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Abstract: Predictive analytics has become an important component of learning analytics in higher education,
enabling institutions to identify academic risks and support student success through data-driven decision
making. However, many existing academic outcome prediction models rely on complex black-box machine
learning techniques that provide high predictive performance but limited transparency and interpretability.
The lack of explainability restricts the practical adoption of such models in educational environments where
accountability, trust, and ethical decision-making are essential. This study proposes an interpretable ma-
chine learning framework for multi-class academic outcome prediction using the Explainable Boosting Ma-
chine (EBM), a glass-box model that combines the predictive power of ensemble boosting with the transpar-
ency of generalized additive models. The proposed framework was evaluated using a publicly available
Student Performance and Learning Behavior dataset consisting of 6,519 student records containing aca-
demic, behavioral, and demographic attributes. Academic outcomes were formulated as a four-class classi-
fication task: Distinction, Pass, Fail, and Withdrawn. Model performance was assessed using multiple eval-
uation metrics including accuracy, precision, recall, F1-score, and ROC-AUC analysis. Experimental results
demonstrate that the proposed EBM model achieves an accuracy of 88% and an overall ROC-AUC score of
0.91, indicating strong predictive capability across outcome categories. Furthermore, the model provides
native interpretability through feature contribution functions and SHAP-based explanations, enabling both
global and instance-level understanding of predictions. The results demonstrate that reliable academic out-
come prediction can be achieved without sacrificing interpretability, providing a transparent and trustwor-
thy decision-support framework for educational analytics.

Keywords: Explainable Machine Learning; Academic Outcome Prediction; Learning Analytics; Explainable
Boosting Machine; Model Interpretability.
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1. Introduction and predictive modeling in higher education. Institutions
The growing availability of educational data has sig- increasingly rely on data-driven approaches to under-
nificantly accelerated the adoption of learning analytics stand student behavior, monitor academic progress, and
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predict learning outcomes, enabling timely interventions
and informed decision-making [1]. Among these applica-
tions, academic outcome classification plays a critical role
in identifying students’ final performance categories, such
as distinction, pass, fail, or withdrawal, based on academic
and learning-related indicators [2]. Accurate classification
of academic outcomes enables early identification of at-
risk students, facilitates targeted academic support, and
informs institutional planning and policy formulation. A
wide range of machine learning techniques has been ex-
plored for academic outcome prediction, including deci-
sion trees, support vector machines, artificial neural net-
works, random forests, and gradient boosting models [3].
While many of these approaches achieve strong predictive
performance, they are often treated as black-box systems,
offering limited insight into how predictions are generated
or which factors drive classification decisions.

In educational settings where predictive outcomes
may influence academic progression, student support
strategies, and institutional policy [4], the lack of interpret-
ability poses significant challenges for transparency, trust,
accountability, and practical adoption. Educators and ad-
ministrators may be reluctant to rely on models whose in-
ternal logic cannot be easily understood, validated, or ex-
plained to stakeholders [5]. Interpretable machine learning
has therefore gained increasing attention in educational
data mining and learning analytics.

Transparent models allow educators and stakehold-
ers to understand the relationship between input features
and predicted outcomes, validate model behavior against
domain knowledge, and communicate results effectively
to non-technical audiences. In addition, interpretability
supports ethical and responsible Al practices by enabling
the detection of potential biases, spurious correlations, and
unfair decision patterns. However, achieving interpreta-
bility without sacrificing predictive accuracy remains a
key challenge, particularly for complex multi-class classi-
fication tasks involving heterogeneous academic, behav-
ioral, and demographic features [2].

The Explainable Boosting Machine (EBM) has re-
cently emerged as a promising glass-box modeling ap-
proach that addresses this challenge [6], [7]. EBM com-
bines the predictive power of gradient boosting with the
transparency of generalized additive models, producing
feature-level contribution functions that are inherently in-
terpretable. Unlike post hoc explanation techniques ap-
plied to black-box models [8]. EBM provides native inter-
pretability, enabling direct inspection of both global fea-
ture effects and instance-level prediction logic. This dual
capability allows domain experts to assess model behavior
more reliably and ensures that predictive decisions remain
aligned with pedagogical expectations and institutional
objectives.

