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This study examines the effectiveness of three machine learning 
algorithms—Random Forest Regression, Support Vector Regression, and 
Gradient Boosting—in predicting students’ academic grades based on 
lifestyle-related factors including study hours, sleep duration, social 
interaction, physical activity, and stress levels. Employing a quantitative 
experimental approach, model performance was evaluated using R², MSE, 
RMSE, and MAE, while SHAP analysis was applied to interpret feature 
importance. The results show that all models achieved reasonable 
predictive accuracy, with Gradient Boosting consistently outperforming 
the others across all metrics. Study duration was identified as the most 
influential predictor, whereas stress level and gender had minimal impact. 
These findings emphasize the importance of non-academic lifestyle 
factors in predicting academic achievement and provide insights for the 
development of data-driven, personalized decision support systems in 
education. 
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Introduction  

  In the modern educational context, academic achievement remains the main benchmark in 

assessing both student success and the effectiveness of educational institutions. While cognitive ability 

and teaching quality have long been recognized as key determinants of learning success, non-academic 

factors particularly students' daily lifestyle habits are increasingly gaining attention as elements that 

contribute to academic achievement (Han et al., 2022; Huddar, 2021). Variables such as study duration, 

sleep quality, social interaction, physical activity, and stress levels form a complex behavioral ecosystem 

in a student's academic journey (Alj & Bouayad, 2024; Lisnyj et al., 2021). Unfortunately, these factors 

are often poorly accommodated in existing educational prediction models. With the increasing 

availability of student behavioral data and advances in computing technology, machine learning 

algorithms have emerged as a powerful approach in modeling and forecasting academic outcomes based 

on multiple dimensions of data (Onyema et al., 2022). To optimally harness this potential, a rigorous and 

data driven approach is needed to analyze the extent to which lifestyle affects learning achievement. This 

is important so that education stakeholders can design personalized and preventive interventions. This 

https://creativecommons.org/licenses/by-sa/4.0/
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research comes within that framework, with the aim of bridging student behavior data and academic 

predictions through a systematic and scalable machine learning approach. 

 

  Despite various efforts to improve the quality of learning, the prediction of student academic 

achievement still relies heavily on conventional indicators such as previous grades, attendance, or socio-

economic background. This approach has not been able to fully capture the dynamics of students' daily 

behavior, even though daily habits such as study duration, sleep time, physical activity intensity, and 

stress levels have significant potential to affect academic outcomes. On the other hand, the development 

of machine learning algorithms provides a great opportunity to integrate multidimensional data to 

produce more accurate and adaptive predictive models (Wilson & Anwar, 2024). However, there is no 

clear consensus on which machine learning algorithms are most effective in modeling the relationship 

between students' lifestyles and their academic performance (Rajendran et al., 2022). The absence of a 

systematic comparative mapping of the performance of various algorithms, such as Random Forest, 

Support Vector Machine Regression, and Gradient Boosting leaves important questions regarding the 

reliability, efficiency, and interpretability of the models in the context of educational prediction. 

Therefore, it is necessary to conduct an in depth investigation to identify the most optimal algorithm in 

predicting academic grades based on student lifestyle data in an empirical and measurable manner. 

  Various previous studies have explored the use of machine learning algorithms in student 

academic achievement prediction. For example, a study by Doz et al. (2023) showed that Random Forest 

Regression and Fuzzy Logic has a good regression ability in predicting academic performance based on 

demographic student data. A study by (Gaftandzhieva et al., 2022) used Gradient Boosting showed that 

students' online learning activities, including interaction on Moodle and attendance at Zoom lectures, 

were significantly correlated with their final grades. Meanwhile, a study by (Muhammad et al., 2023) 

used  Support Vector Regressor showed that  socioeconomic factors  have a significant influence on 

student learning achievement, with promising results in terms of accuracy. However, most of these 

studies have not comprehensively considered student lifestyle variables such as sleep habits, stress, and 

physical activity as predictive determinants. In addition, the comparative approach between algorithms 

is often conducted without considering the uniformity of experimental design and performance 

evaluation in the context of multidimensional data of student behavior. Some previous studies have also 

recommended that future research include more contextual and lifestyle variables to improve the 

validity of the model. Therefore, this research is directed to address these limitations by proposing a 

more holistic and balanced experimental framework in comparing the performance of Random Forest, 

SVR and  Gradient Boosting testing the relevance of lifestyle variables in academic prediction 

quantitatively and empirically. 

