay 

prediction, nutritional status classification, and disease diagnosis, while similar approaches have also 

demonstrated their effectiveness in non-health domains such as sentiment analysis and natural disaster 

analysis[3][4][5][6].  

 The growing development of machine learning has further expanded the capability of healthcare data 

analysis. Machine learning algorithms are able to identify complex relationships among variables, improve 

prediction accuracy, and support decision-making processes through automated learning from historical data. 

In reproductive health research, machine learning has been increasingly adopted to analyze contraceptive 

utilization and reproductive behavior[7]. [1] employed several machine learning algorithms to investigate 

long-acting reversible contraceptive utilization in Sub-Saharan Africa, [2] developed predictive models to 

identify factors associated with informed contraceptive choice among women in six high-fertility African 

countries. Furthermore, ensemble learning techniques have demonstrated excellent performance in medical 

classification problems, indicating their potential for supporting healthcare decision-making systems [8].  

 In Indonesia, several studies have investigated the application of machine learning algorithms for family 

planning and reproductive health classification. [9] compared Logistic Regression, Naïve Bayes, CART, C4.5, 

and k-Nearest Neighbor for classifying contraceptive methods among couples of reproductive age and 

concluded that the performance of classification algorithms is strongly influenced by dataset characteristics 

[10][11] Applied the Random Forest algorithm to predict community health conditions based on contraceptive 

utilization and reported satisfactory classification performance. In addition, [12] compared Support Vector 

Machine (SVM) and Backpropagation Neural Network (BPNN) for classifying couples of reproductive age in 

West Java Province and demonstrated that both algorithms achieved competitive results depending on the 

characteristics of the available data.  

 Among various machine learning algorithms, Random Forest has become one of the most popular 

classification methods because of its robustness and predictive capability[13][14]. Random Forest is an 

ensemble learning algorithm that constructs multiple decision trees using bootstrap sampling and combines 

their predictions through a majority voting mechanism. Compared with a single decision tree, Random Forest 

generally provides higher predictive accuracy, greater stability, and better resistance to overfitting. In addition, 

the algorithm provides feature importance analysis, allowing researchers to identify variables that contribute 

most significantly to prediction performance [15].  

Previous research conducted by [16] classified Family Planning participant status using the Support Vector 

Machine (SVM) algorithm based on the wife's age and contraceptive method type. Using 1,402 FP participant 

records collected from SATPEL PPKB, Cilebar District, Karawang Regency, the proposed model achieved an 

accuracy of 56.20%. Although the study demonstrated the feasibility of machine learning for FP participant 

classification, the obtained performance indicates that further improvement is still required, particularly in 

achieving more balanced classification results across all participant categories. 

Exploratory analysis of the dataset used in the present study revealed an imbalanced class distribution, where 

the number of participants in the Change Method category was substantially lower than those in the New and 

Repeat categories. Such class imbalance may cause classification models to become biased toward majority 

classes, thereby reducing their ability to correctly identify minority-class instances and affecting the overall 

classification performance, particularly for minority classes [17][18]. Although the dataset exhibits class 

imbalance, this study evaluates the performance of the Random Forest algorithm using the original data 
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distribution after preprocessing through One Hot Encoding without applying additional data balancing 

techniques[19]. This study therefore proposes the implementation of the Random Forest algorithm within the 

Cross-Industry Standard Process for Data Mining (CRISP-DM) framework. The dataset is preprocessed using 

One Hot Encoding before model training to transform categorical variables into numerical representations 

suitable for machine learning. CRISP-DM provides a systematic methodology consisting of Business 

Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and Deployment, making it one 

of the most widely adopted frameworks for data mining projects [20]. The proposed model utilizes the month 

of registration, wife's birth year, wife's age, and contraceptive method type as predictor attributes to classify 

Family Planning participant status. Model performance is evaluated using Accuracy, Precision, Recall, F1-

score, Confusion Matrix, and Feature Importance analysis. Furthermore, the Classification Report is analyzed 

through Macro Average and Weighted Average values to provide a more comprehensive evaluation of model 

performance across all participant categories, particularly the minority class. The findings are expected to 

provide an alternative Random Forest-based classification model for Family Planning participant status while 

identifying the predictor variables that contribute most significantly to the classification process. In addition, 

the study is expected to provide a comprehensive evaluation of classification performance across all 

participant categories, particularly the minority Change Method class. 

