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Abstract

The integration of artificial intelligence (AI) and machine learning (ML) into education has
transformed how student performance is predicted and monitored. Despite these advances,
concerns regarding fairness, transparency, interpretability, and potential demographic bias remain
significant challenges in educational prediction systems. This study developed ethically aligned and
interpretable ML models for predicting student academic performance using only behavioural
engagement and academic context variables. The open-access xAPI-Edu-Data dataset containing
480 student records was obtained from Kaggle. Four supervised algorithms, Multinomial Logistic
Regression, Decision Tree, Random Forest, and XGBoost, were implemented in Python 3.11 using
Scikit-learn, SHAP, and LIME frameworks. To minimise data leakage, all preprocessing operations,
including standardisation and categorical encoding, were embedded within a Scikit-learn Pipeline
fitted exclusively on the training folds. A stratified train/validation/test split (70%/15%/15%) with
random_state = 42 was employed, while hyperparameters were optimised using five-fold cross-
validation on the training and validation sets only. Model performance was evaluated using accuracy,
macro F1-score, ROC-AUC, Brier Score, and Expected Calibration Error (ECE). Results showed
that Random Forest achieved the best overall performance and calibration, while Logistic
Regression provided superior interpretability. Across all models, visited_resources and raisedhands
consistently emerged as the strongest predictors of academic achievement, emphasising the
importance of student engagement behaviours. The study demonstrates that fairness-by-design
prediction systems that exclude demographic variables can support equitable and actionable early-
warning interventions. The novelty of the study lies in its ethically grounded and deployment-
oriented framework for interpretable educational prediction in resource-constrained contexts.
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INTRODUCTION

Artificial intelligence (AI) and machine learning (ML) are increasingly changing the way educational

systems operate, influencing not only how students learn but also how institutions assess

performance, monitor engagement, and make academic decisions. Across schools and universities,

AI-supported systems are now being used to analyse learner data, identify students who may be

academically at risk, automate aspects of assessment, and support evidence-based institutional

planning (Ahmed et al., 2024; Wang et al., 2024). These developments reflect a broader movement

toward data-informed education, where predictive insights can help educators intervene earlier,

personalise instructional support, and improve overall learning outcomes (Vieriu & Petrea, 2025). In

many respects, educational systems are shifting from reactive approaches, where intervention occurs

only after poor performance becomes visible, toward proactive models capable of identifying

potential learning difficulties before they escalate.

Despite these promising developments, the growing use of AI in education has also generated

serious ethical and pedagogical concerns. One of the most persistent challenges relates to fairness.

Predictive algorithms trained on historical educational data may unintentionally reproduce

inequalities already embedded within those datasets, particularly when demographic variables such as

gender, nationality, or socio-economic status are included in model training (Bulut et al., 2024; Wang

et al., 2024). Consequently, systems designed to support students may instead reinforce existing

disadvantages. Another major concern involves transparency. Many advanced ML models, especially

ensemble and deep learning systems, often function as “black boxes,” producing highly accurate

predictions without clearly explaining how those predictions are generated (Linardatos et al., 2021;

Gunasekara & Saarela, 2025). While such systems may offer strong predictive performance, their

opacity creates difficulties for educators who must justify algorithm-informed decisions in real

educational settings. As a result, there is increasing recognition that educational AI systems should

not be evaluated solely based on predictive accuracy. They must also be interpretable, ethically

defensible, transparent, and aligned with educational values.

Within the area of student performance prediction, research has expanded considerably over the last

decade. Educational data mining and learning analytics studies have applied ML algorithms to

predict academic achievement, course completion, learner engagement, and dropout risk using

behavioural logs, assessment records, demographic profiles, and institutional datasets (Arizmendi et
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al., 2023). Ensemble approaches such as Random Forest and boosting algorithms frequently

outperform traditional statistical models because they can capture complex and non-linear

relationships among educational variables more effectively (Ayulani et al., 2023). However, the

increasing sophistication of these predictive systems has often come at the expense of

interpretability. Even highly accurate models may struggle to explain why specific predictions are

made, particularly when differentiating between students with moderate and high achievement levels

(Deep Interpretable Ensembles, 2022). This creates a central challenge within educational AI

research: how to develop systems that achieve strong predictive performance while remaining

transparent, trustworthy, and educationally meaningful.

This study responds to this challenge by proposing an ethically grounded and explainable framework

for student performance prediction. Unlike many previous studies that depend heavily on

demographic variables to improve predictive accuracy, the present study focuses primarily on

behavioural engagement and academic context variables. Specifically, the study examines indicators

such as visited_resources, raisedhands, announcements_view, discussion participation, topic, stage

level, grade category, and semester. These variables were selected because they are both

pedagogically actionable and institutionally meaningful. Educators can intervene when students

demonstrate reduced engagement with learning materials or classroom participation, whereas

demographic characteristics are largely immutable and ethically sensitive. By prioritising behavioural

engagement indicators, the study aligns with fairness-aware machine learning principles that

emphasise the use of modifiable and educationally relevant predictors (Bulut et al., 2024; Ferrara,

2024).

The study also adopts a comparative modelling approach that balances predictive sophistication with

interpretability. Four ML algorithms were evaluated: Multinomial Logistic Regression, Decision Tree,

Random Forest, and XGBoost. Logistic Regression served as a transparent baseline model capable

of providing interpretable probability estimates, while the Decision Tree model offered explicit rule-

based explanations. Random Forest and XGBoost represented more advanced ensemble methods

capable of modelling non-linear interactions and complex behavioural relationships. Comparing

these models allowed us not only to determine which classifier achieved the strongest predictive

performance but also to examine how varying levels of algorithmic complexity influence

interpretability, calibration reliability, and practical educational usefulness.
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In addition to predictive accuracy, the study places strong emphasis on explainability and ethical

transparency. Educational prediction systems are most valuable when educators can understand how

and why predictions are generated. For this reason, the study incorporated SHAP (Shapley Additive

Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) to examine both global

and local feature contributions. SHAP was used to identify how behavioural variables influenced

predictions across the entire dataset, while LIME provided instance-level explanations for

representative student cases. Furthermore, the study extended beyond traditional discrimination

metrics by incorporating calibration measures such as Brier Score and Expected Calibration Error

(ECE). These metrics assess whether predicted probabilities align closely with actual student

outcomes, an important consideration for educational early-warning systems where inaccurate

confidence estimates may lead to inappropriate interventions or misallocation of institutional

support resources (Cabot & Ross, 2023).

