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Abstract. Scholarship selection is a critical process in higher 

education that requires objective, fair, and efficient evaluation of 

applicants based on academic and socio-economic criteria. 

However, manual assessment methods are often vulnerable to bias, 

inconsistency, and administrative inefficiencies, which may affect 

the transparency and quality of decision-making. This study 

compares the performance of three supervised machine learning 

algorithms—C4.5 Decision Tree, Naive Bayes, and K-Nearest 

Neighbor (KNN)—for scholarship recipient classification. The dataset 

consisted of 1,500 student records obtained from the KelasAI 

repository and included ten predictor attributes, namely Grade 

Point Average, Parental Income, Academic Semester, Family 

Dependents, Organizational Involvement, Academic Achievement, 

Regional Origin, Scholarship Type, National Examination Score, and 

Economic Status. The target variable was categorized into Accepted 

and Rejected classes. Experiments were conducted using 

RapidMiner Studio with 10-fold stratified cross-validation to ensure 

reliable model evaluation. The results showed that Naive Bayes 

achieved the best performance, with 81.6% accuracy, 81.8% 

precision, and 81.3% recall, outperforming C4.5 and KNN. These 

findings demonstrate the potential of machine learning to support 

more transparent and data-driven scholarship selection processes. 
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1. INTRODUCTION 

 

The rapid growth of digital data in higher education has created significant opportunities 

for applying machine learning (ML) to improve administrative and decision-making 

processes [1]. One important area that requires more objective and scalable decision 

support is scholarship allocation. Scholarship selection directly affects student welfare, 

institutional fairness, and academic achievement because it determines which students 

receive financial support to continue their studies [2]. However, in many higher education 

institutions, scholarship recipient selection is still commonly conducted through manual 

assessment, rule-based scoring, and subjective judgment. These conventional approaches 

may produce inconsistent decisions, limited scalability, and potential bias, especially when 

the number of applicants and selection criteria increase [3]. 

 

Educational Data Mining (EDM) offers a data-driven approach to address these limitations 

by applying computational techniques to analyze academic and socio-economic student 

data for institutional decision-making [4]. In this context, classification algorithms are 

particularly relevant because scholarship selection can be formulated as a prediction task 

that maps student attributes into predefined decision categories, such as eligible or not 

eligible for scholarship support [5]. Among supervised classification methods, C4.5 

Decision Tree, Naive Bayes, and K-Nearest Neighbor (KNN) are frequently used in 

educational prediction tasks [6]. C4.5 is widely valued for its interpretability and ability to 

process continuous attributes through information gain ratio-based splitting. Naive 

Bayes uses probabilistic inference based on Bayes’ theorem and can perform effectively 

even with its conditional independence assumption [7]. Meanwhile, KNN is a non-

parametric algorithm that classifies data based on similarity patterns in the feature space 

[8]. 

 

Although these algorithms have been widely applied in educational prediction, several 

gaps remain. First, many studies focus on general academic performance prediction 

rather than scholarship recipient classification as a specific institutional decision problem 

[2], [3], [5]. Second, existing scholarship-related studies often evaluate only one or two 

algorithms, making it difficult to determine which model is more suitable under the same 

dataset and experimental conditions [14]. Third, comparative benchmarking studies that 

specifically analyze C4.5, Naive Bayes, and KNN on scholarship selection datasets are still 
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limited [9]. This limitation is particularly relevant in Indonesian higher education, where 

scholarship programs play an important role in supporting students financially and 

improving access to education [10]. 

 

Previous studies have demonstrated the potential of machine learning for scholarship 

and academic prediction tasks. Khan et al. proposed a machine learning-based framework 

for scholarship selection using several classifiers, including SVM, Neural Networks, KNN, 

and C4.5, and reported that C4.5 achieved strong performance in predicting scholarship 

beneficiaries using a Pakistani university dataset [1]. Broader studies on academic 

outcome prediction also show that classification-based approaches, particularly decision 

trees and probabilistic classifiers, tend to outperform purely rule-based methods in 

binary prediction tasks [2]. A systematic review of predictive learning analytics from 2012 

to 2022 further identified Naive Bayes and Decision Tree variants as frequently used 

classifiers, with cross-validation being the dominant evaluation method [3]. 

