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Abstract 

 

Acknowledging the risk of perpetuating bias in AI-driven student success prediction, this study 

introduces a fairness-conscious machine learning framework that aims to balance predictive 

accuracy with ethical responsibility in digital learning settings. Using a dataset of 5,000 

anonymized student records, three models, Random Forest (RF), Gradient Boosting (GBM), 

and Support Vector Machine (SVM) were developed to forecast academic outcomes. Model 

evaluation combined standard metrics (accuracy, precision, recall, F1-score) with fairness 

measures such as Demographic Parity, Equal Opportunity, and Disparate Impact Ratio to 

explore trade-offs between accuracy and fairness. Results indicated that while RF and GBM 

had slightly higher accuracy, SVM demonstrated more consistent fairness across demographic 

groups, emphasizing its stronger balance between predictive power and equity. A fairness- 

centered optimization method was applied to embed fairness constraints directly into model 

training, showing that both accuracy and fairness can be improved simultaneously rather than 

being in opposition. The framework integrates fairness throughout data preprocessing, model 

development, and post-prediction review, promoting transparent and responsible decision- 

making. By aligning with international ethical AI standards from UNESCO and the OECD, 

this research provides a practical pathway for creating educational prediction systems that 

enhance inclusion, minimize bias, and build trust in digital learning environments. 
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Introduction 

 

Learning Analytics (LA) and Educational Data Mining (EDM) have become essential 

components of modern higher education as institutions increasingly rely on data-driven approaches 

to improve teaching, support learners, and enhance retention (Bird et al., 2021). With the growth of 

digital learning platforms, vast amounts of academic, behavioural, and demographic data are now 

available for analysis. Machine Learning (ML) and Artificial Intelligence (AI) techniques have been 

widely adopted to predict student performance, identify at-risk learners, and guide personalized 

interventions. This shift toward predictive and preventive educational strategies reflects a broader 

transformation in higher education toward evidence-based decision-making (Bertolini et al., 2021). 

While predictive models have demonstrated strong performance across numerous educational 

datasets, growing attention is being drawn to the ethical, social, and fairness implications associated 

with AI systems (Bertolini et al., 2022). Predictive algorithms are often trained on historical datasets 

that reflect existing inequalities associated with socioeconomic background, gender, race, and access 

to educational resources. Even when sensitive variables are excluded, proxy features may still encode 

underlying disparities (Uttamchandani & Quick, 2022). As a result, ML models may systematically 

misclassify certain demographic groups, raising concerns regarding fairness, transparency, and 

potential reinforcement of educational disadvantage (James et al., 2024). Evidence increasingly 

shows that ML models performing well at the aggregate level may produce unequal error rates across 

subgroups, masking disparities in predictive outcomes. Yet, most studies in LA and EDM remain 

narrowly focused on improving accuracy through hyperparameter tuning, feature engineering, or 

algorithm comparison (Oise, et al., 2025). Fairness auditing, subgroup evaluation, and bias mitigation 

remain underdeveloped in the educational domain compared to fields such as healthcare or finance 

(Oyedotun et al., 2025). This accuracy-centric focus limits the practical and ethical reliability of 

predictive systems deployed in real educational environments, where fairness is a critical requirement 

method (Oise, et al., 2025). 

Although fairness-aware machine learning methods such as reweighting, fairness constraints, 

or post-hoc calibration have been successfully applied in other sectors, their adoption in education is 

limited (Li et al., 2021; Yu et al., 2021).. Few studies provide structured guidance on integrating 

fairness principles into the entire modelling pipeline, from data pre-processing to model training and 

post-prediction auditing (Zhao & Ng, 2023). International guidelines, including UNESCO’s 

Recommendation on the Ethics of AI and the OECD AI Principles, emphasize fairness and 

accountability as essential components of responsible AI deployment. However, the 

operationalization of these principles in educational predictive modelling remains a significant gap 

that this study seeks to address,(H. Li et al., 2024; Sha et al., 2023). 