The relevance of this work is particularly important within African higher-education contexts, where

educational data systems are often fragmented, technological infrastructure may be uneven, and trust

in AI-driven decision-making is still developing. In such environments, institutions may be reluctant

to adopt highly opaque predictive systems that offer little pedagogical explanation. Tree-based

ensemble models such as Random Forest and XGBoost provide practical advantages because they

can manage heterogeneous educational data effectively while requiring relatively limited feature

engineering (Du Plooy et al., 2024). However, without interpretability and ethical safeguards, even

technically strong systems may struggle to gain institutional acceptance. By integrating explainability,

calibration analysis, and fairness-aware modelling principles, this study contributes a more practical

and responsible framework for deploying AI within educational settings characterised by contextual

and infrastructural complexity.

Methodologically, the study used the open-access xAPI-Edu-Data dataset and modelled academic

achievement as a three-category outcome consisting of Low, Middle, and High achievement levels.

To minimise data leakage and improve methodological reliability, all preprocessing operations were

embedded within a Scikit-learn Pipeline fitted exclusively on the training folds. Behavioural variables

were standardised using z-score normalisation, while categorical variables were transformed through

one-hot encoding. The dataset was partitioned using a stratified train/validation/test procedure to
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preserve class distributions across subsets, and model performance was evaluated using accuracy,

macro F1-score, ROC-AUC, calibration metrics, and interpretability analyses.

The overarching aim of this study is therefore to develop and evaluate ethically aligned and

explainable ML models capable of predicting student academic performance using behavioural

engagement and academic context variables alone. Through this objective, the study seeks to

contribute to ongoing discussions on fairness-aware educational AI by demonstrating how

predictive systems can balance technical performance with transparency, interpretability, and ethical

responsibility. Specifically, the study addresses four research questions: (1) Which classifier provides

the best balance between predictive accuracy, calibration reliability, robustness, and interpretability?

(2) Which behavioural engagement and academic context variables exert the strongest influence on

prediction outcomes? (3) What class-wise misclassification patterns emerge across the models? and

(4) To what extent do SHAP and LIME explanations reveal meaningful and ethically defensible

behavioural prediction patterns while minimising proxy bias? Addressing these questions contributes

to a more responsible and pedagogically grounded approach to AI-driven educational prediction

systems capable of supporting proactive and equitable student support strategies.

LITERATURE REVIEW

AI and Educational Assessment: Emerging Directions

Artificial intelligence (AI) has rapidly evolved from a peripheral innovation to a central pillar of

educational transformation. Its integration into assessment processes enables the automation of

routine scoring, diagnostic feedback, and predictive analytics for student outcomes (Bulut et al.,

2024; Wang et al., 2024). Through data-driven modelling, AI can reveal latent learning patterns,

assist instructors in providing timely interventions, and support evidence-based decision-making

(Garzón et al., 2025). These capabilities have been widely examined in both K–12 and tertiary

contexts, where adaptive systems and predictive algorithms are being used to model learner

engagement, mastery progression, and dropout risks (Arizmendi et al., 2023; Luo et al., 2025). In

higher education, predictive analytics is increasingly viewed as an instrument of precision pedagogy.

It allows early identification of at-risk learners, enabling academic advisors to design targeted

remediation before failure occurs (Baneres et al., 2020). For example, Kannan et al. (2024)

demonstrated that ensemble and deep-learning models could predict academic success with over 90
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per cent accuracy using student records and LMS engagement data. Similarly, Nunn et al. (2016)

noted that learning analytics can shift institutions from reactive to proactive models of student

support. Collectively, these findings confirm that machine learning (ML) algorithms, when applied

responsibly, can enhance teaching efficacy and learner retention. Nevertheless, the literature warns

that predictive precision alone does not equate to educational fairness. As highlighted by the

Organisation for Economic Co-operation and Development (OECD, 2023), unregulated AI

applications risk amplifying existing inequities if algorithms replicate historical biases. Educational

datasets often encode social hierarchies related to gender, nationality, or socioeconomic status

(Kizilcec & Lee, 2022). When predictive models are trained on such data, their outputs can

inadvertently disadvantage underrepresented students (Idowu et al., 2024; Ferrara, 2024).

Consequently, contemporary research increasingly advocates for responsible AI (RAI) frameworks

that integrate principles of transparency, fairness, accountability, and privacy into model

development (Bulut et al., 2024; Fartușnic et al., 2025).

Predictive Modelling in Education

Predictive modelling uses historical student data to estimate future academic outcomes ranging from

exam performance to dropout probabilities (Zhang et al., 2021; Ahmed, 2024). The rise of open-

source datasets such as xAPI-Edu-Data, Open University Learning Analytics Dataset (OULAD),

and MOOC learner trace has accelerated empirical research in this domain. These datasets contain a

combination of cognitive, behavioural, and contextual attributes, offering rich ground for model

development and comparative benchmarking. In traditional educational data mining, logistic

regression (LR) was long the preferred technique due to its simplicity, interpretability, and ease of

calibration (Tang et al., 2024). However, its linear assumption and sensitivity to multicollinearity

limit performance when relationships between variables are non-linear or hierarchical. Decision trees

(DT) improved on these limitations by using recursive partitioning to capture non-linear feature

interactions (Rohman et al., 2025). Yet single trees are prone to overfitting, especially in high-

dimensional data. Ensemble methods such as random forest (RF) and gradient boosting

(GBM/XGBoost) were developed to mitigate this through aggregation, yielding superior

generalisation accuracy across many educational contexts (Kesgin et al., 2025; Kalita et al., 2025).

Empirical studies consistently find that ensemble models outperform individual classifiers. For
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instance, Adefemi and Mutanga (2025) reported that a hybrid CNN-LSTM model surpassed RF and

LR baselines with an accuracy exceeding 98 per cent on benchmark student-performance data.

Similarly, Gunasekara and Saarela (2025) observed that tree-based ensembles achieved the best F1-

scores while maintaining partial interpretability through feature-importance analysis. Nonetheless,

researchers caution that “higher accuracy” can mask class imbalance problems, particularly when the

majority of students belong to intermediate performance categories (Movahedi et al., 2023). To

overcome this, evaluation metrics such as macro F1, balanced accuracy, and ROC-AUC have been

recommended in educational prediction tasks (Cabot & Ross, 2023).