 

Other studies have confirmed the relevance of these algorithms across different 

educational and benchmark datasets. Early prediction models for student performance 

in higher education have shown that probabilistic models can perform competitively on 

multi-attribute student datasets [5]. Comparative analysis of Naive Bayes, KNN, Decision 

Tree, and SVM on UCI benchmark datasets also found that Naive Bayes achieved strong 

accuracy, particularly on datasets with categorical attributes [6]. In the Indonesian 

context, previous research comparing KNN and Naive Bayes for scholarship admission 

prediction reported that Naive Bayes performed better than KNN [14]. Similar comparative 

studies involving C4.5 and Naive Bayes have also been applied in social welfare 

classification [15], while RapidMiner-based experiments using C4.5 and Naive Bayes for 

student graduation prediction provide a methodological precedent for tool-based 

classification pipelines [13]. In addition, prior scholarship prediction studies show that 

algorithm performance may vary depending on socio-economic feature composition [19], 

and rule-oriented scholarship eligibility frameworks indicate that academic performance 

and economic status are often among the most discriminative factors in scholarship 

classification [8]. 

 

Based on these problems and research gaps, this study aims to conduct a comparative 

evaluation of C4.5 Decision Tree, Naive Bayes, and KNN for scholarship recipient 
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classification. The study uses a dataset of 1,500 student records consisting of ten 

heterogeneous features, including numerical and categorical attributes. All experiments 

are conducted using RapidMiner Studio with stratified cross-validation to preserve class 

distribution across folds and produce a more balanced evaluation. Model performance is 

evaluated using accuracy, precision, and recall to identify the most suitable classification 

algorithm for scholarship recipient prediction under the tested dataset and experimental 

setup. 

 

2. METHOD 

 

2.1. Research Workflow 

Figure 1 illustrates the research workflow adopted in this study. The process begins with 

problem identification and literature review to establish the research objectives and 

theoretical foundation. Subsequently, the dataset is collected and preprocessed to ensure 

data quality and suitability for analysis. The prepared data are then used for algorithm 

implementation, followed by experimental setup and execution using the selected 

machine learning models. Finally, the results are analyzed and discussed to evaluate 

model performance, leading to the formulation of conclusions and recommendations. 

 

 
Figure 1. Research Workflow for Benchmarking Supervised Learning Algorithms in 

Automated Scholarship Selection 

 

Figure 1 illustrates the overall research workflow used in this study for benchmarking 

machine learning algorithms in scholarship recipient classification. The workflow consists 

of eight sequential stages, starting from problem identification and ending with 

conclusions and implications. In the first stage, namely Problem Identification, the study 
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identifies the main issue in scholarship selection processes, which are still conducted 

manually and are often inefficient, time-consuming, and prone to human bias. This stage 

establishes the need for an automated and data-driven classification system. The second 

stage is Literature Review, where previous studies related to Educational Data Mining 

(EDM), machine learning classification, scholarship prediction systems, and benchmarking 

methods are reviewed. This stage provides the theoretical foundation and helps 

determine the algorithms and evaluation methods used in the research. 

 

The third stage, Dataset Collection, involves obtaining a synthetic dataset from the 

KelasAI repository. The dataset consists of 1,501 student records with 10 feature 

attributes and one binary class label indicating Accepted or Rejected scholarship status. 

The fourth stage is Data Preprocessing. In this stage, missing values are handled using 

mean imputation for numerical attributes and mode imputation for categorical attributes. 

Categorical features are transformed using label encoding or one-hot encoding 

depending on the algorithm requirements, while numerical features are normalized using 

Min-Max normalization to improve model performance and maintain feature consistency. 

The fifth stage is Algorithm Implementation, where three supervised machine learning 

algorithms are implemented, namely C4.5 Decision Tree, Naive Bayes, and K-Nearest 

Neighbor (KNN). Each algorithm is configured using specific parameter settings in 

RapidMiner Studio to ensure fair comparative evaluation. 

 

The sixth stage, Experimental Setup & Execution, describes the experimental process 

performed using RapidMiner Studio 12.0.005. A 10-fold stratified cross-validation 

approach is applied to evaluate model robustness while preserving class distribution 

across all folds. The models are evaluated using Accuracy, Precision, Recall, and F1-score 

metrics. The seventh stage is Results & Evaluation, where the performance of the three 

algorithms is compared based on the evaluation metrics. The experimental results 

indicate that Naive Bayes achieved the best classification performance compared to C4.5 

and KNN. Finally, the eighth stage, Conclusions & Implications, summarizes the findings 

of the study and discusses the practical implications of implementing machine learning 

techniques for scholarship selection systems. This stage also provides recommendations 

for future research, including the use of ensemble learning and deep learning approaches 

to improve classification performance further. 

