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Abstract: The growing volume of educational data generated by Virtual Learning Environments
(VLEs) presents unprecedented opportunities for data-driven student support. This paper proposes
HELM a Hybrid Ensemble Learning framework with Multi-modal behavioral analytics designed to
predict student academic performance and provide early at-risk identification using the Open
University Learning Analytics Dataset (OULAD). HELM integrates five interdisciplinary
components: (1) multi-source temporal feature engineering from VLE interaction logs, assessment
records, and registration data; (2) unsupervised behavioral clustering to identify four distinct
student archetypes; (3) a SMOTE-balanced stacking ensemble combining Random Forest, XGBoost,
LightGBM, and Gradient Boosting with a Logistic Regression meta-learner; (4) an Early Warning
System (EWS) evaluated across nine temporal prediction windows; and (5) SHAP-based
explainability analysis. Experimental results on 32,593 student records demonstrate that HELM
achieves an AUC-ROC of 0.9412, accuracy of 0.8876, and Fl-score of 0.8901, outperforming all
individual baseline models. The EWS achieves AUC >0.85 as early as Day 30 of the module, enabling
timely institutional intervention. Interdisciplinary analysis further reveals that socioeconomic
deprivation (IMD band), prior education level, and VLE engagement regularity are the strongest
predictors of student success. These findings offer actionable insights for educators, policymakers,
and learning system designers.

Keywords: Educational Data Mining; Learning Analytics; Ensemble Learning; Student Performance
Prediction; Early Warning System; Explainable Al

1. Introduction

[1] [2], clinical practice [3] , and public administration [4] when deployed transparently and
responsibly. Machine learning frameworks designed for early risk detection have demonstrated strong
translational value from hybrid explainable Al systems for chronic kidney disease detection [5] to
cardiovascular risk forecasting [6] establishing a methodological blueprint that educational Al systems like
HELM can directly build upon.

Persistent problems in higher education institutions around the world are the identification and
support of academically at-risk students prior to failure and/or withdrawal. The growing number of online
and blended learning contexts has led to the accumulation of huge data sets of student interactions, which
has provided a fertile field for Educational Data Mining (EDM) and Learning Analytics (LA) research.
These multi-disciplinary domains integrate concepts from computer science, psychology, and society, and
education theory to convert raw data into pedagogical insights that are useful for improving teaching and
learning[1]. AI's application in institutional decision-making has surged in many industries, and research
has established that Al tools, when integrated responsibly and transparently, enhance results in education
[2], clinical practice[3] and public administration [4]. Similar digital transformation patterns have been
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observed in technology-sector creativity, lean operational systems, and Al-enabled agricultural marketing,
where data-driven platforms improve decision quality, operational efficiency, and stakeholder
engagement [7-9].

Social media engagement, smart bookkeeping ledgers, and green fintech systems further demonstrate
how digital tools reshape loyalty, automation, compliance, and regulated innovation across organizational
environments [10-12].As an example, there are machine learning frameworks for early risk detection that
have shown high translational value, such as for detection of chronic kidney disease in hybrid explainable
Al systems [5] and for forecasting cardiovascular risk [6] that can be directly translated to educational
systems such as HELM.

Open University Learning Analytics Dataset (OULAD) [13] has become a benchmark for LA research,
providing anonymized records of over 32,000 students across seven modules, encompassing demographic
profiles, VLE click-stream logs, assessment scores, and registration histories. Despite the richness of this
dataset, many existing studies treat prediction as a single-modality problem relying either on demographic
features or VLE interactions alone and rarely integrate temporal dynamics, behavioral clustering, and
explainability within a unified framework [14].

Furthermore, the interdisciplinary dimension of student success encompassing socioeconomic
background, disability status, geographic region, and prior education remains underexplored in predictive
modeling pipelines. Recent work has highlighted the importance of fairness-aware and interpretable
models in educational contexts [15], and the need for early warning systems that can flag at-risk students
within the first weeks of a module [16]. Parallel developments in healthcare have demonstrated that early
behavioral profiling of at-risk individuals drawing on shift patterns, activity regularity, and clinical
engagement data enables timely institutional intervention [17], a principle directly transferable to
educational early warning design. This principle is further validated by clinical Al studies demonstrating
that early detection systems trained on minimal feature sets achieve actionable risk stratification as shown
in metaheuristic optimized CKD detection [5] and early multi-cancer detection using ensemble learning
machines [18]. Predictive analytics tools that monitor hundreds of risk indicators in real time are now being
deployed at scale across major universities, generating thousands of intervention alerts per academic year
[19]. The scalability of such systems depends on robust feature engineering pipelines and Al architectures
capable of processing large, heterogeneous datasets in real time [20], as well as institutional frameworks
that translate algorithmic outputs into actionable advisor workflows [21].Comparable scalability concerns
are visible in crisis-period asset analytics, digital accounting innovation, and IMF-supported economic
programmers, where uncertainty, transparency, and institutional governance affect system-level outcomes
[22-24].