Ethical and Fairness Considerations in Educational AI

Ethical challenges represent a major cross-cutting theme in current scholarships. Algorithmic bias,

the systematic favouring or disadvantaging of groups, has been extensively documented across

educational datasets (Kizilcec & Lee, 2022; Idowu et al., 2024). Bias may originate from sampling

imbalance, data-label correlations, or feature selection that proxies for protected attributes such as

gender or socioeconomic status (Baker & Hawn, 2022). Empirical analyses reveal measurable

disparities in predicted grades or risk scores between demographic subgroups (Jiang & Pardos, 2021;

Svabenský et al., 2024). To mitigate these disparities, fairness-aware learning frameworks have been

proposed. Techniques include re-sampling, adversarial debiasing, counterfactual fairness, and post-

processing calibration (Idowu, 2024; Kim & Kim, 2025). For instance, Idowu et al. (2024) compared

several ML algorithms on student-progress monitoring tasks and found significant average odds

differences (AOD > 0.2) across disability categories, which decreased after adversarial debiasing.

Similarly, Kim and Kim (2025) demonstrated that counterfactual fairness metrics can highlight

feature dependencies responsible for disparate impact. These studies collectively reinforce that

model fairness must be explicitly evaluated alongside accuracy, rather than treated as an afterthought.

Another ethical domain concerns privacy and governance. AI systems rely on extensive data

collection, raising questions about data ownership, consent, and potential misuse (Yacobson et al.,

2021). Differential-privacy techniques and federated learning architecture offer technical safeguards,

but may reduce model precision (Liu et al., 2025). Institutional policies thus play a critical role in

balancing innovation with accountability (Hoel & Chen, 2018). The consensus across global bodies

such as UNESCO and OECD (2023) is that educational AI should be transparent, explainable, and

aligned with human-centred values.
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Comparative Insights: Classical vs. Ensemble

Across the literature, two model families dominate student-performance prediction research:

Classical models remain indispensable as transparent baselines. They quantify feature–outcome

relationships via interpretable coefficients, enabling educators to trace predictive logic (Tang et al.,

2024). However, they assume linear separability and often underperform on complex, non-linear

data. Tree-based ensembles address these shortcomings by aggregating multiple decision trees to

reduce variance and capture higher-order interactions. RF aggregates uncorrelated trees through

bagging, while XGBoost uses sequential boosting with gradient-based optimisation (Kesgin et al.,

2025). These models often deliver strong predictive accuracy and handle mixed-type variables

effectively. Their feature-importance measures (e.g., Gini importance, SHAP values) provide

moderate interpretability, making them particularly suited for educational prediction tasks where

transparency is desirable but non-linearity cannot be ignored (Arévalo-Cordovilla & Peña, 2025).

Machine Learning Models

Given this landscape, four representative algorithms were selected for comparative analysis:

Multinomial Logistic Regression (MLR), Decision Tree (DT), Random Forest (RF), and eXtreme

Gradient Boosting (XGBoost). Together, they span the continuum from transparent linear classifiers

to high-performing, non-linear ensembles.

Multinomial Logistic Regression (MLR): MLR generalises binary logistic regression to multi-

class outcomes, estimating the log-odds of each class relative to a reference category (Lydersen,

2022). The model assumes independence of irrelevant alternatives (IIA), which implies that the odds

of preferring one category over another are independent of additional alternatives. While this

assumption may not always hold, MLR remains valued for interpretability and parameter stability. In

educational contexts, MLR allows direct quantification of how unit changes in engagement metrics

(e.g., frequency of resource access) affect probabilities of belonging to different achievement tiers

(Low, Middle, High). However, its linear boundary can miss complex interactions between

behavioural and contextual features.

https://orcid.org/0000-0001-7640-9898
https://orcid.org/0009-0002-3489-6725


Ayanwale, M. A., & Chikezie, I. J. (2026). Fairness-aware machine learning for ethical student performance prediction in education.
_________________________________________________________________________________________

9

Decision Tree (DT): A decision tree recursively partitions data based on attribute thresholds that

maximise information gain or Gini reduction (Rohman et al., 2025). The resulting tree structure

provides a set of explicit if-then rules easily interpretable by educators. DTs handle both numeric

and categorical variables without extensive preprocessing, making them useful for heterogeneous

educational datasets. Their primary limitation is susceptibility to overfitting, especially when trees are

deep and data are noisy. Pruning techniques and minimum-split constraints can alleviate this issue.

Despite moderate accuracy, DTs are invaluable for generating transparent decision rules and

benchmarking more complex models.

Random Forest: RF improves upon DT by constructing an ensemble of trees trained on

bootstrapped samples with random feature selection (Breiman, 2001). This decorrelation among

trees reduces overfitting and improves generalisation. Feature-importance metrics derived from RF,

such as mean decrease in impurity, can highlight the most influential predictors (e.g., participation

frequency, parental involvement). Empirical evidence shows that RF performs robustly across

diverse educational datasets and maintains acceptable interpretability compared with deep networks

(Kesgin et al., 2025; Gunasekara & Saarela, 2025). However, RF may exhibit bias toward features

with more levels and limited performance gain when classes are highly imbalanced.

XGBoost: XGBoost extends gradient boosting by incorporating regularisation, shrinkage, and
parallelised tree construction (Chen & Guestrin, 2016). It sequentially adds weak learners to correct

the residuals of prior models, optimising a differentiable loss function. In education, XGBoost has

demonstrated superior predictive accuracy for dropout and grade-prediction tasks (Kannan et al.,

2024; Ahmed, 2024). Its capacity to model complex feature interactions makes it powerful for

capturing nuanced behavioural patterns. Despite this, XGBoost’s interpretability is limited; thus,

post-hoc explanation tools like SHAP are crucial for ethical deployment.

Explainability and Evaluation Framework

In predictive assessment research, the credibility of an AI system hinges on both its technical validity

and ethical transparency. This dual mandate motivates a hybrid evaluation framework integrating

performance metrics (accuracy, macro F1, ROC-AUC) with interpretability diagnostics (SHAP and

LIME visualisations). Previous studies confirm that these explanation methods enhance trust among

educators by illustrating how engagement features drive model predictions (Wang et al., 2024;
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Hooshyar & Yang, 2024). Furthermore, confusion-matrix analyses and per-class ROC curves offer

granular insights into misclassification tendencies critical in educational settings where false

negatives (failing to identify at-risk students) carry higher ethical costs than false positives.

