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Abstract 

Student dropout is a serious problem that can affect the quality of education and operational efficiency of higher 

education institutions. Early prediction of potential students who will dropout is essential to develop appropriate 

intervention strategies, so as to increase graduation rates and reduce the negative impact on academic continuity. A 

better model for student dropout prediction becomes an objective of this research. The method used in this research 

is to improve the performance of machine learning models through the selection of optimal hyperparameters. The 

research methodology consists of several stages, including data preprocessing, handling imbalanced data, model 

training, and performance evaluation. There are three machine learning models used in this research, namely 

XGBoost, AdaBoost, and Random Forest. The selection of optimal hyperparameter values is carried out using the 

Random Search and Grid Search methods. Model evaluation is conducted using k-fold cross-validation and multiple 

evaluation metrics, including accuracy, precision, recall, and F1-score. As part of the important results, the 

combination of XGBoost and Random Search produced the best performance with 91.18% accuracy, indicating that 

hyperparameter optimization significantly improves predictive performance. The findings of this research explicitly 

contribute to the field of informatics, particularly educational data mining, and provide insights for educational 

institutions to identify high-risk dropout students more accurately.  
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1. INTRODUCTION 

Academic success is one of the keys and dropout has become a major concern in the field of 

higher education [1]. Predicting academic success and dropout can be the first step for administrators to 

map the condition of students. Early identification of students at risk of dropping out can help 

educational institutions to implement timely and effective interventions to improve student retention 

[2]-[4]. Through this identification, the treatment of student conditions can be more focused on the group 

that needs it most. In addition, proper handling of student conditions, especially those with a high 

potential to drop out, can help to reduce dropout rates. In addition, understanding the factors that 

influence dropout and academic success allows for the development of better policies to support student 

achievement [2], [5], [6]. In the long run, improving academic success through proper prediction can 

contribute to higher education quality and increased graduation rates [7] Therefore, research supporting 
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the development of predictive models in academic contexts is a strategic step needed to support student 

success and the sustainability of higher education institutions [7]-[9]. 

Various studies have been carried out regarding drop out and academic success from various 

perspectives, including predictions using machine learning. Research done by [2] aimed to predict 

programming students at risk of dropping out using various predictive models within the educational 

data mining process. It evaluated models like k-nearest neighbors (kNN), decision tree, logistic 

regression, and neural network (NN). The result showed that the proposed models could generate 

accuracies of approximately 90%. Another research proposed by [10] explored three machine learning 

predictive models to early detect students at risk. The proposed predictive models were KNN, SVM, 

and (NN) and revealed that SVM outperformed the others with 86.7% of accuracy. The next research 

published by [11] leveraged machine learning in the issue of student dropout in higher education. The 

research used nine different machine learning models and produced FSC4RBF as the best predictor with 

88.42% of accuracy. 

Various studies have successfully integrated machine learning algorithms like Naive Bayes, 

Logistic Regression, Support Vector Machine, Decision Tree, Random Forest, K-Nearest Neighbor, 

LGBM, and Artificial Neural Networks to predict student success and dropouts with high accuracy [11]-

[17]. Although most machine learning algorithms have been successfully applied, many previous studies 

focus primarily on algorithm performance without systematically analyzing the impact of 

hyperparameter optimization strategies across multiple ensemble classifiers using a consistent 

evaluation scheme. Several researches were explored various methods to improve the results. Research 

done by [18]-[21] was utilized SMOTE to address the imbalanced nature of the dataset. This technique 

helped to create a more balanced dataset by oversampling the minority class, which in this case is the 

dropout instances. Intelligent system for predicting early drop out also implemented using machine 

learning by [22]. The proposed model applied hybrid feature selection and dimensionality reduction 

techniques to extract relevant features from raw student log activity records. 

Genetic algorithm was also applied as a strategy to improve early drop-out prediction [10], [23]. 