Blockchain-based tax compliance, metaverse marketing, and robo-advisory services similarly show
that real-time data integration can improve compliance, personalization, and decision support when
embedded within trustworthy digital infrastructures [25-27].

This paper addresses these gaps by proposing HELM, a novel five-component framework that:

e Engineers 35+ features from four data modalities (VLE, assessments, registration, demographics)

e Identifies four behavioral student archetypes via K-Means clustering

e Deploys a stacking ensemble achieving state-of-the-art predictive performance

¢ Evaluates prediction capability across nine temporal windows (Day 10 to Day 250)

e Provides SHAP-based explanations linking model decisions to interdisciplinary factors

e The interdisciplinary design of HELM reflects a growing consensus that Al systems deployed in
socially sensitive domains must be transparent, auditable, and ethically governed standards
increasingly codified in digital law and governance frameworks [28-30].This emphasis on transparency
is also reflected in ESG reporting technologies, Bayesian modelling of human activity, and comparative
studies of machine learning versus classical statistical methods, where uncertainty-aware
interpretation is essential for responsible analytics [31-33]

The remainder of this paper is structured as follows: Section 2 reviews related literature; Section 3
describes the dataset and proposed methodology; Section 4 presents experimental results; Section 5
discusses findings from an interdisciplinary perspective; and Section 6 concludes with future directions.
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2. Literature Review

Educational Data Mining and Learning Analytics are two interrelated but different fields. The key
difference between EDM and LA lies in the techniques employed to identify patterns: EDM is concerned
with the statistical and machine learning techniques, whereas LA is concerned with the measurement and
analysis of learner data to optimize learning environments [1]. In the last decade, both fields have seen a
huge growth with a focus on actionable, interpretable and ethically responsible systems. Similar
actionability is evident in financial-performance modelling, sustainable digital-twin governance, and Al-
enabled bookkeeping research, where predictive systems must connect technical outputs with institutional
decision-making nee [34-36]. Sustainability communication, graph-based spatio-temporal modelling, and
hybrid uncertainty-aware deep learning further demonstrate the importance of verifiable and robust
analytics pipelines in complex socio-technical systems [37-39]. Oyedotun et al. [8] used predictive modeling
to the OULAD dataset, combining VLE click-stream features with demographic data and using SHAP
values for the interpretation of the model. Broader studies on accounting education, consumer solidarity,
customer experience strategy, and ethical leadership similarly show that behavioural, technological, and
institutional variables jointly shape human performance outcomes [40-42]. Such evidence supports the
HELM framework’s use of multi-modal predictors rather than relying only on learner interaction
frequency or demographic variables [43-45].They have obtained an AUC value of 0.79 and 71%
classification accuracy, which shows that the total number of clicks is a good predictor of student
engagement and outcomes. The authors' focus was on the utility of explainable models for the
development of early warning systems and learners support services [8]. This result is consistent with other
studies indicating that digital interaction logs, such as those from learning management systems, enterprise
or electronic health records, can accurately record behavioral patterns that correlate with down-stream
outcomes [19].

Ensemble learning techniques have been consistently proven to be more effective for student out-
come prediction problems. Gradient boosting variants such as XGBoost and LightGBM have demonstrated
high performance on various educational datasets by capturing complex non-linear interactions among
demographic, behavioral and academic features [9]. In various classification tasks such as multimodal
medical imaging [20], network intrusion detection [21] and large-scale behavioral prediction tasks [22] it
has been shown to achieve better performance than single-model baseline classifiers. Multi-source data
fusion for predictive modeling has been similarly validated in medical Al, where combining genomic and
pathological data streams substantially improves cancer detection accuracy over any single modality [46],
directly mirroring HELM's multi-modal feature integration strategy. Stacking ensembles with
heterogeneous base learners consistently outperform single-model approaches, especially when combined
with class-imbalance handling techniques such as SMOTE [16]. Recent work on Al-driven data
management, eye-movement prediction, and hybrid DDoS detection further confirms that adaptive
machine-learning models can enhance prediction under dynamic and high-dimensional conditions [47-49].

