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Abstract

The increasing use of artificial intelligence (Al) in higher education has opened up new possibilities for enhancing student
achievement through data-driven decision making and predictive analytics. Higher education institutions can identify
students who are at risk of academic failure or dropout and undertake timely interventions to increase retention and
graduation rates by using early prediction of student academic outcomes. However, many machine learning models
employed for student outcome prediction operate as black-box systems, limiting their transparency and reducing
stakeholders' confidence in their predictions. This study proposes an explainable machine learning framework for predicting
student academic outcomes in higher education using the Predict Students' Dropout and Academic Success dataset obtained
from the UCI Machine Learning Repository. Five supervised machine learning algorithms, Logistic Regression, Decision
Tree, Random Forest, XGBoost, CatBoost, and LightGBM were developed and evaluated for predicting three academic
outcome categories: Dropout, Enrolled, and Graduate. The proposed framework provides an interpretable and effective
decision-support tool that can assist higher education institutions in identifying at-risk students and implementing evidence-
based academic interventions.

Keywords: explainable artificial intelligence, machine learning, student academic outcomes, SHAP, higher education,
educational data mining

1 Introduction

Artificial Intelligence (AI) has become one of the most transformative technologies in higher education, enabling
institutions to analyze large volumes of educational data to support evidence-based decision-making, improve learning
outcomes, and enhance institutional effectiveness. The rapid growth of Educational Data Mining (EDM) and Learning
Analytics has further enabled universities to monitor student progress, identify learning difficulties, and develop timely
interventions aimed at improving retention and graduation rates. Among the numerous applications of Al in education,
predicting student academic outcomes has attracted considerable attention because it enables higher education institutions
to identify students at risk of academic failure or dropout before these outcomes occur, thereby facilitating proactive
academic support and resource allocation. Student academic outcomes are influenced by numerous interrelated factors,
including demographic characteristics, socioeconomic background, prior academic achievement, institutional support,
learning behavior, and environmental conditions. Traditional statistical techniques have been employed extensively to
analyze these factors; however, they often struggle to capture the complex nonlinear relationships inherent in educational
datasets. Consequently, machine learning algorithms have emerged as effective alternatives because they automatically
learn hidden patterns from historical student records and produce highly accurate predictive models capable of supporting
institutional decision-making.

Recent advances in Educational Data Mining have demonstrated the effectiveness of supervised machine learning
algorithms such as Logistic Regression, Decision Trees, Random Forest, XGBoost, CatBoost, and LightGBM for predicting
student performance, graduation, and dropout risk. Ensemble learning methods have consistently outperformed traditional
classifiers due to their ability to model complex feature interactions while reducing prediction errors. Despite these
advances, many high-performing predictive models operate as black-box systems, making it difficult for educators,
administrators, and policymakers to understand the rationale behind model predictions. This lack of transparency reduces
stakeholders' confidence in Al-assisted decision-making and limits the practical adoption of machine learning within
educational institutions. Explainable Artificial Intelligence (XAI) has recently emerged as an effective solution to this
challenge by providing transparent explanations of model predictions while maintaining predictive performance. Among
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existing XAl techniques, SHapley Additive exPlanations (SHAP) has gained considerable attention because it quantifies
the contribution of individual features to each prediction using principles derived from cooperative game theory. By
revealing how demographic, academic, and socioeconomic factors influence prediction outcomes, SHAP enables educators
to better understand the reasoning behind model decisions and supports trustworthy Al deployment in higher education.

Although numerous studies have investigated machine learning for predicting student academic outcomes, most existing
research focuses primarily on maximizing predictive accuracy while giving limited attention to model interpretability.
Consequently, educational stakeholders often receive highly accurate predictions without understanding the underlying
factors responsible for those predictions. This limitation restricts the practical usefulness of Al systems for educational
decision-making, where transparency, accountability, and fairness are essential. There remains a need for an explainable
machine learning framework that combines strong predictive performance with interpretable decision-making to support
timely academic interventions. To address this gap, this study proposes an explainable machine learning framework for
predicting student academic outcomes using the Predict Students' Dropout and Academic Success dataset obtained from
the UCI Machine Learning Repository. Six supervised machine learning algorithms Logistic Regression, Decision Tree,
Random Forest, XGBoost, CatBoost, and LightGBM are comparatively evaluated using standard classification metrics.
The best-performing model is subsequently interpreted using SHAP to identify the most influential factors contributing to
predictions. By integrating predictive analytics with explainable Al, the proposed framework provides a transparent
decision-support tool capable of assisting higher education institutions in identifying students at risk while providing
meaningful explanations that support informed academic interventions.