  This research aims to evaluate and compare the performance of three machine learning 

algorithms namely Random Forest Regression, Support Vector Regressor, and Gradient Boosting in 

predicting students' academic grades based on daily lifestyle variables, such as study duration, sleep 

time, social activity, physical activity, and stress level. Through a systematic computational approach, this 

research is expected to identify the most optimal algorithm in terms of accuracy, efficiency, and 

generalization ability on student behavioral data. In addition, this research also aims to uncover the 

relative contribution of each lifestyle variable to the prediction results, so as to provide a deeper 

understanding of the non-academic factors that influence learning achievement. The findings of this 

research are expected to serve as a foundation for the development of data-driven decision support 

systems in educational contexts, as well as contribute to more personalized, predictive, and evidence-

based learning strategies. 

  This research offers an original contribution by integrating student lifestyle dimensions such as 

study duration, sleep time, social activity, physical activity, and stress level into an academic grade 

prediction model using a machine learning approach. The novelty lies in testing and directly comparing 

three popular algorithms, namely Random Forest Regression, Support Vector Regression, and Gradient 
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Boosting in a unified analysis framework that focuses on non-academic variables. Most previous studies 

have focused on conventional academic indicators, thus missing the utilization of students' daily 

behavioral data that is more dynamic and representative of their actual conditions. By presenting a 

comparative analysis of model performance, this study not only enriches the literature on machine 

learning-based academic achievement prediction, but also provides practical justification for 

educational institutions in choosing the most efficient and accurate algorithm to detect potential 

academic risks early. The results of this study are expected to be used as a scientific basis for more 

holistic, predictive, and data driven educational decision making. 

Although various international studies have examined machine learning-based academic 

achievement predictions, the integration of lifestyle variables into prediction models is still far from 

optimal. Most studies still focus on conventional indicators such as test scores, attendance, or 

demographic factors, thereby ignoring the daily dynamics of students, which are more representative in 

describing their actual conditions. This gap is even more significant in the Indonesian context, where 

vocational and general education systems often face challenges related to limited teacher resources for 

personal monitoring and increasing academic pressure on students. Therefore, this study not only offers 

an academic contribution through a comparison of Random Forest, Support Vector Regression, and 

Gradient Boosting algorithms in a uniform experimental framework, but also provides practical urgency. 

By utilizing student lifestyle data as the basis for prediction, the results of this study have the potential 

to assist schools, teachers, and policymakers in Indonesia in designing earlier, more personalized, and 

evidence-based interventions to improve learning achievement while supporting student well-being. 

 

Method  
 
Research Design 
This research uses a quantitative approach with a comparative experimental design. The aim is to 
compare the performance of three machine learning algorithms namely Random Forest Regression, 
Support Vector Regression, and Gradient Boosting in predicting student academic grades based on 
lifestyle data. This research was conducted in several systematic stages, including data collection, 
preprocessing, modeling, model performance evaluation, and interpretation of results. The entire 
experimental process was conducted in a controlled computing environment using Python Google 
Collaboratory software with scikit-learn, matplotlib, sciborn, numpy and pandas libraries. 
 
Data Collection 
  The dataset used in this study was sourced from Kaggle (Student Lifestyle Dataset) and collected 
via Google Forms from college students. It contains variables on study habits, sleep, physical activity, and 
social interaction, as summarized in Table 1. 