Evaluating models through this lens ensures that algorithmic decisions align with fairness-aware

educational practices (Idowu, 2024; Ferrara, 2024).

MATERIAL ANDMETHOD

Research Design and Data Source

This study adopted a quantitative, comparative research design employing supervised machine

learning (ML) techniques to predict students’ academic performance based on engagement and

academic context variables. The dataset used in this research was obtained from Kaggle’s open-

access repository (https://www.kaggle.com/datasets/aljarah/xAPI-Edu-Data). This dataset,

commonly referred to as the xAPI-Edu-Data dataset, contains student performance records

originally collected from a learning management system (LMS) used in higher education settings.

The dataset includes 480 student observations, each described by multiple categorical and numerical

variables capturing demographic information, academic context, and behavioural engagement

indicators. The dataset was particularly suitable for this study due to its clean structure, balanced

representation of classes, and lack of missing values. An initial data audit confirmed that there were

no missing, duplicate, or anomalous entries, eliminating the need for data imputation or cleaning

procedures.

Variable Selection and Ethical Considerations

In alignment with the study’s ethical orientation and pedagogical focus, only behavioural and

academic context variables were selected for model training and evaluation. These include features

such as raisedhands (number of times a student raised their hand), visited_resources (learning

materials accessed), announcements_view (announcements read), discussion (participation in online

discussions), relation (parental involvement), stageID(academic level), gradeID(grade category), and

topic (subject area). The target variable, Class, categorises student academic performance into three

levels: Low, Middle, and High.
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Demographic attributes (e.g., gender, nationality, parents’ status, and place of birth) were

intentionally excluded from the analysis. This exclusion aligns with ethical AI principles that

discourage the use of sensitive or potentially bias-inducing variables in predictive modelling (Bulut et

al., 2024; Kesgin et al., 2025). Numerous studies have demonstrated that incorporating demographic

features can inadvertently encode social inequalities present in historical data, resulting in algorithmic

bias and unfair treatment of certain groups (Idowu, 2024; Kizilcec & Lee, 2022). Furthermore, such

variables are non-actionable from an educational standpoint; teachers and administrators cannot

ethically intervene in or modify demographic characteristics to enhance learning outcomes.

Conversely, behavioural engagement and academic context variables are pedagogically actionable,

meaning that educators can design targeted interventions, provide feedback, or allocate resources

based on these indicators (Gunasekara & Saarela, 2025; Wang et al., 2024). The emphasis on

ethically sound, interpretable, and actionable variables, therefore, supports both the educational

relevance and social fairness of the study. By focusing exclusively on features under institutional

influence, the study avoids potential discrimination while maintaining alignment with fairness-aware

machine learning (FA-ML) principles in educational assessment.

Data Preprocessing and Standardisation

To ensure methodological rigour, reproducibility, and protection against data leakage, all

preprocessing operations were embedded within an end-to-end Scikit-learn Pipeline framework

rather than being performed before data partitioning. This approach ensured that all transformations

were fit exclusively to the training data and subsequently applied to the validation and test sets using

the learned parameters from the training folds. By isolating preprocessing within the pipeline, the

study minimised the risk of information leakage from the validation or test partitions into the model

training process, thereby improving the reliability and generalisability of the predictive results.

The dataset was initially partitioned using a stratified train/validation/test split procedure to

preserve the proportional distribution of the three achievement classes (Low, Middle, and High)

across all subsets. Specifically, 70% of the data were allocated to the training set, 15% to the

validation set, and 15% to the independent test set. A fixed random seed (random_state = 42) was

applied throughout all preprocessing and modelling procedures to ensure reproducibility.

Importantly, the independent test set was held out once and remained completely untouched during

preprocessing, feature engineering, hyperparameter tuning, and model optimisation stages.
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Hyperparameter selection was conducted exclusively on the training and validation partitions

through five-fold cross-validation.

Continuous behavioural engagement variables, namely raisedhands, visited_resources,

announcements_view, and discussion, were standardised using z-score normalisation through Scikit-

learn’s StandardScaler within the pipeline. Standardisation transformed each variable to have a mean

of zero and a standard deviation of one, thereby preventing variables with larger numerical ranges

from disproportionately influencing model learning. The transformation was computed as:

where Z represents the standardised score, X denotes the observed value, μ\muμ is the variable

mean, and σ\sigmaσ is the standard deviation. Embedding this transformation within the pipeline

ensured that scaling parameters were derived solely from the training folds and consistently applied

to unseen data. Categorical variables, including StageID, GradeID, Topic, and Semester, were

transformed using one-hot encoding rather than label encoding. This decision was motivated by the

absence of natural ordinal relationships among the categories. One-hot encoding prevented the

introduction of artificial numerical ordering that could bias model learning or distort distance-based

relationships among categorical attributes. The target variable (Class) was encoded as 0 = Low, 1 =

Middle, and 2 = High to facilitate multiclass classification.

All analyses were conducted in Python 3.11 using Scikit-learn, XGBoost, Pandas, NumPy,

Matplotlib, Seaborn, SHAP, and LIME libraries for preprocessing, predictive modelling,

visualisation, interpretability analysis, and calibration assessment. The integrated preprocessing-

modelling pipeline enhanced transparency, reproducibility, and alignment with current best practices

in trustworthy and fairness-aware machine learning for educational assessment.

Machine Learning Models

Four supervised ML algorithms were developed to predict student academic performance. Each

model was implemented using the Python Scikit-learn library, with hyperparameters tuned through

grid search cross-validation (CV=5) to optimise accuracy and avoid overfitting.
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Multinomial Logistic Regression (MLR): MLR served as the baseline linear classifier, modelling
the log-odds of each performance class relative to a reference category (Liu, 2016). The algorithm

estimates class probabilities using the softmax function and employs maximum likelihood estimation

for parameter optimisation. Regularisation (L2) was applied to prevent overfitting. The model’s

interpretability made it particularly suitable for examining the direction and strength of associations

between predictors and performance categories.

Decision Tree Classifier (DT): The decision tree model was built using the CART (Classification
and Regression Tree) algorithm, which recursively splits the dataset based on the Gini impurity

index to form homogeneous class groups (Tangirala, 2020). The maximum tree depth and minimum

samples per split were optimised via grid search. Decision trees were selected for their transparency

and visual interpretability, which are crucial for educational stakeholders requiring explainable

outcomes (Matzavela & Alepis, 2021).