2 Research Questions

This study seeks to answer the following research questions:

1. Which supervised machine learning algorithm provides the highest predictive performance for student academic
outcome prediction?

2. Can Explainable Artificial Intelligence improve the transparency and interpretability of machine learning
predictions in higher education?

3. Which student characteristics contribute most significantly to predicting dropout, enrolment, and graduation
outcomes?

4. How can explainable machine learning support educational decision-making and early academic intervention?
3 Significance of the Study

This study contributes to Educational Data Mining and Explainable Artificial Intelligence by developing an interpretable
machine learning framework capable of accurately predicting student academic outcomes while explaining the reasoning
behind each prediction. The findings will assist university administrators, lecturers, academic advisers, and policymakers
in identifying students requiring academic support, improving institutional decision-making, increasing transparency in Al-
assisted educational systems, and promoting trustworthy adoption of machine learning technologies in higher education.

4 Literature Review/Theoretical Framework

This study is anchored on the theory of Explainable Artificial Intelligence (XAI), complemented by the principles of
Educational Data Mining (EDM). Together, these frameworks provide the theoretical basis for developing predictive
models that are not only accurate but also transparent, interpretable, and useful for educational decision-making.

4.1 Explainable Artificial Intelligence (XAI)

Explainable Artificial Intelligence (XAI) refers to a set of methods and principles designed to make machine learning
models understandable to human users (Dwivedi et al., 2023). While advanced machine learning algorithms such as
XGBoost, CatBoost, and LightGBM often achieve high predictive accuracy, they typically function as black-box models
whose internal decision-making processes are difficult to interpret. This lack of transparency reduces users' confidence and
limits the practical adoption of Al in domains where accountability and trust are essential.
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XAI addresses this limitation by providing explanations that reveal how input variables influence model predictions.
Among the most widely adopted XAl techniques is SHapley Additive exPlanations (SHAP), which is derived from
cooperative game theory. SHAP assigns an importance value to each feature based on its contribution to a prediction,
allowing users to understand both global model behavior and individual prediction outcomes. In educational settings,
explainability is particularly important because decisions based on predictive models may influence student support
programmes, academic advising, scholarship allocation, and retention strategies. Educational stakeholders require not only
accurate predictions but also understandable explanations of why a student is predicted to graduate, remain enrolled, or
drop out. Therefore, the integration of SHAP into the proposed framework improves transparency and supports trustworthy
Al-assisted educational decision-making.

4.2 Educational Data Mining (EDM)

Educational Data Mining (EDM) provides the second theoretical foundation for this study. EDM focuses on extracting
meaningful knowledge from educational datasets to improve teaching, learning, and institutional management. It employs
statistical analysis, data mining, and machine learning techniques to identify hidden patterns in student records and
transform them into actionable insights. Within EDM, predictive modelling has become one of the most widely applied
approaches for identifying students at risk of poor academic performance or dropout. By analysing demographic, academic,
behavioural, and socioeconomic attributes, predictive models enable institutions to implement early interventions that
improve student retention and graduation outcomes. The proposed framework aligns with the objectives of EDM by
combining predictive analytics with explainable Al. Rather than producing predictions alone, the framework also explains
the factors influencing each prediction, thereby enabling lecturers, academic advisers, and institutional managers to make
evidence-based decisions that are transparent, interpretable, and actionable.

4.3 Relevance of the Theory to the Study

The Explainable Artificial Intelligence framework is directly applicable to this research because the study seeks to
overcome the limitations of conventional black-box machine learning models. By integrating SHAP into the prediction
process, the framework provides explanations of feature importance and individual predictions, thereby improving model
transparency and stakeholder trust. Similarly, Educational Data Mining provides the conceptual basis for applying machine
learning techniques to educational datasets with the objective of improving institutional decision-making. Together, XAl
and EDM support the development of an explainable machine learning framework capable of accurately predicting student
academic outcomes while providing meaningful explanations that facilitate timely academic interventions.

