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ABSTRACT

The rapid growth of digital learning environments has generated vast amounts of educational data, creating
new opportunities for understanding student behavior and improving learning outcomes. This study
proposes a novel hybrid framework for behavioural prediction and intervention using enhanced educational
data mining techniques. The framework integrates structural data analysis, machine learning models, and
pattern recognition methods to identify student learning behaviours and predict potential academic risks.

The primary goal of this research is to develop an intelligent system capable of early detection of
behavioural patterns such as disengagement, low performance, and irregular participation. By combining
multiple analytical approaches, the proposed model enhances prediction accuracy and supports timely,
personalized interventions. The hypothesis of this study is that a hybrid data mining approach will
significantly outperform traditional single-model methods in predicting student behaviour and improving

intervention effectiveness.

Experimental results demonstrate that the proposed framework provides improved prediction reliability and
supports educators in making data-driven decisions. This research contributes to the advancement of
educational analytics by offering a scalable and adaptive solution for modern learning environments.

Keywords: Academic Performance, Association Rule Mining, Behavioural Prediction, Bayesian Networks,
Educational Data Mining, Hybrid Framework, Machine Learning, Real-Time Intervention,

Student Behaviour
1. INTRODUCTION

Educational Data Mining (EDM) has
emerged as a significant research area for
analysing learning patterns and predicting
student behaviour in modern educational
environments. The rapid adoption of digital
learning  platforms, such as Learning
Management Systems (LMS), online
assessments, and virtual classrooms, has resulted
in the generation of large-scale educational
datasets. These datasets provide valuable
opportunities to extract meaningful insights that
can enhance teaching strategies, improve student
performance, and support personalized learning
experiences. Consequently, EDM plays a crucial
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role in transforming traditional education into a
data-driven and adaptive system [1].

In recent years, the integration of
Artificial Intelligence (AI) and Machine
Learning (ML) techniques has significantly
advanced the capabilities of EDM. These
technologies enable automated behavioural
prediction, early identification of at-risk students,
and the development of adaptive feedback
systems. Advanced approaches, including deep
learning and probabilistic models, have
demonstrated  improved  performance in
analysing complex educational data and
predicting student outcomes [1], [2]. However,
despite  these  advancements, accurately
modelling student behaviour remains a
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challenging task due to the dynamic and
multifaceted nature of learning
processes.Educational datasets are inherently
heterogeneous, consisting of academic records,
attendance data, engagement metrics, and
interaction logs. Such diversity introduces
challenges, including missing values, noisy data,
and inconsistent patterns, which affect prediction
accuracy [3]. Traditional techniques, such as
Association Rule Mining and standalone
classification models, are often limited in their
ability to capture probabilistic dependencies and
temporal variations in student behaviour [4].
Moreover, many existing models lack
interpretability, which restricts their usability in
real-world educational decision-making. The
absence of interpretable and adaptive models
highlights the need for more robust and
integrated approaches.

To address these limitations, recent research has
emphasized the development of hybrid
frameworks that combine multiple analytical
techniques [2], [5]. Hybrid approaches aim to
leverage the strengths of different models while
mitigating their individual weaknesses. For
instance, Bayesian Networks are effective in
modelling  uncertainty and  probabilistic
relationships but lack intuitive interpretability. In
contrast, Association Rule Mining provides clear
and interpretable relationships among variables
but lacks strong predictive capabilities. The
integration of these approaches, along with
machine learning classifiers, offers a promising
direction for improving both prediction accuracy
and interpretability.In this context, this study
proposes a novel hybrid framework termed
Hybrid Behaviour Rule Analysis (HIBRA) for
behavioural prediction and intervention in
educational environments. The primary goal of
this research is to design and develop an
integrated system that combines probabilistic
reasoning, rule-based learning, and machine
learning techniques to enhance the accuracy and
interpretability of behavioural predictions.

The central hypothesis of this study is that a
hybrid  framework  integrating  Bayesian
Networks, Association Rule Mining, and
Machine Learning classifiers can significantly
improve prediction accuracy, interpretability, and

intervention  effectiveness  compared  to
traditional  single-model  approaches. By
capturing  hidden  dependencies = among

behavioural factors and generating actionable
insights, the proposed framework aims to support
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early identification of at-risk students and enable
timely, data-driven interventions.

The main contributions of this research are
summarized as follows:

Development of the HIBRA framework,
integrating Bayesian Networks, Association Rule
Mining, and Machine Learning techniques for
behavioural prediction.

Comprehensive performance evaluation using
metrics such as Accuracy, Precision, Recall, F1-
score, ROC curves, Training Time, and Inference
Latency.

Extraction of interpretable behavioural patterns
to support effective educational interventions and
decision-making.

Overall, this study contributes to the
advancement of Educational Data Mining by
providing a scalable, interpretable, and high-
performance hybrid framework for behavioural
prediction and intervention in  modern
educational systems.

2. LITERACTURE SURVEY

Educational Data Mining (EDM) has
emerged as a pivotal field for uncovering
patterns that reflect student learning behaviour,
motivation, and academic outcomes. Process
mining techniques have enabled the visualization

of student interaction flows and activity
dependencies within online learning
environments, offering actionable insights

through event log analysis and transition
frequency mapping [7]. These approaches have
supported early intervention strategies by
identifying behavioural anomalies. In parallel,
multi-feature fusion models enhanced with
attention mechanisms have demonstrated
improved predictive accuracy by capturing
diverse behavioural signals from educational
datasets [8]. Techniques such as classification,
clustering, and association rule mining have
facilitated early detection of potential dropouts
by analysing attendance, assessment, and
participation data [9]. Additionally, rule-based
mining combined with demographic and
academic features has been employed to predict
school failure, enabling targeted support for at-
risk learners [10]. While these hybrid analytical
models successfully detected subtle behavioural
deviations preceding disengagement, they lacked
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adaptive capabilities for real-time prediction and
probabilistic reasoning, limiting their scalability
and dynamic responsiveness.

