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Abstract 

While high-accuracy machine learning (ML) models for predicting student learning performance have been widely 

explored, their deployment in real educational settings can lead to unintended harm if the predictions are biased. 

This study systematically examines the trade-offs between prediction accuracy and fairness in ML models trained 

on the widely used Open University Learning Analytics Dataset (OULAD). We evaluated the relationship between 

model accuracy and fairness across various student demographic subgroups and investigated the extent to which 

fairness can be improved without significantly sacrificing accuracy. Our analysis revealed that standard ML models 

often exhibit bias; however, applying bias mitigation techniques can reduce these disparities while maintaining 

acceptable accuracy. Our findings emphasize the importance of auditing ML models for fairness to ensure that 

predictive insights are equitable across diverse student populations. We also discuss implications for best practices 

and challenges in achieving fair ML models for student performance prediction.  

 

Notes for Practice 

• Regular audits of machine learning models are crucial to identify biases and ensure equitable 
outcomes across diverse student populations. 

• Practitioners should proactively apply bias mitigation techniques (e.g., reweighting, suppression, 
disparate impact remover) during model training to balance accuracy and fairness. 

• Transparency in data preprocessing steps, such as aggregating student outcomes, is essential, since 
these decisions can significantly influence model bias and predictive accuracy. 

• Integrating fairness-aware practices enhances trust and promotes the ethical use of predictive 
analytics in educational environments. 
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1. Introduction 

Virtual learning environments (VLEs) have transformed modern education by providing students with online access to course 

materials, assessment, communication tools and learning analytics (Romero & Ventura, 2020; Fazil et al., 2024; Khoudi et al., 

2025; Pei & Xing, 2022). VLEs record student learning processes in detail, including learning logs, discussion posts, 

engagement patterns and performance outcomes, which machine learning (ML) models leverages to predict academic success 

and identify at-risk students for timely interventions (Martinez et al., 2025; Johnston et al., 2024; Pei & Xing, 2022; Xing & 

Du, 2018). However, deploying ML models in VLEs poses a critical challenge in ensuring that predictions are both accurate 

and fair across demographic groups (Baker & Hawn, 2022; Chinta et al., 2024; Idowu, 2024; Kizilcec & Lee, 2022; Shin et 

al., 2022). While recent research has provided extensive practical insights into addressing algorithmic bias (. i.e. a systemic 

and unfair disparities in ML model outcomes that disproportionately affect certain demographic groups) (Dwork et. al., 2012) 
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in online learning environments (Bayer et al., 2021; Mehrabi et al., 2022; Raftopoulos et al., 2025; Song et al., 2024; Shin 

et al., 2022; Liu et al., 2024; Lallé et al., 2024; Wongvorachan et al., 2024), there remains a critical gap in how bias mitigation 

techniques are applied and evaluated in this context. Our study aims to address this gap by not only identifying bias and 

comparing models but also by conducting a systematic analysis of various bias mitigation techniques and their impact on both 

fairness and accuracy in VLE-based predictive models. 

1.1. Background 

Algorithmic biases may arise in VLE data due to factors such as unequal access to technology, differences in prior knowledge, 

or cultural and socioeconomic variables that impact student engagement (Chinta et al., 2024; Kizilcec & Lee, 2022; Leite et al., 

2021; Li et al., 2024). If not proactively addressed, these biases can lead to ML models making predictions that systematically 

disadvantage students from historically marginalized groups (Gardner et al., 2019; Li et al., 2024). Such algorithmic 

discrimination in educational analytics risks widening the existing achievement gaps (Zhang et al., 2023) and poses significant 

ethical challenges. 

To tackle these issues, recent research has provided extensive practical insights into addressing the challenges relevant to 

the algorithmic bias in online learning environments (Deho et al., 2022; Lallé et al., 2024; Raftopoulos et al., 2025; Verger 

et al., 2024). For example, Shin et al. (2022) emphasized the importance of e-learning preparedness in ensuring fair learning 

analytics in higher education, underscoring that student readiness can influence how they interact with and are evaluated by 

digital learning systems. Similarly, Song et al. (2024) proposed a fair clustering approach to analyze self-regulated learning 

behaviours in VLEs, designed to account for diverse student backgrounds. In parallel, Liu et al. (2024) developed fair predictive 

models for an online math learning platform, emphasizing the balance between model accuracy with equitable outcomes across 

different student groups. Additionally, Lallé et al. (2024) investigated how demographic and contextual variables influence 

MOOC completion rates, underscoring fairness concerns in predictive modelling with large-scale online courses. 

Despite these advances, the rapid evolution of ML models for student performance prediction has intensified concerns 

about the complex trade-offs between model accuracy and fairness (Deho et al., 2022; Dutta et al., 2020; Lallé et al., 2024; 

Liu & Vicente, 2022; Raftopoulos et al., 2025; Verger et al., 2024; Wang et al., 2021). While studies such as Deho et al. (2022) 

have emphasized the importance of fairness in educational ML applications, effectively managing these trade-offs in real-

world settings remains a challenge. Fenu et al. (2022) further stressed the need for fairness in AI-driven education, yet the 

practical implications of navigating accuracy–fairness trade-offs are unexplored. Recent efforts by Peng and Jeang (2023) and 

Zhao et al. (2024) have advanced fairness-aware prediction models, but their focus on specific metrics, such as demographic 

parity and equal opportunity, leaves other fairness metrics like equalized odds and individual fairness ripe for further 

investigation. 