In this study, we propose an interpretable academic
outcome classification framework based on the Explaina-

ble Boosting Machine and evaluate its effectiveness using
a publicly available Student Performance and Learning
Behavior dataset comprising 6,519 student records. The
dataset includes academic, behavioral, and demographic
attributes, with a multi-class target variable representing
four academic outcomes: Distinction, Pass, Fail, and With-
drawn. Model performance is assessed using a compre-
hensive set of evaluation metrics, including accuracy, bal-
anced accuracy, macro-averaged Fl-score, and class-wise
precision and recall, complemented by confusion matrix
analysis and multi-class ROC curves. In addition to pre-
dictive performance, model transparency is examined
through EBM’s inherent feature contribution functions
and complementary SHAP-based local explanation analy-
sis to provide both global and local interpretability [9].

The main contributions of this work are threefold.
First, it demonstrates the effectiveness of a glass-box ma-
chine learning model for multi-class academic outcome
classification. Second, it provides a fully interpretable
framework that enables a clear understanding of how aca-
demic, behavioral, and demographic features influence
predicted outcomes. Third, it offers empirical evidence
that high predictive performance can be achieved without
resorting to opaque black-box models, thereby supporting
the broader adoption of explainable machine learning
techniques in educational analytics [10].

The study contributes to the growing body of re-
search on explainable artificial intelligence in education by
presenting a transparent, accurate, and practically deploy-
able approach for academic outcome classification. By
bridging the gap between interpretability and predictive
performance, the proposed framework advances the de-
velopment of trustworthy, accountable, and student-cen-
tered learning analytics systems capable of supporting
data-driven decision-making in modern higher education.

The remainder of this paper is organized as follows.
Section 2 reviews related literature on academic outcome
prediction and interpretable machine learning in educa-
tional analytics. Section 3 presents the research methodol-
ogy, including dataset description, pre-processing proce-
dures, model development, and evaluation metrics. Sec-
tion 4 reports the experimental results and discusses the
predictive performance and interpretability analysis of the
proposed framework. Finally, Section 5 concludes the
study and outlines potential directions for future research.

2. Literature Review

The application of learning analytics and educational
data mining has grown substantially over the past decade,
driven by the increasing availability of large-scale educa-
tional datasets and advances in machine learning. Re-
searchers have widely explored predictive modeling tech-
niques to analyze student behavior, forecast academic per-
formance, and classify learning outcomes to support early
interventions and institutional decision-making [11].
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Academic outcome classification, in particular, has been
recognized as a critical task for identifying students at risk
of failure or withdrawal and for enabling proactive aca-
demic support strategies. Early studies in this domain pri-
marily employed traditional statistical and machine learn-
ing methods such as logistic regression, naive Bayes clas-
sifiers, k-nearest neighbors, and decision trees [12]. These
models offered a degree of transparency and ease of inter-
pretation, making them attractive for educational settings.
For example, decision tree-based approaches have been
used to model student progression and identify key per-
formance drivers due to their rule-based structure and in-
tuitive visualization capabilities. However, such models
often struggle to capture complex nonlinear relationships
and interactions among heterogeneous academic and be-
havioral features, limiting their predictive performance in
large and diverse datasets [13].