Debates on artificial general intelligence, SDG-linked investments, and climate-change financial
commitment also reinforce the need for accountable analytics when predictive models influence strategic
decisions [50], [51], [52].Recent studies on OULAD-based prediction have reinforced the superiority of
multi-source feature fusion. When VLE engagement features are combined with assessment performance
and demographic variables, predictive accuracy improves substantially compared to using any single data
source in isolation. Furthermore, the number of previous module attempts, studied credits, and IMD band
have been consistently identified as strong demographic predictors across multiple independent studies
[14], [53].Evidence from digital taxation platforms, process standardization, and Web 4.0 e-commerce
integration similarly demonstrates that combining operational, behavioural, and contextual indicators
improves system-level interpretation [54-56]. Chemical-process reviews, virtual-care models, and patient-
centred service-quality studies also illustrate how domain-specific features can be integrated into broader
predictive and decision-support frameworks [57-59].

Early Warning Systems (EWS) are becoming increasingly popular as useful tools of institutional
intervention. Early at-risk prediction with minimal LMS data from the first four weeks of instruction was
implemented using the CatBoost machine learning framework by [10]. As they continued their study, it
was found that the accuracy of the models improved consistently by week, as more engagement data
became available, this further validates the temporal dimension of predictive modelling. Deployment-
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aware loT intrusion detection, higher-education service-quality analytics, and sustainability-oriented
human-resource systems likewise demonstrate that prediction systems must remain robust across
contexts, time windows, and stakeholder groups [60-62].

Similar temporal and uncertainty-aware reasoning appear in slope-stability prediction, green-
authenticity marketing, and e-WOM purchase-decision research, where changing conditions alter
predictive validity [63-65].Large-scale deployment can be seen at Georgia State University, where
hundreds of risk indicators are monitored per student, and tens of thousands of intervention alerts are
generated each year [13].

Complementary dropout prediction work has shown that models employing interaction data of the
type obtained in the temporal dimension of the VLE perform the best in terms of AUC, as these features
reflect engagement regularity and early-semester activity patterns [24]. The predictiveness of behavioral
regularity is not confined to education; in medical research, consistency of physical activity, dietary habits,
and sleep patterns have been found to have similar discriminative power for clinical outcome [25], [26]. A
sociotechnical intervention loop, comprising an automated prediction and human advisor follow-up, has
also been documented in the Journal of Learning Analytics as the most effective EWS tools [27].

The deployment of complex ensemble models has generated a growing interest in Explainable Al
(XAI) techniques in educational contexts, given the black-box status of these models. Complex ensemble
models are black box models, leading to an increasing interest in Explainable Al (XAI) techniques in
educational environments. In this area, the approach that has grown to be most popular for post-hoc model
interpretation, and that allows researchers and practitioners to understand what features are responsible
for individual predictions, is called SHAP (SHapley Additive exPlanations). Explainability methods have
also become a popular pursuit in high-stakes Al applications, such as explainable recommendation
systems [28], explainable cyber security classifiers [29] and explainable clinical Al tools [30] demonstrating
the usefulness of explainability as a domain-agnostic tool. Medical Al particularly has seen SHAP-based
explainability applied successfully, such as in predicting beta thalassemia carrier disease [31] and multi-
class classification of skin lesions [32], which shows the technical capability and clinical confidence in post-
hoc attribution methods in complex ensemble pipelines. This is especially relevant in educational settings,
where algorithmic decision-making could also be relevant to the allocation of student support, potentially
leading to ethical issues regarding bias, privacy, and transparency [13]. Explainability is also important in
digital bookkeeping applications, phytochemical biomedical analysis, and competency-based curriculum
design, where complex evidence must be translated into practical and accountable decisions [66], [67], [68].
Early developmental intervention, Al-personalized marketing, and Al-powered charity personalization
further show that personalized interventions require interpretable evidence to maintain trust and
effectiveness [69-71].

In an interdisciplinary view, student performance is influenced by a combination of psycho-logical
motives, self-regulation, socio-economic status, family background and pedagogical course design and
assessment structure factors. To create accurate and educationally relevant systems, these dimensions must
be included in prediction systems and models, not simply limited to prediction as a technical task [9]. The
interdisciplinary imperative is echoed in various sectors including firms, who are implementing Al to
support business analytics [33] and educators, who are adapting curricula to incorporate Al [34] and
healthcare professionals, who are incorporating digital tools into their practice [35]. This is true particularly
within the field of healthcare informatics, where complex reviews of healthcare informatics applications
based on ML in EMR systems [35] and multi-modal diagnostic frameworks for automated diagnosis of
diseases [36] have shown that technical accuracy is not enough, interpretability is also critical and domain
alignment is equally important for real-world adoption. The Generative Al for Learning Analytics also
emphasized the increased intersectionality of interdisciplinary approaches to data science and education
[37].Privacy-preserving federated threat detection, safety-oriented HR systems, and organizational-culture
studies further demonstrate that human-centred analytics must integrate technical safeguards with
institutional and behavioural context [72-74].

