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Abstract−Heart disease is one of the leading causes of mortality worldwide, and accurate prediction models are essential to 

support early diagnosis. However, conventional Random Forest classifiers generally utilize all available features, although not 
all features contribute equally to classification performance, resulting in unnecessary model complexity. This study proposes 

an Improved Genetic Algorithm (IGA) that extends the conventional Genetic Algorithm through elitism, adaptive crossover, 

and adaptive mutation operators to optimize feature selection for Random Forest-based heart disease classification. The 

proposed method was evaluated using the Cardiovascular Disease Dataset from Kaggle, which consisting of 1,000 records and 
14 variables, where 12 predictor features were used for model development. The experimental procedure included data 

preprocessing, train-test splitting, class imbalance handling using SMOTE on the training set, feature normalization, Random 

Forest modeling, feature selection using the proposed IGA, and model evaluation. The proposed IGA selected six important 

features slope, chestpain, restingBP, restingelectro, oldpeak, and gender. The optimized Random Forest model achieved an 
accuracy of 99.50%, precision of 99.15%, recall of 100.00%, F1-score of 99.57%, and AUC-ROC of 99.90%. These findings 

indicate that feature selection can simplify the model without compromising classification performance, making the Random 

Forest + IGA approach a viable alternative for developing more efficient heart disease prediction models. 
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1. INTRODUCTION 

Heart disease is a health disorder that has a high risk level because it is directly related to the function of the heart 

in circulating blood throughout the body[1]. Report World Health Organization The World Health Organization 

(WHO) in 2019 stated that cardiovascular disease, including heart disease, causes approximately 17.9 million 

deaths annually worldwide, equivalent to approximately 31% of all global deaths[2]. In Indonesia, this condition 

is not much different. Data from the 2018 National Riskesdas Report shows that the number of heart disease cases 

based on doctor diagnoses across all age groups in Indonesia is at 1.5%[3]. This high figure confirms that heart 

disease is not only an individual health issue, but has become a serious public health burden and requires more 

attention in prevention and early detection efforts. 

Various studies have been conducted in an effort to build a machine learning-based heart disease 

classification model. Reference[4] tested three classification algorithms, namely Decision Tree, Naive Bayes, And 

Random Forest Classifier on the heart disease dataset. Test results and processing hyperparameter tuning, Random 

Forest Classifier became the best model, with an F1-score of 0.868 using grid search. Reference[5] also compared 

several models, namely Decision Tree, Naive Bayes, And Random Forest on the classification of heart disease, 

with the results showing that Random Forest obtained the highest accuracy compared to other models, which is 

0.75. Reference[6] applies ensemble voting classifier algorithm based Naive Bayes and Random Forest with the 

SMOTE method to handle data imbalance in heart disease datasets. The results of this study indicate that ensemble 

voting classifier achieved the best performance with accuracy 98.28%. References[7] use various algorithms to 

choose the most optimal model in heart disease analysis, namely random forest, C45, logistic regression, and 

Support Vector Machine (SVM). Categorization performance compared to the adaptive synthetic (ADASYN) 

method and synthetic minority oversampling (SMOTE).  Test result Random Forest became the best model, with 

an initial accuracy of 90.71% increasing to 94.54% with the use of the oversampling approach. References[8] 

using the Random Forest algorithm to classify heart disease by applying data normalization, handling class 

imbalance with SMOTE, and hyperparameter tunning. The results show that the Random Forest model can reach 

accuracy 92% with the optimal parameter configuration obtained through the tuning process. Overall, previous 

studies consistently demonstrate that Random Forest provides competitive performance for heart disease 

classification. Several studies improved predictive performance through hyperparameter tuning, oversampling 

techniques, or ensemble learning. Nevertheless, these approaches generally rely on the complete feature set and 

pay limited attention to feature selection optimization. 