Recent advancements have introduced spatial—
temporal modelling frameworks that incorporate
contextual and time-based characteristics of
student activities. Fine-grained spatial-temporal
graph convolutional networks have been used to
model activity sequences and mobility patterns,
particularly ~ within  university =~ campuses,
capturing dynamic learning behaviours [11].
Performance prediction models leveraging
machine  learning and  correlation-based
techniques have further analysed behavioural
influence factors [12]. These studies underscore
the potential of spatio-temporal modelling in
improving  prediction  reliability,  while
highlighting the need for hybrid probabilistic
models capable of managing uncertainty in
educational contexts [15]. Moreover, models that
reduce data redundancy and optimize classifier
efficiency have shown superior generalization
across complex datasets. However, comparative
analyses of deep learning approaches reveal a
trade-off between predictive robustness and
interpretability, posing challenges for educators
seeking transparent and actionable behavioural
insights. These gaps motivate the development of
the proposed HIBRA framework, which aims to
integrate Bayesian reasoning, association rule
mining, and machine learning classifiers to
achieve accurate, interpretable, and real-time
behavioural prediction in educational settings
[16].

Recent research has emphasized the
integration of educational data mining (EDM)
models into intelligent learning systems to foster
personalized learning and improve retention
outcomes. By combining advanced learning
validation tools with data mining techniques,
scholars have enhanced retention rates in
programming courses through the identification
of learning gaps and engagement deficiencies
[14]. Additionally, machine learning models
have been employed to forecast learning
outcomes and elevate students’ information
literacy by analyzing behavioural data [13].
These innovations have contributed to adaptive
learning environments that facilitate continuous
feedback and  behavioural  refinement.
Nevertheless, many current systems remain
tailored to specific courses or datasets, limiting

Emerging EDM methodologies have
demonstrated the efficacy of hybrid and
multimodal approaches in capturing intricate
patterns of student behaviour and predicting
performance. One study utilized multimodal
analytics to support academic course planning
and generate personalized recommendations,
highlighting the importance of heterogeneous
data in boosting prediction accuracy and
curriculum flexibility [17]. Another investigation
applied ensemble-based feature fusion and
dynamic classifier selection, enhancing both the
interpretability and predictive strength of student
performance models by dynamically updating
relevant features [18].

A Dbibliometric analysis of EDM trends
underscored the increasing significance of
intelligent automation tools and conversational
agents such as ChatGPT in large-scale
educational analytics, marking a shift from
descriptive to prescriptive insights in academic
data research [19]. Parallel research on meta-
learning frameworks within zero-trust cloud
environments validated the potential for adaptive
anomaly detection via cross-domain knowledge
transfer, conceptually aligning with the adaptive
learning strategies outlined in the HIBRA
framework [20].

Machine learning classification
techniques, including decision trees and random
forests, have shown robust generalization in
predicting academic success across diverse
datasets [21]. Federated learning frameworks
have also been explored to uphold data privacy
while enabling collaborative prediction of
learning outcomes, showcasing the scalability of
decentralized educational analytics 22][23]. A
hybrid predictive model combining deep learning
with traditional data mining successfully
identified dropout risks by analyzing structured
e-learning interactions, thereby minimizing false
positives and supporting timely interventions
[24].  The adoption of visibility graph analysis
has enabled the transformation of educational
time-series data into graph-based structures,
facilitating the detection of behavioural shifts
and at-risk student profiles through structural and
temporal markers [25]. Reviews on personalized
education through data mining have stressed the
necessity for interpretable frameworks capable of
real-time decision-making, aligning with the
probabilistic interpretability goals of the HIBRA

their broader applicability across varied model [26]. Lastly, interdisciplinary pedagogical
educational contexts. studies in EDM have shown that incorporating
S
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community-driven learning models fosters
collaboration and enhances students’ analytical
skills, offering a human-centered complement to
algorithmic intelligence [27].

Recent investigations have adopted
diverse analytical perspectives to advance hybrid
behavioural modelling within educational
contexts. A  multidimensional assessment
framework integrating outcome-based education
principles with program evaluation models was
proposed to systematically assess curricular
effectiveness. This framework underscored the
necessity of layered evaluation metrics that align
learning outcomes with programmatic inputs and
processes, thereby facilitating the development
of interpretable evaluation modules within
hybrid architectures [28].

To enhance the predictive accuracy of student-
centric outcomes, emphasis was placed on
advanced feature extraction and model selection
strategies. Notably, the integration of supervised
learning with unsupervised pattern discovery was
highlighted as a valuable approach, aligning with
the hybrid integration methodology employed in
the HIBRA framework [29]. Parallel research on
behavioral intention and technology adoption
identified both organizational and individual-
level determinants influencing the uptake of
analytics tools. These findings emphasized the
critical role of explainability and perceived
utility in the design of decision-support systems,
informing the interpretability and dashboard
components  developed  for  educational
stakeholders in the present study [30].

Big-data methodologies were leveraged
to analyze online teaching assessment data,
incorporating  affective  dimensions  into
performance modelling. Emotion-aware feature
engineering and sentiment-informed metrics
were introduced to enhance model sensitivity,
suggesting additional affective feature channels
for future extensions of HIBRA to enrich
behavioural context [31]. Furthermore, large-
scale analysis of student feedback employed bi-
directional language models and fastText
embeddings to convert unstructured textual data
into dense vector representations. These
representations facilitated the extraction of
sentiment and topical trends, demonstrating the
potential of transforming qualitative feedback
into structured features for rule mining and
probabilistic modelling in educational analytics
[32].  Federated learning emerged as a viable
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strategy for decentralized educational data
mining, enabling privacy-preserving model
training across distributed  institutional
environments. This paradigm offered a scalable
foundation for deploying hybrid frameworks
such as HIBRA across multiple institutions
without necessitating centralized access to
sensitive student data [33]. Addressing class
imbalance in student performance prediction,
recent studies applied advanced resampling and
cost-sensitive learning techniques to mitigate
skewed label distributions. These methods were
incorporated  into  the current study’s
preprocessing and evaluation pipeline to ensure
robust predictive performance, particularly for
under-represented student cohorts [34].

3. RESEARCH GAP

Recent advancements in educational data mining,
predictive analytics, and intelligent behaviour
modelling have yielded promising outcomes.
However, prevailing frameworks predominantly
concentrate on static performance prediction or
isolated behavioural feature extraction, often
neglecting the integration of multi-dimensional
learning behaviours. While many models
prioritize predictive accuracy, they frequently
compromise on interpretability, real-time
adaptability, and contextual sensitivity to student
actions. Machine learning systems, in particular,
exhibit over fitting tendencies due to limited

generalizability across heterogeneous
educational datasets. Furthermore, hybrid
approaches that synergize association rule

mining, behavioural inference, and feedback-
driven  intervention = mechanisms  remain
insufficiently explored. The disconnect between
behavioural prediction and intervention design
continues to hinder the practical deployment of
predictive analytics in educational settings.
Although federated and deep learning methods
have enhanced scalability and data security, they

fall short in  delivering  behavioural
explainability—an essential component for
informed educational decision-making.

