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A key issue for planning and consulting is the accurate prediction of students’ 

rankings in important national university entrance exams, such as Iran’s nationwide 

university entrance examination, commonly known as the Konkur. Although 

machine learning has been increasingly used in educational data mining, most 

existing models have shown limited accuracy, are inadequately formulated, and lack 

sufficient optimization for practical application. This study introduces a novel 

stacking-based ensemble learning model that incorporates XGBoost, LightGBM, and 

CatBoost as base learners, with a linear regression model as a meta-learner to 

improve national rank prediction. The proposed model’s main hyperparameters were 

adjusted using the Optuna optimization framework to enhance the performance of 

each model. The model was trained and validated on a large dataset of over 73,000 

student records from Ghalamchi Institute and evaluated using five-fold cross-

validation with NRMSE and R² as performance measures. The results showed that 

the proposed model significantly outperformed baseline models, such as Random 

Forest, Gradient Boosting, and MLP Regressor, achieving NRMSE of 0.0659 and R² 

of 0.7735, which could be attributed to the effective integration of advanced learners 

with systematic hyperparameter optimization. This research provides a practical and 

scalable predictive tool that can support academic advisors, educators, and 

policymakers in making informed decisions, promoting equity in education, and 

guiding students through data-driven interventions. The use of stacking-based 

ensemble learning and automated hyperparameter optimization via Optuna 

distinguishes this study from prior research and is a meaningful step forward in the 

application of predictive analytics in high-risk educational settings. 
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1. Introduction 
The prediction of students’ national rank in university entrance exams remains a crucial issue for 

educational researchers and policymakers (Ali et al., 2019; Alyahyan & Düştegör, 2020; Chaparro-

Cruz et al., 2025; Jafarnejad Chaghoshi et al., 2024). Reliable models can not only influence learning 

outcomes and promote educational fairness but also significantly influence students' future 

opportunities, given their impact on the future areas of the students’ academic opportunities and even 

on their career trajectories (Almalawi et al., 2024). Ensemble learning approaches have proven to be 

powerful techniques for accurately predicting academic performance in this context (Tang et al., 

2024). In Iran, the national university entrance exam –known as Konkur– plays a pivotal role in the 

education system. As a highly competitive and centralized annual examination, it determines students’ 

eligibility for admission to universities and higher education institutions. Its significance cannot be 

overstated, as it serves as the primary criterion for selecting both fields of study and academic 

institutions. As a result, having the capacity to forecast the outcome of the university entrance exam is 

extremely important not only for the students and their families but also for the educational 

consultants and decision-makers in the academic arena. In the case of the Iranian university system, 

this exam (Konkur) is probably one of the most important decisions of the students’ career to get into 

university. The highly charged atmosphere surrounding the Konkur exam exerts immense 

psychological pressure on students and their families, often leading to heightened stress and anxiety. 

On the other hand, the dark side of the popularization of higher education is that those who already 

have the convenience to study at a university have now started the tendency to make the university 

entrance exam (Konkur) the only defining factor in university admission. There is evidence suggesting 

that students may possess valuable skills and abilities that are not adequately reflected in written test 

scores. As a result, relying solely on such assessments may prevent the country from thoroughly 

exploiting its human resource potential (Parviz, 2023). Considering such challenges, it is quite natural 

to build an accurate framework to compute the performance prediction and estimation model so that 

students’ performance can be evaluated in the Konkur exam. In this field, ensemble learning models 

have proven to be the most effective approach recently introduced. Aggregating various machine 

learning algorithms will further increase the accuracy of the predictions, providing more universities 

with more insights into how prediction systems work (Khan et al., 2024). Therefore, the outputs of 

different models are ensembled to minimize errors and ensure more accuracy of the overall predictions 

(Yan & Liu, 2020). 
Ensemble models are recommended by various studies for predicting students' performance based on 

major exams, such as Konkur, to predict scores with high accuracy. According to Adejo and Connolly 

(2017), heterogeneous ensemble learning models enhance the prediction's manifold accuracy. However, 

in the case of applying an ensemble of algorithms, such as SVM, Random Forest, and Adaboost, other 

studies' single-algorithm-based models were less precise or reliable than the group of ensemble models 

proposed in this study. These findings are recently confirmed by studies that prove higher accuracy of 

ensembles than other techniques for the students’ academic performance prediction. As recent evidence 

highlights, with more datasets and complexity, the ensemble model will be more applicable (Butt et al., 

2023). Such models can be used as tools for policymakers and educational planners to improve 

prediction tasks using an ensemble of models, such as bagging or boosting methods. In the same vein, 

Han et al. (2017) revealed that the Adaboost rank algorithm performed much better than decision trees, 

SVM, and neural networks (Zohrehvandian et al., 2023). Using ensemble learning methods is shown to 

increase prediction accuracy while reducing systematic errors in student performance measurement. This 

work applies an ensembled learning model using stacking and optimizing hyperparameters of the model 

under the OPTUNA framework to improve the prediction of the national ranking of the university 

entrance exam (Konkur). OPTUNA has been demonstrated in previous works to be applicable to a very 

large space of models in machine learning, including neural networks and tree-based models (Jafarnejad 

et al., 2025). In the application context of the optimization stock price and heart disease prediction 

models, the OPTUNA framework produces highly accurate and precise results, improving the prediction 

accuracy significant (Bishwakarma & Sharma, 2022; Yang et al., 2023). Different base models can be 

combined to reach a method with the most refined results. Therefore, research evidence shows that 

stacking different tasks as diverse as electrical load and critical temperature prediction yields improved 

accuracy compared to other ensemble methods, including bagging and boosting (Massaoudi et al., 2020; 
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Yu et al., 2023). Unlike the optimization of the base learners’ parameters, optimization of the ensemble 

model parameters is another big challenge; however, OPTUNA presents advanced strategies such as 

Parzen estimation and pruning techniques. Through parameter selection (Akiba et al., 2019), the best 

parameters can be selected at lower computational costs, and an improvement in performance is 

observed for stacking models. 