Based on previous research, the use of Random Forest has been shown to perform well in heart disease 

classification. However, most existing studies have focused on comparing classification algorithms, applying 

oversampling techniques, or optimizing hyperparameters to improve predictive performance[9]. These approaches 
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generally utilize all available input features during model construction, although not every feature contributes 

equally to the classification results. The inclusion of redundant or less informative features may increase model 

complexity, reduce computational efficiency, and potentially affect model generalization. Therefore, an effective 

feature selection strategy is required to identify the most relevant feature subset while maintaining high predictive 

performance. To address this limitation, this study proposes an Improved Genetic Algorithm (IGA) that extends 

the conventional Genetic Algorithm by incorporating three optimization strategies, namely elitism, adaptive 

crossover, and adaptive mutation. These strategies are designed to preserve high-quality candidate solutions, 

balance exploration and exploitation during the search process, and maintain population diversity, thereby 

improving the effectiveness of feature selection before Random Forest classification.[10],[11],[12],[13]. 

This study aims to optimize feature selection for heart disease classification by proposing an Improved 

Genetic Algorithm (IGA) with adaptive operators and elitism for Random Forest. The data used comes from 

Cardiovascular Disease Dataset available on Kaggle, with 1,000 data points and 14 variables. The research 

framework includes data preprocessing, feature selection using the proposed IGA, Random Forest classification, 

and performance evaluation based on accuracy, precision, recall, F1-score, confusion matrix, and AUC-ROC [14]. 

By integrating adaptive crossover, adaptive mutation, and elitism into the Genetic Algorithm, this study aims to 

improve the effectiveness of feature selection, reduce redundant features, and maintain high classification 

performance while producing a more efficient prediction model. This contribution provides an alternative feature 

selection strategy for Random Forest that enhances model efficiency without compromising predictive 

performance. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This research was conducted through several systematic stages to produce an optimal heart disease classification 

model. The following is a diagram of the research stages, as seen in Figure 1. 

 

Figure 1. Research Stages 

The research process began with the collection of heart disease datasets obtained from Kaggle. Data 

preprocessing was then performed by removing the patientid variable, as it only serves as patient identification 

and is not clinically relevant. While the target variable is used as a class label and is therefore not counted as a 

feature. Thus, the model Random Forest was built using 12 features. The dataset is then divided into training and 

testing sets using an 80:20 ratio before applying the (SMOTE), which is performed only on the training data to 

address class imbalance and prevent data leakage[15]. Next, numerical features are normalized using Min-Max 

Scaling before constructing the baseline Random Forest model. Subsequently, the proposed Improved Genetic 

Algorithm (IGA), which incorporates elitism, adaptive crossover, and adaptive mutation, is employed to select the 

most relevant feature subset for Random Forest classification[16],[17]. Finally, the performance of the baseline 

Random Forest model and the Random Forest model with IGA-based feature selection is evaluated and compared 

using accuracy, precision, recall, F1-score, confusion matrix, and AUC-ROC to determine the effectiveness of the 

proposed feature selection approach[18].  

2.2 Data Collection 

The Cardiovascular Disease Dataset, which can be accessed publically on the Kaggle platform at 

kaggle.com/datasets/jocelyndumlao/cardiovascular-disease-dataset, was utilized in this study. Twelve predictor 

factors, one patient ID variable, and one classification target variable make up the 14 variables in the dataset, which 

comprises 1,000 patient medical records. The patient ID variable is not utilized in the modeling process because it 

just functions as patient ID. In contrast, the target variable serves as a binary class label, with class 0 designating 

patients without heart disease and class 1 designating those who do. Table 1 lists all of the variables utilized in the 

dataset. 

https://ejurnal.seminar-id.com/index.php/josh/
https://creativecommons.org/licenses/by/4.0/


Journal of Information System Research (JOSH) 
Volume 7, No. 4, Juli 2026, pp 1015−1024 
ISSN 2686-228X (media online) 
https://ejurnal.seminar-id.com/index.php/josh/ 
DOI 10.47065/josh.v7i4.10372 

Copyright © 2026 The Author, Page 1017  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

Table 1. Variables in the Dataset 

No Variabel Tipe Data 

1 patientid Numeric 

2 age Numeric 

3 gender Categorical 

4 chestpain Categorical 

5 restingBP Numeric 

6 serumcholestrol Numeric 

7 fastingbloodsugar Categorical 

8 restingrelectro Categorical 

9 maxheartrate Numeric 

10 exerciseangia Categorical 

11 oldpeak Numeric 

12 slope Categorical 

13 noofmajorvessels Categorical 

14 target Categorical 

Initial analysis of the dataset showed no missing values or duplicate data across all 1,000 samples. However, 

the class distribution of the target variable indicated data imbalance[19],[20]. Class 0, or no heart disease, 

accounted for 420 samples (42%), while class 1, or heart disease, accounted for 580 samples (58%). The class 

distribution is shown in Figure 2. 