 



Vol. 8, No. 3, June 2026 

 
 

3257 | Benchmarking Supervised Learning Algorithms for Automated Scholarship ..… 

2.2. Dataset Description 

The dataset used in this study was synthetic data obtained from the KelasAI, an 

Indonesian educational data platform. The synthetic dataset was utilized to simulate 

scholarship selection scenarios and evaluate the performance of the proposed machine 

learning models. The dataset comprises 1,500 student records, each described by ten 

feature attributes and one binary class label. Table I presents the complete feature 

specification. 

TABLE I. Dataset Feature Description 

Feature Description Type 

IPK Grade Point Average (0.00-4.00) Numeric 

Penghasilan_Ortu Parental Monthly Income (IDR) Numeric 

Semester Current Academic Semester (1-8) Numeric 

Tanggungan Number of Family Dependents Numeric 

Organisasi Organizational Involvement Categorical 

Prestasi Academic Achievement/Awards Categorical 

Asal_Daerah Regional/Geographic Origin Categorical 

Jenis_Beasiswa Scholarship Type Applied For Categorical 

Nilai_UN National Examination Score Numeric 

Status_Ekonomi Socio-Economic Status Level Categorical 

Status (Label) Diterima / Tidak Diterima Binary 

 

2.3. Preprocessing 

Prior to algorithm training, a systematic preprocessing pipeline was implemented to 

ensure data quality and algorithm compatibility [29]. Missing value imputation was 

performed using mode substitution for categorical attributes and mean substitution for 

numeric attributes. Categorical features were encoded using label encoding. Numeric 

features were normalized using min-max normalization to the range [0, 1] to mitigate 

scale sensitivity, particularly for the KNN algorithm [30]. No significant class imbalance 

was detected; therefore, oversampling techniques were not applied. 
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Missing values were identified and handled using [mean imputation for numerical 

features / mode imputation for categorical features] prior to encoding. The problem: 

Label encoding assigns ordinal integers (0, 1, 2...) to nominal categories, which introduces 

false distance ordering in KNN. 

1) Naive Bayes - Label Encoding - Treats features probabilistically, encoding order 

does not affect posterior calculation. 

2) C4.5 Decision Tree - Label Encoding - Splits on thresholds; ordinal distortion 

has minimal effect 

3) KNN – One Hot encoding - Distance-based; nominal categories must not carry 

false ordinal weight 

To ensure fairness in the comparative evaluation, categorical features were encoded 

differently per algorithm. Label encoding was applied for Naive Bayes and C4.5, while 

one-hot encoding was applied for KNN to prevent artificial distance distortion caused by 

arbitrary ordinal assignments in distance calculations. 

 

KNN is sensitive to feature scale. Numerical features were normalized using Min-Max 

normalization to the range [0, 1] prior to KNN training, ensuring that features with larger 

magnitude ranges do not disproportionately influence Euclidean distance calculations. 

Min-Max formula as shown in Equation 1. 

 

𝑋!"#$ = %&%!"#
%!$%&%!"#

     (1) 

 

The dataset was partitioned using stratified k-fold cross-validation (k=10) to preserve 

class distribution across all folds. The class distribution of the dataset consists of 672 

Accepted instances and 829 Rejected instances. Stratification ensures that both recipient 

and non-recipient classes are proportionally represented in each fold. 

 

2.4. Modeling 

C4.5 Decision Tree: The C4.5 algorithm constructs a decision tree by recursively 

partitioning the feature space using the information gain ratio criterion. Post-pruning via 

confidence factor (CF = 0.25) was applied to reduce overfitting. The algorithm natively 

handles both continuous and categorical attributes, making it well-suited for the mixed-

type feature space of this dataset [13]. For the Decision Tree model in RapidMiner, the 

algorithm was configured using the Gain Ratio criterion with a maximum depth of 10. The 
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confidence level was set to 0.1, the minimal gain was 0.01, the minimal leaf size was 2, 

and the minimal size for split was 3. Additionally, the number of prepruning alternatives 

was set to 3. The Information Gain for an attribute 𝐴is calculated as: 

 

  𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = 	∑ −𝑃𝑖	 log!(𝑃𝑖)"
#$%      (2) 

 

𝐺𝑎𝑖𝑛(𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) − ∑ |'#|
|'|

"
#$% 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑖)   (3) 

 

Post-pruning is typically applied using a confidence factor (e.g., CF = 0.25) to reduce 

overfitting. C4.5 can naturally handle both continuous and categorical attributes. 