2.   Method 
This study uses the Cross Industry Standard Process for Data Mining (CRISP-DM) method as a 

framework for the development process of the classification model. CRISP-DM was selected because it 

provides systematic stages, starting from problem understanding to model evaluation. In this study, the 

implemented stages include Business Understanding, Data Understanding, Data Preparation, Modeling, 

and Evaluation. The Deployment stage was not performed because this research focuses only on the 

development and evaluation of the classification model. 

 

 
Figure 1. CRISP-DM Method Stages 

 

2.1   Business Understanding 

The Business Understanding stage aims to identify the research problem and determine the objective 

of developing a classification model. Previous research using the Support Vector Machine (SVM) 

algorithm achieved an accuracy of 56.20%, indicating that further improvement is required to enhance the 

classification performance of Family Planning (FP) participant status. Therefore, this study applies the 

Random Forest algorithm as an alternative classification method to improve classification performance. 

Random Forest is selected because it is an ensemble learning algorithm that combines multiple 

decision trees to produce a more stable prediction model and reduce the risk of overfitting. In addition, 

Random Forest provides feature importance analysis, which allows the identification of the variables that 

contribute most significantly to the classification process. 

The objective of this research is to develop a Random Forest-based classification model for 

predicting Family Planning participant status. The model performance is evaluated using Accuracy, 

Precision, Recall, F1-score, Confusion Matrix, Feature Importance analysis, and Classification Report 

analysis to provide a comprehensive evaluation of the Random Forest classification model. 
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2.2  Data Understanding  

The Data Understanding stage is conducted to analyze and understand the characteristics of the 

dataset used in this research. The dataset was obtained from SATPEL PPKB, Cilebar District, Karawang 

Regency, containing Family Planning participant records. The dataset consists of 1,402 records and eight 

attributes related to participant characteristics and contraceptive usage. Dataset exploration was performed 

to examine the data structure, variable types, descriptive statistics, and missing values. The results 

indicated that the dataset contained no missing values, making it suitable for the preprocessing stage. 

 

Table 1. Research Dataset 

 

No Month Wife Birth Year Wife Age FP Participant Status Contraceptive Method 

1 January 1984 41 Repeater Pill 

2 January 1996 30 New Injection 

3 January 1998 28 Repeater Pill 

4 January 1979 47 New Injection 

... ... ... ... ... ... 

1401 May 1980 45 New Implant 

1402 May 1980 46 New Injection 

 

 The target variable in this study is Family Planning Participant Status, while the remaining attributes are 

used as predictor variables. 

Table 2. Variable Description 

Variable Function 

Month Predictor Variable 

Wife Birth Year Predictor Variable 

Wife Age Predictor Variable 

Contraceptive Method Predictor Variable 

FP Participant Status Target Variable 

 

 Before modeling, the distribution of the target variable was analyzed to understand the class composition 

of Family Planning participant status. This analysis is important because an imbalanced class distribution can 

influence classification performance. 

  

2.3  Data Preparation 

The Data Preparation stage aims to transform the raw dataset into a suitable format for the Random Forest 

classification model. The preparation process consists of data transformation, attribute removal, feature 

encoding, and dataset splitting. 

 

 

 

 

a) Data Transformation 

The attribute Wife's Date of Birth was converted into datetime format. After conversion, the year 

information was extracted to create a new attribute called Year of Birth. The original date attribute was 

removed because machine learning algorithms require structured numerical input. 

Table 4. Data Transformation 
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Original Attribute Transformation Result 

Wife Date of Birth Extract Year Wife Birth Year 

Wife Date of Birth 
Remove Original 

Attribute 
Deleted 

 

Several attributes related to participant identity were removed before the modeling stage. The 

attributes Nama Suami and Nama Istri were excluded because they represent personal identification 

information and do not provide relevant predictive information for Family Planning participant 

classification. 

 

b) One Hot Encoding 

 The dataset contains categorical predictor variables. Since the Random Forest algorithm requires 

numerical input, categorical attributes were transformed using One Hot Encoding. 

The implementation uses the pd.get_dummies() function with the parameter drop_first=True. This method 

converts categorical values into binary numerical representations (0 and 1). The drop_first=True parameter 

removes one category from each categorical variable to reduce redundancy in the generated features. 

 

Table 5. One Hot Encoding 

Contraceptive 

Method 
Pill Injection Implant 

Pill 1 0 0 

Injection 0 1 0 

Implant 0 0 1 

. 

 

c) Label Encoding of Target Variable 

The target variable Status Peserta KB was transformed into numerical values using the Label Encoding 

technique through the LabelEncoder() function. 

This transformation was applied because Random Forest requires numerical labels during the training 

process. 

The encoded target values follow the class labels generated by the Label Encoder. 

