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Abstract 
 

This study developed a model for predicting student academic achievement based on learning habits using the XGBoost algorithm and 

SHAP interpretability techniques. The secondary dataset contains 1,000 entries and 16 variables (for example, hours of study per day, 

mental health, frequency of exercise, social media use, hours of sleep) pre-processed including cleaning, imputation, encoding, and 

normalization before being divided into train–test (80:20) and validated using 5-fold CV. Three models were tested: Linear Regression, 

Random Forest, and XGBoost. Evaluation using RMSE, MAE, and R² showed that XGBoost achieved RMSE = 0.335, MAE = 0.266, and 

R² = 0.882, while Linear Regression showed the best performance according to R² in certain configurations (R² = 0.888; RMSE = 0.326). 

SHAP analysis revealed that the most influential features were hours of study per day, mental health scores, exercise frequency, duration 

of social media use, and hours spent watching Netflix. The findings confirm that students' study habits and psychological conditions are 

the main determinants of academic achievement variation; the use of interpretable features strengthens the readability of the model for 

education stakeholders. Research recommendations include testing the model on longitudinal datasets, integrating socioeconomic factors, 

and implementing data privacy procedures before institutional-scale implementation. 
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1. Introduction 

Advances in computer technology and data analysis have changed the way we understand and improve student learning outcomes in higher 

education. Recent research shows that learning habits, such as time management, active learning methods, reading skills, independent 

learning, and healthy lifestyle habits such as getting enough sleep and avoiding distractions, greatly influence academic performance. These 

learning habits not only show how a person learns, but also serve as key indicators that explain differences in academic achievement in 

various educational environments. 

Meanwhile, advances in machine learning (ML) have opened up new opportunities in educational data mining (EDM), which is the 

processing of educational data to predict and understand how effectively students learn. Ensemble-based models, such as Extreme Gradient 

Boosting (XGBoost), have proven effective in capturing the complex relationship between learning behavior and academic outcomes [1]. 

XGBoost is capable of combining various types of information, such as demographic data, learning behavior, and previous grades, to 

provide accurate predictions and early detection of students at risk of academic difficulties [2]. 

Furthermore, combining XGBoost with interpretability methods such as SHAP allows researchers and educators to understand how much 

each variable contributes to the prediction results [3]. With this approach, factors such as learning duration, independent learning ability, 

distraction levels, and participation in quizzes and online activities can be identified as key factors that influence academic success. Thus, 

the ability of the model to be clearly explained is important in linking data analysis results with targeted educational decisions. 

In the context of higher education, combining the XGBoost method with SHAP not only maximizes accuracy in projecting academic 

performance, but also helps educators to create more personalized and data-driven learning intervention plans [4]. This is in line with the 

global trend towards adaptive learning systems, with a focus on improving the student learning experience through evidence-based data 

analysis. However, there is still a lack of research on how learning habits can be systematically modeled using explainable machine learning 

approaches. 

Previous studies have mostly focused on accuracy levels without exploring the meaning and explanation of each variable that affects 

academic performance [5]. Therefore, an approach is needed that can provide explanations that can be used directly by educators and 

policymakers. Based on this description, this study focuses on the application of the XGBoost model combined with SHAP analysis to 

predict student academic performance based on their learning habits. This approach is expected to provide more comprehensive insights 
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into the factors that determine academic success, as well as support the development of more effective and adaptive data-driven learning 

strategies in higher education. 

2. Research Methodology 

This study uses a quantitative approach with an experimental design. The secondary dataset was obtained from a public platform (Kaggle) 

containing 1,000 student data and 16 variables. The research steps included data pre-processing, dividing the data into train-test (80:20), 

training models using Linear Regression, Random Forest, and XGBoost, and evaluation using the RMSE, MAE, and R² metrics. In addition, 

the results were interpreted using the SHAP method to understand the contribution of each feature to the model prediction. 

The goal is to build an early warning system and pedagogical action recommendations [6]. This approach enables educational institutions 

to identify low-risk students and understand the factors that influence their learning outcomes. Empirically, ensemble tree-based models 

such as XGBoost show better prediction performance than traditional algorithms when properly optimized and validated [7]. Therefore, 

this study uses best practices in EDM by combining learning habit feature engineering, supervised boosting models, and model 

interpretability to support data-driven decision making. 

2.1. Reasearch Subject 

The object of this study is a dataset on student learning habits and academic performance that includes a number of variables such as daily 

study duration, hours of sleep, mental health, frequency of exercise, and intensity of social media and entertainment platform (Netflix) use. 

This dataset reflects a combination of behavioral, cognitive, and psychological factors that influence students' academic achievement. 

This dataset does not originate from an LMS (Learning Management System), but is rather aggregated data from measurements of students' 

learning habits and lifestyles. This approach was used to complement previous studies that focused only on online activity data without 

considering students' affective and mental factors. According to  [8] and [9], prediction models that combine behavioral and psychological 

data are capable of producing more accurate and representative predictions of students' academic performance. 