To overcome these limitations, more advanced ma-
chine learning models have been increasingly adopted.
Support vector machines, artificial neural networks, ran-
dom forests, and gradient boosting algorithms have
demonstrated strong predictive accuracy in various aca-
demic outcome prediction tasks [14], [15]. Ensemble learn-
ing methods, in particular, have shown superior perfor-
mance by combining multiple weak learners to improve
generalization and robustness. Random forests and boost-
ing-based models have been widely reported to outper-
form single classifiers in predicting student grades, drop-
out risk, and final academic standing. Despite these per-
formance gains, such models are typically treated as black
boxes, offering little transparency into how predictions are
generated or which features are most influential in driving
outcomes [16]. The lack of interpretability in black-box
models has emerged as a significant concern in educa-
tional applications. Predictive systems are increasingly
used to inform high-stakes decisions, including academic
probation, scholarship allocation, and personalized learn-
ing interventions. Without clear explanations, educators
and administrators may find it difficult to trust model out-
puts, justify decisions to students, or verify that predic-
tions are aligned with pedagogical principles and institu-
tional policies [17], [18]. Moreover, opaque models raise
ethical and regulatory concerns related to fairness, ac-
countability, and potential bias, particularly when demo-
graphic or socioeconomic variables are included as predic-
tors.

In response to these challenges, the field has wit-
nessed growing interest in explainable artificial intelli-
gence (XAI) and interpretable machine learning for educa-
tional analytics. Post hoc explanation techniques such as
SHAP (SHapley Additive exPlanations) [19], LIME (Local
Interpretable Model-Agnostic Explanations), and partial
dependence plots have been widely used to interpret pre-
dictions from black-box models. Several studies have
demonstrated that SHAP-based feature importance

analysis can provide valuable insights into the factors in-
fluencing student performance predictions, highlighting
the dominant role of variables such as exam scores, attend-
ance, and assignment completion. However, post hoc ex-
planations are inherently approximations of complex
models and may not always provide faithful or stable in-
terpretations, especially in highly nonlinear or high-di-
mensional settings [20], [21].

To address the limitations of post hoc explainability,
researchers have increasingly explored glass-box models
that are interpretable by design. Generalized additive
models (GAMs), rule-based learners, and sparse linear
models have been revisited in educational contexts due to
their transparency and ease of interpretation. While these
models offer native explainability, they often sacrifice pre-
dictive performance when applied to complex, real-world
educational datasets. This trade-off between accuracy and
interpretability has remained a central challenge in the de-
sign of trustworthy educational prediction systems. The
Explainable Boosting Machine (EBM) has recently
emerged as a promising approach that bridges this gap be-
tween transparency and performance. EBM is a boosted
generalized additive model that learns flexible, nonlinear
feature contribution functions while retaining full inter-
pretability [22]. By incorporating limited pairwise interac-
tion terms, EBM can capture moderate feature dependen-
cies without compromising transparency. Unlike deep
learning or traditional ensemble methods, EBM produces
human-readable feature effect plots that allow direct in-
spection of how each input variable influences the pre-
dicted outcome. EBM has been successfully applied in sev-
eral high-stakes domains, including healthcare risk predic-
tion, financial credit scoring, and fraud detection, where
interpretability is critical for trust and regulatory compli-
ance [23].

Despite its demonstrated potential, the application of
EBM in educational data mining remains relatively limited.
Most existing studies in academic outcome prediction con-
tinue to rely on black-box ensemble models supplemented
with post hoc explanation techniques. Only a small num-
ber of works have explored inherently interpretable boost-
ing-based models for student performance classification,
and even fewer have systematically evaluated their effec-
tiveness in multi-class academic outcome classification
settings. Furthermore, many prior studies focus on binary
classification tasks (e.g., pass/fail or dropout prediction),
leaving a gap in understanding how interpretable models
perform when distinguishing among multiple academic
outcome categories such as distinction, pass, fail, and
withdrawal. [24] Examines an Al-driven Educational Data
Mining framework for student academic performance
classification, combining machine learning and explaina-
ble Al techniques. Among several evaluated models, Ex-
treme Gradient Boosting achieved the highest accuracy
(83%).
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Explainability analyses revealed that curriculum
evaluation, course-related factors, and economic variables
across semesters significantly influence academic perfor-
mance. The work also introduces a decision-support sys-
tem to provide personalized recommendations, with fu-
ture extensions focusing on real-time data and mobile in-
tegration. [9] Applies machine learning techniques to pre-
dict vocational undergraduate students’ final exam perfor-
mance and identify key influencing factors. Multiple mod-
els were evaluated using Ridge Regression as a baseline,
with Random Forest delivering the strongest predictive re-
sults. Model interpretability analyses using SHAP re-
vealed that academic-related features,
monthly exam scores, admission scores, and self-study
time, were the most influential, while demographic varia-
bles had a limited impact.