 

Table 6. Label Encoding 

Original Class Encoded Value 

New 0 

Change Method 1 

Repeat 2 

 

 

d) Dataset Splitting 

After preprocessing, the dataset was divided into training and testing data using the Hold-Out Validation 

method with an 80:20 ratio. 

The splitting process was performed using the train_test_split() function with the parameters: 

test_size = 0.2, random_state = 42, stratify = y 

The stratify parameter was applied to maintain the proportion of each class in both training and testing 

datasets. 

Table 7. Dataset Partition 

Dataset Number of Records 
 

Percentage 
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Training 1121 80% 

Testing 281 20% 

Total 1402 100% 

 

 

2.4   Modeling 

 The classification model was developed using the Random Forest algorithm implemented through the 

RandomForestClassifier() function from the Scikit-Learn library. The model was initialized using: 

RandomForestClassifier(random_state=42) The training process was performed using the training dataset, 

while the testing dataset was used to evaluate the model performance. 

 

2.5  Evaluation 

The Evaluation stage aims to assess the performance of the Random Forest classification model in 

predicting the class of Family Planning (FP) participants. Model performance was evaluated using the testing 

dataset obtained from the dataset splitting stage. Several classification performance metrics were employed, 

namely Accuracy, Precision, Recall, F1-score, Confusion Matrix, and Classification Report analysis. These 

evaluation methods provide a comprehensive assessment of the Random Forest model, particularly for 

datasets with imbalanced class distributions. In addition, Feature Importance analysis was conducted to 

identify the contribution of each predictor variable to the classification results. 

a) Accuracy 

Accuracy represents the proportion of correctly classified instances compared with the total 

number of testing data.  

b) Precision 

Precision measures the proportion of correctly predicted positive instances among all instances 

predicted as positive. . 

c) Recall 

Recall measures the ability of the model to identify actual positive instances correctly. 

d) F1-Score 

F1-Score is the harmonic mean between precision and recall. This metric provides a balanced 

evaluation when the dataset contains unequal class distributions. 

e) Confusion Matrix 

The Confusion Matrix is used to evaluate the classification performance by comparing the 

actual class labels with the predicted class labels. It summarizes the number of correct and 

incorrect predictions for each class, allowing the identification of classification errors such as 

false positives and false negatives. This evaluation provides a detailed understanding of the 

strengths and weaknesses of the Random Forest model in classifying Family Planning 

participant data. 

f) Feature Importance 

In addition to the classification performance metrics, this study also analyzes Feature Importance 

generated by the Random Forest algorithm. Feature Importance measures the contribution of each 

predictor variable to the classification process. Variables with higher importance values have a 

greater influence on the model's prediction results. This analysis provides insights into the factors 

that most significantly affect the classification of Family Planning participant classes. 

 

 

 

3. Results and Discussion 

3.1 Data Preprocessing Results 
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The data preprocessing stage was conducted to prepare the dataset before the classification process. 

Initially, the dataset consisted of 1,402 Family Planning participant records containing numerical and 

categorical attributes. During preprocessing, categorical predictor variables were transformed into numerical 

representations using the One Hot Encoding technique, while the target variable (FP Participant Status) 

was converted into numerical labels using Label Encoding. 

The One Hot Encoding process transformed categorical predictor variables into binary numerical features, 

enabling the Random Forest algorithm to process categorical information without introducing artificial 

ordinal relationships between categories. After the transformation process was completed, the dataset was 

divided into training and testing datasets using the Hold-Out Validation method with an 80:20 ratio. 

Table 8. Dataset after Preprocessing 

Dataset Number of Records 

Training Data 1,121 

Testing Data 281 

Total 1,402 

 

The preprocessing results indicate that the dataset was successfully transformed into a numerical format 

suitable for the Random Forest algorithm. Furthermore, stratified sampling was applied to maintain the 

proportion of each class in both training and testing datasets, providing a reliable basis for model training and 

evaluation. 

3.2 Random Forest Classification  

The Random Forest classification model was trained using the training dataset and evaluated using the 

testing dataset. Model performance was assessed using Accuracy, Precision, Recall, F1-score, Confusion 

Matrix, and Classification Report analysis, while Feature Importance analysis was performed to identify the 

contribution of each predictor variable.  

The experimental results show that the Random Forest model achieved an accuracy of 59.43%. The 

weighted average values of Precision, Recall, and F1-Score were 59.00%, indicating that the model provided 

moderate performance in classifying Family Planning participant status. 