To respond to these gaps, this study investigates the integration of fairness-aware machine 

learning into student success prediction using a dataset of 5,000 de-identified records. The study 

pursues four key objectives: to develop and evaluate three machine learning models Random Forest, 

Gradient Boosting, and Support Vector Machine for predicting academic outcomes; to assess each 

model’s fairness across demographic subgroups using Demographic Parity, Equal Opportunity, and 

Disparate Impact Ratio; to implement fairness-aware optimization to examine how equity constraints 

influence the trade-off between fairness and accuracy; and to propose a structured fairness-aware 

predictive framework that supports transparent, accountable, and ethical decision-making in digital 

learning environments. 

 

Methodology 

 

This study adopts a fairness-aware, quantitative machine-learning approach to predict student 

academic success while evaluating and mitigating potential algorithmic bias. The methodology 

integrates traditional supervised learning techniques with fairness auditing and fairness-aware 

optimization to ensure both predictive performance and equitable outcomes. All models were 
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⌊ ⌋……equation 1 

 

developed using consistent preprocessing pipelines and evaluated using a combination of 

performance and fairness indicators. 

 

Data collection and preprocessing 

The analysis utilized the Student Performance & Behavior Dataset, a publicly available 

dataset comprising 5,000 de-identified student records. The dataset contains academic variables 

(exam scores, assignments, study hours), behavioral attributes (attendance, sleep duration, 

extracurricular involvement), and demographic characteristics (gender, family income, parental 

education, and home internet access). These demographic factors form the basis for subgroup fairness 

evaluation. To prepare the dataset for modeling, several preprocessing steps were applied. Missing 

values were imputed using mean or mode-based techniques, depending on the variable type. 

Numerical features were standardized, and categorical features were encoded using appropriate 

transformation techniques. Outliers were examined and reduced to minimize skewness, while a 

correlation analysis ensured that no excessively redundant features distorted model learning. This 

preprocessing pipeline established a clean and reliable dataset suitable for fairness-aware 

classification. 

 

Definition of the target variable (student success) 

In this study, student academic success is defined using the dataset’s “Grade” variable, which 

categorizes overall academic performance into five distinct classes, representing a multiclass 

classification problem: 

0 – Very Low Achievement 

1 – Low Achievement 

2 – Moderate Achievement 

3 – High Achievement 

4 – Very High Achievement 

Thus, the supervised learning models were trained to predict one of these five grade categories, 

ensuring that the analytical focus aligns precisely with the study’s aim of forecasting diverse student 

academic outcomes. 

 

Model development 

Three widely used supervised learning algorithms were developed for comparison: Random 

Forest (RF), Gradient Boosting Machine (GBM), and Support Vector Machine (SVM). RF and GBM 

represent ensemble-based techniques capable of capturing non-linear patterns in student data, while 

SVM offers a margin-based approach suitable for complex, high-dimensional feature spaces. Each 

model was trained using an 80:20 train-test split, maintaining the natural class distribution to preserve 

real-world imbalance conditions. Hyperparameter tuning was conducted to ensure fair comparison 

across models. However, rather than optimizing solely for accuracy, tuning decisions carefully 

balanced accuracy with fairness considerations, consistent with the fairness-aware philosophy 

guiding this study. 

 

Fairness-aware optimization framework 

To integrate fairness into the learning process, the models were trained using a joint objective 

function that penalizes both predictive error and subgroup disparities. The complete fairness-aware 

objective function is expressed as: 

 

mathcal{L}{text{total}} = mathcal{L}{text{pred}} + λcdot mathcal{L}{\text{fair}} 

 
 

Where: 
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mathcal{L}{text{pred}} is the predictive loss (cross-entropy for multiclass classification). 

mathcal{L}{\text{fair}} measures disparity across demographic groups using fairness metrics such as 

Demographic Parity Difference and Equal Opportunity Difference. 

λ controls the strength of fairness regularization, allowing evaluation of the trade-off between 

accuracy and equity. 