Addressing these gaps requires robust bias mitigation techniques, several of which have been developed in recent years 

(Carey & Wu, 2023; Le Quy et al., 2023; Morik et al., 2020; Mehrabi et al., 2022; Verger et al., 2024). The reweighting (RW) 

technique, introduced by Kamiran and Calders (2012), ensures statistical independence between demographic attributes and 

outcomes by assigning weights to samples based on groups and label combinations. Specifically, the weight for each sample 

is proportional to the overall frequency of its label in the entire population and inversely proportional to the frequency of its 

label within its specific subgroup. The model is then trained on this adjusted dataset with reweighted samples. Particularly, for 

instance, this technique has been used to reduce bias in job interview video assessment (Köchling et al., 2021). 

A preprocessing approach, Suppression (SUP) proposed by Kamiran and Calders (2009), eliminates bias by excluding key 

demographic attributes from the training dataset. This technique assumes that key demographic attributes are primary sources 

of bias. The process begins by removing the key demographic attribute from the dataset, followed by training a new ML model 

on this modified dataset. Researchers have also combined both SUP and RW methods to address bias in student dropout 

predictions (Kamiran & Calders, 2009; Kizilcec & Lee, 2022). 

Similarly, the Disparate Impact Remover (DIR) method (Feldman et al., 2015), a preprocessing metric, adjusts feature 

distributions within the dataset to ensure equitable outcomes across groups. Here a fairness metric is applied to a dataset where 

 is the key demographic attribute,  represents the remaining attributes, and  is the outcome variable. This technique 

adjusts the values of the features in  to ensure that all groups exhibit the same distribution for each variable, using percentile 

and quantile adjustments. The process begins with these adjustments, resulting in a restructured training dataset. This modified 

dataset is then used to train the ML model. Unlike some bias mitigation methods that directly alter the training data, DIR allows 

the model to be trained on the original data. After training, the model’s outputs are modified to reduce disparities, and the 

effectiveness of the bias mitigation is assessed based on these adjusted outputs. The effectiveness of this approach in evaluating 

algorithmic bias has been demonstrated in various fields such as healthcare and education (Feldman et al., 2015). 

Finally, the Calibrated Equalized Odds Post-processing (CPP) method (Hardt et al., 2016; Pleiss et al., 2017) adjusts 

predicted probabilities to equalize the false-positive rate (FPR) and false-negative rate (FNR) across privileged and 

unprivileged groups, offering a post-processing solution to enhance fairness. By modifying the model’s score outputs across 

different subgroups, this technique aims to satisfy the equalized odds criterion. In VLEs, where the objective is to identify 
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students at risk of poor performance or failure, achieving equitable outcomes is crucial. Therefore, we prioritize recall over 

precision, focusing on equalizing the false-negative rates (FNRs) among subgroups, ensuring that at-risk students from all 

demographics are identified and supported fairly. 

1.2. Our Contribution 

Through extensive experiments, we evaluated the effectiveness of these techniques in improving fairness while preserving 

model accuracy. These findings have significant implications for the field of learning analytics. As predictive models become 

increasingly integrated into educational decision-making processes, ensuring their fairness is crucial for promoting equitable 

learning outcomes. Our study contributes to this goal by providing insights for evaluating and mitigating bias in VLE-based 

predictive models. Our main contributions are as follows: 

1. A systematic study of accuracy and fairness for student performance prediction across demographic subgroups in a 

large-scale data environment. 

2. Empirical evaluation of the effectiveness of various bias mitigation techniques for improving fairness. 

3. A systematic investigation of accuracy–fairness trade-offs and providing practical implications for equitable learning 

practices in VLEs. 

4. Providing comprehensive guidance and recommendations for practitioners and educators on how to improve their 

considerations while engaging with ML and AI applications in educational settings. 

2. Methods 

In this section, we first introduce the datasets utilized in our study and offer an initial analysis of their key features. 

Subsequently, we describe the ML algorithms selected for prediction tasks and discuss four approaches implemented to 

mitigate algorithmic bias. Further, we specify the evaluation metrics employed to assess both the predictive accuracy and 

fairness aspects of the models in our experimental setup. For this study we focus on four demographic populations namely 

gender, disability status, age group, and Index of Multiple Deprivation. 

2.1. Dataset 

The OULAD (Kuzilek et al., 2017) is an open-source benchmark dataset containing demographics, virtual learning activity, 

and performance outcomes for over 35,000 adult learners enrolled in online undergraduate and postgraduate courses at The 

Open University, a distance learning institute based in the United Kingdom. The dataset includes students typically aged from 

their early 20s to over 60 and covers seven courses. It provides detailed information on student demographics (e.g., gender, 

age, disability status); VLE activity (e.g., clicks on course materials); and performance outcomes (e.g., final grades). For our 

preprocessing steps, we aggregated the “Fail” and “Withdrawn” classes to represent the “Fail” outcome, while combining 

“Distinction” and “Pass” classes to represent the “Pass” outcome. This dichotomization aligns with our objective of predicting 

whether a student will successfully complete a course or not. We acknowledge that this aggregation may influence the bias in 

our model and will discuss this further in our limitations section. 