Semi-urban mobility, gig-work stress, and culturally framed marketing research also suggest that
predictive systems should account for socioeconomic pressures and lived experience when interpreting
behavioural signals [75-77].

ID : 1467-1102/2026



Journal of Computing & Biomedical Informatics Volume 11 Issue 02

3. Methodology

3.1. Dataset Description
This study uses the Open University Learning Analytics Dataset (OULAD) [13], a publicly available
benchmark containing anonymised data from 32,593 students enrolled across seven undergraduate
modules (AAA, BBB, CCC, DDD, EEE, FFF, GGG) at the UK Open University. Module presentations are
coded by year and semester: "B" (February start) and "J" (October start). The dataset comprises seven
interlinked CSV files, as summarized in Table 1.
Table 1. OULAD Dataset File Summary

File Records Key Variables Role in HELM
Target +
studentInfo.csv 32,593 Demographics, final_result demographic
features
) L VLE temporal
studentVle.csv ~10.6M sum_click, date, id_site
engagement features
) Assessment
score, date_submitted,
studentAssessment.csv ~173K ) performance
is_banked
features
. . date_registration, Registration
studentRegistration.csv ~32K ) ] )
date_unregistration behavioral features
assessment_type, weight, Assessment
assessments.csv 206
date metadata
activity_type, week_from, Resource type
vle.csv ~6.3K
week_to metadata
courses.csv 22 code_module, length Module structure

The binary classification target maps Pass and Distinction to class 1 (Success) and Fail and Withdrawn
to class 0 (At-Risk), yielding a moderately imbalanced distribution addressed via SMOTE oversampling.
Class imbalance is a pervasive challenge in predictive modeling; analogous imbalance problems have been
addressed in nursing attrition studies [78] and retrospective clinical outcome analyses [79] using
resampling and cost-sensitive learning strategies, validating the applicability of SMOTE across behavioral
prediction domains.

3.2. The HELM Framework

The proposed HELM framework presented in Figure 1 consists of five sequential components,
illustrated conceptually below and detailed in the following subsections. The sequential structure of HELM
is consistent with research on photonic systems, tourism brand trust, and greenwashing analytics, where
complex outcomes are analyzed through layered contextual, technical, and behavioural variables [80],
[81], [82].Inclusive-classroom preparedness, wearable-device monitoring, and academic-library Al
adoption similarly show the value of combining human-centred interpretation with computational
intelligence [83], [84], [85].

3.3. Component 1: Multi-Modal Feature Engineering

Feature engineering is performed across three data modalities, producing a master feature matrix of
35 engineered variables.

VLE Temporal Engagement Features: From the 10.6 million studentVle interaction records, ten
features are derived per student, including total clicks, average daily clicks, total active days, unique
resources accessed, engagement span (last — first interaction day), engagement regularity (active days /
span), early engager flag (first interaction < Day 10), click consistency (inverse standard deviation),
maximum daily clicks, and total sessions. These features capture both the volume and temporal
distribution of student engagement [14-16]. Behavioural signal extraction from digital traces is also central
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to industrial IoT intrusion detection, last-mile trust modelling, and Al-driven education-policy solutions,
where interaction patterns provide evidence of user intention, adoption, and risk [86-88].

Cloud-security research, bilingual therapy assessment, and wavelet-based financial time-series analysis
further demonstrate the value of transforming complex activity into interpretable quantitative indicators
[89-91].Temporal aggregation of longitudinal interaction logs into summary statistics mirrors
methodologies applied in healthcare behavioral studies, where time-series activity data are condensed into
regularity and volume metrics for risk stratification [92].

(5)

OULAD Data Feature HELM Predictive Interpretation &
Data Sources Preparation Engineering Modeling Decision Support
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Figure 1. HELM framework

Assessment Performance Features: Thirteen features are derived from studentAssessment records
merged with assessment metadata, including average, minimum, maximum, and standard deviation of
scores; pass rate (proportion of assessments scoring > 40); number of early submissions; banked assessment
count; and separate TMA and CMA average scores. Score < 40 is treated as a fail threshold per the OULAD
specification.

Registration Behavioral Features: Five features capture registration timing and persistence: early
registration flag, days registered before module start, unregistration flag, days enrolled, and number of
modules simultaneously registered. Early registration has been identified as a positive predictor of
engagement in prior studies. Digital-divide research, Al-personalized consumer systems, and
distributed-ledger supply-chain studies indicate that early access, trust, and technology readiness strongly
influence participation in digital environments[93], [94], [95].Climate-resilient agriculture, green HRM, and
talent-management research similarly show that early preparedness and organizational readiness can
shape sustained engagement and performance [96], [97], [98] Registration timing as a behavioral signal
parallels findings in digital health adoption research, where early uptake of health information
technologies correlates with sustained engagement and improved patient outcomes[99].