 
Table 1. Pieces of Research Dataset 

Student_ 
ID 

Study_ 

Hours_ 

Per_Day 

Extracurr

icular_ 

Hours_ 

Per_Day 

Sleep_ 

Hours_Pe

r_Day 

Social_ 

Hours_ 

Per_Day 

Physical_

Activity_

Hours_ 

Per_Day 

Stress_ 

Level Gender Grades 

1 6.9 3.8 8.7 2.8 1.8 Moderate Male 7.48 

2 5.3 3.5 8.0 4.2 3.0 Low Female 6.88 

3 5.1 3.9 9.2 1.2 4.6 Low Male 6.68 

4 6.5 2.1 7.2 1.7 6.5 Moderate Male 7.2 

1 6.9 3.8 8.7 2.8 1.8 Moderate Male 7.48 

 
Data Pre-Processing 
  In the pre-processing stage, minimal changes were needed since the dataset was already clean 
and well-structured. However, the categorical columns Stress_Level and Gender were label-encoded to 
convert them into numerical format for compatibility with machine learning algorithms. 
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Split Data 
  Before model training, the dataset was split into 80% training data (1,600 records) and 20% 
test data (400 records). The training data was then used to train three regression algorithms—Random 
Forest Regressor, Support Vector Regression (SVR), and Gradient Boosting Regressor—to learn 
predictive patterns that would later be applied to the test data for evaluation. 
 
Random Forest Regression 
  Random Forest Regression is an ensemble learning-based machine learning algorithm used for 
regression tasks, that is predicting a continuous target variable (Bakır et al., 2024; Natras et al., 2022). 
Scientifically, it is an extension of bagging (bootstrap aggregating) that combines results from a number 
of decision trees to improve prediction accuracy and reduce model variance (Becker et al., 2023; Syam & 
Kaul, 2021). 
 
From the original dataset 𝑫 = {{𝒙𝟏, 𝒚𝟏, … , (𝒙𝑵, 𝒚𝑵)}, a bootstrap dataset B is formed (by random 
sampling with returns). 
 
For each bootstrap dataset: 

a. Train a decision tree 𝑻𝒃. 
b. At each node, select a random subset of features, then find the best split. 

 
Each tree produces a prediction 𝑻𝒃(𝒙). 
The final prediction for the input (𝒙) is calculated as the average of all tree predictions: 
 

𝒚(𝒙) =
𝟏

𝑩
∑ 𝑻𝒃(𝒙)

𝑩

𝒃=𝟏

 (1) 

 
Super Vector Regression 
  Support Vector Regression (SVR) is a regression method that predicts continuous values by 
finding the best function that stays within a certain margin of error tolerance (epsilon) while keeping 
the model simple and not overfitting (Montesinos Lo pez et al., 2022; Zhang & O’Donnell, 2020). With the 
help of kernel functions, SVR is also capable of handling non-linear relationships, although its 
performance may degrade on very large datasets and is sensitive to parameter selection (Najafzadeh & 
Niazmardi, 2021; Otchere et al., 2021). 
 
SVR aims to find the regression function from the shape: 
 

𝒇(𝒙) = 𝒘𝑻∅(𝒙) + 𝒃 (2) 
 
𝒘𝒉𝒆𝒓𝒆 ∅(𝒙): (Non-linear) transformation of input features to a higher dimensional feature space, 𝒘: 
Weight vector, 𝒃: Bias/intercept.  The goal is to make 𝒇(𝒙) as close as possible to 𝒚, but with an error 
tolerance of 𝜺 (epsilon-insensitive zone). 
 
Gradient Boosting 
  Gradient Boosting Regressor is a machine learning algorithm for continuous value prediction 
(regression) that builds models incrementally by sequentially merging many weak decision trees, where 
each new tree is trained to correct the prediction error of the previous model by minimizing a loss 
function using a gradient approximation (Khamis et al., 2024). 
 
Gradient Boosting models the prediction function as a summation of weak models (usually shallow 
decision trees): 
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𝑭(𝒙) = ∑ 𝒚𝒎𝒉𝒎(𝒙)

𝑴

𝒎=𝟏

 (3) 

 
Where:  𝐹(𝑥): final prediction function, ℎ𝑚(𝑥): m-th weak model (usually tree), 𝛾𝑚: step size or learning 
rate, 𝑀: number of iterations/tree 
 
Regression 
  After training the data with the three regression algorithms, the next step is to evaluate the 
performance of each model on the test data by calculating regression metrics, namely the coefficient of 
determination (R²), mean squared error (MSE), root mean squared error (RMSE), and mean absolute 
error (MAE). 
 