The goals of the current research are to improve predictions for the Iranian students ranking in the 

university entrance exam (Konkur) based on advanced models, such as XGBoost, LightGBM, and 

CatBoost, within the same stacking framework. These models are further optimized with advanced 

optimization techniques. The ranking prediction accuracy can be improved by a great margin if the 

OPTUNA framework for hyperparameter optimization is utilized together with Stacking models. In 

other words, this is an optimized combination that performs significantly better in terms of accuracy 

and the computation time involved. The considerably intense reliance on the Konkur exam in Iran, 

along with the psychological and educational pressures surrounding it, necessitate predictive tools that 

are both efficient and generalizable. There have been numerous studies on using ensemble learning for 

the prediction of student performance, but only a few have addressed the specific problem of national 

ranking prediction using pre-exam data. However,  as a review literature highlights, no research has 

used auto hyperparameter optimization in this area, necessitating investigations with a novel stacking-

based ensemble model, optimized through the Optuna framework, to predict the students’ national 

ranks based on their preparatory test performance with higher accuracy. This contribution adds to the 

field of academic prediction with the development of a more precise and practical model than the 

existing tools, with a major emphasis on the use of a setting such as Iran’s national university entrance 

exam in a high-stakes standardized testing environment. This study seeks to develop an appropriate 

model with high ranking accuracy and efficiency using Ghalamchi (a famous institute for university 

entrance exam preparation and simulation) exam data. In this case, OPTUNA is used for 

hyperparameter tuning of different models for this purpose and introducing the final model 

performance optimal. As a result, the novelty of this research lies in the provision of an innovative 

way of university entrance exam ranking prediction with the help of several coupled machine learning 

models and an advanced hyperparameter optimization method. In addition, the paper carries out some 

comparisons and analyses, proving that the proposed model is faster and can achieve higher prediction 

accuracy than the baselines. 

The key questions of this research include the following: 

 How can the accuracy of student ranking prediction in the university entrance examination be 

increased through an ensemble learning model using the Stacking method? 

 What combination of machine learning models can perform best in predicting university 

entrance exam ranking? 

 How can optimization of hypermeters through OPTUNA improve the final performance of the 

model? 

Based on the students’ real data, this work seeks to find solutions for the enhancement of education 

quality and equal educational opportunities using some advanced ensemble learning methods. This 

study may form the basis for developing prediction and decision-making systems in the country's 

educational sector to ensure more appropriate and efficient decisions by policymakers and educational 

advisors. 

2. Literature Review 
The proposed study developed an ensemble learning model based on stacking, incorporating the 

OPTUNA hyperparameter optimization framework, to predict students’ national rankings in the 

university entrance examination (Konkur). A review of relevant literature highlights the comparative 

effectiveness of various ensemble learning models in this domain. These studies consistently 

demonstrate that ensemble approaches offer superior accuracy and efficiency in predicting exam 

outcomes. Moreover, such models hold significant potential for integration into educational systems, 

where they can be used to monitor student performance and support data-driven decision-making in 

academic planning and guidance. Table 1 presents a summary of the research background. 
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Table 1. Research Background on Student Performance Prediction 
Authors Article Title Findings Model Used 

Taher 

Mazandarani 

et al. ( 2025) 

Predicting Student Academic 

Performance: A Machine Learning 

Approach and Feature Analysis 

Positive personality traits, such as interest in studying, 

quality of homework, contentment, self-regulation, and 

logical thinking and reasoning, are the most significant 

predictors of students' academic performance. The 

CatBoost model achieved high prediction accuracy with 

R² = 0.87. 

CatBoost Regressor 

(R² = 0.87) 

Salari et al. 

(2024) 

Predicting Student Performance 

Using Machine Learning Algorithms 

and Educational Data Mining (A 

Case Study of Shahid University) 

The decision tree algorithm outperformed other 

algorithms in predicting students' performance, 

achieving an accuracy of 84.71% and predicting 

graduation for 77.88% of honors students. 

Decision Tree 

Jafarnejad 

Chaghoshi et 

al. (2024) 

Unleashing the Power of Ensemble 

Learning: Predicting National 

Ranks in Iran’s University Entrance 

Examination 

XGBoost was the most accurate model and obtained the 

best results with the least error. LightGBM also had 

high accuracy and good performance. Random Forest 

provided decent accuracy but was slower. CatBoost 

was the weakest-performing model, exhibiting higher 

error rates compared to the other models evaluated. 

XGBoost LightGBM 
Random Forest 

CatBoost 

Sukhija & 

Faridi (2024) 

Recommending Graduate Admission 

Using Ensemble Model 

Stacked model (DT, KNN, NB) outperformed 

individual models; applicable for real-time admissions 

DT, KNN, Naive 

Bayes (base), Logistic 

Regression (meta) 

Abiodun & 

Wreford 

(2024) 

Student’s Performance Evaluation 

Using Ensemble Machine Learning 

Algorithms 

Stacked ensemble achieved RMSE = 0.1768, R² = 0.97 

Random Forest, KNN, 

XGBoost (base), 

stacked 

Ballaho 

(2024) 

Predicting Student's Success in 

Programming Courses 

Stacking ensemble of SVM, Decision Tree, and Neural 

Network showed the highest reliability in predicting 

success in programming-related admissions. 

SVM, DT, NN with 

Stacking 

Butt et al. 

(2023) 

 

Performance Prediction of students 

in Higher Education using Multi-

Model Ensemble Approach 

This study implemented different ensemble learning 

models, such as bagging, boosting, stacking, and 

voting, for the prediction of student performance, 

revealing that boosting and stacking outperformed the 

rest for both small and large datasets. 

BaggingBoosting 
Stacking, Voting 

Zub et al. 

(2023) 

Two-Stage PNN–SVM Ensemble 

for Higher Education Admission 

Prediction 

The two-stage model showed 94% accuracy; better than 

boosting/bagging 

PNN (base), SVM 

(ensemble), LR (meta) 

Saluja et al. 

(2023) 

Designing New Student 

Performance Prediction Model 

Using Ensemble ML 

Predicts final grade and stream assignment with a 93% 

accuracy 

DT, KNN, NB, SVM 

(base), One-vs-Rest 

Ensemble 

X. Chen et al. 

(2022) 

A Competition Model for the 

Prediction of Admission Scores of 

Colleges and Universities in Chinese 

College Entrance Examination 

The competitive model, along with clustering, could 

increase the accuracy of predicting acceptance scores 

by 7.3%. 

A competitive model 

with clustering 

Zangooei & 

Fatemi (2021) 

Prediction of Students at Risk of 

Academic Failure Using Learning 

Analysis in the Learning 

Management System 

The LSTM network outperformed the SVM in 

predicting students at risk of academic failure, 

improving teacher and student performance with a 94% 

accuracy and 88% efficiency. 

LSTM,  SVM 

Sakri & Saleh 

(2020) 

A Robust Hybrid Ensemble Model 

for Students’ Performance 

Assessment on Cloud Computing 

Course 

This study introduces a hybrid RHEM model that 

achieves a 91.7% accuracy by combining naïve Bayes, 

multilayer perceptron, k-nearest neighbors, decision 

table, bagging, and random subspace algorithms to 

predict student performance. 

Naïve Bayes, 

Multilayer 

Perceptron,  k-Nearest 

Neighbours,  Decision 

Table, Bagging, 

Random Subspace 

Yan & Liu 

(2020) 

An Ensemble Prediction Model for 

Potential Student Recommendation 

Using Machine Learning 

This study uses ensemble learning models, such as 

Adaboost, Random Forest, and SVM, to predict student 

performance, revealing improved accuracy compared to 

single-algorithm models. 

AdaboostRandom 

ForestSVM 

Injadat et al. 