2.1.1. Participants and Features 

The dataset comprises various features, including student demographic information, engagement metrics (such as the number 

of clicks on learning resources), and performance indicators. These features are used to train ML models for predicting whether 

a student will pass or fail a course. A total of nine features from 25,690 students were included in our study, which includes 

binary, ordinary, and continuous variables. Table 1 summarizes the key numeric features used in this study, and Figures 1-4 

displays the categorical features. 

Table 1. Summary of Numeric Features in the OULAD Dataset 

Feature Mean Standard Deviation Minimum Median Maximum 

Number of Previous Attempts 0.161 0.474 0 0 6 

Studied Credits 77.76 39.06 30 60 630 

Number of Assessments 7.704 4.525 1 7 28 

Average Score 72.66 15.59 0 75.58 100 

Total Clicks 1,757.83 2,065.04 1 1,052 28,615 

Table 1 summarizes the key numeric features from the OULAD, which includes various attributes related to student 

engagement and performance. The features summarized in this table provide insights into the student academic behaviours and 

outcomes, and are as follows: 

Number of Previous Attempts indicates the number of previous attempts a student made to pass a course. The mean value 

of 0.16, with a standard deviation of 0.47, suggests that most students did not make multiple attempts. 
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Studied Credits represents the total number of credits a student studied, with an average of 77.76 and a standard deviation 

of 39.06. The data shows a wide range of studied credits, with a minimum of 30 and a maximum of 630, indicating varying 

levels of student engagement over multiple years. 

Number of Assessments captured the number of assessments a student has completed, with a mean of 7.70 and a standard 

deviation of 4.52. The number of assessments ranged from 1 to 28 and reflects the diversity in course requirements and student 

participation. 

Average Score reflects the average score a student achieved across assessments, with a mean of 72.66 and a standard 

deviation of 15.59. Scores ranged from 0 to 100, with a median score of 75.58, which indicates a generally high levels of 

performance among students. 

Total Clicks measures the total number of clicks a student made in the VLE, which served as a proxy for student 

engagement. The mean number of clicks was 1,757.83, with a substantial standard deviation of 2,065.04, indicating significant 

variability in student engagement. The number of clicks ranged from 1 to 28,615. 

2.1.2. Building the Ground Truth: Student Performance Outcome 

The following figures summarize key demographic attributes from the OULAD used in our analysis. This includes gender, 

disability status, age group, and Index of Multiple Deprivation (IMD), which is a socioeconomic indicator. 

 

Figure 1. Distribution of IMD. 

IMD: This feature categorizes students based on the  

IMD band. The dataset includes 10 unique IMD bands,  

with the 30–40% band being the most frequent,  

representing 2,889 students. These unique IMD bands  

were aggregated into two categories: 0%–59%  

indicating privileged (less deprived) and 60% or above 

indicating underprivileged (more deprived) students. 

 

Figure 2. Distribution of Age. 

Age_band: This feature classifies students into three  

age groups. The most common age group is 0–35,  

with 17,985 (70%) students falling into this  

category, indicating a younger demographic  

predominantly participating in the courses. 

 

Figure 3. Distribution of Disability. 

Disability: This binary feature indicates whether a student  

has a disability. Most students, 23,178 (90%), do not  

have a disability, highlighting the distribution of  

students with and without disabilities. 

 

Figure 4. Distribution of Gender. 

Gender: This feature records the gender of students. There are 

two unique values, with 11,604 (45%) students identified as 

female, providing a gender distribution in the dataset. 
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In this study, we define the ground truth for student performance based on the final course grades available in the OULAD 

dataset. The dataset provides information on student final results, which are categorized into four classes: Distinction, Pass, 

Fail, and Withdrawn. For our binary classification task, we combine the Distinction and Pass classes to represent the “Passed” 

outcome. The Fail and Withdrawn classes are combined to represent the “Failed” outcome. This dichotomization aligns with 

our objective of predicting whether a student will successfully complete a course or not. 

It is important to acknowledge that using final course grades as the ground truth for student performance has its limitations. 

Grades may not fully capture the multidimensional aspects of learning, such as knowledge acquisition, skill development, and 

personal growth. Moreover, grading practices may vary across courses and instructors, introducing potential inconsistencies in 

the ground truth labels. However, given the available data in the OULAD dataset and the common use of grades as performance 

indicators in educational research, we consider final course grades as a reasonable proxy for student performance in this study. 

Future work could explore alternative or complementary measures of student success, such as self-reported learning outcomes 

or post-course assessments, to provide a more comprehensive evaluation of performance in VLEs. 

2.2. Model Evaluation 

In our study, we employed two commonly utilized ML algorithms to analyze the dataset: Logistic Regression (LR) and extreme 

gradient boosting (XGBoost). LR, a linear classification model, has been widely applied in various domains (Yu et al., 2011), 

while XGBoost, a powerful boosting technique, has gained popularity due to its exceptional performance (Chen & Guestrin, 

2016). Rather than exploring the intricacies of these algorithms, our research focuses on their practical implementation and the 

assessment of their fairness metrics to provide insights on the applications ML models in educational settings. 

To evaluate the performance of the LR and XGBoost models, we utilized k-fold cross-validation, a robust technique for 

model validation. The value of k was set to 10 for the datasets in our study. Additionally, we employed nested cross-validation, 

a method that allows for the optimization of hyperparameters while maintaining an unbiased assessment of model performance. 

This approach ensures that the models are fine-tuned to achieve the best possible results without overfitting to the specific 

characteristics of the dataset. 