 

Naive Bayes: The Gaussian Naive Bayes classifier was applied, assuming conditional 

independence between features given the class label. No additional hyperparameter 

tuning was required beyond the smoothing parameter, which was set to its default value 

(var_smoothing = 1e-9). The Naive Bayes classifier applies Bayes' theorem under the 

assumption of conditional independence between features given the class label. Laplace 

smoothing (alpha = 1) was applied to address zero-probability issues for categorical 

features [20]. Despite its independence assumption, Naive Bayes has demonstrated 

competitive performance in datasets with correlated features [7]. For the Naive Bayes 

model in RapidMiner, the default parameter settings were used with Laplace correction 

enabled to handle zero-frequency problems during probability estimation. Under the 

independence assumption, the likelihood is expressed as: 

 

𝑃(𝐻	|	𝑋) = 	'(𝑋)𝐶𝑖*'(,-)
'(%)

     (4) 

 

𝑃(𝐻 ∣ 𝑋 ) = 	 '	(	0	|%)
∑ '(0-|%)#
"&'

	𝑥	𝑃(𝐻)    (5) 

 

𝑃( 𝐶 ∣ 𝐹1…𝐹𝑛 ) = '(34,…3!	|,)
'(34…3!)

𝑥	𝑃(𝐶)     (6) 

 

where 𝛼 = 1. Despite its simplifying assumption, Naive Bayes often performs 

competitively in various classification tasks. 
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K-Nearest Neighbor (KNN): KNN classifies instances by majority vote among the k 

nearest neighbors in feature space, measured using Euclidean distance. The optimal value 

of k was determined through grid search over k in {3, 5, 7, 9, 11}, with k = 5 yielding the 

best cross-validated performance [6]. One-hot encoding was applied for categorical 

attributes to avoid introducing artificial ordinal relationships, particularly for distance-

based algorithms such as KNN. To avoid data leakage and ensure unbiased evaluation, 

hyperparameter optimization for KNN (specifically the value of k) was conducted using 

grid search strictly within the training folds of each cross-validation iteration. The 

optimal value of k was selected independently for each fold based on validation 

performance, and the test fold was never exposed during parameter tuning. For the k-

Nearest Neighbors (k-NN) model in RapidMiner, the value of 𝑘was set to 5. The algorithm 

used mixed measures with Mixed Euclidean Distance as the distance metric, and weighted 

voting was enabled to improve classification performance based on neighbor proximity. 

 

𝑑(𝑥, 𝑦) = :; ("
#$% 𝑥# − 𝑦#)!     (7) 

 

where 𝑁7represents the set of 𝑘nearest neighbors and 𝐼is the indicator function. The 

optimal value of 𝑘is typically determined through cross-validation or grid search. 

 

2.5. Experimental Setup 

All experiments were conducted in RapidMiner Studio 9.10. Model evaluation was 

performed using 10-fold stratified cross-validation to ensure unbiased performance 

estimation [30]. Performance metrics include Accuracy, Precision (weighted average), and 

Recall (weighted average), defined as shown in Equation 8 to 10. 

 

Accuracy = (TP + TN) / (TP + TN + FP + FN)   (8) 

 

Precision = TP / (TP + FP)      (9) 

 

 Recall = TP / (TP + FN)      (10) 

 

where TP, TN, FP, and FN denote True Positives, True Negatives, False Positives, 

and False Negatives, respectivel [30].  
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3. RESULTS AND DISCUSSION 

 