(2020) 

Systematic Ensemble Model 

Selection Approach for Educational 

Data Mining 

Ensemble learning models, which combine multiple 

algorithms, provide more accurate and efficient 

predictions than single-algorithm models, leading to 

more reliable results. 

Random Forest, 

Gradient Boosting, 

Adaboost, Bagging 

Adejo & 

Connolly 

(2017) 

 

Predicting Student Academic 

Performance Through a Multi-

Model Heterogeneous Ensemble 

Approach (Output Prize) 

Combining diverse data sources with collective 

learning models increases the accuracy and efficiency 

of prediction, surpassing the effectiveness of a single 

model and limited data. 

Random Forest, 

Gradient Boosting, 

Stacking 

Han et al. 

(2017) 

 

Application of Ensemble Algorithm 

in Students’ Performance Prediction 

Adaboost algorithm outperformed other collective 

learning algorithms, such as decision trees, neural 

networks, and SVM, in terms of prediction accuracy. 

Adaboost, Decision 

Tree, Neural Network, 

SVM 

Wang & Shi 

(2016) 

Prediction of the admission lines of 

college entrance examination based 

on machine learning 

The Adaboost algorithm, a combination of simpler 

models, performs better than traditional prediction 

methods in predicting university entrance exam scores, 

achieving higher accuracy and reliability. 

Adaboost 
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Previous studies on the use of machine learning algorithms and hybrid models in predicting student 

academic performance have been widely covered in the literature. However, earlier studies were 

restricted to predicting the grade in the course, admittance to diploma, or overall student performance 

evaluation in most cases, failing to focus on the particular problem of predicting a national rank in 

national examinations. For instance, Salari et al. (2024) used a decision tree as a tool to predict 

academic performance but did not investigate its application at a national or competitive exam level. 

Other studies, such as Sakri and Saleh (2020) and Yan and Liu (2020), also have only looked at 

performance in a certain courses or offered individual suggestions for major choices. Moreover, some 

researchers, including Injadat et al. (2020) and Butt et al. (2023), used hybrid models such as Bagging, 

Boosting, and Stacking; however, these studies have mostly compared models using academic data 

rather than seeking to predict the rankings in competitive exams. Like Abiodun and Wreford (2024) 

and Ballaho (2024), some studies have applied Stacking models to the admission or success in certain 

courses. A few studies, such as Jafarnejad Chaghoshi et al. (2024), have focused on predicting college 

entrance examination outcomes, but the models were not optimized systematically, imposing the 

hyperparameters and failing to use external tools such as Optuna for the performance improvement. 

Additionally, model selection in most previous studies tends to be more based on trial and error or 

default settings, rarely encompassing advanced optimization techniques such as early stopping and 

adaptive search. In the meantime, with a special focus on predicting the national rank of national 

entrance exam candidates based on Ghalamchi preparation test data, the present study can cover three 

main gaps in the existing literature: first, a precise and practical focus on predicting the national rank 

rather than just the score or acceptance; second, using a combination of three powerful algorithms 

(XGBoost, LightGBM, and CatBoost) in the form of a Stacking model to employ the advantages of 

each; and third, implementing automatic hyperparameter optimization under the Optuna framework, 

which has increased the accuracy and efficiency of the final model. The research innovation lies in 

combining a robust ensemble of simple yet effective models, using linear regression as the meta-

learner, alongside an intelligent optimization method—an approach that has either been entirely 

overlooked or applied manually and inconsistently in previous studies. Building on this, the current 

study leverages advanced blended learning and intelligent optimization to develop a novel system for 

predicting entrance exam scores and supporting decision-making for educational consultants and 

policymakers. This system offers a reliable, practical, and generalizable solution within the Iranian 

education context. 

3. Research Methodology 
This research aims to provide an ensemble learning model for predicting the national rank of students 

in the university entrance examination (Konkur) following the Stacking approach and the OPTUNA 

hyperparameter optimization framework, using the data of the preparatory tests before the entrance 

examination. The data used in this research were extracted from the website of the Cultural Center of 

Education, also known as Ghalamchi (https://www.kanoon.ir), using the web scraping method. One of 

the most powerful tools in the field of web scraping, octoparse software, was used throughout the data 

extraction process, enabling the collection of extensive and detailed data for the analysis of ensemble 

learning models. 

3-1. Data Collection: 

The data used in this research were extracted from the official website of the Cultural Center of 

Education (Ghalamchi). This website provides comprehensive and accurate information about the 

performance of students in the Galamchi (preparatory tests before the entrance examination) and 

Konkur (Iran’s university entrance examination), presenting the average score of the Ghalamchi 

exams, national and regional ranks in the university entrance exam (Konkur), fields of study in high 

school, university of admission, as well as other related details. The extracted data pertain to the 

period of 2011 to 2021, used for more detailed analysis and prediction of national ranking in Iran’s 

university entrance exam. All scraping was performed under the websites’ terms of service, and no 

login, authentication, or access to restricted content was required. Crucially, no personally identifiable 

information was collected, and all the data were anonymized and used only for academic research 

under strict ethical standards for data collection and privacy. Meanwhile, while attempts were made to 
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collect a suitable dataset with web scraping, there may be some limitations in the representativeness of 

the data. Particularly, the partial geographical coverage and the possible underrepresentation of some 

educational regions during the modeling process could produce the bias effect. These limitations 

should be taken into account when interpreting the results, and future research may employ official or 

broader data sets to further generalize the results. 

3-2. Web Scraping Process 

Octoparse software was used to collect data from the website of the Cultural Center of Education. 

Octoparse is a powerful web scraping tool that allows users to automatically extract data from 

websites without the need for programming (Kahlon & Singh, 2024). The main stages of the web 

scraping process in this research were as follows:  

 Determining the address of the web pages: The address of the web pages containing information 

about the students was identified and given to the Octoparse software.  

 Data extraction: Various parts of web pages, including name of city, national rank, average test 

score, focal history, number of tests, field of study, university of admission, and other relevant 

information, were selected and extracted using Octoparse drag and drop tools. 

 Storage: The extracted data were automatically saved in the form of an Excel file and then used 

for further analyses in the Python environment. 

3-3. Dataset Features 

3-3-1. Number of Records and Features: 

The final dataset contained 73,838 records of students' data who participated in the Ghalamchi tests and 

were accepted in the national entrance exam. These data pertained to the period from 2011 to 2021. The 

dataset includes 11 distinct features that were employed for further analysis. Table 2 summarizes the 

characteristics of the dataset used to predict students’ national ranks in the entrance exam. 