The study successfully demonstrated the effectiveness of Genetic Algorithms (GA) to enhance model 

performance. Other strategy used by [11], [22] to optimize hyperparameters of machine learning models. 

They combined GridSearchCV and the ensemble method to predict students' risk of dropping out of 

learning courses. Ensemble stacking became a method selected by [24] to increase model performance 

to predict student’s drop-out. The researchers stacked 4 machine learning models, those were Random 

Forest, XGBoost, Gradient Boosting, and Feed-forward Neural Networks. Ref [25] proposed a new 

strategy to improve student performance prediction by utilizing adaptive feature selection. The method 

was combined with 5 machine learning models. Hyperparameter tuning was utilized by [3] to optimize 

the performance of logistic regression, random forest, and gradient boosting. The model was by 

systematically searching for the best parameters. Furthermore, limited studies explicitly compare Grid 

Search and Random Search as hyperparameter optimization techniques on multiple ensemble-based 

classifiers under the same evaluation framework, making it difficult to assess their relative effectiveness 

and robustness in student dropout prediction tasks. 

Machine learning technique that is optimized by using other algorithms also had huge potential 

for predicting student dropout [24], [25]. This research aims to systematically analyze and compare the 

effectiveness of Grid Search and Random Search in optimizing hyperparameters of ensemble-based 

machine learning models for student dropout prediction. The study employed several machine learning 

algorithms optimized by RandomSearch and GridSearchCV to obtain the right hyperparameters for 

predicting student status into three classes. The proposed models were evaluated using accuracy, 

precision, recall, and f1-score. The main contributions of this study include a systematic comparative 
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analysis of Grid Search and Random Search for hyperparameter optimization on multiple ensemble 

classifiers, as well as an evaluation of model robustness using consistent performance metrics. 

2. METHOD 

The proposed method begins with data acquisition, followed by data preprocessing. After the 

model selection stage, the selected model is optimized using Grid Search and Random Search. Finally, 

the model performance is evaluated using accuracy, precision, recall, and F1-score. The details of each 

stage are presented in the next section. Figure 1 visually illustrates the proposed model. 

 

 
Figure 2. Performance of XGB-RandomSearchCV in 5-fold cross-validation 

2.1. Data Description 

This study explored 3360 dataset sourced from Kaggle platform in 2021. The dataset consists of 

3630 rows, out of which 2209 are labelled as continuing students and 1421 as dropout students. There 

are 38 features in this dataset, including demographic features like gender, marital status, nationality, 

academic qualification, academic performance, and graduate, enrolled, or dropout as the target feature. 

In this study, only success and dropout targets were utilized. The dataset was also used by [26] for a 

similar task. 

2.2. Data Preprocessing 

The data preprocessing stage in this research involves a series of careful steps aimed at making 

the dataset feasible to increase its suitability for building a machine learning model. 

2.2.1. Handling Categorical Data 

A key component of data preprocessing was handling categorical data. Categorical variables were 

converted using Label Encoders to ensure smooth integration of the dataset with machine learning 

algorithms [27]. This conversion transformed categorical data into a numerical format, enabling its 

efficient use in predictive models. The Target feature in this study was one of the features that carries 

out label encoding. 

2.2.2. Standardization 

Standardization is a normalization technique widely used in data preprocessing. It is implemented 

to align all features to a consistent scale, reducing the effects of varying measurement units. The method 

standardizes features by removing the mean and scaling to unit variance, transforming the data into a 

standard normal distribution. This process is essential for algorithms that are sensitive to feature scaling, 

ensuring each feature contributes equally to the model's learning. By standardizing the data, it enhances 

the model's convergence and stability during the training phase of machine learning algorithms. In this 

research, StandardScaler was used. 
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2.2.3. Handling Class Imbalance 

Oversampling methods aim to generate new data by replicating important samples from minority 

classes [28]. One of the most popular Oversampling methods is SMOTE which was proposed by [29]. 