2.2.1. Performance Metrics 

To assess the predictive capabilities of the machine learning models, we utilized two commonly employed evaluation metrics: 

the area under the receiver operating characteristic curve (AUC-ROC; Fawcett, 2006) and the balanced accuracy (BAcc; Wei & 

Dunbrack, 2013). The AUC-ROC serves as a measure of a model’s discriminative power by quantifying the area beneath the 

curve generated by plotting true positive rates against false positive rates across a range of classification thresholds (Fawcett, 

2006). This metric comprehensively assesses the model’s ability to distinguish between different classes. 

In contrast, BAcc is calculated by taking the average of sensitivity and specificity, making it particularly suitable for 

datasets with imbalanced class distributions, a common occurrence in educational data (Brodersen et al., 2010). By considering 

both the model’s ability to accurately identify students who pass (sensitivity) and those who fail (specificity), BAcc offers a 

balanced evaluation of model performance, aligning with the objective of predicting student success or failure. 

When investigating the trade-off between fairness and accuracy, we prioritize BAcc as it represents the model’s 

performance at a specific decision threshold. This is particularly relevant in real-world scenarios where a fixed threshold is 

applied for classification purposes (Gardner et al., 2019). By focusing on BAcc, we can gain insights into the model’s practical 

utility and its ability to make fair and accurate predictions at a given threshold (Fawcett, 2006). 

We use both Balance Accuracy (BAcc) and AUC-ROC in our analysis for their complementary strengths. AUC-ROC 

provides an overall measure of model performance across all possible classification thresholds, BAcc focuses on model 

performance at a specific decision threshold, which is more relevant for assessing fairness in practical applications. 

2.2.2. Fairness Metrics 

In this study, we concentrated on the concept of group fairness (Bellamy et al., 2018), which necessitates that a model exhibits 

comparable performance across all subgroups defined by a particular attribute (Verma & Rubin, 2018). Specifically, we 

considered the equal opportunity criterion, which stipulates that a binary classifier can be deemed fair if the true-positive rates 

(TPR) are consistent across different groups (Dwork et al., 2011; Hardt et al., 2016). 

We employed two fairness evaluation criteria to assess the fairness of the machine learning models in theoretical and 

contextual applications: the Equal Opportunity Difference (EOD; Hardt et al., 2016) and the Average Odds Difference (AOD; 

Bellamy et al., 2018), respectively. These metrics provide a comprehensive understanding of model fairness across different 

subgroups, namely gender, age, Index of Multiple Deprivation (IMD), and disability status. 

(1) Equal Opportunity Difference (EOD) 

The Equal Opportunity Difference (EOD) focuses on the true positive rates (TPR) across different subgroups defined by a key 

demographic attribute. A classifier is considered fair under the equal opportunity criterion if the TPRs are consistent across all 

subgroups (Hardt et al., 2016). EOD measures the maximum disparity in TPR between any two subgroups, with a value of 0 

indicating perfect fairness. 
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Here, a value of 0 denotes perfect fairness (Hardt et al., 2016). This metric provides a practical and attainable measure of 

fairness by ensuring that the model’s ability to correctly identify positive instances remains consistent across demographic 

subgroups. The mathematical definition of the metric is adapted from Hardt et al. (2016) as follows: 

Consider a dataset , where  denotes the non-key demographic attributes,  represents the target variable, 

and  is the key demographic attribute. Let  be the predicted labels generated by a machine learning model. We define  as 

the set of possible class labels. In this study, we focused on binary classification tasks, i.e., , with  for a 

fail or pass. Let  denote the set of unique values that the key demographic attribute  can take. For instance, if the key 

demographic attribute is “race,” then . A subgroup of the population, denoted as 

, is defined as all the samples in the dataset  that have the same value  for the key demographic attribute . 

The True Positive Rate (TPR) for a specific subgroup  is defined as: 

 

This represents the probability of a positive prediction ( ) given that the true label is positive ( ) and the key 

demographic attribute value is . 

The Equal Opportunity Difference (EOD) can then be defined as: 

 

Again, EOD measures the maximum disparity in TPR across all subgroups defined by the key demographic attribute . A 

lower EOD value indicates better fairness, with  representing perfect equality of opportunity across all subgroups. 

In our study, we prioritized the equal opportunity criterion, as our educational experts support the idea that fairness should 

ensure that students at risk of failing are equally identified across groups so that they are fairly provided with the necessary 

support and accommodations. This objective aligns with previous studies in ML for educational applications (Gardner et al., 

2019; Hu & Rangwala, 2020). 

(2) Average Odds Difference (AOD) 

The Average Odds Difference (AOD; Bellamy et al., 2018) is a fairness metric that assesses the equalized odds criterion, which 

requires a classifier to have both similar true positive rates (TPR) and false positive rates (FPR) across all subgroups (Hardt 

et al., 2016). AOD measures the average difference between the TPR and FPR across all subgroups, providing an aggregate 

assessment of the classifier’s fairness (Bellamy et al., 2018). 

While achieving perfect equality of these rates for all subgroups in real-world scenarios is challenging, AOD provides a 

comprehensive evaluation of model fairness by considering both TPR and FPR. This metric complements the EOD in our 

analysis, offering a more stringent fairness assessment. As such, we also used the Average Odds Difference (AOD) metric to 

quantify the equalized odds criterion. 