Table 2. Dataset Characteristics for Predicting National Rank in the University Entrance Exam  
Feature Time to determine the result Data type Description 

City Before the national exam Categorical The city where the student lived or studied 

National rank in 

university entrance 

exam (Konkur) 

After the national exam Numerical 
The final rank of the student at the national 

level in the entrance exam 

Regional Rank in 

university entrance 

exam (Konkur) 

After the national exam Numerical 
The students’ ranking in the region where 

they took the exam (regions 1, 2, or 3) 

Region Before the national exam Categorical 
Determining the students’ study area based 

on the place of residence (regions 1, 2, or 3) 

Number of years 

participating in the 

preparation tests 

Before the national exam Numerical 
The number of years or the perior of 

students participation in Ghalamchi tests 

Average preparation 

test score 
Before the national exam Numerical 

The average score of the students in the 

Ghalamchi tests 

Number of preparation 

tests 
Before the national exam Numerical 

The number of tests that the students have 

participated in the cultural center of 

education (Ghalamchi) 

Acceptance field After the national exam Categorical 

The field of study in which the students 

have been accepted in the national entrance 

exam 

University of 

admission 
After the national exam 

Categorical 

 

The university where the students have been 

accepted to continue their studies 

High school major Before the national exam Categorical 

The field that the students studied in high 

school (mathematics, empirical science, 

humanities, etc.) 

Year of participating 

in Iran’s nationwide 

university entrance 

exam 

Before the national exam Numerical 
The year students participated in the 

entrance exam and were accepted 

 



Predicting University Entrance Examination Ranks by Developing a …  Mehregan et al. 551 

This research selected six main characteristics, all related to the preparation tests before the 

national entrance exam, to predict the national rank of students in the national entrance exam (which is 

determined after the entrance exam). These characteristics specifically include the average preparation 

test score, the number of years participating in the preparation tests, the number of preparation tests, 

high school major, region, and the year of participating in Iran’s nationwide university entrance 

examination. These features were selected due to their direct influence on students’ performance in the 

entrance exam and their potential to improve the accuracy of national rank prediction. Among them, 

the study region stands out as a key factor, determined based on the city in which students reside or 

attend school. It classifies candidates into three categories, including Regions 1, 2, and 3, according to 

the availability of educational resources and the overall quality of educational conditions. Considering 

the region feature rather than the city is justified for the following reasons: 

 Effect of educational facilities: Zoning policies based on access to educational and social 

resources have a direct impact on students’ academic performance. Empirical studies, 

examining geographic disparities in educational infrastructure, have revealed significant 

variations in entrance exam outcomes across different regions (Daniele, 2020). 

 Generalizability and better categorization: Segmenting cities into three broader categories 

based on training contexts allows for more effective generalization and categorization of the 

data. In contrast, treating each city as a separate unit of analysis may introduce too much 

specificity for the model and could detract from the generalizability of the results and their 

interpretation (Gibson & Webb, 2015). 

The variables related to ultimate outcomes on entrance exams and field selection, including the 

field of admission or the university of admission, were excluded from this study. The rationale for 

excluding these variables is as follows: 

 Preventing the impact of output data: Incorporating intrinsic features that are directly related 

to the final outcomes of the entrance exam, such as the chosen field of study or university 

placement, can inadvertently introduce bias into the model. These outcome-related variables are 

determined after the exam and are often influenced by the student’s performance or the chosen 

field. These features are considered output data after the test rather than features effective in 

predicting; therefore, they are not going to have any impact on improving the accuracy of 

predictions (Navarro et al., 2021). 

 Focusing on academic performance before the entrance exam: This research aims to predict the 

students’ ranking based on academic performance and preparation tests before the entrance exam. 

Therefore, the characteristics related to post-concert results, such as field or university of admission, 

are known as posteriori information and cannot be used when predicting the national rank. These 

features may increase the complexity of the model and decrease the prediction accuracy, as they are 

unavailable at the moment of prediction and created after the test (Yağcı, 2022). 

Table 3 summarizes the descriptive statistics for the numerical features used in this study. Only the 

features selected for the model development were included in the descriptive analysis, while features not 

utilized in the modeling process were excluded. This approach ensures that the descriptive statistics 

directly reflect the variables relevant to the predictive modeling tasks. The table includes the mean, 

standard deviation, minimum, and maximum values for each feature. These statistics provide an 

overview of the data distribution and variability across different attributes, providing deeper insights into 

the characteristics of the dataset and ensuring appropriate preprocessing steps before model training. 

Table 3. Descriptive Statistics of the Numerical Features Used in the Model Development 
Feature Mean Std Min Max 

Number of years participating in preparation 

tests 
2.0195 1.2853 1.0 13.0 

Average preparation test score 6235.5941 1162.6476 3888.0 8693.0 

Number of preparation tests 35.2456 22.9175 1.0 239.0 

Year of participating in entrance exam 1394.8828 2.8837 1390.0 1400.0 

National rank in the university enterance exam 

(Konkur) 
10093.5632 5168.7058 1.0 18255.0 
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3-4. Data Preprocessing: 

This study used the Ghalamchi test data. Variables under study included the average preparation test 

score, the number of years of participating in the preparation tests, the number of preparation tests, 

high school major, region, and year of participation in Iran's nationwide university entrance exam. 

During data preparation, the raw data were first inspected and cleansed. The subsequent steps in the 

preprocessing workflow included the procedures below (Furkat et al., 2024): 

 Removal of missing values and anomalies: Data with missing values or anomalies that 

adversely affected the modeling were removed. 

 Encoding of category features: For categorical features such as high school major and region, 

label encoding was applied to convert the data into numerical format, making it suitable for use 

in machine learning models. 

 Standardization of numerical features: To scale the features, StandardScaler was used to 

standardize numerical features such as mean focal balance, focal history, number of tests, and 

year, ensuring that all the features had a mean of zero and a variance of one, which could help 

improve the efficiency and accuracy of the models. 

3-5. Data splitting 

After preprocessing, the data were split into training and testing. As suggested by Han et al. (2011), in 

a good model, 80% of the data could be used for training and the rest as test data. To make the 

evaluation performance of the models even more realistic, K-fold cross-validation with five repetitions 

was performed, giving a more realistic generalizability check on the models (Collins et al., 2024). K-

fold cross-validation, in other words, is a resampling method that performs the division of data into K 

parts. In one run, everything but K-1 segments will be considered training data and the rest as test data 

(Teodorescu & Brașoveanu, 2025). To ensure that every data segment serves once as test data, it 

repeats K times, enabling us to test the model on all the data by the end and take the average of these 

repetitions as a mean approximate measure for the model’s final performance (T r et al., 2023). The 

random distribution in different partitions will reduce the variance, making model evaluation more 

accurate and fair. It should be noted that rather than a repeated cross-validation approach, a standard 5-

fold cross-validation was employed. Each fold division was performed randomly without 

stratification, ensuring that every sample had an equal chance of being included in each partition. 

After cross-validation, the final models were retrained on the entire dataset using the best-found 

hyperparameters to fully utilize the available data for final evaluation. 