4.4 Related Work

The rapid growth of digital learning environments has generated large volumes of educational data, including demographic
information, academic records, behavioral indicators, and institutional characteristics. Machine learning algorithms have
become effective tools for analysing these datasets because they can model complex, nonlinear relationships that traditional
statistical approaches often fail to capture (Kyriazos & Poga, 2024). Consequently, Al-driven predictive models are
increasingly being incorporated into educational decision-support systems to improve learning outcomes and institutional
effectiveness. Student academic outcome prediction has become one of the most widely investigated applications of
educational data mining. Researchers have employed various supervised machine learning algorithms to predict academic
success, dropout risk, graduation likelihood, and course completion using demographic, behavioural, and academic
features. Traditional machine learning techniques such as Logistic Regression, Decision Trees, Support Vector Machines,
Naive Bayes, and Random Forest have been widely adopted because of their relatively simple implementation and
competitive predictive performance. More recently, ensemble learning algorithms, including XGBoost, CatBoost, and
LightGBM, have demonstrated superior predictive capability by effectively handling nonlinear relationships, feature
interactions, and high-dimensional educational datasets. (Ofori et al., 2020). Research by Mienye and Sun (2022) shows
that ensemble learning methods generally achieve higher predictive accuracy than traditional algorithms, selecting the most
appropriate algorithm remains dependent on the characteristics of the dataset, feature quality, and preprocessing techniques.
Consequently, comparative evaluation of multiple machine learning algorithms remains an important aspect of educational
prediction research. Despite the success of machine learning algorithms in predicting academic outcomes, many high-
performing models operate as black-box systems whose internal decision-making processes are difficult for educators to
interpret. This lack of transparency limits users' confidence in prediction results and raises concerns regarding fairness,
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accountability, and ethical decision-making in educational settings. Other reviews also indicate that SHAP has become the
dominant explainability method in educational machine learning, particularly for student performance and dropout
prediction. However, many studies focus primarily on technical evaluation, while relatively few investigate how
explainable models can directly support educational decision-making and institutional interventions (Guevara-Reyes et al.,
2025).

Recent studies have increasingly combined ensemble learning algorithms with explainability techniques to improve both
predictive performance and transparency. For example, Gao et al. (2026) proposed an XGBoost-SHAP framework for
predicting student achievement and demonstrated that integrating SHAP with XGBoost improved both prediction accuracy
and interpretation of influential learning factors. Their study showed that explainable models can support instructors in
designing more personalized educational interventions. More recent work by Qiang et al. (2026) extended explainable Al
by incorporating educational domain knowledge into neural network models, demonstrating that aligning feature
importance with educational theory can improve both interpretability and predictive performance. This highlights the
growing emphasis on trustworthy Al systems that not only generate accurate predictions but also provide meaningful
explanations aligned with educational practice. The literature demonstrates that machine learning has significantly
improved the prediction of student academic outcomes. However, several research gaps remain, many existing studies
emphasize prediction accuracy while giving limited attention to model interpretability, making it difficult for educators to
understand the rationale behind prediction outcomes and relatively few studies simultaneously combine comparative
machine learning evaluation with explainable Al using a large, publicly available higher education dataset. To address these
gaps, this study proposes an explainable machine learning framework that compares Logistic Regression, Decision Tree,
Random Forest, XGBoost, CatBoost, and LightGBM for predicting student academic outcomes using the UCI Predict
Students' Dropout and Academic Success dataset. The framework integrates SHAP to provide transparent explanations of
the best-performing model, thereby improving both predictive capability and interpretability for educational decision
support.

5 Materials and Methods

5.1 Research Design

This study adopted a quantitative experimental research design to develop and evaluate an explainable machine learning
framework for predicting student academic outcomes in higher education. The experimental approach enables the
systematic training, testing, and comparison of multiple supervised machine learning algorithms using a common
benchmark dataset. The framework classifies students into three academic outcome categories: Dropout, Enrolled, and
Graduate. Figure 1 illustrates the workflow of the proposed framework.