Table 9. Random Forest Classification Performance 

Evaluation Metric Value 

Accuracy 59.43% 

Precision (Macro Average) 45.00% 

Recall (Macro Average) 44.00% 

F1-Score (Macro Average) 44.00% 

Precision (Weighted 

Average) 
59.00% 

Recall (Weighted Average) 59.00% 

F1-Score (Weighted Average) 59.00% 

 

The evaluation results indicate that the Random Forest algorithm was able to identify classification 

patterns within the dataset. However, the performance was influenced by the characteristics and distribution 

of each class. Therefore, further analysis using the Classification Report and Confusion Matrix was 

performed to evaluate the model performance for each category. 
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3.3 Classification Report Analysis 

A detailed evaluation was performed using the Classification Report, which provides Precision, Recall, 

F1-Score, and Support values for each classification category. 

 

 

Table 10. Classification Report of the Random Forest Model 

Class Precision Recall F1-Score Support 

New 0.61 0.65 0.63 146 

Change Method 0.14 0.09 0.11 11 

Repeat 0.6 0.57 0.59 124 

Accuracy   0.59 281 

Macro Average 0.45 0.44 0.44 281 

Weighted Average 0.59 0.59 0.59 281 

 

Based on Table 10, the Random Forest model achieved the highest classification performance for 

the New category, with a Precision of 0.61, Recall of 0.65, and F1-Score of 0.63. These results indicate that 

the model was able to correctly identify most participants classified as New. 

For the Repeat category, the model achieved a Precision of 0.60, Recall of 0.57, and F1-Score of 

0.59. This indicates that the model provided relatively balanced performance in identifying repeated 

participants. 

The Change Method category obtained the lowest performance, with a Precision of 0.14, Recall of 

0.09, and F1-Score of 0.11. This result indicates that the model experienced difficulty identifying this 

category, which may be influenced by the limited number of samples compared with the other categories. 

Overall, the weighted average results show that the Random Forest model achieved an accuracy of 

59.43% while the macro average value indicates that the classification performance varied among categories, 

especially for categories with fewer observations. 

 

 

3.4 Confusion Matrix Analysis 

The classification performance of the Random Forest model was further analyzed using the Confusion 

Matrix to compare the actual class labels with the predicted class labels. The Confusion Matrix provides 

detailed information regarding correctly classified and misclassified instances for each Family Planning 

participant status category.  
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Figure 3. Confusion Matrix of the Random Forest Model 

Based on Figure 3, the Random Forest model correctly classified 95 out of 146 instances in the New 

category. However, 5 instances were incorrectly classified as Change Method and 46 instances were 

predicted as Repeat. This indicates that several patterns between categories share similar characteristics, 

resulting in classification errors.  

For the Change Method category, the model correctly classified only 1 out of 11 instances. Meanwhile, 9 

instances were incorrectly classified as New and 1 instance was classified as Repeat. The low classification 

performance of this category may be influenced by the limited number of samples available during the 

training process, resulting in insufficient patterns for the model to learn. 

For the Repeat category, the model successfully classified 71 out of 124 instances. However, 52 instances 

were incorrectly classified as New and 1 instance was predicted as Change Method. This result indicates that 

the model still experienced difficulties in distinguishing between New and Repeat categories due to 

similarities in the predictor variables.  

Overall, the Confusion Matrix analysis shows that the Random Forest model performed better in 

identifying the New and Repeat categories compared with the Change Method category. The classification 

errors indicate that the model performance is affected by the distribution of samples among categories, 

particularly for categories with fewer observations. 

 

3.5 Feature Importance 

 Feature Importance analysis was conducted to identify the predictor variables that contributed most 

significantly to the Random Forest classification model. The importance score represents the contribution of 

each feature in the decision-making process of the Random Forest algorithm. Features with higher 

importance values indicate a greater influence on the classification results. 

The Feature Importance visualization is presented in Figure 4 to illustrate the ranking of predictor 

variables based on their contribution to the Random Forest model. 
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Figure 4. Feature Importance Ranking 

 

 

Based on Figure 4, the highest contributing features were Wife Birth Year and Wife Age, indicating that 

demographic characteristics were the most influential variables in predicting Family Planning participant 

status. 

The detailed importance values of each predictor variable are presented in Table 11. 