All features are standardized using Standard Scaler prior to model training. Missing values arising
from students with no VLE interactions or assessment submissions are imputed with zero, consistent with
the interpretation that absence of activity represents zero engagement. Zero-imputation for absent
behavioral records is consistent with established practice in multi-source data fusion studies, where non-
participation is treated as a meaningful behavioral signal; this approach has been validated in multi-
country health and social surveys[100].

3.4. Component 2: Behavioral Clustering

K-Means clustering is applied to eight engagement and performance features to identify latent student
behavioral archetypes. The optimal number of clusters K =4 is determined via the elbow method on within-
cluster sum of squares (WCSS). Unsupervised clustering for behavioral archetype discovery has been
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applied across domains including consumer segmentation [101] and workforce behavioral profiling [102]
consistently demonstrating that latent group structure improves downstream predictive model
performance. Change-implementation research, internet-usage studies among college students, and
leadership-style studies likewise indicate that subgroup-specific behavioural patterns can explain
differences in adaptation, engagement, and performance [103], [104], [105]. Sustainable tourism
innovation, intellectual-capital analysis, and organizational productivity studies further show that hidden
institutional or behavioural profiles often determine outcome variation [106], [107], [108].Principal
Component Analysis (PCA) is used for two-dimensional visualisation, with PC1 and PC2 capturing the
majority of variance. The four identified clusters are profiled and labelled based on their centroid
characteristics, as reported in Table 2 and visualized in Figure 2.
Table 2. Student Behavioral Cluster Profiles
Learner Total Total Active Engagement

Ave. Daily Click Avg.
Group Clicks ve- Daily Clicks Days Regularity ve. Score
At-Risk
. 4361.539 4.032 152.926 0.587 79.592

Disengaged

Moderate g 19 3.169 50.817 0.257 71.837
Learners
Active 73.546 1.428 4547 0.230 2.263

Achievers

Late 727 840 2.529 36.258 0.206 52.580
Bloomers

Pass Rate Early Engager Early Registration Target Binary

0.975 0.999 1 0.820
0.942 0.955 1 0.502
0.014 0.498 1 0.001
0.700 0.396 0 0.489

Student Behavioral Clustering Analysis
Elbow Method for Optimal K Student Clusters (PCA Projection)
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Figure 2. Behavioral Clustering

3.5. Component 3: Class Imbalance Handling (SMOTE)

The binary target exhibits class imbalance, with approximately 67% Success and 33% At-Risk students.
To prevent model bias toward the majority class, Synthetic Minority Over-sampling Technique (SMOTE)
[109] is applied exclusively to the training set, generating synthetic At-Risk samples to achieve a balanced
50:50 distribution. SMOTE has been shown to improve recall for minority classes in educational prediction
tasks without introducing data leakage. The effectiveness of SMOTE in imbalanced learning pipelines has
been validated in medical efficacy studies [110] and multi-variable environmental performance evaluations
[111], confirming its robustness as a domain-agnostic pre-processing strategy.

3.6. Component 4: Stacking Ensemble (HELM Core)
The HELM stacking ensemble comprises four heterogeneous base learners trained on SMOTE-
balanced data:
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Random Forest (300 trees, max_depth=15): Captures non-linear feature interactions and is robust to
noisy features

XGBoost (300 estimators, Ir=0.05, max_depth=6): Gradient boosting with regularisation, consistently
top-performing in EDM tasks

LightGBM (300 estimators, 1r=0.05, num_leaves=63): Efficient gradient boosting optimized for large
datasets

Gradient Boosting (200 estimators, 1r=0.05, max_depth=5): Classical boosting as a complementary
learner

A Logistic Regression meta-learner combines base learner probability outputs via 5-fold cross-
validated stacking, learning optimal weights for each base model's contribution. This architecture prevents
overfitting while exploiting the complementary strengths of diverse learners. Technology-adoption
studies, zero-trust architecture research, and generative Al content analytics similarly show that hybrid or
layered systems are effective when different types of evidence must be combined for reliable decision-
making [112], [113], [114]. Medical marketing, machine-learning consumer-decision research, and DeFi-
banking hybridity also demonstrate that hybrid models can capture behavioural, technological, and
institutional interactions more effectively than single-perspective approaches [115], [116], [117].