For this study, if the false positive rate (FPR) for a specific subgroup  is defined as 

 

then, AOD can be described as: 

 

Contextually, we focused on developing efficient predictive models for student performance in VLEs. At this point, 

overestimating student performance (i.e., students who are predicted to pass but fail) has more severe implications, as these 

students may miss crucial interventions and support. This can lead to a false sense of security and overlooked learning struggles, 

increasing the risk of failure. Educational experts support the idea that the focus on fairness should be on ensuring all at-risk 

students, including those who might not initially seem destined to fail, are equally identified across groups to receive necessary 

support and accommodation. This objective aligns with the use of the equal opportunity criterion, which is also considered by 

previous studies in ML for educational applications (Gardner et al., 2019; Hu & Rangwala, 2020). 

When expert opinions are unavailable, an alternative fairness objective is the equalized odds criterion (Hardt et al., 2016), 

which imposes a more rigorous standard than the equal opportunity criterion (Hardt et al., 2016). According to the equalized 

odds criterion, a classifier is considered fair if it maintains consistent true positive rates (TPR) and false positive rates (FPR) 

across all subgroups. This means that the differences in both the TPR and FPR between different subgroups should be minimal 

or zero, as the following mathematical definition provided by Hardt et al. (2016) 
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and 

 

where both the TPR and FPR are constrained by a small value  , indicating that smaller differences across different groups 

denote better fairness of the models. 

For this study, if the false positive rate (FPR) for a specific subgroup  is defined as: 

 

then, AOD can be described as: 

 

The factor ½ in the AOD equation normalizes the sum of the absolute differences in the true positive rates and false positive 

rates, ensuring the AOD values falls between 0 and 1 for easier interpretation and comparison. 

2.2.3. Bias Mitigation Techniques 

Based on our review of existing bias mitigation techniques and their applicability with VLE data, we selected four approaches 

for our study: Reweighing (RW), Suppression (SUP), Disparate Impact Remover (DIR), and Calibrated Equalized Odds Post-

processing (CPP). These techniques were chosen for their complementary strengths and their potential to address different 

aspects of bias in our predictive models. 

RW and SUP are preprocessing techniques that aim to adjust the training data to reduce bias. RW assigns weights to samples 

based on their group and label combinations, while SUP removes potentially biasing attributes from the dataset. These methods 

have shown promise in addressing representation biases but may have limitations in capturing complex interactions between 

features. 

DIR is a preprocessing technique that adjusts feature distributions to reduce disparate impact, offering a balance between 

bias mitigation and preservation for predictive power. CPP, on the other hand, is a post-processing technique that adjusts model 

output to satisfy fairness constraints. By including both pre- and post-processing methods, we aim to compare their 

effectiveness in the VLE context and identify potential synergies or trade-offs between these approaches. 

3. Results and Discussion 

In the following analysis, we investigate the performance of the LR and XGBoost models and the impact of bias mitigation 

techniques on their performance. To begin, we trained the ML models on the dataset and assessed their predictive capabilities 

alongside any presence of unfair bias. Subsequently, we applied a range of bias mitigation approaches to these models and 

evaluated their effectiveness by examining the trade-offs between predictive performance and fairness in the modified versions. 

This investigation was conducted using the OULAD dataset, which focuses on predicting student academic outcomes. 

3.1. Initial Model Performance and Assessment 

We evaluated the predictive performance and fairness of the LR and XGBoost models on the OULAD dataset, considering 

various key demographic attributes such as gender, age, disability, and socioeconomic status. Table 2 presents the AUC-ROC 

precision, recall, F1-score, accuracy, macro average, and weighted average metrics for the baseline models without any bias 

mitigation. 

The LR model achieved an accuracy of 75%, with a macro average precision, recall, and F1-score all at 0.74. The AUC-

ROC score for the logistic regression model is 0.8328, indicating a good ability to distinguish between the pass and fail classes. 

Table 2. Logistic Regression Classification Report 

Metric Precision Recall F1-Score Support 

Class - Fail 0.71 0.70 0.71 11,039 

Class - Pass 0.78 0.79 0.78 14,651 

Accuracy   0.75 25,690 

Macro Avg 0.74 0.74 0.74 25,690 

Weighted Avg 0.75 0.75 0.75 25,690 

The XGBoost model achieved an accuracy of 74%, with macro average precision, recall, and F1-score all at 0.74. The 

AUC-ROC score for the XGBoost model is 0.8433, which is slightly higher than that of the LR model, indicating marginally 

better performance in distinguishing between the pass and fail classes. 
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Table 3. XGBoost Classification Report 

Metric Precision Recall F1-Score Support 

Class - Fail 0.69 0.72 0.71 11,039 

Class - Pass 0.78 0.76 0.77 14,651 

Accuracy   0.74 25,690 

Macro Avg 0.74 0.74 0.74 25,690 

Weighted Avg 0.74 0.74 0.74 25,690 

Both models demonstrate robust performance in predicting student success in a VLE, with XGBoost showing a slight edge 

in terms of AUC and ROC curve (Figure 5). These results from the baseline for evaluating the impact of bias mitigation 

techniques on model fairness and performance. The plot showcases the true positive rates (TPRs) for both the baseline 

outcomes. 

Figure 5. AUC-ROC curves comparing the performance of  

Logistic Regression and XGBoost classifiers on the OULAD. 