 

Figure 2. Distribution of dataset classes 

2.3 Random Forest Algorithm 

Random Forest is a classification method based on ensemble learning algorithm which benefits the group decision 

tree to produce a final decision. In the formation process, each tree is trained using a portion of the data sample 

selected randomly through a mechanism bootstrap. In addition, feature selection at each tree branch is also done 

randomly so that each tree has a different learning pattern. The classification results from all trees are then 

combined, and the class with the most votes is used as the final prediction result[21]. This mechanism makes 

Random Forest more stable than a single decision tree, because the model's decisions do not depend solely on a 

single tree structure. In addition, this approach can help reduce the risk overfitting and remains suitable for use on 

data that has many features[22]. In this study, the Gini index is used as a node separation criterion which is 

expressed in the following equation: 

𝐺𝑖𝑛𝑖 = 1 − ∑ (𝑝𝑖)2𝑐
𝑖=1           (1) 

with pi is the relative frequency of the class i whereas c shows the number of classes in the dataset. Nodes 

with values 𝐺𝑖𝑛𝑖 approaching 0 indicates a purer and more optimal separation[23]. 

2.4 Improved Genetic Algorithm 

The proposed Improved Genetic Algorithm (IGA) extends the conventional Genetic Algorithm (GA) to address 

the premature convergence problem that often occurs during the evolutionary search process. GA has been widely 
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applied for feature selection because it can identify informative feature subsets that improve classification 

performance. Previous studies have also demonstrated that optimization algorithms can be integrated with Random 

Forest to enhance classification performance through more effective feature selection[24]. Unlike the conventional 

Genetic Algorithm that employs fixed crossover and mutation probabilities, the proposed IGA combines elitism 

with adaptive crossover and adaptive mutation operators. The combination is intended to preserve high-quality 

solutions while dynamically balancing exploration and exploitation throughout the evolutionary search process, 

thereby improving feature subset optimization for Random Forest. In this study, proposed IGA integrates three 

main strategies. First, an elitism strategy that retains a number of the best individuals from each generation to 

prevent them from being lost during the evolutionary process. Second, the adaptive crossover rate is gradually 

decreased from 0.85 to 0.60 as the generations progress, allowing broader exploration in the early generations and 

stronger exploitation in the later generations. Third, the adaptive mutation rate is gradually increased from 0.05 to 

0.20 to maintain population diversity and reduce the risk of premature convergence[25]. The fitness function used 

combines cross-validation accuracy with a feature count penalty as follows: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝛼 × Accuracy
𝑐𝑣

+ 𝛽 × (1 −
fitur terpilih

total fitur
)      (2) 

where α and β are weights that regulate the balance between feature accuracy and efficiency. The values of 

α = 0.92 and β = 0.08 were empirically determined through preliminary experiments involving several α–β 

combinations. Among the evaluated combinations, α = 0.92 and β = 0.08 achieved the highest classification 

performance while selecting six informative features. Therefore, these values were adopted in the final experiments 

to balance prediction accuracy and feature reduction. 

2.5 Model Evaluation 

The model's capacity to categorize heart disease data in the test data was assessed. Several assessment measures, 

including accuracy, precision, recall, and F1-score, were used in this study to compare the model's performance 

using Random Forest before feature selection and Random Forest after feature selection using Improved Genetic 

Algorithm. These metrics are computed using the True Positive (TP), True Negative (TN), False Positive (FP), 

and False Negative (FN) values found in the confusion matrix. The following equation displays the evaluation 

formula: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
         (3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
          (4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
           (5) 

𝐹1-𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
         (6) 

In this study, these four metrics are used as a basis for comparing model performance before and after 

feature selection, so that it can be seen whether the use of Improved Genetic Algorithm able to improve 

classification performance and produce more efficient models[26]. 