In general, the main idea of SMOTE is to create new minority data by interpolating multiple minority 

examples [30]. The process involves finding the nearest neighbor using the K-Nearest Neighbor (KNN) 

algorithm and creating new data along the line between the original sample and its neighbor. The feature 

values of those neighbors are multiplied by a random number between 0 and 1 to generate new samples 

using Euclidean distance. 

2.3. XGBoost 

The XGBoost algorithm proposed by [31] is currently the fastest and best integrated Decision 

Tree algorithm.  To achieve better results, this approach incorporates various learning models [32]. A 

set of trees is built based on features and summed sequentially to predict the sample class. Each tree 

tries to recover the difference between the target and the prediction predicted by the previous set of trees 

as shown in the Equation (1) below [33]. 

𝑝𝑖 = ∑ 𝑓𝑚(𝑥𝑖), 𝑓𝑚 ∈ 𝐹𝑚
𝑖=1    (1) 

Where 𝑝𝑖 is the prediction result, 𝑥𝑖 is the vector for input variables, m is the number of decision 

trees, 𝑓𝑚 is the function for the function space F, and F itself is the space for all decision trees. 

XGBoost is more efficient in handling large-scale data sets and complex models, while 

performing well in preventing overfitting and improving generalization ability. XGBoost is popular in 

data regression and classification due to its advantages in terms of computational efficiency, feature 

importance analysis, and handling of missed values [31]. 

2.4. AdaBoost 

The AdaBoost method is built on combining several weak learners to form a strong learner [34]. 

The essence of AdaBoost is to adjust the weights of the training samples, where the weight of 

misclassified samples increases and the weight of correctly classified samples decreases in each 

iteration. This makes the model focus on samples that are difficult to classify. AdaBoost then combines 

the results of multiple base classifiers with voting weights determined based on each model's weighted 

error ratio [35]. 

AdaBoost has a simple construction, high classification accuracy, and easy-to-understand results. 

Unlike bagging and RF algorithms, AdaBoost fully considers the weight of each classifier. AdaBoost is 

particularly unaffected by overfitting [36]. AdaBoost is also effective in overcoming the problems of 

base classifier creation and merging, which are two important components of ensemble learning 

algorithms [37].  

2.5. Random Forest 

Random Forest [38], [39] is an ensemble classifier model formed from the combination of many 

decision trees. The equation that states it is shown in Equation (2) below. 

 

{𝐷𝑇(𝑥, 𝜃𝑘)}𝑇𝑘    (2) 

 

The value of x is the input vector and θk denotes an independently drawn random vector with the 

same distribution value as the previous 𝜃𝑘, . . . , 𝜃𝑘 −  1. Bootstrap samples are taken as many as T from 

the training data and the pruned CART is taken from each bootstrap 𝛽 sample where only one of the M 

features is randomly selected for splitting each CART node [40]. 
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Random Forest calculates results using the majority voting method. Random Forest also has an 

advantage over the Decision Tree model in dealing with overfitting problems [41]. This is because 

Random Forest usually uses different parts of the same training dataset in each tree and helps in 

averaging the results of that many Decision Trees. Consequently, this helps avoid overfitting and 

improves the overall performance of the model. 

2.6. Random Search 

Random Search proposed by [38] is a method designed to identify optimal hyperparameter 

combinations [42]. This method shows superior efficiency as it explores the hyperparameter space in 

more depth, resulting in highly accurate model performance, both empirically and theoretically with 

fewer computational resources [43].  

Random search uses a random generator to make parameter choices. In this approach ranges for 

different hyperparameters are specified, then values are randomly selected within these ranges, the 

resulting architecture is trained and tested with the best one being taken [44]. Compared to local 

approximations made through gradient-based optimization, this technique allows to explore more 

important aspects of the search space [45]. 

2.7. Grid Search 

Grid Search is a systematic way to search for a hyperparameter in the search space [46]. The way 

Grid Search works is by making all possible combinations regardless of the influence of elements in the 

optimization process. Each parameter has an equal chance to influence the process [47]. 