The proposed framework consists of six sequential stages:
Data acquisition

Data preprocessing

Exploratory data analysis

Machine learning model development

Performance evaluation

Model explainability using SHAP

95



Journal of Studies in Science and Mathematics Education| Volume 6| Issue 1| 2026

Figure 1

Proposed Explainable Machine Learning Framework
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5.2  Dataset Description

This study utilized the Predict Students' Dropout and Academic Success dataset obtained from the UCI Machine Learning
Repository. The dataset was created from records collected at a higher education institution and combines information from
multiple institutional databases. It contains demographic, academic, socioeconomic, and macroeconomic attributes
designed to support the prediction of student academic outcomes. The dataset was originally developed to facilitate early
identification of students at risk of dropout and to support learning analytics in higher education. The dataset consists of
4,424 student records with 36 predictor variables and one target variable. Each record represents an individual
undergraduate student enrolled in programmes such as agronomy, nursing, management, journalism, education,
technologies, and other disciplines. The target variable is formulated as a three-class classification problem comprising:

e  Dropout
e  Enrolled

e  Graduate

5.3 Data Preprocessing

Data preprocessing was performed to prepare the dataset for machine learning analysis. The preprocessing stage included:
e inspection of dataset dimensions and data types;
e duplicate record detection;
e verification of missing values;
e target variable encoding using LabelEncoder;
o feature extraction;

e feature scaling where required; and
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e stratified partitioning into training and testing datasets.

The dataset contained no missing values requiring imputation, and all predictor variables were already represented
numerically. Consequently, only the target variable required encoding before model training.

5.4 Data Partitioning

To evaluate the predictive performance of the developed machine learning models, the dataset was partitioned into training
(80%) and testing (20%) subsets using the train_test split() function available in the Scikit-learn library. A stratified
sampling strategy (stratify=y) was adopted to preserve the original distribution of the three target classes (Dropout,
Enrolled, and Graduate) in both subsets. This approach minimizes sampling bias and ensures that the models are trained
and evaluated on representative data. Furthermore, a fixed random state of 42 was specified to ensure that the data
partitioning process is reproducible. The dataset partitioning was implemented as follows:

X train, X test,y_train,y test = train_test split(
Xa

Ya
test_size=0.20,

random_state=42,

stratify=y

5.5 Machine Learning Models

Six supervised machine learning algorithms were implemented and compared.

Logistic Regression: Logistic Regression served as the baseline linear classifier. The algorithm estimates the probability
that an observation belongs to a particular outcome class using the logistic function. Although computationally efficient
and interpretable, Logistic Regression assumes linear relationships between predictor variables and the target variable,
which may limit its performance on complex educational datasets.

Decision Tree: Decision Tree is a non-parametric supervised learning algorithm that recursively partitions the dataset into
homogeneous subsets based on feature values. The algorithm produces decision rules that are relatively easy to interpret
but may suffer from overfitting if not properly controlled.

Random Forest: Random Forest is an ensemble learning technique that constructs multiple decision trees using bootstrap
sampling and random feature selection. Predictions are generated through majority voting across individual trees,
improving robustness and reducing overfitting compared with a single decision tree.

XGBoost: Extreme Gradient Boosting (XGBoost) is an optimized gradient boosting algorithm that sequentially constructs
decision trees by minimizing prediction errors through gradient descent optimization. It incorporates regularization, parallel
processing, and efficient tree pruning, making it one of the most effective algorithms for structured tabular datasets.

CatBoost: CatBoost is a gradient boosting algorithm designed to reduce prediction bias while efficiently handling
categorical and numerical features. It employs ordered boosting and symmetric tree structures, contributing to improved
generalization performance.

LightGBM: Light Gradient Boosting Machine (LightGBM) is a histogram-based gradient boosting algorithm that grows
trees using a leaf-wise strategy. It offers fast training speed, efficient memory utilization, and high predictive performance
on large tabular datasets. These algorithms were selected because they represent both traditional machine learning
techniques and modern ensemble learning methods, enabling a comprehensive comparison between linear, tree-based, and
gradient boosting classifiers.
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5.6 Hyperparameter Configuration

To improve reproducibility, the models were configured using the hyperparameters shown in Table 1.
Table 1

Hyperparameter Settings

Model Hyperparameters

Logistic Regression max_iter=1000, class_weight="balanced',
random_state=42

Decision Tree class_weight="balanced', random_state=42

Random Forest n_estimators=300, class weight='balanced!,

random_state=42

XGBoost n_estimators=300, max_depth=6, learning rate=0.05,
eval_metric="mlogloss', random_state=42

CatBoost iterations=300, learning_rate=0.05,  verbose=False,
random_state=42

LightGBM n_estimators=300, learning_rate=0.05, random_state=42

5.7 Model Evaluation Metrics

The performance of the developed machine learning models was evaluated using widely adopted classification metrics,
namely Accuracy, Precision, Recall, Fl-score, and the Confusion Matrix. These metrics provide complementary
information regarding the predictive capability of the developed classifiers.