3. RESULT AND DISCUSSION 

3.1 Data Preprocessing 

To make the dataset ready for use in the classification procedure, the preprocessing step was completed. The results 

of the inspection showed that all the data did not contain missing value and duplication, so that 1,000 data points 

could still be used in the study. Furthermore, the patientid variable was removed from the modeling process 

because it only serves as a patient identifier and has no clinical contribution to prediction. The target variable was 

separated as a class label, so the classification process was carried out using 12 predictor features. Some numeric 

features were then scaled using Min-Max Scaling to ensure a uniform range of values. After preprocessing, the 

dataset is divided into training and test data in an 80:20 ratio. 

Based on the class distribution of the original dataset, there were 420 samples (42%) belonging to class 0 

(no heart disease) and 580 samples (58%) belonging to class 1 (heart disease), indicating a moderate class 

imbalance, as illustrated in Figure 3. After the dataset was divided into training and testing sets, the training data 

contained 336 samples from class 0 and 464 samples from class 1. To address this imbalance, the Synthetic 

Minority Over-sampling Technique (SMOTE) was applied only to the training data, while the testing data 

remained unchanged to ensure an unbiased evaluation of model performance. As shown in Figure 3, the application 

of SMOTE successfully balanced both classes to 464 samples each (50%). This balanced training set helps reduce 

model bias toward the majority class and improves the learning process without introducing synthetic samples into 

the testing phase. 
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Figure 3. Distribution of training data classes before and after SMOTE 

3.2 Model Random Forest 

Model Random Forest built as an initial comparison model before feature selection optimization is carried out 

using Improved Genetic Algorithm At this stage, the Model Random Forest using 12 predictor features, namely 

age, gender, chestpain, restingBP, serumcholestrol, fastingbloodsugar, restingrelectro, maxheartrate, 

exerciseangia, oldpeak, slope, And noofmajorvessels. The patientid variable is not used because it only functions 

as a patient identifier, while the target variable is used as a class label. 

Testing on test data shows that the model Random Forest produced an accuracy of 99.00%, a precision of 

99.14%, a recall of 99.14%, and an F1-score of 99.14%, as shown in Figure 4. These results indicate that the 

Random Forest model is capable of classifying heart disease very well using 12 predictor features. 

 

Figure 4. Random Forest Model Evaluation Results 

Results confusion matrix Figure 5 shows that from the total test data, the model successfully classified 83 

data points as having no heart disease and 115 data points as having heart disease. However, there was still 1 data 

point as having no heart disease that was predicted as having heart disease and 1 data point as having heart disease 

that was predicted as not having heart disease. This very small classification error indicates that the model Random 

Forest has high classification capabilities, but can still be optimized to improve performance. 

 

Figure 5. Confusion Matrix Random Forest 
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3.3 Improved Genetic Algorithm Feature Selection Results 

Feature selection is done using Improved Genetic Algorithm (IGA) to obtain the best combination of features from 

the 12 predictor features used in the model. Random Forest The IGA process is carried out by considering a fitness 

value that combines the model's accuracy performance and the number of features used. In this study, the fitness 

value uses an alpha weight of 0.92 for accuracy and a beta weight of 0.08 for the feature number penalty, so the 

selection process focuses not only on improving accuracy but also on reducing less relevant features. 

Based on the convergence graph in Figure 6, the value best fitness experienced an increase since the first 

generation and tended to be stable until the 10th generation. This behavior indicates that the proposed IGA was 

able to efficiently identify a near-optimal feature subset while maintaining solution stability during the remaining 

evolutionary process. Meanwhile, the average fitness fluctuated across generations because different candidate 

solutions were continuously generated through the selection, crossover, and mutation operators, reflecting the 

balance between exploration and exploitation. 

 

Figure 6. Convergence of Improved Genetic Algorithm 

Feature selection results using Improved Genetic Algorithm produce 6 selected features from a total of 12 

initial features, namely slope, chestpain, restingBP, restingrelectro, oldpeak, And gender. Based on value 

importance in Figure 7, the feature that has the greatest contribution isslope 48.08%, followed by chestpain 

18,38%, restingBP 16,48%, restingrelectro 7,26%, old peak 6.44%, andgender 3.36%. These results indicate that 

IGA is capable of reducing features from 12 to 6, allowing the model to work with more concise and relevant 

features for heart disease classification. 