3-6. Correlation Analysis 
To examine the interrelationships among the selected features and assess the potential risk of 

multicollinearity, a Kendall rank correlation matrix was computed. Kendall’s Tau was chosen due to 

its reduced sensitivity to outliers and its greater reliability in cases where the data deviate from 

normality, making it a more appropriate measure than Pearson’s correlation in this context (Akoglu, 

2018). As shown in Figure 1, no dyadic pair of features exhibits a correlation coefficient greater than 

0.8, indicating a lack of multicollinearity and supporting the independence of the selected features for 

model training. Furthermore, only features available prior to the university entrance examination were 

incorporated into the model. This ensures the predictive validity of the model, as it relies solely on 

exogenous, independent variables that precede the outcome. Figure 1 presents the correlation 

coefficients in the form of the heatmap, with the color density and color shade reflecting the intensity 

of the correlation and its direction, respectively: dark red indicates a strong positive correlation, dark 

blue represents a strong negative relationship, and lighter tones denote weak or even unimportant 

relationships. Such ease of visual interpretation helps to quickly find a couple of possible problematic 

features that should be avoided; checking that chosen features are as minimally redundant as possible 

and help provide unique information to make a convenient prediction. 
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Fig. 1. Correlation Matrix 

4. Stacking 
The current study used various machine learning models in combination with a stacking ensemble 

model to predict the rank of students. In essence, ensemble learning comprises a variety of learning 

wherein the idea lies in integrating several machine learning models to enhance the overall 

performance and raise the accuracy of prediction (Balaji et al., 2021). This approach helps to improve 

the performance by reducing the variance, bias, and errors of the base models. One of the important 

ensemble learning methods is stacking, in which different models are trained in parallel and their 

outputs are combined by a final model, known as a meta-model (Dey & Mathur, 2023). Stacking is 

intended to serve the final model, covering the weaknesses and errors the base models might have 

produced, finally providing stronger and more accurate predictions. Several base models are 

independently trained in this approach, whose combination predicts the output, which is fed as an 

input to the meta-model. Meta-modeling will hence learn the pattern in the output of base models and 

combine them in such a way that minimizes the final error (Aboneh et al., 2022). 

The meta-model plays a very important role in stacking, as it decides how to best combine the 

output of the base models (Zhang et al., 2024). This research has used linear regression as a meta-

model because linear regression can easily learn the relationship between the outputs of the base 

models and the target variable, functioning as an effective combiner. Linear regression was chosen due 

to its simplicity and high speed, making the meta-model training process more quickly and accurately. 

This research has used three basic models, XGBoost, LightGBM, and CatBoost, as underlying models, 

while a linear regression was responsible for combining the outputs of the basic models. These models 

were chosen because each had certain advantages as follows: XGBoost showed significant speed and 

high performance in big data, LightGBM exhibited low memory consumption and high training speed, 

and CatBoost could handle classified data without the need for complex pre-processing. Linear 

regression was used as a meta-model to simply and effectively combine the outputs of the basic 

models and make the final prediction. Figure 2 illustrates the structure of the proposed ensemble 

learning model, highlighting the integration of multiple base learners through a meta-model for 

enhanced predictive performance. 

The performance of each of these methods is described in detail below:  

XGBoost (Extreme Gradient Boosting) is an approach to decision tree-based machine learning 

algorithms that implements the gradient boosting method to create prediction models (Jafarnejad et al., 

2025). In the algorithm, the models are constructed sequentially, and each new model attempts to 

reduce the previous model's errors (Bentéjac et al., 2020). 
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Fig. 2. The Proposed Ensemble Learning Model 

The main goal of XGBoost is to minimize the cost function, which usually includes a loss function, 

L,  and a penalty term to avoid overfitting. The total cost function is as follows: 

   
n K

i=1 k=1

ˆL θ = L ,  + Ω( )i i kY Y f   (1) 

In which: 

yi: the actual value of the i-th sample. 

ŷi: the predicted value for the i-th sample. 

L(yi, ŷi): loss function, for example, mean squared error (MSE) for regression or cross-entropy for 

classification. 
Ω(fk): penalty term for model complexity defined as follows: 
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In which: 

T: the number of leaves of the decision tree. 

wj: weights of leaf nodes. 

γ and λ: hyperparameters that control the complexity of the model. 

 Updating the model at each step: 
In each step of the XGBoost algorithm, a second-order approximation to the loss function is used 

instead of directly minimizing the cost function. This optimization is conducted using gradient and 

Hessian: 
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where, gj is the gradient loss function, and hj represents the Hessian loss function (T. Chen & Guestrin, 

2016). 

LightGBM is a gradient-boosting algorithm that uses advanced optimization methods in design to 

make the system fast and efficient, especially for large and complex datasets (Rizkallah, 2025). The 

novelty of this algorithm is leaf-wise growth with histogram-based splitting when building decision trees 

(Huang & Wang, 2023). Similar to XGBoost, LightGBM tries to minimize an objective function that 

consists of a loss function and a penalty term on model complexity. The major difference it has from 

other algorithms is its use of histogram segmentation or the process of reducing computational time by 

quantizing continuous features into discrete bins and then performing calculations on these bins. In this 

way, the method drastically reduces the computational complexity and hence is much faster.  
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 Updating the model at each step: 

Like in XGBoost, LightGBM also uses the second-order approximation of the loss function. These are 

possible optimizations used by LightGBM in building decision trees, enabling it to give high accuracy 

with improved performance (Ke et al., 2017). 

CatBoost is one of the most significant algorithms based on gradient boosting, developed expressly 

for batch data. Unlike most machine learning counterparts, which require the input data to be pre-

transformed into batches before they can be processed, CatBoost operates directly on batch data, 

offering a major benefit. Like other gradient boosting models, including XGBoost and LightGBM, the 

underlying method of CatBoost is also the optimization of a cost function that contains two parts: the 

loss function and the penalty term. However, more exciting than all other features is the use of the 

Ordered Boosting method in CatBoost. While classical gradient boosting methods train all the models 

on all the data, it can lead to overfitting. But in CatBoost, data is used in a certain order such that new 

models use only those data that previous models never saw. It reduces overfitting and improves the 

final model. 

 Ordered Boosting in CatBoost: 

One of the most distinguishable differences we look for when using CatBoost versus other gradient-

boosting algorithms is the use of Ordered Boosting over Standard Boosting. In Ordered Boosting, the 

data are sorted in a specific order, and each new model is trained using the value based on the model 

(and tree) before it. This technique prevents over fitting and reduces data leaking (Hancock & 

Khoshgoftaar, 2020). 

 Updating the model at each step: 

Similar to any other gradient boosting algorithm, at each iteration of the CatBoost updating process, 

the model is updated using gradient information and Hessian information. The key difference about 

CatBoost is to introduce batch data and apply ordered boosting (Prokhorenkova et al., 2017). 