Table 11. Feature Importance Values of the Random Forest Model 

Rank Predictor Variable 
Importance 

Score 

1 Wife Birth Year 0.332264 

2 Wife Age 0.317668 

3 Month_January 0.068089 

4 Contraceptive Method_Pill 0.067172 

5 Month_February 0.055165 

6 Month_March 0.053722 

7 Month_May 0.03654 

8 Contraceptive Method_Injection 0.034226 

9 Contraceptive Method_Implant 0.009506 

 

 

Based on Table 11, Wife Birth Year obtained the highest importance score of 0.332264, followed by 

Wife Age with an importance score of 0.317668. These results indicate that demographic characteristics, 

particularly birth year and age, have the greatest influence on the classification process. 
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The importance of Wife Birth Year and Wife Age suggests that demographic factors may influence 

Family Planning participation patterns, including contraceptive preferences and participant decisions 

regarding Family Planning services. 

In addition to demographic variables, contraceptive method features such as Contraceptive 

Method_Pill, Contraceptive Method_Injection, and Contraceptive Method_Implant also contributed to the 

classification model. This indicates that contraceptive usage patterns provide relevant information for 

distinguishing between Family Planning participant categories. 

The month-related features, including Month_January, Month_February, Month_March, and 

Month_May, also contributed to the model, although their importance values were lower compared with 

demographic variables. 

Overall, the Feature Importance analysis demonstrates that demographic characteristics and 

contraceptive method variables were the main factors influencing the Random Forest model in predicting 

Family Planning participant status. 

 

 

3.6. Discussion 

The results of this study demonstrate that the Random Forest algorithm was able to classify Family 

Planning participant status with an overall accuracy of 59.43%. Although the model achieved moderate 

classification performance, it was able to identify meaningful patterns related to participant characteristics and 

contraceptive usage. The evaluation results indicate that the model performance varied across different 

participant categories, suggesting that the characteristics and distribution of each class influenced the 

classification results. 

To provide a clearer comparison, the performance of the proposed Random Forest model is compared with 

the previous study conducted by [16], which applied the Support Vector Machine (SVM) algorithm to the 

same Family Planning dataset. 

 

Table 12. Comparison of the Previous SVM-Based Study and the Proposed Random Forest Model  

 

Item Previous Study This Study 

Algorithm SVM Random Forest 

Dataset 1,402 records 1,402 records 

Preprocessing 
One Hot 

Encoding 
One Hot Encoding 

Accuracy 56.20% 59.43% 

Feature 

Importance 
No Yes 

 

As presented in Table 12, the Random Forest model achieved a slightly higher accuracy (59.43%) than the 

previous SVM model (56.20%). Although the improvement in accuracy was relatively small, the Random 

Forest model provided additional interpretability through Feature Importance analysis, which was not 

available in the previous SVM-based model. 

Based on the Classification Report, the New category achieved the highest classification performance, with 

an F1-score of 0.63, indicating that the model was able to recognize the characteristics of new Family Planning 

participants relatively well. The Repeat category also showed moderate performance, with an F1-score of 0.59, 

indicating that the available predictor variables were sufficient to distinguish repeated participants in many 

cases. 

However, the Change Method category achieved the lowest classification performance, with an F1-score of 

0.11. This result is likely influenced by the substantially smaller number of samples in this category compared 

with the New and Repeat categories. The limited number of observations reduced the model's ability to learn 
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representative patterns for the minority class, resulting in lower Recall and F1-score. These findings indicate 

that class imbalance remained one of the primary challenges affecting the classification performance. 

The Confusion Matrix analysis further supports these findings, showing that most classification errors 

occurred between the New and Repeat categories. This may be attributed to similarities in demographic 

characteristics and contraceptive usage patterns shared by participants in both categories. Meanwhile, the 

Change Method category was more difficult to identify because of its limited representation in the dataset. 

Consistent with the Feature Importance results presented in Table 11, Wife Birth Year and Wife Age were 

identified as the two most influential predictor variables. These findings indicate that demographic 

characteristics play an important role in determining Family Planning participant status. Age-related 

characteristics may influence reproductive conditions, contraceptive preferences, and participant decisions 

regarding Family Planning services. Furthermore, contraceptive method variables, including Contraceptive 

Method_Pill, Contraceptive Method_Injection, and Contraceptive Method_Implant, also contributed to the 

classification process, indicating that contraceptive utilization patterns provide relevant information for 

distinguishing participant status categories. 

Overall, the Random Forest model successfully identified meaningful patterns within the Family Planning 

dataset and demonstrated slightly better overall performance than the previous SVM-based approach. 

Nevertheless, the model still experienced difficulty in correctly classifying the minority Change Method 

category. Future studies may improve the classification performance by applying data balancing techniques 

such as the Synthetic Minority Oversampling Technique (SMOTE), optimizing Random Forest 

hyperparameters, or investigating other ensemble learning approaches to improve predictive performance, 

particularly for minority classes. 
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