These findings suggest that the predictive performance of ML models improves with larger training datasets, as illustrated 

by the OULAD dataset. Figure 6, a comparative analysis of group-specific true positive rates (TPRs) for LR classifiers, presents 

both baseline and post-mitigation outcomes. It showcases the true positive rates (TPR) for both the baseline and fair-aware LR 

models across the OULAD dataset and key demographic attributes. This provides a thorough comparison of fairness 

performance before and after bias mitigation. The plots reveal biases in the baseline classifier performance across different 

subgroups. As evident from the varying prevalence rates and unequal true positive rates (TPRs). These biases suggest disparate 

impact based on factors such as sex, age, index of multiple deprivation and disability. The top section is the base chart (before 

any bias mitigation is applied) and the bottom part displays the same model after mitigation has been applied. Additionally, we 

used Tukey’s (1949) range test to conduct pairwise comparisons among groups, identifying statistically significant differences 

in TPR and FPR. We also mapped the 95% confidence intervals for these comparisons. 

In Figure 6, each plot displays the results for a specific Dataset-Protected Attribute combination, with paired rows 

comparing the baseline classifiers to the bias-mitigated classifiers. The plots report the best outcomes from the tested bias 

mitigation algorithms. Points represent the mean TPR, with error bars indicating 95% confidence intervals derived from k-fold 

cross-validation. The baseline classifiers frequently exhibit biased behaviour due to factors such as inadequate representation, 

varying prevalence rates across groups, unequal feature distribution, or a combination of these factors within the four key 

demographic attributes. The comparative analysis across these demographic subgroups highlights the inherent biases present 

in the initial machine learning models and the effectiveness of different bias mitigation techniques. The DIR technique 

successfully aligns the TPRs across gender, age, and disability subgroups, although some residual bias remains. The SUP 

technique effectively mitigates biases related to socioeconomic status, as evidenced by the IMD analysis. 
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Figure 6. A comparative analysis of True Positive Rates (TPR) for various demographic subgroups (gender, age,  

disability, and IMD band) across different fairness conditions in VLEs using the OULAD. In each plot, colours are used  

to differentiate feature levels: red represents females and blue represents males in the gender subgroup analysis; green, 

orange, and purple represent different age bands (0–35, 35–55, 55+) in the age analysis; green and orange represent 

“Privileged” and “Underprivileged” categories in the IMD band analysis; and green and orange indicate “Yes” and “No”  

for disability status. Error bars indicate confidence intervals for the TPR estimates. This analysis aims to evaluate the 

effectiveness of different bias mitigation techniques on machine learning models, specifically focusing on LR classifiers. 

Gender Analysis 

Base Model (Gender): In Figure 6, the top plot shows the TPR for male and female students without any bias mitigation. The 

female subgroup (red) demonstrates a higher TPR compared to the male subgroup (blue), indicating a potential bias where the 

model predicts better for female students. 

Disparate Impact Remover (Gender): In Figure 6 the bottom plot depicts the TPR after applying the Disparate Impact 

Remover (DIR) technique. Post-mitigation, the TPR for males and females is more balanced, though some disparity still exists, 

showing the effectiveness of DIR in reducing gender bias. 

Age Analysis 

Base Model (Age): In Figure 6, the top plot represents TPRs for different age groups (0–35, 35–55, 55+) in the base model. 

There is a noticeable disparity, with the youngest age group (0–35) having the highest TPR and the oldest age group (55+) 

having the lowest TPR, indicating an age bias in the predictions. 

Disparate Impact Remover (Age): The bottom plot shows TPRs after applying DIR. The TPRs for all age groups are more 

closely aligned, indicating that DIR effectively mitigates age-related biases, although the oldest age group still lags slightly 

behind. 

IMD Analysis 

Base Model (IMD): The top plot illustrates the TPR for privileged and underprivileged groups based on the Index of Multiple 

Deprivation (IMD) in the base model (see Figure 6). The privileged group shows a slightly higher TPR, suggesting a bias 

favouring more privileged students. 

Suppression (IMD): After applying the SUP technique, the bottom plot shows the TPR. The TPRs for both groups are now 

closer, indicating that SUP effectively reduces bias related to socioeconomic status (see Figure 6). 

Disability Analysis 

Base Model (Disability): The top plot shows the TPR for students with and without disabilities in the base model. There is a 

clear disparity, with non-disabled students having a higher TPR compared to disabled students, indicating a bias against 

disabled students (see Figure 6). 

Disparate Impact Remover (Disability): The bottom plot shows the TPR after applying DIR. The TPRs for both groups are 

more aligned, demonstrating DIR’s effectiveness in mitigating disability-related biases (see Figure 6). 

3.2. Model Performance with Bias Mitigation 

We evaluated the effectiveness of bias mitigation techniques by comparing fairness metrics between the baseline models and 

those obtained after applying these techniques. In VLEs, it is vital to ensure that the quest for fairness does not decrease the 

identification of at-risk students. The balance between fairness and accuracy, where improving fairness can sometimes reduce 
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predictive performance, is widely discussed in literature (Carey & Wu, 2023; Caton & Haas, 2023). In educational contexts, 

compromising accuracy for fairness can be problematic, as it may delay necessary support for struggling students. Thus, our 

goals are to improve accuracy and reduce discrimination. Figure 7 presents a comparative analysis of balanced accuracy versus 

equal opportunity difference (EOD) across four key demographic attributes - gender, age, IMD, and disability - in VLEs using 

LR models and various bias mitigation techniques. 