5.8 Explainable Artificial Intelligence

Following model evaluation, the best-performing classifier was interpreted using SHapley Additive exPlanations (SHAP).

SHAP computes feature contribution values based on cooperative game theory and enables both global and local
interpretation of machine learning predictions. The explainability analysis included:

e  SHAP summary plot;
e SHAP global feature importance;
e SHAP dependence analysis and
e Local explanation of individual predictions using waterfall
These analyses improve model transparency and allow educational stakeholders to understand the factors influencing

predictions.

5.9 Experimental Environment

The machine learning experiments were conducted using Google Colaboratory (Google Colab), a cloud-based Python
development environment that provides access to computational resources for machine learning research. The
implementation was developed in Python 3 using widely adopted open-source libraries. Table 2 summarizes the
experimental environment used in this study.

The principal software libraries employed in this study include:
e Pandas for data loading and preprocessing.

e NumPy for numerical computations.
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e  Scikit-learn for data preprocessing, model development, and performance evaluation.
o  XGBoost for gradient boosting classification.
e CatBoost for gradient boosting with categorical optimization.
e LightGBM for histogram-based gradient boosting.
e SHAP for Explainable Artificial Intelligence analysis.
e  Matplotlib and Seaborn for data visualization.
Table 2

Experimental Environment

Component Specification

Development Platform Google Colaboratory
Programming Language Python 3

Data Analysis Library Pandas

Numerical Library NumPy

Machine Learning Library Scikit-learn

Gradient Boosting Libraries XGBoost, CatBoost, LightGBM
Explainable Al Library SHAP

Visualization Libraries Matplotlib, Seaborn

6 Results

The dataset used in this study was obtained from the UCI Machine Learning Repository and consists of 4,424 student
records with 36 predictor variables and one target variable. The predictor variables describe students' demographic
characteristics, academic history, socioeconomic background, and institutional information. The target variable categorizes
each student into one of three academic outcomes: Graduate, Enrolled, and Dropout. Prior to model development, the
dataset was examined for missing values, duplicate records, and inconsistencies. The inspection confirmed that the dataset
contained no missing values requiring imputation. Additionally, all predictor variables were already represented
numerically, eliminating the need for categorical encoding except for the target variable, which was transformed into
numerical labels using the LabelEncoder algorithm. The distribution of the target variable is illustrated in Figure 2.

Figure 2
Distribution of Student Academic Outcomes.
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The dataset contains 2,209 Graduate students, 1,421 Dropout students, and 794 Enrolled students, indicating a moderate
class imbalance. To preserve this distribution during model development, stratified train-test splitting was employed.
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6.1 Model Performance Comparison

Six supervised machine learning algorithms were evaluated for predicting student academic outcomes. The models included
Logistic Regression, Decision Tree, Random Forest, XGBoost, CatBoost, and LightGBM. Performance was assessed using
Accuracy, Precision, Recall, and F1-score as illustrated in Table 3

Table 3

Performance Comparison of Machine Learning Models

XGBoost 0.7797 0.7726 0.7797 0.7743
Random Forest 0.7740 0.7623 0.7740 0.7611
LightGBM 0.7729 0.7666 0.7729 0.7679
CatBoost 0.7582 0.7435 0.7582 0.7470
Logistic Regression 0.7288 0.7745 0.7288 0.7434
Decision Tree 0.6554 0.6692 0.6554 0.6613

The results indicate that XGBoost achieved the highest predictive performance, obtaining an accuracy of 77.97%, followed
closely by Random Forest (77.40%) and LightGBM (77.29%). Decision Tree produced the lowest overall performance,
demonstrating the advantage of ensemble learning methods for modelling complex educational datasets.