Further analysis using Partial Dependence Plots and
Kernel Density Estimation highlighted performance dif-
ferences between high- and low-achieving students,
providing actionable insights for targeted academic inter-
ventions in vocational education. [8] investigates the en-
hancement of Performance Factors Analysis (PFA), a
widely used Knowledge Tracing approach for adaptive
educational systems, by integrating ensemble machine
learning techniques. While existing PFA extensions pri-
marily focus on pedagogical improvements through be-
havioral analysis, this work emphasizes technical en-
hancements in predictive accuracy. [25] Ensemble models
Random Forest, AdaBoost, and XGBoost are incorporated
into a novel PFA framework and evaluated across three
datasets. Experimental results demonstrate that XGBoost
consistently outperforms the other models and signifi-
cantly improves student performance prediction com-
pared to the original PFA algorithm, highlighting the ef-
fectiveness of ensemble learning for advanced knowledge
tracing [26], [27].

Recent research has also highlighted the importance
of combining global and local interpretability in educa-
tional analytics. Global explanations provide an overall
understanding of feature importance and model behavior
across the entire dataset, while local explanations offer in-
stance-level insights into individual predictions. Integrat-
ing both perspectives enables educators to understand not
only which factors are generally influential but also why
specific students are assigned to particular outcome cate-
gories [28]. However, most existing approaches rely on
post hoc explanation frameworks layered on top of black-
box models, rather than leveraging models that are inher-
ently transparent at both global and local levels.

particularly

The existing literature demonstrates substantial pro-
gress in academic outcome prediction using machine
learning, with ensemble and deep learning models achiev-
ing strong predictive performance. However, the wide-
spread reliance on black-box models poses significant

challenges for transparency, trust, and ethical deployment
in educational contexts [29]. While post hoc explanation
techniques provide partial solutions, they do not fully ad-
dress the need for faithful and stable interpretability. The
Explainable Boosting Machine offers a compelling alterna-
tive by combining native interpretability with competitive
predictive accuracy. Nevertheless, its application to multi-
class academic outcome classification remains underex-
plored, and empirical evidence on its effectiveness in edu-
cational analytics is still limited. Motivated by these gaps,
this study investigates the use of an Explainable Boosting
Machine based framework for interpretable multi-class ac-
ademic outcome classification, aiming to demonstrate that
high predictive performance can be achieved without sac-
rificing transparency. By systematically evaluating both
predictive accuracy and model interpretability, this work
contributes to the development of trustworthy, explaina-
ble, and practically deployable learning analytics systems
for modern higher education.

3. Methodology

This study adopts a quantitative, experimental re-
search design to develop and evaluate an interpretable
framework for multi-class academic outcome prediction
using the Explainable Boosting Machine (EBM). The meth-
odological workflow consists of dataset acquisition, data
preprocessing, model development, performance evalua-
tion, and interpretability analysis. The overall objective is
to achieve reliable predictive performance while maintain-
ing full model transparency for educational decision-sup-
port applications.

Figure 1 illustrates the methodological stages of the
study, beginning with dataset acquisition from the Stu-
dent Performance and Learning Behavior dataset. The
workflow proceeds through data pre-processing, includ-
ing data cleaning, feature engineering, and encoding. The
Explainable Boosting Machine (EBM) model is then devel-
oped and trained for multi-class academic outcome pre-
diction. Model performance is evaluated using classifica-
tion metrics and ROC analysis. Finally, interpretability
analysis is conducted using EBM feature contribution
functions and SHAP explanations to provide both global
and instance-level insights before deriving the final re-
search findings and conclusions.