Figure 7. The accuracy–fairness trade-off, as measured by the Equal Opportunity Difference (EOD) and  

Balanced Accuracy (BAcc), is illustrated for the original model and the classifiers obtained after applying four  

bias mitigation techniques to the LR models. Each data point represents the average BAcc for TRP, while the error  

bars depict the standard deviation across the k-fold cross-validation procedure. The plots are organized to display  

the results for each subgroup, considering specific combinations of datasets and key demographic attributes. 

Gender 

In the context of gender in Figure 7, the LR model’s balanced accuracy hovers around 0.78 for all bias mitigation techniques. 

The EOD remains relatively low, indicating minimal disparity in true positive rates between male and female students. This 

suggests that the mitigation techniques effectively reduce bias without significantly compromising the model’s accuracy. The 

effectiveness of such bias mitigation is crucial as highlighted by Fenu et al. (2022), who stress the importance of gender fairness 

in educational AI systems. 

Age 

For age, the chart in Figure 7 shows a substantial spread in both balanced accuracy and EOD. The Calibrated Equalized Odds 

Post-processing (CPP) method exhibits a lower accuracy and a high EOD, suggesting it struggles to balance fairness and 

performance for this attribute. In contrast, the other techniques manage to keep the EOD minimal while maintaining higher 

accuracy. This finding aligns with the challenges discussed by Caton and Haas (2023) and Corbett-Davies et. al., (2023), who 

emphasize the trade-offs between fairness and accuracy, especially in educational settings where different age groups may 

have varying learning capabilities and access to resources. 

IMD 

The IMD analysis in Figure 7 indicates that many bias mitigation techniques achieve balanced accuracy close to 0.78 with 

minimal EOD. However, the CPP method again shows a significant drop in accuracy coupled with a higher EOD, reflecting a 

struggle to achieve equity without sacrificing performance. This resonates with the findings of Zhang et al. (2023), who discuss 

the inherent difficulties in addressing socioeconomic disparities through algorithmic interventions. 

Disability 

For disability in Figure 7, the models demonstrate a wide variation in balanced accuracy and EOD, with the CPP method 

showing the largest disparity. This suggests that while some techniques like DIR and RW manage to keep both metrics at 

reasonable levels, the CPP method struggles significantly. This outcome supports the literature on educational fairness, such 

as the work by Kizilcec and Lee (2022), which highlights the complexities of mitigating bias for students with disabilities, 

given their diverse needs and interactions with the learning environment. 

3.3. Summary of Analysis 

The results underscore the complex relationship between fairness and accuracy in VLEs, echoing the ongoing discussions in 

the literature about algorithmic fairness. As Kizilcec and Lee (2022) note, applying fairness techniques in educational settings 

requires careful consideration of the specific context and the key demographic attributes involved. The varied performance of 

bias mitigation techniques across different attributes in this study highlights the need for tailored approaches to algorithmic 

fairness, rather than one-size-fits-all solutions. 
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Moreover, the significant challenges faced by the CPP method in this analysis align with the broader critique of post-

processing techniques, as discussed by Pleiss et al. (2017), who argue that while post-processing can address disparities in 

outcomes, it often does so at the cost of predictive performance. 

The comparative analysis presented in this chart emphasizes the importance of selecting appropriate bias mitigation 

techniques for different key demographic attributes in virtual learning environments. The findings suggest that while some 

debiasing methods like DIR and RW can balance fairness and accuracy effectively, others like CPP and SUP may introduce 

significant trade-offs. These insights are crucial for developing fair and effective educational AI systems, contributing to the 

broader discourse on algorithmic fairness in education. 

4. Discussion 

The increasing adoption of ML in VLEs has brought to light the critical issue of algorithmic bias in education. While predictive 

models have the potential to provide insights regarding personalizing learning experiences and identifying at-risk students for 

timely interventions, they also risk perpetuating or amplifying existing biases and inequities in education (Kizilcec & Lee, 

2022; Xu et al., 2022). For example, models trained on historical data may reflect societal biases related to gender, race, or 

socioeconomic status, leading to disparate impacts on certain student populations. Additionally, biased predictive models may 

reinforce stereotypes, limit opportunities, or misallocate resources, exacerbating achievement gaps and hindering educational 

equity. 

This study aimed to investigate the presence of bias in standard ML approaches applied to VLE data and evaluate the 

effectiveness of various bias mitigation techniques in promoting fairness across demographic subgroups. The findings 

contribute to the growing body of research on algorithmic fairness in higher education and highlight the importance of 

developing context-specific and nuanced approaches to ensure equitable outcomes for all students. As VLEs continue to play 

a significant role in shaping the educational experiences of college and university students, addressing algorithmic bias 

becomes crucial for promoting inclusive and equitable learning environments. 

4.1. Uncovering Bias in Conventional ML Approaches 

The results of this study demonstrate that standard machine learning approaches, such as LR and XGBoost, can exhibit biased 

performance. The initial model assessment revealed disparities in true positive rates (TPRs) across various demographic 

subgroups, including gender, age, socioeconomic status (IMD), and disability. These findings align with previous research 

highlighting the presence of bias in educational AI systems (Kizilcec & Lee, 2022; Xu et al., 2022). 