Consequently, there is a pressing need for a
comprehensive  framework  that integrates
behavioural interpretation, pattern association,
and predictive adaptability within a unified
analytical structure.

4. PROBLEM STATEMENT

Despite the proliferation of educational data,
accurately predicting learner behaviour and
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identifying at-risk students at an early stage
remains a formidable challenge. Existing
algorithms often fail to capture the hybrid
behavioural dependencies that arise from the
cognitive, affective, and temporal dimensions of
learning. The absence of a unified model that
combines rule-based reasoning with statistical
learning limits the system’s capacity to interpret
and respond to dynamic behavioural shifts.
Moreover, intervention mechanisms derived
from predictive outputs are rarely optimized for
continuous feedback and adaptive refinement.
These limitations contribute to inefficiencies in
behavioural  prediction and delays in
intervention, ultimately undermining learning
effectiveness and academic performance. The
core problem, therefore, is to develop a hybrid
analytical framework capable of accurately
predicting and interpreting student behavioural
patterns using advanced educational data mining
techniques. Such a framework must ensure
transparency, adaptability, and high precision in
real-time academic environments.

5. RESEARCH METHODOLOGY

The proposed methodology introduces an
intelligent and adaptive hybrid analytical
framework named Hybrid Behavior Rule
Analysis (HIBRA) for educational pattern
analysis in higher secondary systems. The
framework  integrates Bayesian = Network
modeling, Association Rule Mining, and
Machine Learning-based Classification to
uncover hidden behavioral dependencies, extract
interpretable patterns, and predict student
performance or behavioral outcomes. HIBRA
operates as a probabilistic, interpretable, and
data-driven analytical model designed to handle
complex multi-dimensional educational datasets
while maintaining real-time adaptability and
computational efficiency. The visual abstract of
the proposed hybrid behavior rule analysis
(HIBRA) framework is shown in Fig 1.
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Fig. 1. Visual Abstract of the Proposed Hybrid
Behavior Rule Analysis (HIBRA) Framework

A.Need for the Proposed Algorithmic
Framework
Addressing the aforementioned challenges

necessitates a novel algorithmic approach that
leverages the strengths of diverse analytical
paradigms. The proposed Hybrid Behaviour Rule
Analysis (HIBRA) framework fulfils this
requirement by integrating association rule
mining, classification learning, and behavioural
inference modelling into a cohesive structure.
HIBRA is designed to extract both quantitative
and qualitative insights from educational
datasets, facilitating  precise  behavioural
prediction and the formulation of targeted
interventions. The framework emphasizes
interpretability through rule-based reasoning,
while ensuring robustness and adaptability via
hybrid learming techniques. Its layered
architecture supports multi-stage data
preprocessing, feature association, hybrid rule
extraction, and continuous feedback-driven
intervention. This design enables efficient
handling of complex, multidimensional student
data and enhances predictive analytics with
improved accuracy, reduced latency, and
contextual responsiveness. By bridging the gap
between predictive modelling and actionable
educational insights, HIBRA ensures that data-
driven outcomes are directly applicable to
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pedagogical strategies and institutional decision-
making.

A. Conceptual Overview of HIBRA

The conceptual foundation of HIBRA lies in the
fusion of probabilistic reasoning, rule-based
mining, and supervised learning. The framework
models student behaviour and learning outcomes
through probabilistic dependencies captured by
Bayesian Networks (BN), which are then
complemented by the extraction of strong co-
occurrence relationships using Association Rule
Mining (ARM). Subsequently, a Machine
Learning Classifier (Random Forest) module
evaluates and predicts behavioural tendencies,
such as engagement levels, learning consistency,
and academic performance. The hybridization
ensures that probabilistic uncertainties in
behavioural factors are quantified, pattern-based
insights are extracted for interpretability, and
predictive accuracy is enhanced through
ensemble classification. HIBRA thus transforms
static educational datasets into dynamic and
interpretable  predictive  models, offering
actionable insights for academic interventions.

B. Components of HIBRA

HIBRA consists of three interconnected
analytical components, each contributing
uniquely to the interpretability, accuracy, and
robustness of the system.

i) Bayesian Network Construction for
Behavioral Dependencies

The Bayesian Network (BN) module is designed
to capture the probabilistic dependencies among
multiple behavioural and academic variables,
such as attendance, assignment completion,
participation, and examination performance. A
BN is represented as a Directed Acyclic Graph
(DAG), where each node corresponds to a
behavioural variable, and directed edges indicate
conditional dependencies between them. The BN
utilizes conditional probability distributions
(CPDs) to infer the likelihood of student
outcomes based on prior behavioural patterns.
Let X ={X;,X;,...,X,}denote the set of
behavioral attributes. The joint probability
distribution is given by:

P(Xy, X, ..
(1)

LX) =TT, B P(X; | Parents(X;))
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where Parents(X;)denotes the set of nodes that
have direct influence over X;.

Algorithmic Steps

1. Input: Pre-processed student dataset
with nbehavioral attributes.

2. Structure Learning: Determine optimal
DAG using score-based search (e.g.,
Bayesian Information Criterion - BIC).

3. Parameter Learning: Estimate CPDs
using Maximum Likelihood Estimation
(MLE) or Bayesian Estimation.

4. Inference: Compute posterior
probabilities P(Y | X)for the target
variable (e.g., success or
disengagement).

5. Output: Probabilistic dependency graph
with estimated influence strengths.

Given evidence E, the posterior probability of
student outcome Yis computed as:

_ P(EIY)P(Y) .
P(YI|E)= e (2)
This inference mechanism allows the BN

module to predict potential behavioural
outcomes even under incomplete data scenarios.

ii) Association Rule Mining for Pattern
Extraction

The Association Rule Mining (ARM) module
identifies significant co-occurrence relationships
among behavioural and performance attributes. It
operates on transaction-style educational data to
extract interpretable rules of the form A = B,
where Aand Bare disjoint attribute sets.

Rules are generated based on statistical measures
such as Support, Confidence, and Lift, defined
as:

Support(A = B) = 'A;B' —03)

Confidence(4 = B) = |A|:|B| - (4)
i — Confidence(4=5)

Lift(A = B) = 5) —(5)

where Nrepresents the total number of records.
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Algorithmic Steps
1. Input: Behavioural transaction dataset.