3.1. Dataset Description

Experiments were conducted using the Student Per-
formance and Learning Behavior dataset from Kaggle,
containing 6,519 student records. The dataset includes ac-
ademic, behavioral, and demographic features describing
students’ learning activities. The target variable represents
four academic outcome classes: Distinction, Pass, Fail, and
Withdrawn, formulated as a multi-class classification task.

To clarify the relationship between the predictor var-
iables and the target label, it is important to note that the
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Table 1. Descr

iption of Dataset Variables.

Feature Type Description
Study Hours Numerical Number of hours a student spends studying per week.
Attendance Numerical Student's attendance rate expressed as a percentage.
Resources Categorical Access to learning resources (0 = No, 1 = Yes).
Extracurricular Categorical Participation in extracurricular activities (0 = No, 1 = Yes).
Motivation Categorical Student’s motivation level represented as categorical ratings.
Internet Categorical Availability of internet access for learning (0 = No, 1 = Yes).
Gender Categorical Student's gender (e.g., 0 = Male, 1 =Female).
Age Numerical Age of the student in years.
Learning Style Categorical Preferred learning style encoded using categorical codes.
Online Courses Numerical Number of online courses taken by the student.
Discussions Numerical Level of participation in academic discussions.
Assignment Completion Numerical Percentage of assignments completed by the student.
Exam Score Numerical Score obtained in course examinations.
EduTech Categorical Use of educational technology tools for learning (0 = No, 1 = Yes).
Stress Level Categorical Student’s stress level represented using categorical ratings.
p . academic outcome categories used in this study (Distinc-
Dataset Acquisition tion, Pass, Fail, and Withdrawn) are provided as prede-
— fined categorical labels within the dataset and are not di-
E rectly computed from the ExamScore variable used in the
-' model features. The ExamScore attribute represents an in-

Student Performance
& Learning Behavior Data

v
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%

L Cleaning & Feature Engineering )
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Model Development
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\Explainable Boosting Machine (EBM))
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Model Evaluation
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Result Interpretation

~
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Findings & Conclusions

Figure 1. Research Workflow of the Proposed Interpretable Aca-
demic Outcome Prediction Framework.

dividual academic assessment indicator that reflects ex-
amination performance during the course, whereas the fi-
nal academic outcome variable represents the overall stu-
dent status determined by the dataset’s labeling scheme.
Therefore, ExamScore functions as a predictive academic
feature rather than the basis for constructing the target
variable. This distinction ensures that the modeling pro-
cess does not involve target leakage, and the model learns
meaningful relationships between academic, behavioral,
and contextual features and the final academic outcome.

Table 1 presents the variables used in the Student Per-
formance and Learning Behaviour dataset for academic
outcome prediction. The dataset includes numerical fea-
tures that capture students’ academic engagement and
performance, such as Study Hours, Attendance, Online
Courses, Discussions, Assignment Completion, and Exam
Score. It also contains several categorical variables repre-
senting contextual and behavioural factors, including Re-
sources, Extracurricular participation, Motivation, Internet ac-
cess, Learning Style, EduTech usage, and Stress Level, as well
as demographic attributes such as Age and Gender. The tar-
get variable, labelled Outcome, represents the final aca-
demic classification of students into four categories: Dis-
tinction, Pass, Fail, and Withdrawn. Together, these varia-
bles provide a comprehensive representation of students’
academic behaviour and learning environment, enabling
the development of a multi-class predictive model.