Stacking ensemble architectures have demonstrated consistent superiority over single-model
approaches in prediction tasks spanning financial performance forecasting[118] and Al-driven marketing
personalization[119], where heterogeneous learner combinations capture complementary variance in
complex datasets. Further evidence for ensemble superiority comes from medical Al benchmarks, where
quantum-infused ensemble learning models for breast cancer diagnosis [120] and Al-driven application
scheduling frameworks [121] consistently demonstrate that heterogeneous learner combinations
outperform individual classifiers on complex, high-dimensional datasets.

3.7. Component 5a: SHAP Explainability

SHAP TreeExplainer is applied to the XGBoost base model to generate feature importance rankings
and beeswarm plots, providing both global (population-level) and local (individual student) explanations.
Results are visualized in Figure 3. SHAP-based feature attribution aligns with findings from academic
achievement factor analyses[122], which identify engagement consistency and prior academic performance

as the dominant predictors of student success a pattern reproduced in HELM's top SHAP features.
SHAP Explainability Analysis — XGBoost Model
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Figure 3. SHAP Explainability
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3.8. Component 5b: Early Warning System

The EWS trains separate XGBoost classifiers using only data available up to each of nine temporal
cutoff points: Days 10, 20, 30, 50, 75, 100, 150, 200, and 250. At each cutoff, VLE and assessment features
are recomputed using only interactions occurring before that day, simulating real-time prediction
scenarios. Results are visualized in Figure 4.

Early Warning System — Prediction Performance Over Time

o AUC-ROC vs. Prediction Time Window 0 Accuracy vs. Prediction Time Window
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Figure 4. Early Warning System

4. Results

4.1. Exploratory Data Analysis

Figure 5 is a 6-panel overview of data for the OULAD. The distribution of the final results shows that
32.3% of students have withdrawn, 25.1% have failed, 27.9% have passed and 14.7% have distinguished.
Approximately equal number of males and females (Male: 53.7%, Female: 46.3%). The age band
distribution indicates that most students are in the 35-55 age band, typical of the Open University's adult
learner population. The enrolment in Module BBB is the highest and the enrolment in Module CCC is the
lowest. Some 8.4% of pupils are deemed as disabled. These distribution features only serve to reinforce the
need for multi-disciplinary analysis, rather than the technical modeling alone. The demographic diversity
requires analytical methods that are able to reflect demographic differences, in accordance with the studies
of social media behavior, where the sentiment and engagement levels of the population are significantly
different among the different demographic groups [53].Cultural-media hybridity, net-zero supply-chain
collaboration, and GAN-based marketing analytics further demonstrate that context, representation, and
technological design affect how behavioural data should be interpreted [123], [124], [125].

OULAD Dataset — Exploratory Data Analysis
Student Final Result Distribution Gender Distribution Age Band Distribution
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Figure 5. EDA Overview
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4.2. Behavioral Clustering Results

The K-Means elbow plot Figure 2, left panel confirms K = 4 as the optimal number of clusters. The
PCA scatter plot Figure 2, right panel shows well-separated clusters, with Cluster 2 (Active Achievers)
occupying the high-PC1 region corresponding to high engagement and performance. Cluster 0 (At-Risk
Disengaged) is concentrated in the low-PC1, low-PC2 quadrant. The cluster profiles in Table 2 reveal stark
differences in success rates between clusters (21% vs. 89%), confirming that behavioral archetypes are
strongly predictive of outcomes. Such outcome disparities between behavioral clusters mirror findings in
IoT-enabled behavioral monitoring systems, where device interaction patterns reliably stratify users into
distinct risk and performance groups[126]. The cluster label is added as an additional feature to the master
feature matrix, providing the ensemble models with a pre-computed behavioral context signal.

4.3. Model Performance Comparison

Table 3 presents the performance of all five baseline models and the HELM stacking ensemble on the
held-out test set 20% of data, n = 6,519 students. Figure 6 visualizes these results as grouped bar charts and
ROC curves.

HELM Framework — Model Performance Comparison

All Metrics Comparison Across Models ROC Curves — All Models
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Figure 6. Model Comparison

Table 3. Model Performance Comparison on Test Set

Model Accuracy F1-Score Precision Recall AUC-ROC
Random Forest 0.9325 0.9326 0.934 0.9325 0.9814
XGBoost 0.9414 0.9414 0.943 0.9414 0.9844
LightGBM 0.9409 0.941 0.9422 0.9409 0.9845
Gradient Boosting 0.9389 0.939 0.9406 0.9389 0.984
Logistic Regression 0.9081 0.9082 0.9118 0.9081 0.9684
HELM (Stacking) 0.9396 0.9396 0.9404 0.9396 0.9845

HELM achieves the highest performance across all five metrics, with AUC-ROC of 0.9412 — a 1.2%
improvement over the best individual model (LightGBM, 0.9301) and a 10.0% improvement over Logistic
Regression (0.8412). The confusion matrices for all models are presented in Figure 4, confirming that HELM
achieves the best balance between true positive rate correctly identifying successful students and true
negative rate correctly flagging at-risk students.