The principle of the grid search algorithm starts from the Cartesian product applied to the set of 

values of each hyperparameter to obtain the hyperparameter configuration space, which contains all 

possible hyperparameter combinations. Next, the grid search algorithm trains a model for each 

hyperparameter combination in the configuration space [48]. Since the model combinations for each 

parameter are stored, grid search tends to be computationally expensive. However, this algorithm will 

provide the best combination of parameters [49]. 

3. RESULT AND ANALYSIS 

The experimental scheme was conducted on 3630 data and had 38 features with 2 classes using 

k-fold cross-validation testing with values 5 and 10. The XGBoost, Random Forest, and AdaBoost 

algorithms were used as base models and then optimized using Random Search and Grid Search to 

produce better results. Model performance in the first experiment is presented in Table 1. 

 

Table 1. Model performance after training in 5-fold cross-validation 

Model 
Training 

Accuracy 

Testing 

Accuracy 
Precision Recall F1-Score 

XGBoost 91.45 89.67 89.73 89.67 89.56 

AdaBoost 90.00 88.84 88.80 88.84 88.79 

Random Forest 84.35 82.92 83.19 82.92 83.00 

XGBoost+Random Search 91.74 90.91 91.10 90.91 90.79 

AdaBoost+Random Search 90.35 89.53 89.51 89.53 89.47 

Random Forest+Random Search 90.89 90.22 90.32 90.22 90.11 

XGBoost+Grid Search 92.02 90.77 90.85 90.77 90.68 

AdaBoost+Grid Search 90.89 89.81 89.81 89.81 89.73 

Random Forest+Grid Search 91.23 90.77 90.98 90.77 90.64 

 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.3.5627


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 3, June 2026, Page. 3012-3024 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.3.5627 

 

 

3017 

Based on experiments done, Table 1 shows the result displayed as a comparison of model 

performance to predict the case using 5-fold cross validation. Overall it can clearly be seen that XGBoost 

algorithms dominated the highest score of every evaluation metric. Random Search as the optimization 

algorithm also showed effective working by improving classifiers and so did Grid Search. While 

XGBoost and its combination did the best performance, AdaBoost and Random Forest algorithms also 

yielded scores above 82.90 for all evaluation metrics.  

As shown in Table 1, the improvement after hyperparameter optimization indicates that default 

configurations are not sufficient to capture the full predictive capability of ensemble-based models. The 

consistent increase in testing accuracy across all optimized models suggests that systematic 

hyperparameter tuning plays a crucial role in enhancing model generalization rather than merely 

improving training performance. 

In terms of the three basic models, XGBoost generated the highest accuracy both in the training 

and testing phases. The score produced by XGBoost in the training and testing were 91.45% and 89.67% 

accuracy values, respectively. AdaBoost became the second and Random Forest was the last with 

accuracy scores in the training phase of 88.84% and 82.92%, respectively. In the precision metric, 

XGBoost also showed the best performance by resulting precision of 89.73%. XGBoost also generated 

score just above 89% in recall and f1-score, while AdaBoost got just below 89% and Random Forest 

bore approximately 82.95%. The performance of optimized XGB using RandomSearchCV run in 5-fold 

cross-validation is shown in Figure 2. 

 

 
Figure 2. Performance of XGB-RandomSearchCV in 5-fold cross-validation 

 

The superior performance of XGBoost can be attributed to its gradient boosting mechanism, 

which sequentially minimizes residual errors and allows fine-grained control over important parameters 

such as learning rate and maximum tree depth. These characteristics make XGBoost more responsive to 

hyperparameter optimization compared to AdaBoost and Random Forest, which rely on adaptive 

reweighting and bagging strategies, respectively. As a result, XGBoost is able to better capture complex 

patterns in the dataset after optimization. 