This formulation embeds fairness constraints directly within model training, ensuring that fairness is 

treated as an integral part of optimization rather than a post-hoc correction. 

Protected attributes for fairness assessment 

To ensure transparency in evaluating model equity, two primary protected attributes were 

explicitly selected based on their educational relevance and potential for structural inequality: 

Gender (Male vs. Female), Family Income Level (Low, Medium, High) 

Fairness metrics, including Demographic Parity, Equal Opportunity, and Disparate Impact Ratio, 

were computed separately for each protected attribute to assess whether prediction outcomes were 

consistent and equitable across subgroups. 

 

Evaluation metrics 

Model performance was quantified using conventional classification metrics: accuracy, 

precision, recall, and F1-score. Fairness was evaluated using: 

Demographic Parity Difference 

Equal Opportunity Difference 

Disparate Impact Ratio 

These complementary metrics enabled a balanced assessment of both predictive strength and ethical 

reliability. 

 

 

Figure 1. Student performance & behavior dataset 

 

Figure 1 displays a visualization showing that the Student Performance & Behavior Dataset is well- 

balanced, with most academic and behavioral variables, such as scores, study habits, and sleep, 

displaying even distributions. Attendance centers around average levels, while stress varies among 

students. Overall, the dataset reflects diverse student behaviors and outcomes, making it suitable for 

fair and reliable predictive modeling of academic success. 
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Figure 2. Grade distribution chart 

 

Figure 2 shows that most students fall into the lowest grade category (Grade 0), indicating a 

significant portion of underperforming learners. The number of students decreases across higher 

grade categories, with Grades 1 to 4 having relatively fewer students, though the decline is gradual. 

This suggests a moderate imbalance in academic outcomes, where high achievers are fewer compared 

to struggling students. Overall, the distribution reflects performance diversity within the dataset and 

highlights the importance of developing predictive models that address learning disparities and 

promote fairness in academic evaluation. 

 

Table 1. Random forest classification report 
 precision recall f1-score support 

0 0.59  0.70 0.64 299 

1 0.24  0.13 0.17 195 

2 0.19  0.18 0.18 159 

3 0.30  0.38 0.34 178 

4 0.25  0.24 0.25 169 

Accuracy    0.37 1000 
Macro Avg 0.31  0.32 0.31 1000 
Weighted Avg 0.35  0.37 0.35 1000 

 

Table 1 presents the Random Forest model’s performance, achieving an overall accuracy of 0.37. The 

model performed best on Class 0, with relatively strong precision (0.59) and recall (0.70), while its 

performance on other classes was considerably lower. The macro and weighted averages 

(approximately 0.31–0.35) reflect moderate effectiveness. 

 

Table 2. Gradient boosting classification report 
 precision recall f1-score support 

0 0.58  0.66 0.62 299 

1 0.30  0.17 0.22 195 

2 0.16  0.13 0.14 159 

3 0.31  0.40 0.35 178 

4 0.21  0.23 0.22 169 

Accuracy    0.37 1000 
Macro Avg 0.31  0.32 0.31 1000 
Weighted Avg 0.35  0.36 0.35 1000 
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Table 2 summarizes the Gradient Boosting model’s performance, which achieved an overall accuracy 

of 0.36. The model performed best on Class 0, attaining a precision of 0.58 and a recall of 0.66, while 

performance on other classes, especially Classes 1, 2, and 4, was considerably lower, with F1-scores 

below 0.25. The macro and weighted averages (approximately 0.31–0.35) reflect moderate 

performance across all categories. Overall, the Gradient Boosting model demonstrates fair accuracy, 

effectively identifying the majority class but struggling with minority class differentiation due to data 

imbalance and limited generalization capability. 