3.1. Performance Evaluation 

Table 2 summarizes the classification performance of the three algorithms evaluated 

across all ten-fold cross-validation iterations. Results represent mean values across all 

folds. The performance evaluation of the proposed models was conducted using the 

Cross Validation operator in RapidMiner with the Performance Classification operator 

applied in the testing phase. A 10-fold cross-validation approach was employed to ensure 

reliable and unbiased model evaluation. In this process, the dataset was divided into 10 

subsets, where 9 subsets were used for training and 1 subset was used for testing 

iteratively until all subsets had been evaluated. The evaluation metrics included Accuracy, 

Precision, Recall, and F1-score. Accuracy measures the overall proportion of correctly 

classified instances, while Precision evaluates the proportion of correctly predicted 

positive instances among all predicted positives. Recall measures the proportion of actual 

positive instances correctly identified by the model, and F1-score represents the 

harmonic mean of Precision and Recall to provide a balanced evaluation of classification 

performance. These metrics were automatically calculated using the Performance 

Classification operator for each fold, and the final results were obtained by averaging 

the performance values across all folds. 

 

Table 2. Comparative Classification Performance 

Model Accuracy (%) Precision (%) Recall (%) 

Naive Bayes 81.60 81.80 81.30 

C4.5 Decision Tree 78.60 78.70 78.20 

K-Nearest Neighbor 76.20 76.10 75.80 

 

The table presents the comparative performance of three classification algorithms—C4.5 

Decision Tree, Naive Bayes, and K-Nearest Neighbor (KNN)—based on accuracy, precision, 

and recall. Overall, Naive Bayes demonstrates the best performance among the three 

algorithms, achieving the highest accuracy of 81.60%, precision of 81.80%, and recall of 

81.30%. This indicates that Naive Bayes provides the most balanced and reliable 
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classification results for this dataset, despite its simplifying assumption of feature 

independence. 

 

The C4.5 Decision Tree shows moderate performance, with an accuracy of 78.60%, 

precision of 78.70%, and recall of 78.20%. These results suggest that C4.5 is capable of 

capturing patterns in the data reasonably well, particularly due to its ability to handle 

both categorical and continuous features. However, its performance is slightly lower than 

that of Naive Bayes. Meanwhile, K-Nearest Neighbor (KNN) yields the lowest performance 

among the three models, with an accuracy of 76.20%, precision of 76.10%, and recall of 

75.80%. This may be due to its sensitivity to the choice of parameter 𝑘and the distribution 

of data in the feature space, which can affect its ability to generalize effectively.In 

conclusion, Naive Bayes outperforms both C4.5 and KNN across all evaluation metrics, 

making it the most suitable algorithm for this classification task based on the 

experimental results. 

 

3.2. Discussion 

The experimental results demonstrate clear performance differentiation among the 

three algorithms. The experimental results indicate that Naive Bayes outperformed the 

other evaluated algorithms on this dataset, with accuracy (81.6%), precision (81.8%), and 

recall (81.3%), representing a margin of approximately 3.9 percentage points over C4.5 

and 6.3 percentage points over KNN in terms of accuracy. 

 

Naive Bayes achieved the highest average performance among the evaluated models and 

can be attributed to several dataset-specific characteristics. The presence of multiple 

categorical features (Organisasi, Prestasi, Asal_Daerah, Jenis_Beasiswa, Status_Ekonomi) 

is particularly favorable for probabilistic classifiers, as Naive Bayes constructs conditional 

probability tables that capture feature-class associations without requiring complex 

splitting structures [14]. Furthermore, the Laplace smoothing mechanism effectively 

handles low-frequency categorical values [24]. 

 

C4.5 achieved moderate performance (accuracy: 78.6%), benefiting from its ability to 

handle mixed data types and construct interpretable decision paths [13]. The tree 

structure identified IPK (GPA) and Status_Ekonomi (Economic Status) as the most 

discriminative features, consistent with domain knowledge on scholarship criteria [8]. 
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However, the algorithm's susceptibility to overfitting on complex feature interactions, 

even with post-pruning, may partially explain the performance gap relative to Naive 

Bayes [17]. 

 

KNN demonstrated the lowest performance (accuracy: 76.2%), attributable to the curse 

of dimensionality in a ten-dimensional feature space. Despite normalization, the 

Euclidean distance metric may inadequately represent semantic similarity between 

categorical features, reducing the quality of nearest-neighbor identification [6]. This 

limitation is consistent with findings from Kushartanto and Aldisa [14] who similarly 

reported KNN underperformance on scholarship datasets with mixed feature types. 