Random Forest Classifier (RF): Random Forest, an ensemble learning algorithm, constructs

multiple decorrelated decision trees using bootstrap aggregation (bagging) and random feature

selection (Breiman, 2001). The final prediction is obtained by majority voting across trees. RF

reduces overfitting common in single-tree models and provides feature importance rankings based

on Gini impurity reduction (Dunne et al., 2023). The model’s parameters, number of trees,

maximum depth, and minimum samples per leaf were fine-tuned to balance bias and variance. RF is

widely recognised for its robustness and generalizability in educational prediction tasks (Tang et al.,

2024; Adefemi & Mutanga, 2025).

Extreme Gradient Boosting (XGBoost): XGBoost, a gradient-boosted ensemble model, was
implemented using its Python library (v1.7). It sequentially builds trees that correct the errors of

prior models by optimising a differentiable loss function with regularisation (Chen & Guestrin,

2016). Parameters such as learning rate, maximum depth, and number of estimators were tuned

through grid search. XGBoost’s strength lies in its handling of complex nonlinear interactions and

imbalanced data, offering superior performance in educational datasets (Kannan et al., 2024; Kalita

et al., 2025).

Model Performance Metrics

Model evaluation was conducted using five standard metrics: Accuracy, Precision, Recall, F1-Score,

and Area Under the ROC Curve (AUC). These were computed using the following formulas:
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where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false

negatives, respectively. The AUC metric quantified the model’s discriminatory ability across

thresholds, reflecting the trade-off between sensitivity and specificity.Comparative analysis across

the four classifiers was performed based on these metrics, alongside computational efficiency and

interpretability. The confusion matrix and one-vs-rest ROC curves were used to visualise class-level

performance, revealing the strengths and weaknesses of each model in distinguishing Low, Middle,

and High achievers.

Moreover, beyond discrimination metrics, model calibration was also evaluated to assess the

reliability of probabilistic predictions. Two calibration indicators were employed: the Brier Score and

Expected Calibration Error (ECE). The Brier Score measures the mean squared difference between

predicted probabilities and actual outcomes, with lower values indicating better calibrated

predictions. Expected Calibration Error (ECE) quantifies the discrepancy between predicted

confidence and observed accuracy across probability bins. These calibration measures are

particularly important in educational early-warning systems, where overconfident predictions may

lead to inappropriate interventions or misallocation of institutional support resources.
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Fairness and Ethical Considerations

Because demographic variables such as gender, nationality etc were excluded from the modelling

process, conventional group fairness metrics such as statistical parity difference, equal opportunity

difference, or demographic parity across protected groups could not be computed directly. This

exclusion represents a fairness-by-design strategy aimed at reducing the possibility of algorithmic

discrimination arising from sensitive demographic attributes. However, the absence of demographic

variables does not guarantee complete fairness, as proxy variables may still encode latent social

patterns indirectly. We addressed this concern by emphasised individual-level interpretability

through SHAP and LIME explanations, enabling examination of prediction consistency across

behavioural profiles. Additionally, proxy-bias analysis was conducted conceptually by evaluating

whether academic-context variables disproportionately dominated model predictions. The findings

indicated that behavioural engagement variables consistently exerted stronger influence than

contextual structural attributes, suggesting reduced reliance on potentially sensitive proxy patterns.

Accordingly, we framed fairness not as demographic parity across protected groups, but as the

ethical prioritisation of actionable, pedagogically meaningful, and non-sensitive learning indicators.

To interpret feature contributions, SHAP values were computed using cooperative game theory.

Each feature’s importance for an instance �was determined by:

where F is the set of all features. This formulation quantifies the marginal impact of feature � on the

model’s prediction (Lundberg & Lee, 2017).

RESULT

We present the results of the predictive modelling analysis conducted using four machine learning

classifiers: Logistic/Multinomial Regression, Decision Tree, Random Forest, and XGBoost

(Boosting). The models were evaluated on their ability to predict students’ academic performance

(class: Low, Middle, High) based on engagement and academic context variables raisedhands,

visited_resources, announcements_view, discussion, topic, grade_id, stage_id, and semester. The
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evaluation metrics included accuracy, F1-score, and area under the curve (AUC), while confusion

matrices and ROC curves provided detailed classification diagnostics.

Model Performance Assessment

The overall performance of the models is summarised in Table 1. Across all models, predictive

accuracy ranged from 0.589 to 0.768, indicating moderate-to-high performance. Ensemble models

(Random Forest and XGBoost) generally outperformed single estimators (Decision Tree and

Logistic Regression), reflecting their ability to capture complex feature interactions among

engagement and academic context variables.

Table 1: Summary of model performance metrics across the four classification algorithms

Model

Validation

Accuracy

Test

Accuracy

AUC

(Average)

F1-Score

(Average) Top Three Predictors

Logistic /

Multinomial

Regression — 0.642 0.705 0.641

visited_resources,

topic, grade_id

Decision Tree 0.597 0.589 ≈0.70 ≈0.58–0.60

visited_resources,

raisedhands,

announcements_view

Random Forest 0.662 0.768 0.886 0.768

visited_resources,

raisedhands,

announcements_view

XGBoost

(Boosting) 0.675 0.600 0.804 0.596

visited_resources,

raisedhands, topic

Among the four classifiers, the Random Forest model achieved the highest predictive performance

with a test accuracy of 0.768, an AUC of 0.886, and an average F1-score of 0.768. This indicates that

the model balanced precision and recall effectively across the three achievement levels. The Logistic

Regression model achieved moderate performance (accuracy = 0.642, AUC = 0.705), serving as a

strong interpretable baseline. The Decision Tree model attained the lowest accuracy (0.589), while

XGBoost produced a moderate performance (0.600 accuracy) despite its powerful theoretical design.
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Confusion Matrix Analysis

The confusion matrices for all models are presented in Figure 1, illustrating class-wise prediction

performance. The Random Forest model achieved the most balanced classification, correctly

identifying 18 High, 22 Low, and 33 Middle achievers out of 95 test cases. In contrast, the Logistic

Regression model showed higher misclassification between Middle and High classes, while the

Decision Tree model demonstrated limited sensitivity in distinguishing Middle achievers. The

XGBoost model exhibited improved accuracy for the Low and High classes, but a lower recall rate

for Middle achievers.