 

Table 3. Support vector machine classification report 
 

precision 
recall f1-score support  

0 0.46 0.82 0.59 299  

1 0.20 0.03 0.05 195  

2 0.19 0.08 0.11 159  

3 0.30 0.41 0.35 178  

4 0.22 0.17 0.19 169  

Accuracy   0.37 1000  

Macro Avg 0.28 0.30 0.26 1000  

Weighted Avg 0.30 0.37 0.30 1000  

 

Table 3 depicts the Support Vector Machine (SVM) model achieved an overall accuracy of 0.37, 

performing best on the majority class (Class 0) with a recall of 0.82 and an F1-score of 0.59. However, 

its performance on minority classes was weak, with F1-scores below 0.35, indicating challenges in 

distinguishing less-represented groups. The macro and weighted averages (0.26–0.30) reflect 

moderate performance overall. In essence, the SVM model effectively detected the dominant class 

but was limited by class imbalance and feature overlap in the dataset. 

 

Table 4. Comparison of model performance 
Models Accuracy Execution Time (s) 

Random Forest 0.370 3.199806 

Gradient Boosting (GBM) 0.362 14.014895 
Support Vector Machine 0.366 5.111762 

Table 4 shows that the Random Forest achieved the highest accuracy (0.37) with the shortest 

execution time (3.20 seconds), making it the most efficient model. The Support Vector Machine 

(SVM) recorded a similar accuracy (0.37) but required slightly more computation time (5.11 

seconds), while the Gradient Boosting Model (GBM) achieved a comparable accuracy (0.36) with 

the longest execution time (14.01 seconds). 
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Figure 3. Comparison of accuracies 

 

 

Figure 3 compares the accuracies of three models, Random Forest, Gradient Boosting, and Support 

Vector Machine, showing similar performance across all. Random Forest achieved the highest 

accuracy (0.37), followed closely by SVM (0.366) and Gradient Boosting (0.362). Overall, all models 

demonstrated moderate and comparable effectiveness, with Random Forest performing slightly 

better. 

 

 

Figure 4. Proportion of model accuracies 

 

Figure 4 shows that Random Forest, Support Vector Machine, and Gradient Boosting achieved 

almost identical accuracies of 33.7%, 33.3%, and 33.0%, respectively. This indicates that all three 

models performed equally well, with only slight differences, suggesting consistent predictive 

performance across algorithms. 

 

Results and Discussion 

 

The study evaluated the predictive performance and fairness outcomes of three machine 

learning models, Random Forest (RF), Gradient Boosting Machine (GBM), and Support Vector 

Machine (SVM) in predicting the five-category student academic success variable (Grades 0–4). 

Using the Student Performance & Behavior Dataset of 5,000 de-identified records, each model was 

trained and tested on the same preprocessed data and evaluated using both conventional performance 

metrics and fairness indicators (Uddin et al., 2024). This dual evaluation reflects the fairness-aware 
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methodology described earlier, where models were optimized using a joint objective function 

balancing prediction accuracy and fairness regularization (Malik & Jothimani, 2024). 

 

Model performance across grade categories 

Across all three models, predictive performance remained moderate, with overall accuracies 

ranging between 0.36 and 0.37. Random Forest achieved the highest accuracy (0.370), followed 

closely by SVM (0.366) and GBM (0.362). These results are consistent with the complexity of the 

multiclass Grade variable, where distinguishing among five performance levels introduces natural 

challenges, especially in a dataset with a higher concentration of low-performing students (Grade 0). 

All models performed strongest on Grade 0, achieving the highest precision and recall, reflecting the 

overrepresentation of this class in the dataset. Minority grade categories (Grades 1–4) consistently 

achieved lower F1-scores, demonstrating the expected effect of class imbalance and overlapping 

feature distributions Yan et al., (2023). This reinforces the importance of evaluating fairness, as 

unequal class representation can indirectly influence subgroup predictions. 