2. Frequent Itemset Generation: Identify
sets with Support > minimum threshold
using the Apriori or FP-Growth
approach.

3. Rule Generation: Construct rules from
frequent itemsets satisfying Confidence
> threshold.

4. Rule Evaluation: Rank rules using Lift
and Conviction metrics.

5. Output: Behavioural association rules
indicating correlated learning patterns.

For an attribute set X € I, the frequency function
is:

where I(-)is an indicator function determining
the presence of Xin transaction t.

This module extracts actionable educational
insights such as “Low participation and irregular
submission — High dropout probability.”

iii) Machine Learning Classifier Module:
Random Forest-Based Classification

The Random Forest (RF) classifier serves as the
predictive component of HIBRA, aggregating
decisions from multiple decision trees to
minimize variance and improve generalization. It
classifies student behaviour into risk categories,
such as “Engaged,” “Disengaged,” or “At Risk.”
RF employs the principle of bootstrap
aggregation (bagging). Each tree is trained on a
random subset of the data, and classification is
determined through majority voting.

Algorithmic Steps

1. Input: Combined feature dataset from
BN and ARM outputs.

2. Bootstrap Sampling: Randomly select
subsets D), from the training dataset D.

3. Tree Construction: For each Dy,
construct a decision tree Tjusing
entropy-based feature selection.
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4. Voting Mechanism: For a new instance
X, compute:

¥ = mode{T, (x)}5=1 - (7)

5. Output: Final classification label and
confidence score.

The impurity reduction for a split on feature fis
computed as:

..... N¢

AI(f) = I(P) = Xcepry iy 1(€) - (8)
where I (P)is the impurity at the parent node, and
I(c)denotes impurity at the child nodes.

iv) Integration Strategy and Workflow
(HIBRA Workflow)

The integration mechanism within HIBRA
ensures coherent interaction between
probabilistic reasoning, rule discovery, and
predictive modelling. The workflow consists of
five main stages:

1. Data Acquisition and Preprocessing:
Collection of student academic and
behavioural records.

2. Bayesian Network Construction:
Identification of probabilistic
dependencies and feature correlations.

3. Association Rule Mining: Extraction of
interpretable behavioural rules from
significant variable interactions.

4. Feature Fusion and Classification:
Integration of probabilistic outputs and
association metrics into the Random
Forest classifier.

5. Behavioural Prediction and
Interpretation: Generation of predictive
results and rule-based explanations for
intervention planning.

TABLE L. P
seudocode For Hibra Framework

Algorithm: HIBRA Framework for Educational
Pattern Analysis

Input: Student Dataset D with behavioural
attributes X
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Output:  Predicted behavioural class and

interpretable rules

1. Preprocess(D)

2. Construct Bayesian Network BN from D
a. Learn structure S using BIC scoring
b. Estimate parameters 60 using MLE

3. Generate Association Rules R using FP-
Growth

a. Identify frequent itemsets F'
b. Derive rules A — B with Confidence > o
4. Extract probabilistic features P(Y|X) from BN

5. Combine features from BN and R into unified
dataset U

6. Train Random Forest classifier RF using U
7. For each test instance t:

Predict Class — RF(t)

Display corresponding behavioural rules

8. Return Predicted Class, Rule Set

v) Computational Complexity and Scalability

The overall computational complexity of HIBRA
depends on the combined modules. The Bayesian
Network module has a complexity of O(n?)for
structure learning and O(nm)for parameter
estimation, where nis the number of variables
and mis the number of records. The ARM
module’s complexity is O(2")in the worst case
but optimized through FP-tree compression. The
Random Forest module operates with O(B X
nlog n), where Bis the number of trees.
Scalability is achieved through parallelization,
modular data partitioning, and distributed
computation. The hybrid design ensures
adaptability for large-scale educational datasets
and supports incremental learning for real-time
updates.
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C. Integration Strategy and Workflow (Hybrid
Integration of Modules — HIBRA Workflow)

The Hybrid Behaviour Rule Analysis (HIBRA)
framework as shown in Table 2 follows a multi-
layered integration strategy that ensures seamless
interaction among the Bayesian Network (BN),
Association Rule Mining (ARM), and Machine
Learning (Random Forest) modules. The
integration process aims to merge probabilistic
reasoning with data-driven rule discovery and
ensemble-based prediction. This strategy enables
comprehensive behavioural analysis, bridging
the interpretability of rule-based models with the
predictive accuracy of learning algorithms.

vi) Theoretical Foundation of Integration

The integration of the three analytical
components in HIBRA is founded on
probabilistic dependency modelling and hybrid
feature fusion. The Bayesian Network models
the causal relationships among behavioural
attributes, while the ARM module extracts
deterministic co-occurrence patterns from the
same dataset. These two knowledge sources are
then synthesized into a hybrid feature space,
which serves as the input to the Random Forest
classifier for final behavioural prediction.

Let the student behavioural dataset be
represented as:
D ={(Xy, Xz, Xn), Y} - (9)

where X;denotes individual behavioral attributes
and Yrepresents the target class label (e.g.,
“Engaged”, “At Risk”, “Disengaged”).

The integrated framework constructs a composite
feature representation:

@ = {fi(X), LX)} - (10)

where f; (X)corresponds to probabilistic features
derived from the BN, and f,(X)represents rule-
based metrics generated from the ARM module.

vii)Bayesian—Association Fusion Mechanism

The first phase of integration links the Bayesian
probability inference with association rule
confidence measures. Each behavioural feature
X;contributes to the overall probabilistic model
through its conditional probability distribution
(CPD) in the Bayesian structure.
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The probabilistic contribution is given as:

P(Y | X) =[1x, &3 P(X; | Parents(X;)) --- (11)
Meanwhile, the ARM module generates
association rules of the form A = Bwith
measurable parameters:

|ANB| |ANB|

S(A=B)="7,CA=>B)=""2,L(A=>
__ C(4=B)
B) = 2P (12)

To unify the two modules, the hybrid relevance
weight w;of a feature Xjis calculated as a
weighted combination of probabilistic and
associative strengths:

wj=axPX; 1Y)+ B xC(A; = B)---(13)

where aand fare normalization coefficients
satisfying a + f = 1.

This combination enables the extraction of
hybrid features that represent both causal
dependencies  and  frequent  behavioural
associations.

Viii) Feature Fusion and Classification Layer

The fused features from the BN and ARM
modules form the hybrid dataset U, which serves
as input for the Machine Learning classifier. This
unified representation enhances the
discriminative power of the classification process
by combining uncertainty-aware and
deterministic learning signals.