Figure 1: Confusion matrices for all models predicting high, middle, and low achievement levels

ROC Curve and AUC Evaluation

The receiver operating characteristic (ROC) curves for all models are depicted in Figure 2. These

curves visualise each model’s ability to discriminate among achievement levels across varying

thresholds. The Random Forest ROC curve achieved near-perfect separation for the Low class

(AUC ≈ 0.96), while Logistic Regression and Decision Tree models demonstrated moderate

discrimination (AUC ≈ 0.70). XGBoost also performed competitively (AUC = 0.80), particularly for

High and Low achievement categories.
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Figure 2: ROC curves comparing the discriminative capacity of all four machine learning models
across student achievement classes

Calibration and Probabilistic Reliability

The calibration analysis presented in Table 2 revealed important differences in the probabilistic

reliability of the models beyond their discriminative performance. Although the Random Forest

model achieved the highest predictive accuracy (0.768) and macro F1-score (0.768), it also produced

the lowest Brier Score (0.143) and Expected Calibration Error (ECE = 0.036), indicating superior

calibration performance and more reliable probability estimates. This suggests that the Random

Forest model not only discriminated effectively among Low, Middle, and High achievement
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categories but also generated prediction confidence levels that aligned closely with observed

outcomes. In contrast, the Decision Tree model demonstrated the weakest calibration performance,

evidenced by the highest Brier Score (0.247) and ECE value (0.118), implying greater divergence

between predicted probabilities and actual class outcomes. Logistic Regression exhibited moderate

calibration stability, reflecting its comparatively interpretable probabilistic structure, while XGBoost

demonstrated acceptable discrimination but slightly less reliable calibration compared with Random

Forest. These results reinforce the suitability of Random Forest as a robust and ethically reliable

early-warning model for educational prediction tasks, where accurate probability estimation is

essential for targeted intervention and resource allocation.

Table 2: Calibration and Predictive Performance Metrics across Machine Learning Models

Model Accuracy Macro F1-Score ROC-AUC

Brier

Score

Expected Calibration

Error (ECE)

Logistic / Multinomial

Regression 0.642 0.641 0.705 0.214 0.081

Decision Tree 0.589 0.592 0.701 0.247 0.118

Random Forest 0.768 0.768 0.886 0.143 0.036

XGBoost 0.600 0.596 0.804 0.191 0.067

Feature Importance Analysis

Across all four models (see Table 3), visited_resources consistently emerged as the most influential

predictor of student academic performance, underscoring the central role of resource engagement in

shaping learning outcomes. This feature’s prominence suggests that students who frequently access

instructional materials are more likely to achieve higher academic performance levels. The next most

influential variables were raisedhands and topic, both reflecting behavioural and contextual

dimensions of student engagement. The stability of these predictors across models reinforces the

argument that active participation and course-specific interactions serve as strong indicators of

academic success.
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Table 3: Comparative ranking of feature importance across models

Feature

Logistic Regression

(Rank)

Decision Tree

(Rank)

Random Forest

(Rank)

XGBoost

(Rank)

visited_resources 1 1 1 1

raisedhands 3 2 2 2

announcements_view 5 3 3 5

discussion 6 4 4 4

topic 2 5 6 3

grade_id 4 6 5 6

semester 7 7 7 7

The Random Forest model attributed approximately 10.7% of its overall feature importance to

visited_resources, whereas the XGBoost model assigned it a substantially higher relative importance

of 51%, demonstrating the heightened sensitivity of boosting algorithms to high-variance

engagement features. In contrast, structural academic attributes such as semester and grade_id

contributed minimally to model performance, implying that engagement-driven behavioural factors

are more predictive of achievement than fixed institutional or scheduling variables. The hierarchical

structure of the tree in Figure 3 further supports this interpretation. For instance, students with

visited_resources values above the decision threshold (≥ –0.559) and raisedhands above 0.475 were

predominantly classified as High-achievement learners. Those with lower engagement, especially in

viewing announcements or interacting in discussions, tended to cluster in the Low or Middle

performance categories. This pathway visualisation provides an interpretable and pedagogically

relevant understanding of the relationship driving model predictions.
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Figure 3: Decision Tree Plot showing key predictors of student achievement levels.

SHAP-Based Global Interpretability

To strengthen interpretability and provide deeper insight into the decision-making behaviour of the

ensemble models, SHAP (Shapley Additive Explanations) summary plots were generated for the

Random Forest and XGBoost classifiers. Figure 4 illustrates the magnitude and direction of feature

contributions across all student cases, revealing how behavioural engagement and academic context

variables influenced prediction outcomes at the global level. Across both ensemble models,

visited_resources consistently produced the highest mean absolute SHAP values, confirming its

dominant contribution to student achievement prediction. Students with higher frequencies of

instructional resource access generated strongly positive SHAP values, shifting predictions toward

the High-achievement category. In contrast, low levels of resource engagement were associated with
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negative SHAP contributions and increased probabilities of Low-performance classification. This

pattern demonstrates that sustained interaction with learning materials constituted the most

influential behavioural indicator of academic success across the dataset.

Figure 4: SHAP summary plot

Similarly, raisedhands emerged as a strong positive contributor to High-achievement predictions.

Students who actively participated during instructional sessions exhibited higher positive SHAP

values, suggesting that classroom engagement and participation behaviours played a substantial role

in shaping model confidence. announcements_view also demonstrated meaningful predictive

influence, particularly when combined with high resource visitation levels. The clustering of SHAP

values for announcements_view indicates that students who consistently engaged with instructional

announcements and updates were more likely to achieve favourable academic outcomes. The SHAP

distributions further revealed important non-linear interaction effects among behavioural

engagement variables. Specifically, the spread and concentration of SHAP values showed that

visited_resources interacted synergistically with announcements_view and raisedhands rather than

contributing independently to prediction outcomes. Students exhibiting simultaneously high
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engagement across multiple behavioural indicators generated amplified positive SHAP contributions,

explaining why ensemble methods such as Random Forest and XGBoost outperformed linear

approaches like Logistic Regression. These findings confirm that academic performance is

influenced by complex and interconnected learning behaviours that are better captured through

non-linear ensemble architectures.

In contrast, contextual academic variables such as grade_id, topic, and semester produced

comparatively smaller SHAP magnitudes with narrower distributions around zero. This suggests that

behavioural engagement variables exerted substantially greater predictive influence than structural or

contextual academic attributes. The relatively limited contribution of semester and grade_id also

supports the study’s fairness-by-design framework by demonstrating that model predictions relied

primarily on actionable engagement behaviours rather than fixed contextual characteristics.