Evaluation Metrics 
a. Mean Squared Error (MSE) 
Measures the average of the squared difference between the actual and predicted values (Hodson et al., 
2021): 
 

𝑴𝑺𝑬 =
𝟏

𝑵
∑(𝒚𝒊 − 𝒚̂𝒊)

𝟐

𝑵

𝒊=𝟏

 (5) 

 
Sensitive to outliers as errors are squared. 
 
b. Root Mean Squared Error (RMSE) 
Is the root of the MSE, so it returns to the original units of the target (Hodson, 2022): 
 

RMSE=√𝑴𝑺𝑬 (6) 

 
Eases interpretation as it is on the same scale as 𝒚. 
 
c. Mean Absolute Error (MAE) 
Measures the average of the absolute value of the difference between the actual and predicted values 

(Robeson & Willmott, 2023): 

 

𝑴𝑨𝑬 =
𝟏

𝑵
∑|𝒚𝒊 − 𝒚̂𝒊|

𝑵

𝒊=𝟏

 (7) 

 

More resistant to outliers than MSE. 
 
d. Coefficient Determination (𝑹𝟐) 
Assesses how much variation in the target data can be explained by the model (Avdeef, 2021): 
 

𝑹𝟐 = 𝟏 −
∑ (𝒚𝒊 − 𝒚̂𝒊)

𝟐𝑵
𝒊=𝟏

∑ (𝒚𝒊 − 𝒚̅𝒊)
𝟐𝑵

𝒊=𝟏

∑(𝒚𝒊 − 𝒚̂𝒊)
𝟐

𝑵

𝒊=𝟏

 (8) 

𝒚̅ =
𝟏

𝑵
∑ 𝒚𝒊

𝑵

𝒊=𝟏

 (9) 

where: 𝑹𝟐 = 𝟏, means the prediction is perfect, 𝑹𝟐 = 𝟎, means that the model is no better than the 
average, It can be negative if the model is very bad. 
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e. SHAP 
  SHAP (SHapley Additive exPlanations) is a machine learning model interpretability method 
used to explain the contribution of each feature to the prediction results of a model (Ekanayake et al., 
2022). SHAP is based on the Shapley value theory from cooperative game theory, which fairly distributes 
the “contribution” of each feature by considering all possible combinations of features (Liu et al., 2024; 
Veeramsetty, 2021). 
 
The SHAP value for a feature i is defined as: 
 

∅𝒊 = 𝟏 ∑
|𝑺|!. (|𝑵| − |𝑺| − 𝟏)!

|𝑵|!
[𝒇(𝑺 ∪ {𝒊}) − 𝒇(𝑺)]

𝑺⊆𝑵\{𝒊}

 (10) 

Where:  ∅𝒊 is the SHAP value for feature iii, representing its contribution to the model prediction,  𝑵 is 
the set of all features, 𝑺 is a subset of features not containing I, 𝒇(𝑺) is the model prediction using only 
the features in subset S, The expression 𝒇(𝑺 ∪ {𝒊}) − 𝒇(𝑺) measures the marginal contribution of feature 

i when added to subset S,  The term 
|𝑺|!.(|𝑵|−|𝑺|−𝟏)!

|𝑵|!
 is a weighting factor that ensures fairness by averaging 

over all possible orderings of features. 
 
Results and Discussions  

The data training process carried out on the train data of 1600 records using the three 

regression algorithms and the regression applied to the test data of 400 records resulted in accuracy as 

presented in Figure 1 below. 