6.2 Performance Comparison
Figure 3

Performance Comparison of Machine Learning Models
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Figure 3 illustrates the comparative performance of the six machine learning algorithms. XGBoost consistently achieved
the highest scores across the evaluation metrics, indicating its superior ability to capture complex relationships among
student demographic, academic, and socioeconomic variables.
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6.2 Feature Importance

Figure 4
Feature Importance of the Best Performing Model
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Feature importance analysis revealed that only a subset of the predictor variables contributed substantially to prediction
performance. These influential variables formed the basis for the explainability analysis using SHAP. Figure 4 shows
Feature Importance of the Best Performing Model
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6.3 Confusion Matrix

Figure 5
Confusion Matrix of the XGBoost Classifier
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Figure 5 illustrates confusion matrix which demonstrates that the XGBoost classifier correctly classified the majority of
student records across the three academic outcome categories. Misclassifications primarily occurred between neighbouring
outcome classes, reflecting the inherent complexity of predicting student academic trajectories.

6.5 SHAP Summary Plot
Figure 6
SHAP Summary Plot
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The SHAP summary plot provides a global explanation of the XGBoost model by ranking predictor variables according to
their average contribution to the model's predictions. Features appearing at the top of the plot exert the greatest influence
on the predicted academic outcomes. The colour gradient indicates whether high or low feature values increase or decrease
the probability of a particular prediction. This analysis demonstrates that the proposed framework not only achieves high
predictive performance but also provides interpretable explanations that enable educational stakeholders to understand the
factors influencing each prediction. as shown in figure 6.

6.4 SHAP Feature Importance

Figure 7
SHAP Feature Importance
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The SHAP feature importance plot presents the global contribution of each predictor variable to the model's predictions.
Figure 7 shows that the highest-ranked features represent the most influential factors affecting student academic outcomes.
Unlike traditional feature importance measures, SHAP quantifies each variable's contribution using Shapley values, thereby
providing consistent and theoretically grounded explanations.
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6.5 Correlation Heatmap

Figure 8
Correlation Heatmap
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The correlation heatmap in figure 8 illustrates the relationships among predictor variables. Although several variables
exhibit moderate correlations, no severe multicollinearity is observed. This supports the suitability of the selected predictors
for machine learning modelling.

7 Discussion

The objective of this study was to develop an explainable machine learning framework capable of accurately predicting
student academic outcomes while providing transparent explanations for model predictions. Six supervised machine
learning algorithms, namely Logistic Regression, Decision Tree, Random Forest, XGBoost, CatBoost, and LightGBM,
were comparatively evaluated using the UCI Predict Students' Dropout and Academic Success dataset. The findings
demonstrated that ensemble learning algorithms consistently outperformed traditional machine learning techniques, with
XGBoost achieving the highest predictive performance across all evaluation metrics. The superior performance of XGBoost
can be attributed to its gradient boosting architecture, which constructs an ensemble of sequential decision trees that
iteratively minimise prediction errors. Unlike individual decision trees, XGBoost effectively captures complex nonlinear
relationships and interactions among demographic, academic, and socioeconomic variables. This capability makes it
particularly suitable for educational datasets, where student outcomes are influenced by multiple interconnected factors
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rather than isolated variables. The strong performance observed in this study is consistent with previous research that
identified gradient boosting algorithms as among the most effective approaches for educational prediction tasks (Dong et
al., 2020; Mienye & Sun, 2022).

Random Forest and LightGBM also achieved competitive predictive performance, further demonstrating the effectiveness
of ensemble learning methods in educational data mining. Random Forest benefits from aggregating predictions from
multiple decision trees, thereby reducing overfitting and improving generalisation, while LightGBM provides efficient
gradient boosting with lower computational complexity. Although CatBoost also performed well, its predictive accuracy
was slightly lower than that of XGBoost and Random Forest. Logistic Regression produced acceptable results but was
limited by its assumption of linear relationships among variables, whereas the Decision Tree classifier recorded the lowest
performance because single-tree models are generally more susceptible to overfitting and instability when modelling
complex datasets. A key contribution of this study is the integration of SHapley Additive exPlanations (SHAP) into the
prediction framework. Traditional machine learning models often function as black-box systems, making it difficult for
educators and administrators to understand the rationale behind individual predictions. By incorporating SHAP, the
proposed framework provides both global and local explanations of model behaviour, thereby improving transparency and
stakeholder confidence. The SHAP summary and feature importance analyses identify the variables that contribute most
significantly to predicting whether a student is likely to graduate, remain enrolled, or drop out. Such explanations transform
the prediction model from a purely technical tool into a practical decision-support system for higher education institutions.