Importantly, the SHAP analysis enhanced model transparency by illustrating how behavioural

engagement patterns collectively shaped prediction outcomes across the dataset. The findings

reinforce the pedagogical relevance of explainable AI approaches in educational prediction systems

and provide evidence that ethically aligned machine learning models can generate interpretable,

behaviour-driven insights capable of supporting proactive educational intervention strategies.

LIME Local Explanations

To complement the global interpretability provided by SHAP analysis, Local Interpretable Model-

Agnostic Explanations (LIME) were plotted for representative student cases to examine how

individual behavioural patterns influenced specific prediction outcomes. Figures 5a–5c provide local

explanations for High-, Low-, and borderline Middle-achievement learners, respectively, thereby

illustrating how the models arrived at individual-level predictions. Figure 5a presents the explanation

for a correctly classified High-achievement learner. The model prediction was driven predominantly

by high levels of visited_resources, raisedhands, and announcements_view, all of which contributed

positively toward the High-performance classification. The relatively large positive contributions of

these variables indicate that sustained engagement with instructional materials and active

participation behaviours significantly increased the model’s confidence in assigning the student to

the High-achievement category. Moderate contribution from discussion further reinforced the

prediction, suggesting that consistent behavioural engagement across multiple learning activities

collectively supports academic success.
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Conversely, Figure 5b illustrates a representative Low-achievement prediction. In this case, limited

interaction with learning resources, reduced classroom participation, and minimal discussion

engagement generated strong positive contributions toward the Low-performance class. The local

explanation demonstrates that the absence of sustained behavioural engagement substantially

increased the model’s confidence that the learner was academically at risk. Importantly, contextual

variables such as grade_id and semester exerted comparatively weak influence, reinforcing the

dominance of behavioural indicators in shaping prediction outcomes. Figure 5c presents a

borderline Middle-achievement case, which revealed overlapping and competing contributions from

multiple behavioural variables. Moderate levels of visited_resources, raisedhands, and

announcements_view generated relatively smaller and less distinct contributions compared with the

High- and Low-achievement cases. This overlap helps explain why the Middle-achievement category

produced the highest misclassification rates across several models, particularly among the ensemble

classifiers. The findings suggest that students within the Middle category exhibit behavioural patterns

that partially resemble both High- and Low-achievement learners, thereby increasing classification

ambiguity.

Collectively, the LIME explanations provide important pedagogical and ethical insights by

demonstrating that the models relied primarily on interpretable and actionable learning behaviours

when generating predictions. The local explanations enhance stakeholder trust by making individual

predictions transparent and understandable to educators, administrators, and learners. Furthermore,

the consistency between the SHAP global explanations and the LIME local interpretations

strengthens confidence in the stability and reliability of the predictive framework. These findings

support the use of explainable and fairness-aware AI systems for proactive educational monitoring,

targeted intervention, and evidence-based decision-making in learning environments.
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Figure 5: LIME local explanations for representative student cases: (a) correctly classified High-
achievement learner, (b) correctly classified Low-achievement learner, and (c) borderline Middle-

achievement learner.

DISCUSSION AND IMPLICATIONS

The findings of this study extend current conversations on ethical artificial intelligence in education

by demonstrating that behavioural engagement variables can provide a sufficiently strong and

pedagogically meaningful basis for predicting student academic performance without relying on

sensitive demographic attributes. Rather than merely identifying statistical relationships, the study

highlights how patterns of learner interaction with educational resources, classroom participation,

and instructional communication collectively shape achievement trajectories within digitally

mediated learning environments. Importantly, the results go beyond conventional performance

benchmarking by integrating analyses of discrimination, calibration, and interpretability, thereby

offering a more comprehensive understanding of how predictive systems function in educational

decision-making contexts.
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A central implication emerging from the study is that student engagement operates as a

multidimensional behavioural ecosystem rather than as isolated indicators of participation. The

strong predictive influence of visited_resources, raisedhands, and announcements_view suggests

that successful learners are characterised not simply by activity frequency but by sustained and

interconnected forms of academic engagement. The SHAP analyses further reinforced this

interpretation by revealing non-linear interaction effects among behavioural variables, particularly

between resource visitation and announcement engagement. This indicates that academic success is

shaped through cumulative and reinforcing behavioural patterns rather than single learning actions.

Such interaction effects help explain why the ensemble models, especially Random Forest,

substantially outperformed the linear Logistic Regression model. Unlike linear approaches that

assume additive and independent feature contributions, ensemble methods are capable of capturing

complex dependencies among engagement behaviours that more accurately reflect authentic learning

processes (Ayanwale et al., 2026; Kesgin et al., 2025; Gunasekara & Saarela, 2025).

The superior performance of the Random Forest model also carries important methodological

implications for educational machine learning research. Although Random Forest achieved the

highest discriminative performance, its strength extended beyond classification accuracy alone. The

model also demonstrated the lowest Brier Score and Expected Calibration Error, suggesting that its

probabilistic predictions aligned more closely with observed student outcomes. This distinction is

particularly important in educational early-warning systems, where inaccurate probability estimates

may lead to either under-intervention or excessive intervention for learners incorrectly identified as

academically at risk. Many educational prediction studies focus predominantly on accuracy and AUC

metrics while overlooking calibration reliability (Cabot & Ross, 2023). By incorporating calibration

analysis, this study contributes to a more responsible evaluation framework in which predictive

confidence becomes as important as predictive correctness. In practical terms, a well-calibrated

model provides institutions with more trustworthy probability estimates for allocating academic

support resources, identifying disengaged learners, and designing intervention thresholds.

At a conceptual level, the findings reinforce the argument that behavioural engagement represents

an ethically preferable foundation for predictive analytics in education. Unlike demographic variables,

engagement indicators are pedagogically actionable and institutionally modifiable. Educators can

intervene meaningfully when students demonstrate declining LMS interaction, reduced discussion
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participation, or limited resource engagement. This aligns with the broader responsible AI literature

advocating for fairness-aware machine learning systems that prioritise modifiable behavioural

indicators over immutable social characteristics (Bulut et al., 2024; Ferrara, 2024). The exclusion of

demographic variables in this study therefore represents more than a technical modelling choice; it

reflects an ethical orientation toward fairness-by-design educational prediction systems.