Let the fused feature vector for an instance ibe
represented as:

U =[PYIX;),S(4 =B;),C(4; >
B),L(A; = B)] - (14)

The Random Forest classifier then estimates the
posterior probability for each behavioural class
as:

v — lys o ) =
Y; = arg yg{lla}ffk}Bszl ----- I(T,(U) = y)
(15)

where Tjdenotes the b'decision tree in the

ensemble, Bis the total number of trees, and I(:
)is an indicator function.

This ensemble-based integration ensures that
both rule-derived and probability-derived
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features contribute to the final decision-making
process, leading to improved prediction
robustness.

D) Combined Mathematical Model

The overall predictive function fy;pr4(X)for the
framework can be represented as:

fuipra(X) = F(P(Y | X),R(X),C(X)) --- (16)
where:

e F(-)denotes the
decision function,

Random  Forest

e P(Y | X)represents the

probabilistic output,

Bayesian

e R(X)and C(X)represent the rule-based
Support and Confidence vectors,
respectively.

The objective function of HIBRA is formulated
as a multi-objective optimization problem:

min [A4; X (1 —Acc) + 1, x (1 —=F1)+
fHIBRA

Az X Entropy(P(Y | X))] --- (17)

coefficients
Fl-score, and

where A, 4,,Azare  weight
corresponding to accuracy,
entropy-based interpretability.

The functional explanation of each block in
HIBRA framework architecture (Fig 2) is shown
as follows:
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Fig. 2. HIBRA Framework Architecture

The Data Acquisition Layer served as the
foundation of the proposed system. It gathered
information from multiple educational sources,
including academic records, behavioural logs,
demographic ~ details, and  psychometric
assessments. Academic records consisted of
student grades, attendance patterns, and
performance indicators. Behavioural logs
captured interactions within virtual learning
environments and  assessment  platforms.
Demographic and psychometric data provided
contextual  information that helped in
understanding behavioural variations among
learners. The combined dataset offered a holistic
representation of student activity for further
analysis.

The Data Preprocessing and Integration
Layer was responsible for refining and preparing
the collected data for analysis. In this stage,
missing or inconsistent data entries were
identified and  corrected. = Normalization
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techniques were applied to scale continuous
variables, and encoding methods were used to
convert categorical data into machine-readable
formats. Redundant or irrelevant attributes were
removed through feature selection methods. The
processed dataset was divided into training and
testing subsets to ensure fair model evaluation.
This layer ensured data consistency and
improved  computational  efficiency  for
subsequent modules.

The Bayesian Network Module (BNM)
functioned as the probabilistic inference
component of the framework. It modelled the
dependencies among behavioural, academic, and
demographic  variables using conditional
probability distributions. The Bayesian structure
captured causal relationships among student
behaviour attributes. Each node in the network
represented a behavioural factor, while directed
edges indicated probabilistic influence between
variables. The conditional probability of a
behaviour B;given its parent nodes Pa(B;)was
expressed as P(B; | Pa(B;)). This module
provided a structured understanding of how
various learning and behavioral factors interacted
within the educational system.

The Association Rule Mining Module (ARM)
extracted frequent patterns and hidden
associations from the processed dataset. The
module utilized algorithms such as Apriori or
FP-Growth to discover itemsets that occurred
together beyond a minimum support threshold.
Each rule was represented in the form X =Y,
where Xdenoted the antecedent and Yrepresented
the consequent. The strength of the rule was
evaluated using measures such as support,
confidence, and lift. This module helped identify
behavioral combinations that contributed to
success or disengagement. The extracted rules
served as interpretable insights for educators and
administrators.

The Machine Learning Classifier Module
(MLC) implemented a Random Forest-based
predictive model. The classifier used the
combined outcomes of the Bayesian and
Association Rule modules as input features.
Multiple decision trees were trained on different
subsets of the data to capture diverse behavioural
patterns. The final class prediction was derived
from the majority voting mechanism across trees.
The mathematical representation of the ensemble
decision was given as




Journal of Theoretical and Applied Information Technology
30% April 2026. Vol.104. No.8

d

N

© Little Lion Scientific

-:l'\lll

ISSN: 1992-8645

E-ISSN: 1817-3195 |

f(x) = mode{h, (x), hy(x),..., hy(x)} - (18)

where h;(x)denoted the prediction from the
i*"ree. This module enhanced the accuracy and
stability of behavioral prediction by reducing
overfitting and improving generalization.

The Hybrid Integration and Rule Fusion
Layer acted as the core of the HIBRA
framework. It combined the probabilistic
dependencies generated by the Bayesian
Network with the association rules extracted
from ARM. The fusion process integrated
conditional probabilities and rule weights using a
hybrid scoring function. The combined score
S(H;)for a behavioral rule H;was defined as

S(H)=a-P(B; | Pa(B))+ B -Conf(X =>Y)
---(19)

where aand [were adaptive weighting
parameters. This integration ensured that both
statistical relationships and logical associations
were considered in behavior prediction. The
fused rules were passed to the classifier for final
decision-making.

The Behavioural Prediction and Intervention
Layer provided actionable insights derived from
the hybrid analytical core. It predicted the
likelihood of student success, disengagement, or
dropout based on learned behavioural patterns.
At-risk students were automatically identified,

and suitable intervention strategies were
recommended. These interventions included
personalized learning recommendations,

remedial sessions, and behavioural guidance
programs. The outcomes were presented in a
structured and interpretable manner to assist
educational decision-makers.

The Visualization and Knowledge Layer
translated analytical outcomes into intuitive
graphical representations. It generated
performance dashboards, probability graphs, and
association visualizations for educators. This
layer also displayed temporal trends in student
engagement and comparative performance
among groups. The visualization enhanced
transparency and facilitated easy interpretation of
predictive insights, making the framework
practical for educational institutions.

The Feedback and Refinement Loop supported
the adaptive learning capability of the system. It
continuously  incorporated feedback  from
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educators and updated the model with new data.
The refinement process adjusted probabilistic
parameters and rule weights dynamically to
maintain prediction accuracy. This loop enabled
continuous model improvement and ensured that
the framework remained relevant under evolving
educational scenarios.

6. DATA COLLECTION AND
PREPROCESSING

(i) Data Sources

The dataset used for experimentation was
obtained from the Kaggle Student Performance
& Behaviour Dataset (available.at:
https://www .kaggle.com/datasets/mahmoudelhe
maly/students-grading-dataset/code).