Figure 2 presents the correlation heatmap illustrating
the relationships between the input variables and the aca-
demic outcome variable. The visualization highlights the
strength and direction of associations among the academic,
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Correlation Matrix of Student Performance Dataset
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Figure 2. Correlation matrix of the variables used in the student performance dataset.

behavioral, and demographic attributes used in the study.
ExamScore shows the strongest correlation with the aca-
demic outcome, indicating its dominant influence on stu-
dent performance. In contrast, behavioral variables such
as attendance and study hours exhibit relatively weak as-
sociations, while demographic features show minimal cor-
relations, suggesting that academic outcomes are primar-
ily driven by learning-related factors rather than demo-
graphic characteristics.

3.2. Data Pre-processing

Prior to model training, several preprocessing steps
were applied to ensure data quality and consistency. Miss-
ing values in numerical variables were handled using me-
dian imputation to reduce sensitivity to extreme values,
while categorical variables were imputed using their most
frequent category. Outliers in continuous features, includ-
ing examination scores and study hours, were identified
using interquartile range (IQR) analysis and clipped to
reasonable bounds to prevent undue influence on model
learning. Categorical variables were transformed into nu-
merical representations using appropriate encoding

schemes based on their cardinality and semantic meaning.
Although the Explainable Boosting Machine is relatively
robust to feature scaling due to its internal binning mech-
anism, continuous variables were standardized to pro-
mote numerical stability.

3.3. Model Development

The study employed the Explainable Boosting Classi-
fier (EBC), an interpretable model that combines boosting
with additive feature contributions and limited pairwise
interactions. Hyperparameters were set to balance accu-
racy and interpretability: learning rate = 0.01, max 10 inter-
action terms, 256 bins for continuous features, and 500
boosting rounds. Uniform class weighting was used due
to balanced outcome classes, ensuring stable training and
transparent, human-readable feature explanations.

The complete training workflow of the proposed Ex-
plainable Boosting Machine model is summarized in Al-
gorithm 1, which describes the pre-processing procedures,
boosting iterations, interaction learning, and evaluation
steps involved in the modeling process.
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Algorithm 1. EBM Training Workflow (Pseudocode).

Student dataset D = {X,y}, where X denotes features and y de-
notes labels;
Hyperparameters 8 = {Ir,T, B, R}, where Ir is the learning rate,
T is the number of interactions, B is the maximum number of
bins, and R is the maximum number of boosting rounds.
Trained Explainable Boosting Machine (EBM) model M.
Begin
Step 1: Data Preprocessing: Handle missing values in X
using median imputation for numerical features and mode
imputation for categorical features. Detect and clip outliers
in continuous features using the interquartile range (IQR).
Encode categorical variables into numerical representa-
tions, standardize continuous features, and split D into the
training set Dy, and test set Dy, using stratified sam-
pling
Step 2: Model Initialization Initialize EBM model M with
hyperparameters 6 Set the intercept term B, « 0 Initialize
feature contribution functions f;(x;) < 0 for all features
Xi
Step 3: Boosting Iterations Compute residuals:
residuals = yy,,;, — M.predict(Xy,i,)
Fit weak learner h;(x;) to residuals Update feature contri-
bution:
fi(x) < fi(x) +Ir x hy(x;)
Step 4: Learn Pairwise Interactions (Optional) Select fea-
ture pair (x;, x;) Fit interaction learner h;;(x;, x;) to resid-
uals Update interaction contribution:
fij (i %) < fij G %) + Ir X by (x, x5)
Step 5: Update model M using updated f; and f;; Check
convergence or early stopping criteria break
Step 6: Model Evaluation Evaluate M on Dy, using accu-
racy, precision, recall, F1-score, and ROC-AUC
End

Table 2. Configuration of the Explainable Boosting Classifier.