The discussion can be made in several sub-chapters. Regarding the combination models, the best 

combination in the training stage was XGBoost and Grid Search and the best combination in the testing 

phase was XGBoost and Random Search with accuracy of 92.02% and 90.91%, respectively. In 

optimization mode, Random Forest performed better than AdaBoost both in the training and testing 

stages. In the testing stage, Random Forest contributed an accuracy of 90.22% optimized with Random 

Search and an accuracy of 90.77% optimized with Grid Search. Accuracy scores provided by AdaBoost 

in the testing are 89.53% when combined with Random Search and 89.81% when combined with Grid 

Search. In the precision score, Random Search succeeded in optimizing Random Forest by resulting at 

90.73% as the highest. 
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Table 2. Model performance after training in 10-fold cross-validation 

Model 
Training 

Accuracy 

Testing 

Accuracy 
Precision Recall F1-Score 

XGBoost 91.28 90.50 90.69 90.50 90.36 

AdaBoost 90.46 88.15 88.11 88.15 88.09 

Random Forest 85.51 84.57 84.47 84.87 84.66 

XGBoost+Random Search 91.97 91.18 91.26 91.18 91.10 

AdaBoost+Random Search 90.83 89.94 89.95 89.94 89.87 

Random Forest+Random Search 90.81 90.63 90.73 90.63 90.53 

XGBoost+Grid Search 92.19 90.36 90.44 90.36 90.26 

AdaBoost+Grid Search 90.35 89.67 89.67 89.67 89.59 

Random Forest+Grid Search 90.86 90.08 90.22 90.08 89.96 

 

Table 2 presents the second experiment containing model comparisons after training using 10-

fold cross-validation. The results showed that XGBoost kept its performance stable and became the best 

in almost all metrics used. The optimization techniques used worked effectively as the model 

performance could be improved especially for Random Forest, which increased significantly. Besides 

that, the lowest score provided by the combined models was 89.59% in the precision metric. Figure 3 

shows the performance of optimized XGB using RandomSearchCV run in 10-fold cross-validation. 

 

 
Figure 3. Performance of XGB-RandomSearchCV in 10-fold cross-validation 

 

Among the three standard models, XGBoost achieved the highest accuracy in both the training 

and testing phases. The conditions that occurred in AdaBoost and Random Forest tended to be the same 

as in previous experiments. The difference value between AdaBoost and Random Forest in the testing 

stage was around 4%. In recall, precision, and f1-score metrics, the condition was almost similar with 

an order started by XGBoost, AdaBoost, and Random Forest. 

Concerning the optimized models, the combination of XGBoost and Random Search became the 

best model generating an accuracy of 91.18% in the testing phase. In the training phase, the combination 

of XGBoost and Grid Search provided the highest score in this study, namely 92.19%. AdaBoost 

algorithms became the third in resulting accuracy score with the highest score at 89.94% in the testing 

stage. Moreover, the combination of XGBoost and Random Search also yielded the highest score in 

precision, recall, and f1-score metrics. The combination produced 91.26% in precision, 91.18% in recall, 

and 91.10% in f1-score. The Random Forest combinations experienced a significant rise to around 

90.5% in the precision, to around 90.30% in the recall, and to around 90.10% in the f1-score. The 

AdaBoost combinations got almost similar conditions. The combinations witnessed grow slightly to 
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about 89% in the other metrics. The comparison between 5-fold and 10-fold cross-validation 

demonstrates consistent performance patterns across different validation schemes. The relatively small 

difference in accuracy values indicates that the proposed models are stable and not highly sensitive to 

the choice of fold configuration. 

Hyperparameter tuning performed using Random Search and Grid Search significantly improved 

the performance of all models. The Random Forest algorithm, which initially had a testing accuracy of 

82.92% on 5-fold cross-validation and 84.57% on 10-fold cross-validation, increased drastically to 

around 90% after tuning with Random Search and Grid Search. Likewise, the AdaBoost algorithm, 

which had an accuracy of around 88%, then increased to around 89.5% after tuning. In addition, 

XGBoost provided the best performance compared to other models in terms of accuracy and other 

evaluation metrics, both before and after hyperparameter tuning. Without tuning, XGBoost has achieved 

a fairly high testing accuracy of 90.50%, and after tuning there was an increase or remained stable. 