 

Figure 7. Selected Variables of Improved Genetic Algorithm 

The dominance of the slope feature is clinically plausible because it represents the ST-segment slope 

observed during exercise electrocardiography, which is widely recognized as one of the important indicators for 

detecting myocardial ischemia and coronary artery disease. Therefore, its high importance is consistent with 

existing medical knowledge. Nevertheless, the feature importance values obtained in this study are specific to the 

employed dataset and should not be interpreted as universal clinical evidence. 

3.4 Discussion 

This research succeeded in creating a classification model for heart disease after obtaining the 6 best features 

through a feature selection process using Improved Genetic Algorithm, the next stage is to build the model Random 

Forest by using only selected features, namely slope, chestpain, restingBP, restingrelectro, oldpeak, And gender. 
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As seen in Figure 8, the model Random Forest + IGA produced high classification performance with 

99.50% accuracy, 99.15% precision, 100.00% recall, and 99.57% F1-score. The 100.00% recall value indicates 

that all patient data belonging to the heart disease class were correctly recognized by the model. This condition 

shows that the results of feature selection using IGA are able to maintain and even improve model performance. 

Random Forest even though the number of features used is less. 

Visualization confusion matrix Figure 9 shows that the model was able to correctly predict 83 data points 

in the non-heart disease class and 116 data points in the present heart disease class. Misclassification only occurred 

in one data point in the non-heart disease class that was predicted as having heart disease, while there were no 

errors in the present heart disease class. These results indicate that the RF + IGA model has good classification 

capabilities, particularly in minimizing errors in the class of patients with heart disease. 

 

Figure 8. Evaluation Results of the Random Forest + Improved Genetic Algorithm Model 

 

Figure 9. Confusion Matrix Random Forest + Improved Genetic Algorithm 

Model comparison Random Forest and Random Forest + Improved Genetic Algorithm (RF + IGA) was 

conducted to determine the effect of feature selection on the performance of heart disease classification. The model 

Random Forest the baseline uses 12 predictor features, while the RF + IGA model only uses 6 selected features, 

namely slope, chestpain, restingBP, restingrelectro, oldpeak, And gender. The results of the performance 

comparison of the two models are presented in Table 3. 

Table 3. Comparison of Random Forest and RF + IGA Performance 

Classification 

Model 

matrix % 

Accuracy Precision Recall F1-Score AUC-ROC 

Random Forest 99,00 99,14 99,14 99,14 99,90 

RF + IGA 99,50 99,15 100,00 99,57 99,90 

Based on Table 3, the model Random Forest produces 99.00% accuracy, 99.14% precision, 99.14% recall, 

99.14% F1-score, and 99.90% AUC-ROC. After feature selection using Improved Genetic Algorithm, the RF + 

IGA model achieved 99.50% accuracy, 99.15% precision, 100.00% recall, 99.57% F1-score, and 99.90% AUC-

ROC. The difference in these values indicates that the use of IGA is able to provide improvements in several 
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evaluation metrics, especially on recall. Mark recall which reached 100.00% indicating that all data in the heart 

disease class was successfully classified correctly by the model. Although the proposed model achieved an 

accuracy of 99.50%, this result should be interpreted carefully because the dataset consists of only 1,000 publicly 

available samples. High classification performance on relatively small datasets may be influenced by the 

characteristics of the dataset itself, including the separability of the classes and the distribution of predictor 

variables. To minimize the risk of data leakage, the dataset was first divided into training and testing subsets, and 

SMOTE was applied exclusively to the training data. Consequently, the test set remained untouched throughout 

the training process. Nevertheless, further validation using larger and more diverse clinical datasets is required to 

confirm the generalizability of the proposed approach.  

 

Figure 10. Effect of Feature Selection on Accuracy 

Figure 10 shows the effect of feature selection on model accuracy. Random Forest The baseline uses 12 

features with 99.00% accuracy, while RF + IGA only uses 6 features but produces a higher accuracy of 99.50%. 