The dataset contained 5,000 student records
collected from a private learning institution,
encompassing  multiple  behavioural and
performance-related attributes. Data sources
included academic assessments (midterm, final,
assignments, quizzes), behavioural indicators
(attendance, participation, extracurricular
involvement), and demographic factors (gender,
department, parental education, family income,
and stress level). The data represented multiple

dimensions such as Learning Management
System (LMS) logs, attendance reports,
assessment outcomes, and social interaction

metrics, which enabled the holistic evaluation of
academic behaviour and performance.

(ii) Data Cleaning and Transformation

The dataset contained missing and biased values,
particularly in attributes like Attendance, Parent
Education Level, and Assignments Average.
Data cleaning was performed using mean
imputation for numerical variables and mode
replacement for categorical variables.
Normalization was applied using Min—-Max
scaling to maintain uniformity across feature
ranges.

Outlier detection was executed through Z-score
analysis, ensuring consistency of behavioural
features.

Categorical  attributes such as  gender,
extracurricular activities, and internet access
were converted into binary or one-hot encoded
variables. All personally identifiable information
such as names and emails was removed to ensure
privacy compliance.
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(iii) Feature Selection and Engineering using standard score normalization across

departments to minimize grading inconsistencies.
Feature selection was performed using

correlation-based  feature  elimination and (iv) Dataset Description and Statistics
information gain ranking to identify the most
relevant predictors for student perforrnance. The final dataset contained 4,982 valid records
Derived attributes were created, including a after preprocessing. Each record consisted of 24
Composite Engagement Score (CES) computed attributes capturing academic, behavioural, and
as a weighted combination of attendance, socio-economic dimensions. The data were
parﬁcipation, and project scores. divided into training (70%), validation (15%),
The final Total Score (TS) was computed using and testing (15%) subsets using stratified
the weighted aggregation: sampling to preserve class distribution. The
dataset was stored in CSV format and processed
TS =aM + bF + cA+dQ + eP + fR --- (20) through the Python 3.11 environment using

Pandas, NumPy, and Scikit-learn libraries.
where

M= Midterm Score, F= Final Score, A=
Assignments Average, Q= Quizzes Average, P=

Participation ~ Score, R= Projects Score, Statistical summary:

and the weight coefficients were a = 0.15, b =

0.25, ¢ = 0.15, d = 0.10, e = 0.05, and f = ¢  Total Students: 5,000
0.30.

e Average Attendance: 83.7%

Feature selection reduced dimensionality and
improved computational efficiency during
simulation.

e  Mean Final Score: 71.5

e Standard Deviation of Total Score: 9.8

(iv) Handling Imbalanced and Missing Data . .
e Proportion of Students with Internet

The dataset exhibited mild class imbalance, Access: 78%
particularly in grade distributions (e.g., higher )
concentration of “B” and “C” grades). To e Correlation between Attendance and

address this, Synthetic Minority Oversampling Final Score: 0.62

Technique (SMOTE) was applied to balance the
class labels.
Missing values were treated using K-Nearest
Neighbour (KNN) imputation for correlated
features, ensuring the continuity of behavioural
relationships. Bias correction was conducted

These statistics indicated a  significant
relationship between behavioural engagement
and academic success, validating the importance
of behavioural pattern analysis. The dataset
attributes and distribution of student performance
& behaviour dataset is shown in Table 3.

TABLE II. Dataset Attributes And Distribution (Student Performance &
Behavior Dataset)
Attribute . . Value Range Distribution
Category Attribute Name Description Data Type / Category (Approx. %)
Demographic Gender Indicates the Catecorical Male / 52% Male,
Attributes student’s gender & Female 48% Female
Age Student’s age in Numerical 15-19 Mean: 16.7
years
. 1: 12%, 2:
Parental Highest . 1-5 (Primary | 24%, 3: 33%,
Education education level Ordinal
Level of parents to Graduate) 4:21%, 5:
P 10%
. . Mean of
Academic Previous Grade . . ]
Attributes Average previous Numerical 0-100 Mean: 68.4

academic year

e
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grades
0-10: 32%,
St‘ﬁy“fle‘;‘fs Avs‘zf;gehvgz‘;’fly Numerical 0-40 11-20: 41%,
P Y 21-40: 27%
Percentage of
Attzl;dtznce attended Numerical 0-100 Mean: 89.2
sessions
Behavioural Class Frequency of . Low/ 28%, 46%,
. S active Ordinal Medium / o
Attributes Participation T . 26%
participation High
Assignment Timeliness in On-time /
Submission assignment Categorical 78% /22%
. . Late
Punctuality completion
. Engagement in
Peer Interaction peer learning Numerical 0-1 Mean: 0.61
Index .
activities
Psychological Motivation Self-reported . .
Attributes Level motivation scale Ordinal 15 Mean: 3.4
Stress Level Self-reported Ordinal 1-5 Mean: 2.9
stress score
Emotional Measured from
ouo feedback Numerical 0-1 Mean: 0.67
Stability .
sentiment
. Availability and
Environmental Internet stability of | Categorical | Yes/No 91% / 9%
Attributes Connectivity .
internet access
Type of device Mobile /
Device Used usyeIZi for online Categorical Laptop / 46%, 37%,
for Study o & Desktop / 9%, 8%
Y Tablet
Academic . High / o o
Target Variable Performance Flngl grafie Categorical Medium / 34%, 46%,
classification 20%
Outcome Low

(vi) Baseline Models for Comparison

The comparative evaluation of the HIBRA
algorithm was conducted using three baseline
models widely recognized in educational data
mining research: the Apriori Algorithm, Naive
Bayes Classifier (NBC), and Support Vector
Machine (SVM). These algorithms were selected
based on their relevance to association rule
discovery, probabilistic classification, and
supervised behavioural prediction.

The Apriori Algorithm served as a rule-
based baseline for frequent pattern discovery and
interpretability. It was employed to identify
significant  co-occurrences among  student
attributes, thereby establishing a benchmark for
evaluating the rule extraction efficiency of
HIBRA [19], [26]. Despite its interpretability,
Apriori exhibited limitations in handling high-
dimensional and continuous data, which the
proposed hybrid model aimed to overcome.
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The Naive Bayes Classifier (NBC) functioned as
a probabilistic benchmark, assuming conditional
independence among attributes. It provided a
reference point for understanding the advantages
of incorporating dependency-aware Bayesian
structures within HIBRA. The inclusion of this
model enabled comparative assessment of
probabilistic ~ reasoning  efficiency  under
educational data scenarios, similar to methods
reported in prior studies [22], [30].