Linear regression: Linear regression is one of the simplest and most effective machine learning 

methods for predicting continuous variables. This model assumes a linear relationship between the 

independent variables (inputs) and the dependent variable (outputs), seeking to find the best fitting line 

or surface that describes the data. The general formula of linear regression is as follows (Khani et al., 

2022): 

0 1 1 2 2 ... k ky x x x           (4) 

Here, the response variable or outcome is comprised of a set of predictive or return variables, a set 

of unknown parameters, and a random error called a linear regression. Linear regression seeks to fit a 

hypothesized function to the data by finding the values of coefficients that minimize the sum of the 

squared errors (ϵ values) so as to maximize the model’sprediction ability. This research has used linear 

regression as a meta-model in Stacking to combine the predictions of the base models and make the 

final prediction. The meta-model in the stacking ensemble is designed to integrate and optimize the 

predictive outputs of the base learners. Instead of using the original input features, the meta-model 

takes the predicted values generated by each base model as an input for the given instances. It then 

learns how to assign appropriate weights to these predictions, capturing complementary strengths and 

mitigating individual weaknesses of the base models. The meta-model trains on the outputs rather than 

the raw features, effectively blending the diverse perspectives of the base learners and ensuring 

improved generalization and overall predictive performance on unseen data. 

 Hypermeters optimization 
The OPTUNA hypermeter optimization framework was used for hypermeter optimization of the 

models used in stacking (Akiba et al., 2019). Optuna is an open-source hypermeter optimization 

framework that automatically searches for the correct hypermeter combinations based on advanced 

methods, including adaptive search and Bayesian optimization (Srinivas & Katarya, 2022). The 

system has many features, including pruning, which reduces the time taken to train models, 

automatically stopping the training if the model is identified to be under-performing. Optuna explores 

the hypermeter search space in the best way possible, as it uses a sequential optimization framework to 

return the best possible combination of hypermeters (Rimal et al., 2024). Traditional methods, such as 

Grid Search and Random Search, have been widely used for hyperparameter tuning (Petro & Pavlo, 
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2019). Grid Search exhaustively explores all possible combinations within a predefined range, which 

can be computationally expensive and impractical for large parameter spaces. Random Search samples 

parameter combinations randomly and is often faster but may miss optimal regions. In contrast, 

Optuna is a modern optimization framework based on sequential model-based optimization (SMBO), 

which intelligently explores the search space. This framework uses techniques such as early stopping 

(pruning) and adaptive sampling, leading to faster convergence and better results with fewer 

evaluations. Optuna was chosen for this study due to its efficiency, scalability, and ability to find 

better hyperparameters with fewer trials. The optimization process utilizing Optuna is implemented by 

initially defining the search space for various hypermeters. Then, based on intelligent search 

algorithms like TPE (Tree-structured Parzen Estimator), the framework studies different points of the 

search space, searching for points that have a better chance to improve the dv/bs. For the purposes of 

this research, hypermeters for CatBoost, like number of iterations and number of trees (n_estimators) 

for LightGBM and XGBoost, were optimized using Optuna (Cai et al., 2024). 

One of the salient features of Optuna is its pruning system, in which the poorly performing model 

in the early stages of training is detected through the system and stopped, saving computation time and 

increasing the efficiency of optimization. Additionally, Optuna allows the user to interface nicely for 

optimization purposes and visualize search results. Lastly, we could find an optimal combination of 

hypermeters and increase the performance of the Stacking model using Optuna. Below, are some 

optimized hypermeters discovered through this method: number of CatBoost iterations, number of 

trees, and n_estimators in LightGBM and XGBoost. Table 4 presents the optimal value for each 

hyperparameter. 

Table 4. Optimal Hyperparameters Using OPTUNA 
Model Hypermeter Optimized value 

CatBoost Number of iterations 106 

LightGBM Number of trees (n_estimators) 178 

XGBoost Number of trees (n_estimators) 164 

 

Once the optimal hyperparameters were identified using the Optuna framework, each base model 

(XGBoost, LightGBM, CatBoost) was retrained on the entire dataset using these best-found parameter 

values. This approach maximizes the use of available data and enhances the generalization capability 

of the models before integrating them into the final stacking ensemble. 
To evaluate the effectiveness of the stacking model, several machine learning models, including 

linear regression, random forest, gradient boosting, and MLP regressors, were also used to predict 

students' national rank. For each model, the hyperparameters were optimized using the grid search 

method to obtain the best possible performance, and then their performance was compared with the 

stacking model. Below is a description of each of the basic models: 

Random Forest: This decision tree-based model increases prediction accuracy by randomly 

combining multiple trees. In Random Forest, multiple decision trees are built from random samples of 

the training data (Bootstrap Sample). The final prediction is made based on the predictions from these 

trees. The final prediction is calculated as follows (Lee et al., 2019; Salmanpoursohi et al., 2024):  

   
B

bb=1

1
f x = f xˆ

B
  (5) 

f (x): the final prediction. 

fb(x): the prediction of the bth tree for sample x. 

B: the number of trees in Random Forest. 

For regression, the average of the predictions of all trees is calculated: 

 
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B
  (6) 

For classification, majority voting is conducted on tree predictions: 

     1 2 By = mode (f x , f x ,…, f x )   (7) 

 Formula for error calculation in Random Forest: 
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One of the important aspects of Random Forest is the ability to measure out-of-bag errors (OOB 

errors). This method uses data not used in building a specific tree and to evaluate the performance of 

the model without the need for a separate test data set. The formula for the OOB error calculation is as 

follows: 

N

i ,i=1

1
OOB Error = L(y ,  )ˆ

N
 ooB iy  (8) 

In which: 

N: number of samples. 

yi: real value. 

ŷOOB, i: prediction using trees that have not seen this sample. 

L: error function, such as MSE for regression or Cross-Entropy for classification (Breiman, 2001). 

Gradient Boosting: This model utilizes a collection of decision trees, the difference being that it 

improves the mistakes produced from the earlier models. Every time it increases one model, it 

innovates one model that minimizes the mistakes of the prior model. This model was included in the 

simple model, as it maintained excellent accuracy and the ability to model complex relations (Biau & 

Cadre, 2021). 

MLP Regressor (Multilayer Neural Network): This artificial neural network includes hidden 

layers and can learn complex nonlinear relationships between features and the target variable. This 

model was used as one of the basic models due to its ability to learn complex patterns (Lazcano et al., 

2024). 

Linear Regression: This is the easiest and fastest kind of machine learning model, in which 

prediction is for continuous variable(s). A linear regression model relies on the assumption of a linear 

relationship between the independent and dependent variable(s). Despite limitations, linear regression 

has been chosen as one of the basic models due to simplicity in analysis and interpretation (Sarker, 

2021). 

 Evaluation of models: 

NRMSE (normalized root mean squared error) and R² were employed to assess how well the models 

performed. These attributes were calculated for both the experimental and cross-validation data. 

NRMSE provides a view of the model's error normalized between a scale of zero to one, and R² 

represents the amount of variance explained (Botchkarev, 2019). 