The observed biases can be attributed to several factors, such as inadequate representation of certain subgroups in the 

training data, varying prevalence rates across groups, and unequal feature distributions (Li et al., 2024). These factors can lead 

to models that systematically disadvantage students from historically marginalized groups, perpetuating educational inequities 

(Gardner et al., 2019; Li et al., 2024). The findings underscore the importance of auditing predictive models for fairness and 

applying debiasing interventions to ensure equitable student support. As Fenu et al. (2022) emphasize, addressing algorithmic 

bias is crucial for developing fair and inclusive educational AI systems that cater to the diverse needs of all students. 

4.2. Effectiveness of Bias Mitigation Techniques 

The comparative analysis of bias mitigation techniques demonstrates that algorithmic fairness can be improved in predictive 

models for student learning performance. The application of methods such as DIR, RW, and SUP effectively reduced disparities 

in TPRs across demographic subgroups, as evidenced by the decreased EOD values. The effectiveness of these techniques 

varied across key demographic attributes, highlighting the need for context-specific approaches to algorithmic fairness. While 

DIR showed considerable success in mitigating biases related to gender, age, and disability, SUP was particularly effective in 

addressing socioeconomic disparities captured by the IMD. 

These findings contribute to the growing body of literature on algorithmic fairness in education (Kizilcec & Lee, 2022) by 

demonstrating the potential of bias mitigation techniques to promote equity in VLE-based predictive models. However, the 

residual biases observed in some cases underscore the challenges of achieving perfect fairness and the need for ongoing 

research and refinement of debiasing methods. 

4.3. Navigating the Accuracy–Fairness Dilemma 

The analysis of the accuracy–fairness trade-off reveals the complex relationship between these two objectives in VLE-based 

predictive models. While some bias mitigation techniques, such as DIR and RW, improved fairness metrics (EOD) while 

maintaining relatively high balanced accuracy (BAcc), others, like CPP, exhibited significant drops in accuracy coupled with 

higher EOD values. These findings align with the broader discourse on the inherent tensions between fairness and accuracy in 

algorithmic decision-making (Caton & Haas, 2023). In educational contexts, compromising accuracy for fairness can be 

particularly problematic, as it may lead to delayed or inadequate support for struggling students. However, the results also 

suggest that the accuracy–fairness trade-off is not always inevitable. The success of techniques like DIR and RW in balancing 
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these objectives indicates that carefully designed and context-specific interventions can help mitigate biases while preserving 

predictive performance (Fenu et al., 2022). 

The varied performance of bias mitigation techniques across different key demographic attributes highlights the need for 

nuanced approaches to algorithmic fairness in education. As Kizilcec and Lee (2022) argue, developing fair and effective 

educational AI systems requires a deep understanding of the specific contexts, the key demographic attributes involved, and 

the potential impact of algorithmic decisions on student outcomes. Moreover, the challenges faced by post-processing 

techniques like CPP in this study echo the broader critiques of these methods, which often address disparities in outcomes at 

the cost of predictive performance (Pleiss et al., 2017). This underscores the importance of considering alternative approaches, 

such as preprocessing and in-processing techniques, to pursue algorithmic fairness. 

5. Limitations and Future Research 

Despite the practical implications our study has offered, there are still some limitations necessitating further investigations. 

One limitation of our study is the aggregation of “Fail” and “Withdrawn” categories into a single “Failed” outcome. Although 

this simplification supports our binary classification goal, it may obscure subtle nuances inherent in multi-class settings, 

potentially masking important distinctions between the two groups and introducing or amplifying biases in our model. 

Future research could investigate more nuanced outcome categories or assess the impact of aggregation on model fairness 

and accuracy. Our analysis primarily relied on the OULAD dataset, which, while comprehensive, may not fully represent 

diverse virtual learning environments (VLEs) or student populations. Although the study yielded valuable insights, it did not 

account for various influential factors in real-world teaching and learning contexts, potentially limiting its contributions. 

Additionally, our focus on four common bias mitigation techniques leaves room for exploring alternative approaches that may 

yield different results. Lastly, the performance metrics used (AUC-ROC and BAcc) may not fully capture all aspects of model 

performance and fairness. 

Lastly, we did not evaluate the long-term effects of these mitigation strategies in real-world educational settings. To enhance 

algorithmic fairness in VLE predictive analytics, we recommend best practices such as collecting and preprocessing VLE data 

with fairness in mind, assessing model fairness across multiple key demographic attributes and metrics, applying and 

comparing various bias mitigation techniques, and engaging in transparent communication and collaboration with educational 

stakeholders. 

As the field continues to evolve, ongoing research and collaboration between educators, researchers, and policymakers will 

be crucial in advancing algorithmic fairness and ensuring that AI-driven interventions in education serve to narrow, rather than 

widen, achievement gaps. 

6. Conclusion 

The findings of this study contribute to the growing body of research on algorithmic fairness in education by demonstrating 

the presence of bias in AI predictive models and the potential of bias mitigation techniques to promote equity. The results 

highlight the complexity between fairness and accuracy, emphasizing the need for context-specific and nuanced approaches to 

developing fair and effective educational AI systems. The overall analytical pipeline outlined in our study provides a roadmap 

for further exploration and innovation in the field of algorithmic fairness in education. By expanding the scope of analysis, 

investigating long-term impacts, developing tailored mitigation techniques, exploring hybrid approaches, conducting 

qualitative research, examining ethical intersections, and fostering interdisciplinary collaboration, researchers can continue to 

push the boundaries of knowledge and practice in this critical area. 
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