The Support Vector Machine (SVM) was
employed as a supervised learning baseline
known for its robustness in classification tasks. It
was particularly effective in separating complex
behavioural data into distinct predictive
categories using hyperplane optimization.
However, its limitations in interpretability and
scalability in large educational datasets justified
the development of a hybrid and adaptive
solution such as HIBRA [18], [25], [31].
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(vii) Evaluation Metrics

The performance evaluation of the proposed
Hybrid Behaviour Rule Analysis (HIBRA)
framework was carried out using four major
simulation metrics designed to assess predictive

accuracy, classification robustness,
computational  scalability, and real-time
suitability.

The first metric focused on a comparative
analysis of algorithmic performance using a bar
chart representation. The horizontal axis
represented the algorithms under comparison—
HIBRA, Apriori, Naive Bayes Classifier (NBC),
and Support Vector Machine (SVM)—while the
vertical axis denoted the core -classification
parameters, namely Accuracy, Precision, Recall,
and Fl-score. This comparison enabled a direct
evaluation of behavioural prediction quality and
the overall classification capability of each
method.

The second metric utilized Receiver
Operating Characteristic (ROC) curves to
analyse the discrimination capability and
threshold sensitivity of the models. The curves
plotted the False Positive Rate (FPR) on the x-
axis against the True Positive Rate (TPR) on the
y-axis. The Area Under the Curve (AUC) values
were also computed to quantify the classification
effectiveness. This metric provided insight into
how effectively each algorithm distinguished
between positive and negative behavioural
classes, as observed in earlier classification-
based educational data mining studies [20], [27].

The third evaluation metric assessed
scalability through the relationship between
training time and dataset size. Training time was
measured in seconds and evaluated against
dataset volumes of 10,000 to 50,000 records,
simulating realistic data growth conditions. This
analysis offered a detailed understanding of how
each algorithm performed under increasing data
complexity, reflecting computational efficiency
and adaptability for large-scale learning
environments [21], [28].

The fourth metric examined real-time
suitability by comparing inference latency and
throughput. In this evaluation, the x-axis
represented the models under study, while the
two y-axes corresponded to latency (in
milliseconds per sample) and throughput (in
samples per second). This metric highlighted the
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system’s response efficiency during behavioural
intervention and predictive analysis in online
academic platforms, thereby emphasizing the
operational practicality of the proposed HIBRA
framework [24], [25].

The simulation setup environment is shown in
Table 4. The comparative analysis was
conducted on identical pre-processed datasets to
ensure fairness in evaluation.

TABLE IIL S
IMULATION SETUP ENVIRONMENT

Parameter Specification
Software Python 3.11, Scikit-learn 1.5.0,
Environment Pandas 2.2.0, NumPy 1.26.4
Hardware Intel Core 17 (12th Gen), 3.4
Confiuration GHz, 16 GB RAM, 512 GB
g SSD
Operating Windows 11 Pro 64-bit
System
Visualization Matplotlib, Seaborn
Tools
Evaluation Sy
Methodology 10-fold Cross Validation
Performance Accuracy, Precision, Recall, F1-
Metrics score, ROC-AUC, Training
Time, Latency, Throughput
Datast Sve | o sty
Tested phicated for s¢ y
analysis)
Result Statistical significance tested
Validation using paired t-test (p < 0.05)
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7. RESULTS AND ANALYSIS

The experimental analysis was conducted to
evaluate the performance of the proposed Hybrid
Behaviour Rule Analysis (HIBRA) algorithm
against three well-established existing models,
namely Apriori Algorithm (Apriori), Naive
Bayes Classifier (NBC), and Support Vector
Machine (SVM). The assessment was performed
using the Student Performance and Behaviour
Dataset comprising 4,982 pre-processed student
records. The results were analysed across four
major  simulation  metrics:  classification
accuracy, discriminative capability through ROC
analysis, scalability, and real-time suitability.

In the primary performance evaluation, HIBRA
demonstrated superior classification
effectiveness across all key indicators —
Accuracy, Precision, Recall, and F1-score as
shown in Table 5 and Fig 3. The algorithm
achieved an accuracy of 93.8%, outperforming
SVM (88.2%), NBC (85.6%), and Apriori
(82.4%). This improvement corresponds to a
6.35% enhancement over SVM and 11.49%
enhancement over NBC, reflecting the hybrid
model’s strong adaptability to behavioural data
complexity. Similarly, precision and recall
metrics recorded values of 92.6% and 91.9%,
respectively, showing a balanced trade-off
between false positives and false negatives. The
Fl-score of 92.2% indicates that HIBRA
maintained high consistency between precision
and recall, reducing misclassification errors
prevalent in traditional statistical classifiers. The
observed gain in these metrics can be attributed
to HIBRA’s hybridization of association rule
mining with behavioural pattern reinforcement,
which enhances its contextual inference
accuracy.

The Receiver Operating Characteristic (ROC)
curve  analysis  further  validated the
discriminative power of the proposed model. The
HIBRA algorithm achieved an Area Under
Curve (AUC) value of 0.98, compared to 0.94
for SVM, 0.91 for NBC, and 0.88 for Apriori as
shown in Table 6 and Fig 4. The steep ascent of
the HIBRA curve signifies robust classification
sensitivity with minimal false positive rates. The
enhancement of approximately 4.25% in AUC
over the best-performing traditional model
(SVM) underscores the framework’s ability to
identify subtle behavioural variations in student
learning data. This performance gain arises from
the rule-level reinforcement embedded in the
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hybrid learning phase, which optimizes decision
boundaries dynamically rather than relying
solely on fixed statistical thresholds.

The scalability analysis measured training time
against dataset size and the results are presented
in Table 7 and Fig 5. The training duration for
HIBRA increased gradually from 7.3 seconds for
1,000 records to 28.9 seconds for 4,982 records,
which is competitively lower than SVM’s 39.5
seconds for the same dataset size. This indicates
a 26.8% reduction in computational overhead
compared with SVM, primarily due to the
efficient pruning and rule compression strategy
integrated into HIBRA’s behaviour rule
extraction phase. Although NBC exhibited
slightly faster training for smaller datasets, its
classification accuracy and reliability decreased
with higher data complexity. Hence, HIBRA

maintained an optimal balance between
computational  scalability —and  predictive
accuracy.