Parameter Value

Model Explainable Boosting
Classifier (EBC)

Learning Rate 0.01

Number of Interactions 10

Maximum Bins 256

Maximum Rounds 500

Table 3. Classification Report of the Proposed EBM Model.
Preci-

Class . Recall Support
sion score
Distinction 0.90 0.88 0.89 1784
Pass 0.82 0.90 0.86 1541
Fail 0.90 0.84 0.87 1684
Withdrawn 0.90 0.91 0.91 1510
Accuracy 0.88 6519
Macro avg 0.88 0.88 0.88 6519
Weighted avg 0.88 0.88 0.88 6519

3.4. Model Training and Evaluation

The performance of the proposed model was evalu-
ated using several standard multi-class classification met-
rics derived from the confusion matrix. Let TP, TN, FP,
and FN denote true positives, true negatives, false posi-
tives, and false negatives, respectively.

Accuracy:
A _ TP +TN 1)
Ay = TP Y TN+ FP + FN
Precision:
Precision — TP @
recision = ;- T FP
Recall:
Recall = i 3)
AT TP T EN
F1-score:
Fo—ox Precision X Recall )
- Precision + Recall

ROC-AUC: The Area Under the Receiver Operating Char-
acteristic Curve (ROC-AUC) measures the model’s ability
to discriminate between classes across different classifica-
tion thresholds.

3.5. Model Interpretability Analysis
Interpretability was examined using two complemen-

tary approaches. The Explainable Boosting Machine (EBM)
provides inherent global explanations via feature contri-
bution functions, showing how feature values influence
predicted academic outcomes. To complement this,
SHAP-based techniques were applied for instance-level
explanations, quantifying each feature’s contribution to in-
dividual predictions. Integrating global and local analyses
offers a comprehensive framework, enabling a clear un-
derstanding of both overall model behavior and the factors
driving specific student predictions.

4. Results and Discussion

This section presents the experimental results ob-
tained from the proposed Explainable Boosting Machine
(EBM) model and discusses the predictive performance
and interpretability outcomes. The analysis includes
model configuration, quantitative performance evaluation,
confusion matrix analysis, ROC curve assessment, and in-
terpretability insights derived from feature importance
and SHAP explanations.

Table 2 summarizes the key configuration parameters
used for the Explainable Boosting Classifier (EBC). The
model was trained with a learning rate of 0.01, enabling
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Confusion Matrix for Academic Outcome Classification
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Figure 3. Confusion matrix for academic outcome classification.

ROC Curve for Academic Outcome Classification
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Figure 4. Predictive Performance Evaluation Using ROC Analy-
sis.

gradual and stable updates during training. A total of 10
interaction terms were allowed, supporting the capture of
limited but interpretable feature interactions. The maxi-
mum number of bins (256) was used to discretize continu-
ous features with sufficient granularity, while the model
was trained for up to 500 boosting rounds to ensure con-
vergence. Collectively, these settings balance predictive
performance with interpretability, aligning with the objec-
tives of explainable learning analytics models.

Table 3 presents the classification performance of the
proposed model across the four outcome categories: Dis-
tinction, Pass, Fail, and Withdrawn. The model achieves
an overall accuracy of 0.88 on 6,519 instances, demonstrat-
ing strong predictive capability. Performance across the
classes is balanced, with precision, recall, and F1-scores

Feature Importance Heatmap

ExamScore - 0.756
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AssignmentCompletion 0.041

Attendance

- 0.6

StudyHours

OnlineCourses

Age

LeamingStyle 0.016

stressLevel
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Feature Importance

Gender

Discussions

EduTech

Motivation

Resources

Extracurricular

Internet 0.002

Importance

Figure 5. Feature Importance Heatmap Based on Model Expla-
nations.

generally ranging between 0.84 and 0.91. The Withdraw
class shows the highest performance with an F1-score of
0.91, while the Pass class records the lowest precision (0.82)
but maintains high recall (0.90). The macro and weighted
averages of 0.88 further indicate consistent classification
performance across all categories. Overall, the results
demonstrate that the model provides reliable and bal-
anced predictions of student academic outcomes.