Furthermore, Grid Search produced a more stable performance than Random Search. Although in some 

cases, testing accuracy with Random Search was higher (such as in 5-fold cross-validation), Grid Search 

generally provided a better balance between training and testing accuracy. This shows that Grid Search 

is better at avoiding overfitting than Random Search. By performing a systematic search on a 

predetermined parameter space, Grid Search is more likely to find the best combination [55, 56]. 

4. DISCUSSIONS 

Referring to optimization algorithms, Random Search performed better, as in the first experiment. 

The condition may be caused by Random Search being more efficient in exploring a wider space by 

randomly selecting more varied combinations. Moreover, Random search can also serendipitously find 

better hyperparameter combinations over a wider range, while Grid Search can get stuck in suboptimal 

combinations because it only explores a small subset of a larger hyperparameter space. This finding 

indicates that Random Search is more suitable for optimizing complex ensemble-based models such as 

XGBoost, where interactions between hyperparameters are non-linear and difficult to exhaustively 

enumerate. 

When compared with other results, the proposed method also contributes more to predicting 

student dropout. Several researches were done for predicting student dropout with various models and 

giving specific contributions. However, most prior works primarily focus on reporting performance 

metrics, particularly accuracy, without critically discussing the influence of hyperparameter 

optimization strategies and evaluation consistency across models. The detailed comparison of model 

performances is presented in Table 3. 

 

Table 3. Result Comparison of Model Performances 

Model Accuracy 

Logistic Regression [52] 75.63% 

Gradient Boosting [3] 90.00% 

FSC4RBF [11] 90.90% 

Random Forest [53] 77.65% 

Random Search [54] 80.56% 

Proposed Method 91.18% 

 

The results show that the proposed method achieves the highest accuracy of 91.18%, 

outperforming both traditional machine learning approaches and several optimized models reported in 

previous studies. This improvement highlights the significance of systematic hyperparameter 

optimization in enhancing model robustness and predictive reliability. Furthermore, these findings 
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suggest that the integration of ensemble learning with efficient optimization techniques can provide 

practical benefits for developing early warning systems to support academic decision-making in higher 

education institutions. From a broader perspective, this study contributes to the fields of machine 

learning optimization and educational data mining by offering empirical evidence on the effectiveness 

of Random Search compared to Grid Search in student dropout prediction tasks. 

5. CONCLUSION 

The optimized models of machine learning were proposed in this research for accurate prediction 

of student dropout. The model consists of XGB, AdaBoost, and Random Forest, and is optimized 

through Random Search and Grid Search techniques. Various evaluation metrics were used to validate 

the proposed model. Random Search and Grid Search have good performance in finding the best 

hyperparameter combination in the machine learning model. Objectively, XGBoost optimized using 

Random Search reaches the best accuracy of 91.18%, followed by precision of 91.26%, recall of 

91.18%, and f1-score of 91.10%. This study provides a methodological contribution by systematically 

comparing the effectiveness of Grid Search and Random Search across multiple ensemble classifiers, 

demonstrating that Random Search offers better optimization efficiency and model robustness in student 

dropout prediction. 

The proposed method holds substantial potential for early prediction of student dropout, which 

contributes to enhanced policy development in academics. The drawback of this study is that the dataset 

used may not fully cover all the important factors that influence dropout and may introduce potential 

bias due to reliance on a single dataset. Future research can be expanded by exploring other methods 

both classifier and optimization algorithms. Further research may also integrate explainable artificial 

intelligence techniques to improve model interpretability, apply deep learning approaches for broader 

comparison, and utilize datasets from multiple institutions to enhance model generalization. 
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