This condition indicates that the application of Improved Genetic Algorithm able to filter out more relevant 

features, reducing the number of features by 50% without decreasing model performance. In fact, this feature 

reduction actually improves classification accuracy. Thus, IGA can help shape the model. Random Forest which 

is more concise, efficient, and still has high classification capabilities. 

Table 4. Results of Research Accuracy Comparison 

Penelitian Metode Akurasi 

This 

research 
Random Forest, Random Forest + IGA 

Random Forest: 99,00 

Random Forest + IGA: 99,50 

[4] 
Decision tree, naive Bayes, and random forest 

classifier 

Decision tree: 84,40  

Naïve Bayes: 85,00  

Random forest classifier: 85,20 

[5] Decision tree, naive Bayes, and random forest 

Decision tree: 72,00  

Naïve Bayes: 71,00  

Random forest: 75,00 

[6] 
Ensemble voting classifier, naive Bayes and 

random forest algorithm 

Naïve Bayes: 67,24  

Random forest: 97,41  

Ensemble voting classifier: 98,28 

[7] 
Random forest classifier, C45 algorithm, logistic 

regression, and (SVM) 

Random forest classifier: 94,54 

C45 algorithm: 91,74 

logistic regression: 76,27 

SVM: 76,24 

[8] 
Random Forest classifier + SMOTE + 

Hyperparameter Tuning 

Random Forest classifier + SMOTE + 

Hyperparameter Tuning: 92% 

Based on Table 4, this study shows that the implementation of Improved Genetic Algorithm on Random 

Forest can contribute to the heart disease classification process. Unlike previous studies that focused more on 

algorithm comparisons or model combination, this study emphasizes optimizing feature selection to obtain more 

relevant feature combinations. Thus, the resulting model not only has competitive classification performance but 

is also more efficient because it does not use all the initial features. This demonstrates that IGA-based feature 

selection can be an effective approach in building simpler heart disease classification models. 

The modeling of heart disease classification in this study shows that the application of Improved Genetic 

Algorithm on Random Forest can contribute to the development of more targeted medical prediction models. By 
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selecting the most relevant features, the resulting model has the potential to help more efficiently identify heart 

disease risk, as not all patient attributes need to be used in the classification process. This approach can form the 

basis for developing simpler, faster, and more user-friendly clinical decision support systems. This study evaluates 

the proposed IGA against the Random Forest baseline to demonstrate the effectiveness of feature selection. 

However, a direct comparison with the conventional Genetic Algorithm and other feature selection methods such 

as Boruta or Recursive Feature Elimination (RFE) was not included. Such comparisons constitute an important 

direction for future work to further quantify the advantages of the proposed approach. Therefore, further validation 

using independent clinical datasets is required to confirm whether the same feature ranking can be consistently 

reproduced in different patient populations. 

4. CONCLUSION 

This study demonstrates that the proposed Improved Genetic Algorithm (IGA), which integrates elitism with 

adaptive crossover and adaptive mutation operators, can effectively optimize feature selection for Random Forest 

based heart disease classification. The proposed Random Forest + IGA model achieved an accuracy of 99.50%, 

recall of 100.00%, and an F1-score of 99.57%, while reducing the number of predictor features from 12 to 6, 

representing a 50% reduction in the feature set. These findings indicate that the proposed feature selection strategy 

can improve model efficiency without reducing predictive performance, suggesting that the eliminated features 

contributed relatively little to the classification process. From a methodological perspective, this study 

demonstrates that integrating adaptive evolutionary operators with Random Forest provides an effective approach 

for identifying relevant feature subsets in heart disease classification. Nevertheless, the results should be 

interpreted with caution because the experiments were conducted on a single public Kaggle dataset containing 

1,000 records, and no external validation was performed. Therefore, the generalizability of the proposed model to 

broader clinical populations remains to be verified. Future work should evaluate the proposed IGA against 

conventional Genetic Algorithm and other feature selection methods, such as Recursive Feature Elimination (RFE) 

and Boruta, using larger and more diverse clinical datasets. 
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