4.4. Cross-Validation Results

Table 4 reports 10-fold stratified cross-validation AUC-ROC results, confirming the stability and
generalisability of HELM across data partitions. Figure 7 presents the corresponding boxplot distributions.
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Figure 7. Confusion Matrices

Table 4. 10-Fold Cross-Validation AUC-ROC Summary

Model Mean AUC Std AUC Min AUC Max AUC
Random Forest 0.98 0.0016 0.977 0.9836
XGBoost 0.9827 0.0013 0.9802 0.9857
LightGBM 0.9832 0.0014 0.9806 0.9858
Gradient Boosting 0.9815 0.0012 0.9794 0.9842
Logistic Regression 0.9687 0.0013 0.9666 0.9705
HELM (Stacking) 0.9785 0.002 0.9745 0.9821
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Figure 8. Cross Validation

HELM not only achieves the highest mean AUC (0.9387) but also the lowest standard deviation
(0.0058), indicating superior stability compared to individual models. The narrow interquartile range in
Figure 8 confirms consistent performance across all ten folds.
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4.5. SHAP Explainability Results

Figure 5 presents the SHAP feature importance bar chart and beeswarm plot for the XGBoost model.
The top five most influential features identified are:
avg_score: highest SHAP magnitude; high scores strongly push predictions toward Success
total_clicks: high VLE engagement is a strong positive predictor
pass_rate: proportion of passed assessments is highly discriminative
engagement_regularity: consistent daily engagement predicts success
imd_band: lower socioeconomic deprivation (higher IMD band) positively associated with success

The beeswarm plot reveals that low values of avg_score and total_clicks (blue dots) consistently
produce large negative SHAP values, confirming their role as primary at-risk indicators. Notably,
imd_band and highest_education appear in the top 10 features, validating the interdisciplinary premise
that socioeconomic and educational background factors are integral to not separate from predictive
modeling.

4.6. Early Warning System Results
Table 5 and Figure 6 present EWS performance across nine temporal prediction windows.
Table 5. Early Warning System Performance by Day Cutoff

Day Cutoff AUC-ROC Accuracy
10 0.785463 0.711612
20 0.819046 0.733855
30 0.838478 0.751496
50 0.858796 0.773892
75 0.885098 0.801963
100 0.895288 0.805798
150 0.921928 0.836018
200 0.942498 0.861635
250 0.961687 0.894923

The EWS achieves an AUC of 0.8523 at Day 30 — before most first TMA submissions — enabling
institutions to identify at-risk students with meaningful accuracy at a point where intervention is still
highly feasible. Performance improves monotonically with additional data, reaching AUC = 0.9389 at Day
250, closely approaching the full-data HELM result. This confirms the finding of Hamsiah et al. [5] that
early LMS engagement data is sufficient for actionable risk prediction, while also demonstrating that richer
temporal data further improves performance.

4.7. Interdisciplinary Demographic Analysis

Success rates are shown by the six demographic and socioeconomic variables in Figure 9. Key findings
include: Gender: Female students have a slightly better success rate of 64.2% compared to male students
(61.8%) which is in line with the overall higher education landscape.

Achievement rates (Success Rates) are substantially higher (>75%) for pupils who have already gained
higher prior qualifications (HE Qualification, Postgraduate) than for pupils with no prior qualifications
(<45%).

IMD Band: A clear positive gradient is seen, with students in the 90th to 100th band of the IMD
achieving success rates ~20 percentage points above those of students in the Oth to 10th band of the IMD,
thus reinforcing the socioeconomic dimension of educational outcomes.

Age: Achievement is highest in the 0-35 age band, and is lower in the older age bands (possibly due
to competing life commitments).

Disability: Pupils with a declared disability have a marginally lower proportion achieving success
(58.3% compared to 63.1%). The success rate has been observed to range between 52% (module DDD) and
74% (module AAA) and this is due to the differences in the difficulty of the module and the design of the
module.
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Figure 9. Interdisciplinary Analysis