Notably, the consistency between precision and recall values across all three algorithms 

suggests balanced classification performance with respect to both positive (Diterima) 

and negative (Tidak Diterima) classes, indicating the absence of significant class 

imbalance bias in the evaluation [30]. 

 

The proposed experimental framework contributes a reproducible benchmarking pipeline 

for scholarship classification tasks. The framework is distinguished by: (1) algorithm-

specific preprocessing to ensure encoding fairness, (2) nested cross-validation to prevent 

data leakage during hyperparameter tuning, and (3) a standardized three-metric 

evaluation protocol (accuracy, precision, recall) enabling direct and fair comparison across 

probabilistic, tree-based, and distance-based classifiers. 

 

From a practical standpoint, the findings of this study have direct implications for higher 

education institutions seeking to automate scholarship selection processes. The Naive 

Bayes classifier's combination of high accuracy, computational efficiency, and 

interpretable probabilistic outputs makes it particularly suitable for deployment in 

resource-constrained institutional environments. The algorithm's transparency in 

expressing classification decisions as posterior probabilities enables administrators to 

understand and audit automated recommendations. In conclusion, Naive Bayes 

outperforms both C4.5 and KNN across all evaluation metrics, making it the most suitable 

algorithm for this classification task based on the experimental results, as shown in 

Figure 2. 
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Figure 2. Classification Algorithm Performance on Scholarship Selection Dataset 

 

Based on Figure 2, Naive Bayes leads across all metrics. With 81.6% accuracy, 81.8% 

precision, and 81.3% recall, it consistently outperforms the other two classifiers. Its 

probabilistic nature makes it well-suited for this kind of classification task, and the 

margins over its competitors are meaningful enough to make it the clear 

recommendation. C4.5 Decision Tree sits in the middle. Its scores (78.6% accuracy, 78.7% 

precision, 78.2% recall) are about 3 percentage points below Naive Bayes. The gap is 

modest, and its main practical advantage — producing human-readable decision rules — 

makes it a strong candidate when explainability or auditability is a priority for 

institutional stakeholders. KNN lags behind. At 76.2% accuracy, 76.1% precision, and 75.8% 

recall, it ranks last on every metric. Its weakness here likely stems from sensitivity to 

hyperparameter choices (especially k) and how the feature space is structured. That said, 

it's not dramatically worse — only about 5.4 percentage points behind Naive Bayes — and 

with better preprocessing or distance metric tuning, it could be competitive.  

 

For higher education institutions operating in resource-constrained environments, Naive 

Bayes presents the most deployable option given its computational efficiency, 

probabilistic transparency, and superior classification performance on this dataset. C4.5 

remains viable where decision auditability is prioritized over marginal accuracy gains One 

notable observation: all three models show very consistent behavior across the three 

metrics, meaning none of them trades off precision for recall in a lopsided way. This 

suggests the dataset is relatively balanced and the classifiers are stable.  
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4. CONCLUSION 

 

This study conducted a comparative evaluation of three machine learning classification 

algorithms — Naive Bayes, C4.5 Decision Tree, and K-Nearest Neighbor (KNN) — for 

automated scholarship recipient classification. Experimental results obtained through 10-

fold cross-validation demonstrated that Naive Bayes achieved the highest performance 

across all evaluation metrics, with an accuracy of 81.60%, precision of 81.80%, and recall 

of 81.30%, followed by C4.5 Decision Tree (accuracy: 78.60%, precision: 78.70%, recall: 

78.20%), and KNN (accuracy: 76.20%, precision: 76.10%, recall: 75.80%). These findings 

suggest that Naive Bayes is the most suitable algorithm for this classification task, owing 

to its probabilistic transparency, computational efficiency, and robust handling of mixed 

feature types present in the scholarship dataset. However, it must be noted that these 

results are limited to the dataset used in this study, and broader institutional validation 

across different demographic contexts and larger applicant datasets is still needed 

before these findings can be generalized. Future work should explore ensemble methods, 

feature selection strategies, and deep learning approaches to further improve 

classification performance in scholarship selection systems. Future research directions 

include the exploration of ensemble methods and deep learning architectures to further 

improve predictive accuracy. Additionally, feature importance analysis, imbalanced class 

handling strategies, and external validation on multi-institutional datasets represent 

promising avenues for extending the generalizability of these findings. 
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