 
Figure 1. Metric Value Comparison of Each Model 

 
Figure 1 shows that the Gradient Boosting Regressor achieves the highest R² score, indicating 

the best ability to explain the variance in the target variable compared to Random Forest and SVR. While 

all models show comparable performance, Gradient Boosting also attains the lowest MSE and MAE, 

suggesting that its predictions are generally closer to the actual values. Despite SVR having a slightly 

lower RMSE than Gradient Boosting, the difference is minimal. Therefore, in terms of both predictive 
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accuracy and error reduction, Gradient Boosting performs most consistently across all evaluation 

metrics. 

Furthermore, to find out which features have the most impact on the regression of grades value, 

we can look at two graphs, namely SHAP.  

 
Figure 2. Feature Importance Random Forest Model 

 

Figure 2 illustrates the SHAP feature importance for the Random Forest Regression that the 

feature Study_Hours_Per_Day has the largest impact on the model’s prediction, as indicated by the 

highest mean SHAP value. This suggests that the amount of time a student spends studying per day is 

the most influential factor in predicting the target variable (e.g., performance or academic outcome) 

within the Random Forest model. Other features have relatively low but noticeable contributions. 

 
Figure 3. Feature Importance SVR Model 

 

Figure 3 illustrates the SHAP feature importance for the Support Vector Regression (SVR) 

model, highlighting that Study_Hours_Per_Day is the most influential predictor in determining the 

model's output. Unlike the Random Forest model, where one feature dominates, the SVR model 

distributes importance more evenly across several features. Variables such as 

Physical_Activity_Hours_Per_Day, Sleep_Hours_Per_Day, Social_Hours_Per_Day, and 

Extracurricular_Hours_Per_Day show moderate contributions, indicating that SVR captures more subtle 
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and multifactorial relationships in the data. In contrast, Gender and Stress_Level have minimal impact, 

suggesting limited relevance to the target variable. This balanced contribution reflects SVR’s ability to 

model complex interactions, provided proper feature scaling and parameter tuning are applied.  

 

 
Figure 4. Feature Importance Gradient Boosting Model 

 

Figure 4 displays the SHAP feature importance for the Gradient Boosting Regressor model, 

where Study_Hours_Per_Day clearly stands out as the most significant feature influencing the model's 

predictions. Its SHAP value far exceeds that of all other features, indicating that study time has the 

strongest impact on the target variable. Meanwhile, features such as Sleep_Hours_Per_Day, 

Social_Hours_Per_Day, Physical_Activity_Hours_Per_Day, and Extracurricular_Hours_Per_Day 

contribute with relatively minor yet comparable importance. Stress_Level and Gender again show 

minimal influence, consistent with the patterns observed in the other models. This suggests that while 

Gradient Boosting captures some variation across lifestyle factors, it strongly prioritizes academic 

engagement as the key predictive factor. 

 

Conclusions  

Based on the experimental results, all three regression algorithms—Random Forest Regressor, Support 

Vector Regression (SVR), and Gradient Boosting Regressor—were able to model student grade 

predictions with reasonable accuracy. Among them, Gradient Boosting consistently outperformed the 

others across all evaluation metrics (R², MSE, RMSE, and MAE). SHAP analysis further revealed that 

Study_Hours_Per_Day was the most influential feature in all models, confirming the strong correlation 

between study duration and academic performance. Meanwhile, features such as sleep, social 

interaction, and physical activity contributed moderately, while gender and stress level showed minimal 

impact. Practically, these findings highlight the potential of machine learning-based prediction models 

as decision support tools for educational institutions. Schools and teachers can utilize such models to 

identify students at academic risk early and design data-driven interventions, such as personalized study 

plans, time management training, or lifestyle adjustment programs, to improve learning outcomes. 

However, this research is limited by the scope of variables considered, the relatively small sample size, 

and the absence of longitudinal data that could capture changes in student behavior over time. Future 

studies should expand the dataset, include additional psychological or environmental factors, and 

explore hybrid or deep learning models to enhance predictive accuracy and generalizability. By 

addressing these limitations, subsequent research can provide more robust insights, thereby 

strengthening the contribution of machine learning approaches to evidence-based educational policy 

and practice. 
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