Nevertheless, the findings also suggest that excluding demographic variables does not automatically

eliminate fairness concerns. While the SHAP and LIME analyses showed that behavioural

engagement variables dominated prediction outcomes, contextual variables such as topic and

grade_id still contributed modestly to model behaviour. This suggests that indirect structural

patterns may still be embedded in apparently neutral educational features. Kizilcec and Lee (2022)

similarly argue that proxy relationships can emerge even in the absence of explicitly sensitive

attributes. Consequently, fairness in educational AI should not be understood merely as the removal

of demographic variables but as an ongoing process of auditing, interpretability assessment,

calibration monitoring, and contextual validation. The integration of SHAP and LIME within this

study therefore becomes particularly significant because interpretability functions not only as a

transparency mechanism but also as a fairness diagnostic tool capable of revealing hidden

dependencies and unintended model behaviours.

The interpretability findings further deepen the study's pedagogical relevance. The SHAP global

explanations revealed that engagement variables consistently shaped prediction trajectories across

the entire dataset. In contrast, the LIME local explanations illustrated how these variables operated

differently across individual learner profiles. For instance, the LIME explanation for the borderline

Middle-achievement learner revealed overlapping behavioural patterns that partially resembled both

High- and Low-achievement students. This finding provides a more nuanced explanation for the

relatively weaker classification performance observed within the Middle category. Rather than

reflecting model inadequacy alone, the ambiguity appears to stem from the behavioural similarity of

moderately engaged learners whose learning patterns fluctuate across performance boundaries. This

insight carries important implications for the design of educational interventions. Institutions may

need to avoid binary interpretations of academic risk and instead adopt graduated intervention

systems capable of responding to varying levels of behavioural uncertainty.

Another important implication concerns the balance between predictive sophistication and

educational legitimacy. Although XGBoost demonstrated competitive discrimination performance,
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its calibration reliability remained weaker than that of Random Forest. This suggests that higher

algorithmic complexity does not necessarily translate into more trustworthy educational predictions.

Similarly, while Logistic Regression offered comparatively lower predictive performance, its

interpretability and stable probabilistic structure remain valuable in contexts where transparency and

institutional trust are prioritised over marginal improvements in accuracy. These findings support

the growing argument that educational AI systems should not be evaluated solely on technical

performance metrics but also on their capacity to generate understandable, ethically defensible, and

pedagogically actionable insights (Linardatos et al., 2021; Hooshyar & Yang, 2024).

This study also contributes to ongoing debates about the practical deployment of AI in resource-

constrained educational systems, particularly in African higher education contexts. As Du Plooy et al.

(2024) observe, many institutions continue to face infrastructural limitations, fragmented learning

data systems, and low institutional trust in predictive technologies. In such contexts, highly opaque

models may encounter resistance from educators and administrators who require understandable

justification for algorithmic recommendations. The integration of explainability tools within this

study demonstrates how advanced predictive systems can remain pedagogically interpretable without

sacrificing substantial predictive performance. This balance between performance and transparency

is likely to be particularly important in contexts where AI adoption remains emergent and

institutional AI literacy is still developing.

From a policy perspective, the findings highlight the importance of shifting educational analytics

from reactive to proactive intervention frameworks. The behavioural indicators identified in this

study provide institutions with operationally actionable signals for early intervention before

academic failure becomes irreversible. For example, declining resource visitation or reduced

announcement engagement may serve as early markers of disengagement long before poor

examination performance emerges. Rather than relying exclusively on summative assessments,

institutions could deploy adaptive learning analytics dashboards capable of continuously monitoring

engagement trajectories and triggering automated support mechanisms such as personalised

reminders, targeted tutoring recommendations, or academic advising interventions. Such

applications align with Baneres et al. (2020) and Arizmendi et al. (2023), who emphasise the

transformative potential of predictive analytics for supporting student retention and learning success.
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At the same time, this study underscores the importance of contextual adaptation before large-scale

deployment. Although the models demonstrated promising performance within the xAPI-Edu-Data

environment, educational behaviours are inherently shaped by institutional culture, technological

infrastructure, curriculum design, and student population characteristics. Arévalo-Cordovilla and

Peña (2025) caution that predictive models trained within one educational context may not

generalise effectively across different institutions or learning environments. The relatively small

sample size further reinforces this limitation. Consequently, future research should prioritise external

validation using institution-specific LMS traces, temporally separated cohorts, and longitudinal

learning data capable of capturing behavioural changes over time. Temporal validation is particularly

important because student engagement behaviours may evolve dynamically across semesters,

instructional modalities, and academic transitions.

Importantly, this study advances a broader understanding of responsible educational AI by

demonstrating that predictive effectiveness, fairness, interpretability, and calibration reliability should

be treated as complementary rather than competing objectives. The findings suggest that ethically

grounded educational prediction systems are most valuable when they provide transparent and

actionable insights capable of supporting human-centred educational decision-making. Rather than

replacing educators, explainable machine learning systems should function as decision-support

mechanisms that enhance institutional capacity to identify learning risks, personalise interventions,

and promote equitable academic support structures. In this sense, the contribution of the study lies

not only in demonstrating the predictive utility of behavioural engagement variables but also in

advancing a deployment-oriented framework for trustworthy and fairness-aware AI in education.

CONCLUSION
This study demonstrates that ethically aligned and explainable machine learning models can

effectively predict student academic performance using behavioural engagement and academic

context variables without relying on sensitive demographic attributes. The findings reveal that

engagement indicators, particularly visited_resources, raisedhands, and announcements_view,

exerted substantially greater influence on prediction outcomes than structural academic

characteristics, highlighting the pedagogical importance of sustained learner interaction within digital

learning environments. Among the evaluated models, Random Forest achieved the strongest overall

performance by combining high discriminative accuracy with superior calibration reliability,

indicating that its probabilistic predictions aligned closely with observed student outcomes. The
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integration of SHAP and LIME further strengthened interpretability by revealing both global

behavioural patterns and individual-level prediction mechanisms, thereby enhancing transparency

and pedagogical trust in the predictive framework.

Importantly, this study advances a fairness-by-design approach to educational prediction by

excluding demographic variables and prioritising actionable behavioural indicators capable of

supporting ethically grounded intervention strategies. Rather than treating predictive performance

and interpretability as competing objectives, the findings demonstrate that explainable ensemble

models can simultaneously achieve technical robustness, fairness, and educational relevance.

Essentially, this study contributes a practical and deployment-oriented framework for trustworthy

AI-driven educational analytics capable of supporting proactive intervention, equitable student

support, and evidence-based decision-making in digitally mediated learning environments.
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