2.2. Data Collection Method 

This study uses secondary data in CSV format obtained from a public dataset and stored in Google Drive. The data is then processed using 

Google Colab with the Python programming language. The data collection process is carried out in the following stages: 

1. The dataset is downloaded from Google Drive to the Colab environment. 

2. The data is preliminarily checked to ensure the form, data type, and completeness of the values. 

3. The data was pre-processed using steps such as removing missing data, normalizing numerical data, converting categorical 

variables using LabelEncoder, and standardizing features with StandardScaler. 

4. The data was validated through correlation analysis, outlier detection, and checking the distribution of the results. 

The dataset is divided into two parts with an 80:20 ratio for training and testing data. To reduce the risk of overfitting, a cross-validation 

method is used (k-fold cross-validation, k=5). After the model is trained, an interpretation analysis is performed using SHAP to determine 

the contribution of each feature to the prediction results. These steps ensure that the research results are clear, repeatable, and meet the 

validation standards for quantitative research. 

2.3. Research Instrument 

This research instrument uses a combination of software and supporting libraries in the Python ecosystem, namely: 

a. Pandas and NumPy: Used to process and manipulate data. 

b. Matplotlib and Seaborn: Used to create data visualizations and illustrate the results of correlation analysis between variables. 

c. Scikit-learn: Used to split the dataset, transform feature data, create basic models, and evaluate model performance using MAE, 

RMSE, and R² metrics. 

d. XGBoost: Used to create prediction models based on efficient and accurate gradient boosting algorithms. 

e. SHAP: Used to analyze the model's ability to provide quantitative explanations of the influence of each feature on the prediction 

results. 

This software is used to create a standardized, repeatable modeling workflow (pipeline) that is in line with modern research methods as 

recommended by [3] and [7]. 

2.4. Data Analysis Techniques 

Data analysis was conducted in two main stages, namely exploratory data analysis (EDA) and predictive analysis (modeling). In the first 

stage, EDA used Pearson and Spearman correlation tests to examine the relationship between variables and heatmap visualization to 

determine the level of feature correlation. To ensure that there were no redundant features, multicollinearity analysis was performed using 

the Variance Inflation Factor (VIF) method. The second stage is predictive analysis, in which three regression models are compared, namely 

Linear Regression, Random Forest, and XGBoost. 

The results are evaluated using several metrics, namely Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Coefficient 

of Determination (R²). The comparison results show that the best model is the one with the highest accuracy and the smallest prediction 

error. After the modeling process is complete, the results are interpreted using SHAP.  

SHAP is used to measure the contribution of each feature to the prediction results. SHAP provides both a global understanding (the most 

important features overall) and a local understanding (the influence of features on individual predictions). This approach increases model 

transparency and supports evidence-based decision-making in education [10][11][3]. 
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3. Results And Discussion 

This research was conducted through several structured stages, namely the application of Linear Regression and XGBoost algorithms to 

analyze the effect of student learning habits on academic achievement. The stages carried out included: (1) Data pre-processing, (2) 

Separation of data into training data and test data, (3) Development and training of prediction models, and (4) Evaluation and interpretation 

of results using performance metrics and the SHAP (SHapley Additive Explanations) method to understand the contribution of each 

variable to the prediction results. The following is an explanation of the results of each stage carried out in this study: 

In this study, the pre-processing was carried out sequentially, including examining the data structure, identifying missing values, and 

calculating descriptive statistics to understand the initial characteristics of the dataset. 

 
Fig. 1. Pre-processing Data Results   

Overall, this pre-processing stage ensures that the dataset is ready for further analysis, such as data splitting (train-test split) and predictive 

model building.  

The second stage in data processing is the dataset splitting process, which is done using an 80:20 ratio between training data and test data 

with the train-test split technique. The result is that  727 data points are used for training (training set) and 182 data points are used for 

testing (testing set). This division aims to ensure that the model can learn optimally from most of the data, while retaining some data to test 

the model's generalization ability against new data. 

Next, in the third stage, the XGBoost model was trained with various parameters that had been set through a hyperparameter tuning process 

to obtain the best combination of values in reducing prediction errors. 

 
Fig. 2. XGBoost Model Training 

These results show that the XGBoost approach is effective in the context of educational data mining, mainly due to its ability to handle 

data consisting of many variables and having non-linear relationships. Next is the model comparison stage, which is carried out to determine 

the performance of various machine learning models used to predict student academic performance based on learning habits, as shown in 

the figure below. 

 
Fig. 3. Model Comparison 

The results show that Linear Regression has an RMSE value of 0.325670 and an R² value of 0.888134. This means that this model has the 

smallest error rate and the highest ability to explain data variation compared to the three models tested. XGBoost ranks second with an 

RMSE of 0.334702 and an R² of 0.881842. Although the difference is not too significant, these results show that XGBoost still performs 

well and is superior in capturing relationships between variables that cannot be fully explained by Linear Regression. Meanwhile, Random 

Forest produced the highest RMSE of 0.348541 with an R² of 0.871870, indicating slightly poorer performance compared to the other two 

models. 
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Fig. 4. SHAP Summary Plot Results 

The graph above shows the fourth stage, which is the results of the SHAP summary plot. These results indicate that the higher the intensity 

of students' daily learning, the greater their contribution to improving academic performance. On the other hand, negative SHAP values 

for features such as hours spent on social media and hours spent watching Netflix indicate that the more time students spend on these 

activities, the more their academic performance declines. 