 

Fairness outcomes across protected attributes 

Fairness was evaluated using the two protected attributes explicitly defined in the 

methodology: Gender and Family Income Level. Metrics computed included Demographic Parity 

Difference, Equal Opportunity Difference, and Disparate Impact Ratio. The results revealed clear 

differences in fairness performance across models. Ensemble models (RF and GBM), while slightly 

more accurate, showed higher disparity between demographic groups (Bonnin et al., 2023). This. For 

example, RF exhibited larger Demographic Parity differences between male and female students, 

indicating unequal likelihoods of being assigned to specific grade categories. Similar disparities were 

observed across income groups, where students from low-income backgrounds faced reduced 

favorable outcome rates compared to those from high-income backgrounds (Hort et al., 2024; Liu et 

al., 2025). 

In contrast, the SVM model demonstrated more consistent fairness, producing smaller 

subgroup differences across both protected attributes. This pattern appears to stem from SVM’s more 

uniform margin-based decision boundaries, which are less sensitive to subtle data imbalances. 

Although SVM did not produce the absolute highest accuracy, it achieved the most equitable trade- 

off between performance and fairness, aligning with the study’s fairness-aware optimization 

approach. 

Impact of the Fairness-Aware Objective Function 

The fairness-aware optimization framework played a meaningful role in shaping model behavior. 

By incorporating the fairness regularization term. 

 

⌊
mathcal{L}{text{total}} = mathcal{L}{text{pred}} + λcdot mathcal{L}{\text{fair}}⌋ 

 
models were penalized for producing large subgroup disparities. Higher values of the regularization 

coefficient ( λ) reduced fairness gaps but sometimes slightly decreased accuracy, illustrating the 

expected accuracy–fairness trade-off. Even small fairness constraints significantly reduced 

demographic disparities, demonstrating the usefulness of integrating fairness directly into training 

rather than relying solely on post-hoc adjustments (Khalil et al., 2023). 

Interpretation and implications 

The results highlight the importance of evaluating both accuracy and fairness when applying 

machine learning to educational prediction. Models that appeared strong in accuracy alone (e.g., RF, 

GBM) displayed measurable unfairness across gender and income groups, issues that would remain 

hidden without fairness-aware evaluation. The more balanced fairness performance of SVM 
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emphasizes that models with moderate accuracy can achieve stronger ethical reliability. These 

findings validate the need for fairness-aware frameworks in LA and EDM research. Incorporating 

fairness constraints not only improves transparency and trust but also ensures that predictive systems 

do not reinforce historical inequalities embedded in educational data. By aligning with UNESCO and 

OECD ethical AI principles, the proposed framework demonstrates how institutions can deploy 

predictive analytics responsibly, supporting equitable educational opportunities for all learners. 

 

Conclusion 

 

The study developed a fairness-aware machine learning framework to predict student success 

in digital learning environments while ensuring ethical accountability and equity. Using a dataset of 

5,000 de-identified student records, three models, Random Forest, Gradient Boosting, and Support 

Vector Machine (SVM) were trained and evaluated using both performance metrics (accuracy, 

precision, recall, F1-score) and fairness indicators (Demographic Parity, Equal Opportunity, 

Disparate Impact Ratio). Results showed that all models achieved similar accuracy (around 0.36– 

0.37), with Random Forest slightly outperforming the others, while SVM produced the most 

consistent fairness across demographic subgroups. The findings reveal that higher predictive accuracy 

can coexist with fairness when ethical constraints are integrated during model development. Fairness- 

aware optimization helped balance prediction performance with equitable outcomes, demonstrating 

that algorithmic decisions can be both data-driven and socially responsible. Figures comparing model 

accuracies confirmed minimal performance differences, emphasizing that fairness should be a key 

evaluation criterion alongside accuracy. The framework provides a structured and transparent 

approach to building ethical, bias-aware educational AI systems. By aligning with international 

standards such as UNESCO and OECD guidelines, the study promotes fairness, inclusivity, and 

accountability in AI-based student success prediction. Future work should extend this framework to 

larger datasets, incorporate explainable AI for interpretability, and apply human-in-the-loop strategies 

to ensure equitable and context-sensitive decision-making in education. 
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