Figure 3 show the Confusion matrix for academic out-
come classification using the Explainable Boosting Ma-
chine (EBM) model. The matrix shows the distribution of
predicted and actual student outcome classes across Dis-
tinction, Pass, Fail, and Withdrawn categories. Most pre-
dictions appear along the diagonal elements, indicating
correct classifications, while a small number of off-diago-
nal entries represent misclassifications between related
outcome categories. The model achieved an overall accu-
racy of approximately 88%, which is consistent with the
performance metrics reported in Table 3.

Figure 4 shows the one-vs-rest receiver operating
characteristic (ROC) curves for the four academic outcome
classes. All curves lie well above the diagonal reference
line, indicating strong discriminative capability across
classes. The overall ROC-AUC value of 0.91 confirms that
the model effectively distinguishes between outcome cat-
egories under varying classification thresholds. The con-
sistent shape of the ROC curves across classes suggests
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SHAP Bar Plot of Feature Importance
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Figure 6. SHAP-Based Feature Importance Across Classes.
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Figure 7. SHAP Waterfall Plot for Individual Prediction.

stable and robust predictive behavior, further validating
the effectiveness of the proposed EBM framework for
multi-class academic outcome prediction.

Figure 5 shows a heatmap of feature importance from
the model’s interpretability analysis. Exam Score is the
dominant predictor, behavioral features contribute

moderately, and demographic factors have minimal im-
pact. This pattern aligns with educational theory, indicat-
ing that predictions are driven by academically relevant
features and reinforcing the model’s transparency and eth-
ical use.

Methods in Science and Technology Studies 2026, 2, 1

https://journal futuristech.co.id/index.php/msts



Oise et al, Interpretable Academic Outcome Prediction Using Explainable Boosting Machines 54

Figure 6 presents the SHAP-based global feature im-
portance across the four outcome classes using mean ab-
solute SHAP values. Exam Score emerges as the dominant
predictor, contributing substantially more to the model’s
predictions than other variables. Behavioral features show
moderate influence, while demographic attributes contrib-
ute minimally. This consistency indicates that the model
primarily relies on academically relevant indicators, sup-
porting the interpretability and validity of the proposed
framework.

Figure 7 shows a SHAP waterfall plot for an individ-
ual EBM prediction, decomposing the output into feature
contributions. Exam Score dominates the prediction, while
behavioral, contextual, and demographic features contrib-
ute minimally. This instance-level explanation aligns with
the global SHAP analysis, highlighting that predictions are
primarily driven by examination performance, which sup-

ports transparent decision-making for individual students.

The predictive performance of the proposed EBM
framework compares favorably with previous studies on
academic outcome prediction. Prior research using ensem-
ble learning models such as Random Forest and XGBoost
has reported accuracy values ranging between approxi-
mately 80% and 87% for student performance classifica-
tion tasks. In contrast, the proposed EBM model achieves
an accuracy of 88% while maintaining full model transpar-
ency. Unlike many high-performing black-box models, the
EBM framework provides interpretable feature

contribution functions that allow educators to understand
how academic and behavioral factors influence predicted
outcomes. This combination of competitive predictive ac-
curacy and inherent interpretability highlights the practi-
cal value of the proposed approach for educational deci-
sion-support systems.

5. Conclusion

This study presents an interpretable machine learn-
ing framework for multi-class academic outcome predic-
tion using the Explainable Boosting Machine (EBM). The
model achieved strong and balanced performance (accu-
racy 88%, AUC 0.91) across four outcome categories: Dis-
tinction, Pass, Fail, and Withdrawn. It provides both
global and instance-level interpretability through feature
contribution functions and SHAP explanations, enabling
clear insights into the factors driving predictions. Exami-
nation score emerged as the dominant predictor, behav-
ioral features contributed moderately, and demographic
variables had minimal influence, consistent with educa-
tional theory. These results demonstrate that high predic-
tive accuracy can be achieved without black-box models,
supporting transparent, accountable, and ethical deploy-
ment of Al in educational decision-making. The proposed
EBM-based framework offers a practical, trustworthy so-
lution for academic outcome prediction and advances the
application of explainable Al in learning analytics.
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