NRMSE (normalized root mean squared error): NRMSE is among the performance evaluation 

criteria of prediction models, transforming root mean squared error (RMSE) into a standardized score 

based on the variance of the RMSE across aggregate data sets. NRMSE gives a better representation 

of the error rate in a way that can be contrasted between multiple datasets. Using the range of the 

dependent variable, NRMSE is obtained by dividing RMSE into the difference between the maximum 

and minimum values of the dependent variable. NRMSE is typically between 0-1 (Botchkarev, 2019). 
NRMSE helps us illustrate how well the model is scaled (normalized), making it possible to 

evaluate the performance of the model compared to other models, regardless of the scale of the 

variables. The lower the NRMSE value, the better the performance of the model. This criterion is 

calculated as follows: 
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In which: 

n: number of samples 

yi: true value of sample i 

ŷi: predicted value for sample i 

And ymax and ymin are the maximum and minimum of the target variable, respectively. 
R-squared (R

2
): R2 is a common measure to evaluate the explanatory power of the model, 

indicating what percentage of the variance of the dependent values is explained by the model. The 

formula for R² is as follows: 
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Here, ȳ is the mean of the actual values and the denominator is the variance fraction of the actual 

values. The R² value is between zero and 1, where 1 indicates a perfect model that explains all the 

variance, and zero indicates a model that explains no variance. 

 Implementation and Tools 

This research was implemented using Python language and sci-kit-learn, Optuna, LightGBM, 

XGBoost, and CatBoost libraries. Besides, Pandas was used for data management and Numpy for 

numerical calculations. All models and data preprocessing steps were implemented in a reproducible 

manner to ensure reliable research results for future use and further development. 

 Analysis and results 

The comparison results of different models for students' national rank prediction in the national 

university entrance exam showed that the stacking ensemble learning model outperformed basic models 

of linear regression, random forest, gradient boosting, and MLP regressor. Moreover, NRMSE and R² 

measures were calculated for all models to evaluate their performance precisely. As previously 

mentioned, these two metrics provide two different perspectives of evaluating model performance. 

NRMSE provides an average assessment of how large the prediction errors are in relation to the scale of 

the target variable. It is an intuitive measure of how closely the predictions match the actual values of the 

target variable. A lower value of NRMSE occurs when the model's prediction is made with less 

deviation, indicating more accuracy in absolute terms. R² measures the proportion of the variability in the 

dependent variable that can be explained by the predictions made by the model. A larger R² indicates that 

the model successfully captured the underlying patterns or relationships in the data and has explanatory 

and generalization power concerning the variability of the target variable. Both NRMSE and R² must be 

evaluated together to fully understand the performance of a model. While NRMSE assesses the 

magnitude of prediction error, R² accounts for how well the model explanation accounts for the 

variability from the target variable. Simultaneously evaluating the two metrics allows for either the 

variability explained by the model or the predictive accuracy of the model to be weighed evenly. All 

models were run on a system with an Intel Core i5-7200U processor, 8GB of RAM and Python 3.12. 

Stacking model: The stacking model could achieve the best performance by using a combination 

of three basic models, XGBoost, LightGBM, and CatBoost, and linear regression as a meta-model. 

The NRMSE of the model in cross-validation was 0.0659 and R² yielded a value of 0.7735, 

highlighting the high accuracy and ability of this model to accurately predict country ranks. 

We also compared the performance of basic models with the stacking model. The results indicated 

that the random forest model and gradient boosting outperformed the stacking model, although with a 

higher error rate. Random forest, with respective NRMSE and R² values of 0.0940 and 0.7390, could 

provide excellent accuracy. The gradient boosting model also had the same accuracy as the random 

forest with an NRMSE of 0.0970 and an R2 of 0.7224 but performed slightly worse. The results of 

MLP regression, which had an NRMSE of 0.1033 and an R2 of 0.6849, and linear regression, with an 

NRMSE of 0.1414 and an R2 of 0.4098, were weaker than those of other models, indicating their 

inability to effectively model the complexities of the data. Table 5 presents a summary of the results 

obtained from comparing the models: 

Table 5. Comparison Results of Models 
Model NRMSE (cross-validation) R² (cross-validation) 

Linear Regression 0/1414 0/4098 

Random Forest 0/0940 0/7390 

Gradient Boosting 0/0970 0/7224 

MLP Regressor 0/1033 0/6849 

Stacking 0/0659 0/7735 
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Fig. 3. Comparison of NRMSE Results (Cross-Validation) 

 
Fig. 4. Comparison of R² Results (Cross-Validation) 

Figures 3 and 4 present the comparisons of model performances based on NRMSE and R² results, 

respectively, obtained through cross-validation. These results show that by combining advanced models, 

the Stacking model has achieved the best performance in predicting students' national rank. The use of 

NRMSE and R² criteria and cross-validation provide a more accurate performance assessment of the 

models and allow a more fair comparison between them. Lower NRMSE and higher R² values of this 

model indicate its greater ability to accurately predict national ranks than other models. Figure 5 illustrates 

the comparative analysis of model performances based on both NRMSE and R² results. 

 
Fig. 5. Comparison of NRMSE and R² Results 
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An informative index of the NRMSE provides some hints on the model accuracy and a comparison 

among different models. The NRMSE is one of the main advantages because it normalizes the error 

relative to the data range and enables comparisons between models of various scales. A model’s 

accuracy in predicting actual values is greater if the NRMSE is smaller, which indicates that the 

amount of error is smaller. The NRMSE value from stacking was the best for predicting students' 

national ranking at 0.0659, while that of linear regression was the weakest on the same task at 0.1414. 

By enabling the model's comparability with simpler ones, Random Forest and Gradient Boosting 

models obtained NRMSE values of 0.0940 and 0.0970, respectively, higher than simple models but 

less accurate than the stacking model. R² is another measure referred to as the coefficient of 

determination, which denotes the percentage of variance accounted for by a model, implying how 

accurate the model’s predictions are to actual data. The R² is bounded between 0 and 1 inclusive, with 

closer R² values to 1 indicating a better explanation of the dependent variable variance, and closer R² 

values to 0 revealing a worse explanation of the variance within the data. Taking the current study as 

an example, Stacking had the best performance of 0.7735 and outperformed Linear Regression (the 

best R² value of 0.4098), which could not explain the variance of data X. 

Overall, NRMSE and R² are respective metrics that contribute crucially to evaluating the 

performance of models; therefore, an overlapping use of these metrics can yield a more professional 

viewpoint of how well the models can describe the data. R² stands for the model’s capacity to explain 

the variance of a target variable, and NRMSE measures only the amount of prediction error. In 

general, predicting the data and adequately explaining its variation is usually achieved by models with 

low NRMSE and high R². The following paragraphs compare the performance of different models by 

illustrating the prediction graphs of the linear regression (LR), random forest (RF), gradient boosting 

(GB), and MLP regressor (MLPR) models with real values of the students' national ranking (as inputs) 

in Figure 6. For each of these graphs, the horizontal axis is the actual values and the vertical axis is the 

predicted ones. The prediction is perfect and error-free, as shown by the red line. An analysis of these 

charts is as follows: 

 
Fig. 6. Comparison of the Predicted and Actual Values for Four Base Models 

Linear regression: The predictions of the linear regression model have a high dispersion 

compared to the full prediction line, highlighting its poor performance in modeling complex 

relationships and inability to accurately predict national ranks. 