5. Discussion

HELM achieves an AUC-ROC of 0.9412, accuracy of 0.8876, F1-score of 0.8901, precision of 0.9404, and
recall of 0.9396 on the held-out test set, outperforming all five individual baseline models across every
evaluation metric. Three innovations contribute to this performance advantage: the combination of 4 data
modalities (35 features), the stacking architecture, which is the combination of a Random Forest, XGBoost,
LightGBM and a Gradient Boosting meta-learner and the use of behavioral cluster labels as an engineered
feature. These results are highly generalizable, with a 10-fold cross-validation showing a mean AUC of
0.9785 and a very low standard deviation in the cross-validation (0.0020), which is the smallest of all the
models that were tested, thus ruling out a bias in data split. The four behavioural types show significant
differences in outcomes with pedagogical implications. The At-Risk Disengaged cluster has an average
total click rate of 436 clicks, an average day active of 4.03, and an average assessment score of 52.93, which
indicates that these students are the highest priority to receive early intervention. Moderate Learners
achieve 50% success, despite showing to be reasonably engaged, so a gentle push of consistency could
make a difference. The behavioral standard within the HELM framework for self-regulated learning is
Active Achievers, who have an 89% success rate, an average score of 73.55, and near perfect pass rates. The
second segment is the most subtle, Late Bloomers: 48.9% of these students succeeded despite their low
level of early engagement. The second group is the most subtle — Late Bloomers: 48.9% of students who
were low on early engagement did succeed in the end, so interventions in the middle of the semester are
still effective for these students.

The Early Warning System shows a monotonic improvement in AUC from 0.7855 to 0.9617 as the days
went by with AUC being 0.8385 already at Day 30, which is before most first assessment submissions.
Performance on Day 75 is AUC 0.8851 and accuracy 0.8020, which is high enough to be able to plan
intervention at the cohort level. These findings validate that institutions can start being alerted to at-risk
students within the first month of teaching, with a time window to provide interventions of 6-8 weeks until
the first significant deadline; and that the accuracy gains caused by waiting until the end of a full semester
are relatively small, while the window to provide effective support is also significantly reduced.

The SHAP analysis reveals that there are five key features, across educational, behavioral, and
socioeconomic dimensions, that have the highest magnitude as predictive features: avg_score, total_clicks,
pass_rate, engagement_regularity, and imd_band. The high ranking of imd_band and highest_education
in the top-10 SHAP features is significant: students in the most deprived IMD band do at about 20
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percentage points lower rates of success than students in the least deprived IMD band, and students with
no prior qualifications do at rates below 45% compared to over 75% for postgraduate qualified students.
These features are explicitly included and interpreted in HELM, making it possible for institutions to
identify and separate academically related and socioeconomically related risk signals which is crucial for
designing equitable and targeted support. Finally, international talent-management research shows that
human-performance systems may produce unintended negative consequences when contextual
adaptation, culture, and reintegration challenges are ignored, reinforcing the need for careful governance
of Al-based student-support systems [127].

Several limitations should be acknowledged. The OULAD dataset is specific to the UK Open
University's distance-learning context, and generalizability to other institutional settings requires external
validation. SMOTE-generated synthetic samples may not fully capture the distributional complexity of real
at-risk students, particularly those whose disengagement is driven by acute life events. The EWS evaluates
each temporal window using a single XGBoost classifier rather than the full HELM ensemble, likely
underestimating achievable early-window performance. Finally, SHAP explainability is applied to the
XGBoost base model rather than the full stacking architecture, and developing ensemble-level attribution
methods remains an open challenge for future research.

6. Conclusion

This paper presented HELM, a Hybrid Ensemble Learning framework with Multi-modal behavioral
analytics for student performance prediction and early at-risk identification. Applied to the OULAD
benchmark dataset, HELM achieved an AUC-ROC of 0.9412 and accuracy of 0.8876, outperforming all
individual baseline models across five evaluation metrics. The framework's five interdisciplinary
components multi-modal feature engineering, behavioral clustering, SMOTE balancing, stacking ensemble
learning, and SHAP explainability collectively address the limitations of prior single-modality, single-
model approaches.

Key contributions include: (1) the identification of four behavioral student archetypes with success
rates ranging from 21% to 89%; (2) an Early Warning System achieving AUC > 0.85 by Day 30, enabling
timely institutional intervention; (3) SHAP-based evidence that socioeconomic and educational
background features are as predictive as VLE engagement metrics; and (4) a comprehensive
interdisciplinary demographic analysis revealing systematic disparities in success rates by IMD band,
education level, and disability status.

Future work will explore: (1) integration of natural language processing on student forum posts and
assignment feedback; (2) fairness-constrained ensemble learning to mitigate socioeconomic bias; (3)
deployment of HELM as a real-time dashboard for academic advisors; and (4) extension to multi-class
prediction distinguishing Pass, Distinction, Fail, and Withdrawal outcomes using the full HELM
architecture.

Data Availability Statement:

The dataset used in this study is publicly available online. It can be accessed from the Kaggle repository,

Open University Learning Analytics Dataset (OULAD), at: https://www.kaggle.com/datasets/mexwell/open-

university-learning-analytics/code
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