The findings are consistent with previous studies on explainable artificial intelligence in education. Guevara-Reyes et al.
(2025) reported that combining ensemble learning algorithms with SHAP enhances both predictive performance and
interpretability, thereby supporting evidence-based educational decision-making. Similarly, Qiang et al. (2026)
demonstrated that integrating explainability into student performance prediction improves transparency and enables
educational stakeholders to better understand the factors influencing model decisions. The present study extends these
findings by providing a comparative evaluation of six widely used machine learning algorithms while employing SHAP to
interpret the best-performing model. The explainability results also have important practical implications. By identifying
the most influential predictors of academic outcomes, universities can design targeted interventions for students who are at
risk of dropping out or experiencing poor academic performance. Academic advisers may use these insights to provide
personalized guidance, while institutional managers can allocate educational resources more effectively. Consequently, the
proposed framework contributes not only to predictive accuracy but also to transparent and actionable educational decision-
making. Overall, the findings demonstrate that combining ensemble learning with explainable artificial intelligence
provides a robust framework for predicting student academic outcomes. The integration of predictive modelling and
interpretability enhances trust in machine learning systems and supports their practical application in higher education
environments.

8 Limitations

Although the proposed explainable machine learning framework demonstrated promising predictive performance, this
study has several limitations. First, the experiments were conducted using a single publicly available dataset obtained from
the UCI Machine Learning Repository. While the dataset is comprehensive and widely used in educational data mining
research, it may not fully represent the diversity of higher education institutions across different countries and educational
systems. Consequently, the generalizability of the findings should be interpreted with caution. Second, this study evaluated
six supervised machine learning algorithms using a single train—test partition. Although stratified sampling was employed
to preserve class distributions and ensure a fair evaluation, additional validation strategies such as external validation using
datasets from multiple institutions could further strengthen the robustness of the proposed framework. Despite these
limitations, the proposed framework provides an effective approach for combining predictive accuracy with model
transparency, thereby supporting evidence-based educational decision-making in higher education.

9 Future Research

Future studies should validate the proposed framework using datasets collected from multiple higher education institutions
to assess its generalizability across different educational environments. Comparative investigations involving additional
machine learning and deep learning models, including Artificial Neural Networks, Long Short-Term Memory (LSTM)
networks, and Transformer-based architectures, may further improve predictive performance. Finally, future work should
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explore fairness-aware machine learning approaches to evaluate potential prediction bias across demographic groups and
ensure that Al-assisted educational decision-making remains transparent, equitable, and trustworthy.

10 Conclusion

This study presented an explainable machine learning framework for predicting student academic outcomes using the
Predict Students' Dropout and Academic Success dataset obtained from the UCI Machine Learning Repository. Six
supervised machine learning algorithms Logistic Regression, Decision Tree, Random Forest, XGBoost, CatBoost, and
LightGBM were comparatively evaluated using standard classification metrics. Among the evaluated models, XGBoost
achieved the highest predictive performance, demonstrating the effectiveness of ensemble learning techniques for
modelling complex educational datasets. Beyond predictive performance, the study integrated SHapley Additive
exPlanations (SHAP) to improve the transparency and interpretability of the best-performing model. The SHAP analysis
identified the relative contribution of individual predictor variables to model predictions, thereby enabling educators and
institutional stakeholders to understand the factors influencing student academic outcomes. This combination of predictive
modelling and explainable artificial intelligence transforms the framework into a practical decision-support tool capable of
supporting timely academic interventions and evidence-based educational planning. The findings demonstrate that
integrating ensemble learning with explainable artificial intelligence can simultaneously achieve strong predictive
performance and transparent decision-making. Consequently, the proposed framework contributes to Educational Data
Mining by providing an interpretable and reliable approach for predicting student academic outcomes while supporting the
responsible adoption of artificial intelligence in higher education.
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