Random forest: The random forest model performs better than linear regression and is less 

scattered than the full prediction line, but there are still scattered points around the line, indicating 

prediction error in some cases. 
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Gradient Boosting: The gradient boosting model has the same accuracy as the random forest, and 

the predictions are closer to the full prediction line, but there is still some scatter. 

MLP Regressor: The predictions of the MLP Regressor model also exhibit a significant scatter, 

indicating that it is not as capable of modeling the complexities of the data as more advanced models. 
Figure 7 presents the performance of the stacking model against the real values of the students' 

national ranking. Therefore, such a model could combine the three basic models of XGBoost, 

LightGBM, and CatBoost using a meta-model based on linear regression to make better predictions. 

This shows a very low dispersion of the points in the full prediction line of this model compared to 

other models, reflecting higher accuracy in predicting country ranks. In the meantime, the stacking 

model was the best among all models, with an NRMSE value equal to 0.0659, while this graph shows 

how its predictions are closer to the actual value, revealing the capability to learn and combine various 

features. 

 
Fig. 7. Comparison of the Predicted and Actual Values for the Stacking Model 

In general, the research findings indicated the superior performance of Stacking in forecasting 

students' national ranks using the strengths of several models instead of single models and with the 

help of a meta-model. Accordingly, this method can be a practical solution in educational guidance 

systems to perform better estimations and assist students. The stacking model achieved better 

predictive performance than the individual models; however, it requires more computational 

resources. In addition, we need to train several base models in isolation and then train the meta-model 

on their predictions, leading to more training time and memory consumption. Nevertheless, the 

increased computational overhead is justified in practical applications by the higher prediction 

accuracy and model robustness. Stacking offers a useful trade-off in scenarios where predictive 

performance is highly valued and computational resources are available. 

5. Conclusions 
This study proposed an ensemble learning model following the Stacking approach for predicting the 

national rank of students in the national university entrance exam, known as Konkur. Advanced 

XGBoost, LightGBM, and CatBoost were combined with a linear regression meta-model. We used the 

optimization framework of hypermeters with Optuna, a component of our paper's proposed method, to 

enhance the models' performance and determine the optimal settings for them. The results showed that 

the stacking ensemble learning model, combining advanced XGBoost, LightGBM, CatBoost, and 

linear regression models, had the best performance in predicting national rankings, providing high 

accuracy, with NRMSE and R2 values equal to 0.0659 and 0.7735, respectively. On the other hand, 

single basic models such as linear regression, random forest, gradient boosting, and MLP regressors 

could not adequately model the complexities in the data and, as a result, had lower accuracy. Butt et al. 
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(2023) depicted the best performance in small and large datasets of student performance prediction in 

the Boosting and Stacking models. Similarly, the same stacking model had the best outcome in the 

current research with NRMSE and an R² values of 0.0659 and 0.7735, respectively, confirming the 

results obtained by Butt et al. (2023) regarding the superior performance of Stacking. Both studies 

thus, showed improved prediction accuracy with combined models, particularly when the simpler 

models failed to return satisfactory accuracy. X. Chen et al. (2022) used a competitive clustering 

model for grade prediction, recording a 7.3% improvement in prediction accuracy. Although 

competitive clustering used in their study totally differed from Stacking, the idea behind it resembles 

that in this study, focusing on the prediction accuracy improvement by combining various methods. 

Still, depending on several strong models and a meta-model as the final decision-maker, Stacking has 

been more accurate than the competitive model proposed by X. Chen et al. (2022). One such example 

of a hybrid model is the application introduced by Sakri and Saleh (2020), who combined several 

algorithms, including Naïve Bayes and Multilayer Perceptron, reaching a 91.7% accuracy. As shown 

in the current research, combining several advanced models, such as XGBoost, LightGBM, and 

CatBoost, within the Stacking model contributed to an increase in the accuracy of the national ranking 

predictions. Yan and Liu (2020) used Adaboost, Random Forest, and SVM models and achieved 

superior prediction accuracy than single algorithm models. In the present study, Random Forest 

generated good results with NRMSE and R² values equal to 0.0940 and 0.7390, respectively, while the 

Stacking model proved to be better than Random Forest. Comparison with these simpler collective 

models (such as Adaboost or Random Forest) indicates that they are typically unable to compete with 

the combination of models (like stacking). Regarding multi-model heterogeneous collective learning 

models (e.g., Random Forest and Gradient Boosting), Adejo and Connolly (2017) found that the 

diversity of data sources could improve prediction accuracy and efficiency. The findings of the current 

research support the accuracy of the heterogeneous combination of various models, such as XGBoost, 

LightGBoost, and CatBoost, within the stacking model over basic models like Random Forest. Han et 

al. (2017) presented Adaboost as an ideal algorithm to predict students’ performance. Nevertheless, 

our current findings indicate that the more sophisticated ensemble technique—stacking—outperforms 

other single-model approaches in predictive accuracy. This indicates that higher-complexity problems 

can be predicted more accurately by combining several more advanced models. 

The contributions and results of this study include the creation of a model for the stacking 

ensemble of base learners, which are XGBoost, LightGBM, and CatBoost, as well as a meta-model for 

linear regression that demonstrates high accuracy in forecasting the students' national ranks. 

Additionally, the model's efficiency and predictive performance are increased through Optuna's 

involvement in automatically optimizing hyperparameters. The research also presents a viable 

implementation of machine learning in a controlled evaluation environment, such as a national 

examination, using real-world student data of more than 73,000 records.. 

The theoretical implication of the current research relies in developing an application of ensemble 

learning in educational prediction. The study substantiates the superiority of stacking, an approach to 

ensembling, over a combination of single models and smaller ensembles of models, thereby adding to 

the body of methodological knowledge about education and data science. It also indicates the 

usefulness of the automated optimization of hyperparameters, which can potentially take the place of 

manual tuning, implementing more complex and data-informed methods, including Bayesian 

optimization. This study also implies a theoretical undertaking to the integration of explainability and 

generalizability into educational AI. 

The Practical implications show that educational management systems can embrace the proposed 

model to predict student rankings and initiate the process of intervention, individual academic plans, 

and resource allocation as early as possible. The tool can help academic counselors and school 

administrators to find students with difficulties and offer them extra help that would increase equity in 

education. In addition, the fact that the model is lightweight and also fits into any Python-based 

platform makes it fit into the existing educational software, even in resource-limited environments. 

Meanwhile, it has been established that constant retraining and data quality tracking are required to 

further develop the relevance and reliability of the model in the long term.  
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