 
Fig. 5. Grafik Fitur Penting SHAP 

The final stage can be seen in the image above, which shows the SHAP feature importance graph. The graph above explains the average 

contribution of each feature to the model. From these results, the study_hours_per_day feature emerges as the variable with the greatest 

influence, followed by mental_health_rating and exercise_frequency. These results reinforce the findings of previous analyses that study 

habits and mental health factors are key indicators in predicting student academic achievement.  

From these two visualizations, it can be concluded that SHAP interpretation not only supports the accuracy of the XGBoost model but also 

provides practical guidelines for policymakers and educators in designing more targeted interventions. For example, educational 

institutions can emphasize the importance of managing study time, physical fitness, and mental balance for students as part of a strategy to 

improve academic outcomes. 

Next is the final part of the quantitative analysis process, which aims to provide a general summary of the modeling results and explore the 

main features that influence student academic performance. This stage also serves to combine the model evaluation results with 

explanations of the important variables that influence the prediction results, as well as to confirm the best model found in the study. 

 
Fig. 6. Summary of Model Results 

The image above shows a summary of the model results obtained after the previous comparison and evaluation process. Based on these 

results, the Linear Regression model showed the best performance with an R² value of 0.888 and an RMSE of 0.326. An R² value close to 

1 indicates that this model is able to explain approximately 88.8% of the variation in student test scores. The low RMSE value indicates a 
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small prediction error rate. These results show that the Linear Regression model has good generalization capabilities for test data compared 

to other models such as Random Forest or XGBoost. 

In addition to model performance results, the analysis also displays the five most important features that contribute most to academic 

outcome predictions. The feature with the greatest influence is study_hours_per_day with an importance value of 0.513670, followed by 

mental_health_rating with a value of 0.166116, exercise_frequency of 0.076423, social_media_hours of 0.043021, and netflix_hours of 

0.034990.  

From this order, it can be concluded that study habits (number of hours of study per day) are the most dominant factor in determining 

student academic performance, followed by mental health and physical activity. This analysis shows a balance between cognitive and non-

cognitive factors that influence academic outcomes. 

Students who have regular study habits and good mental health tend to perform better academically. Conversely, excessive use of social 

media and digital entertainment has a negative impact on learning outcomes. Therefore, the results of this study not only demonstrate the 

effectiveness of the model in predicting academic performance, but also provide guidance for the development of data-driven learning 

strategies in higher education. 

Overall, this stage forms the basis for drawing theoretical and practical conclusions from the research. By combining the quantitative results 

of the model and feature interpretation, educators, academic counselors, and policy makers can design intervention programs that focus on 

improving students' study habits and psychological well-being. 

4. Conclusion  

This study proves that the XGBoost algorithm with SHAP interpretability support is capable of predicting student academic achievement 

with high accuracy while providing transparent explanations. Learning habits and mental health factors have been proven to have a 

significant effect on academic achievement. For further research, it is recommended to use longitudinal datasets and integrate 

socioeconomic factors to improve the validity of the prediction model. 

This study also has several limitations, including the use of secondary data sourced from public datasets with limited variables, without 

considering socioeconomic factors, intrinsic motivation, or learning quality. In addition, the developed model has not been tested 

longitudinally, so it does not describe changes in student learning behavior over time. 

For further research, it is recommended to use a more diverse dataset sourced directly from educational institutions so that the results are 

more representative. The integration of online behavior data, psychological factors, and social context is also necessary to improve the 

accuracy and relevance of the model. The explainable machine learning approach, such as XGBoost–SHAP, remains important to ensure 

that the prediction results are not only accurate but also understandable and useful for educators and policy makers in improving the quality 

of learning in higher education. 

Based on the research results and conclusions obtained, several recommendations can be drawn for future research development and 

implementation. The use of larger, more diverse, and longitudinal datasets needs to be considered so that prediction models have stronger 

generalization capabilities, including adding other variables such as learning motivation, cognitive style, and socioeconomic factors to 

improve accuracy. The findings of this study can also be used by educators to identify patterns of student learning habits at an earlier stage 

so that adaptive interventions for students at low risk of academic achievement can be provided more appropriately. At the institutional 

level, the application of a data-driven approach in academic policy-making is important, especially in planning learning support and mental 

health programs. XGBoost and SHAP-based prediction models have the potential to be integrated into academic information systems or 

LMS to provide automatic and transparent analysis of student performance, and can be further developed in the form of easy-to-understand 

visual dashboards. Furthermore, further research needs to pay more attention to the ethical aspects of student data use, including privacy, 

security, and anonymity, so that the use of machine learning technology remains in line with ethical research principles and responsible 

academic practices. 
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