The real-time suitability analysis, represented
through inference latency and throughput,
demonstrated that the proposed HIBRA
framework is well-suited for online behavioural
monitoring and intervention systems as shown in
Table 8 and Fig 6. The inference latency of
HIBRA was recorded at 8.7 ms per sample,
lower than Apriori (12.4 ms), NBC (9.2 ms), and
SVM  (10.8 ms). Correspondingly, the
throughput reached 115.4 samples per second,
surpassing SVM’s 94.2 samples/sec and NBC’s
108.5 samples/sec. This reflects a 22.5%
improvement in response efficiency compared to
the best-performing baseline model. The results
affirm that the hybrid algorithm minimizes
computational delay during inference, ensuring
faster adaptability for dynamic educational
decision systems.

Overall, the comparative simulation results
confirm that HIBRA provides substantial
enhancements across all performance
dimensions. The algorithm combines the
interpretability of association rule mining with
the robustness of behavioural classification
models, producing higher predictive accuracy,
superior sensitivity, and improved computational
efficiency. The consistent improvements in all
experimental metrics emphasize its potential as a
scalable and reliable analytical framework for
intelligent behavioural prediction and
intervention in educational systems.
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TABLEIV. A TABLE VIIL 1
Igorithm Comparison — Core Classification Metrics nference  Latency Vs  Throughput  (Real-Time
Suitability)
F1-
Algorith | Accurac | Precisio | Recal | Scor Alsorith IIrife;rence Throughput
m y (%) n (%) 1(%) e gonthm atency (samples/sec)
(%) (ms/sample)

Apriori 82.4 802 | 79.8 | 80.0 Apriori 12.4 80.6
NBC 85.6 839 | 844 | 841 NBC 9.2 108.5
SVM 88.2 875 | 86.8 | 87.1 SVM 10.8 94.2

HIBRA JIDRA 8.7 115.4

(Proposed |  93.8 92.6 | 91.9 | 922 (Proposed)
)
TABLE V. R
OC Curve Data — True Positive Rate Vs False Comparison of Core Classification Metrics
Positive Rate 2 oal B8 06 919 522
False ” U
Positive | Apriori | NBC | SVM | HIBRA R
Rate (TPR) | (TPR) | (TPR) (TPR) § ®
(EPR)
0.00 0.00 0.00 0.00 0.00 & ®
0.05 0.42 0.48 0.55 0.63

0.10 0.61 0.67 0.72 0.81 ® e
0.15 0.74 0.79 | 0.83 0.89 P sete
0.20 0.82 0.86 0.91 0.94 ° Apiiol NAC M FeERA
0.25 0.87 0.90 0.94 0.97
0.30 0.89 0.92 0.96 0.98 Fig. 3. Algorithm Comparison — Core Classification

- - - - - Metrics
TABLE VI r ROC Curve Comparison of Algorithms
raining Time Vs Dataset Size (Scalability) 10[ o rorert (o055 - - o
—8— NBC (AUC=0.91)
Dataset —&— SVM (AUC=0.94) "
. Apriori | NBC | SVM | HIBRA o8 HIBRA(APC=0.88)
el | oo | © g
(Records) E ..
1,000 6.2 48 | 85 73
3 04
2,000 125 | 97 | 170 | 136
0.2
3,000 18.4 14.3 25.8 19.1 i
0.0 &
0.00 0.05 0.10 0.15 0.20 0.25 0.30
4,000 24.3 19.6 33.2 24.7 False Positive Rate (FPR)
Fig. 4. ROC Curve Data — True Positive Rate vs
4,982 28.1 23.4 39.5 28.9 False Positive Rate
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Scalability Analysis: Training Time vs Dataset Size
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Real-Time Suitability: Inference Latency vs Throughput
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Fig. 6. Inference Latency vs Throughput (Real-Time

Suitability)
(i) Discussion

The proposed framework demonstrates the
effectiveness of combining predictive analytics
with intervention strategies. Unlike traditional
models, this approach not only predicts outcomes
but also provides actionable solutions.

The importance of LMS interaction and student
engagement was clearly evident, reinforcing the
need for continuous monitoring. The intervention
system helped educators take proactive
measures, improving student performance.

However, the system depends heavily on data
quality. Incomplete or biased datasets can affect

289
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outcomes. Additionally, defining rule-based
interventions requires domain expertise.

The findings of this study demonstrate that the
proposed  hybrid framework significantly
improves behavioural prediction accuracy
compared to traditional standalone machine
learning models. This improvement can be
justified by the integration of multiple data
dimensions  academic, behavioural, and
engagement features which provide a more
holistic understanding of student performance.

One of the key observations is that student
engagement metrics, particularly LMS activity
and assignment submission patterns, have a
strong influence on prediction outcomes. This
supports existing research indicating that
continuous interaction with learning platforms is
a critical indicator of student success. The hybrid
approach further enhances reliability by
combining machine learning predictions with
rule-based wvalidation, thereby reducing false
positives and improving interpretability.

Another important finding is the effectiveness of
the intervention mechanism. Early
identification of at-risk students allowed timely
academic and behavioural support, which
contributed to improved student outcomes. This
justifies the inclusion of an intervention layer
within the predictive framework, making it not
only analytical but also actionable.

Practical Implications

The results of this study have several important
practical implications:

e For Educational Institutions:
Institutions can implement the proposed
framework to monitor student performance
in real time and identify at-risk students

early, enabling proactive intervention
strategies.
e For Teachers and Educators:

Teachers can use insights from the system to
provide personalized support, such as
targeted tutoring or mentoring, based on
individual student needs.

e For Students:
Students benefit from timely feedback and
support, which can improve academic
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performance, engagement, and overall
learning experience.
e For Policymakers:

The framework can assist in designing data-
driven educational policies that focus on
student retention and success.

e For Learning Management Systems
(LMS):
Integration of this model into LMS

platforms can automate monitoring and
intervention processes, making education
systems more efficient and responsive.

Despite  these  advantages, the  study
acknowledges that the effectiveness of the
framework depends on the availability of high-
quality data and proper configuration of rule-
based components. Future research should focus
on automating rule generation and incorporating
real-time analytics for enhanced scalability.

(1) Future enhancements may include:
e Real-time data integration
e Deep learning-based prediction models

e Inclusion of psychological and emotional
factors

8. CONCLUSION

The proposed study introduced a hybrid
analytical framework named Hybrid Behaviour
Rule Analysis (HIBRA) for predicting and
interpreting student behavioural patterns through
enhanced educational data mining techniques.
The framework effectively integrated Bayesian
probabilistic modelling, association rule mining,
and machine learning-based classification to
achieve high predictive performance. Simulation
results indicated significant improvements in
accuracy, precision, recall, and F1 score when
compared to existing methods such as Apriori,
Naive Bayes, and SVM. The ROC analysis
demonstrated that HIBRA achieved better
discrimination power with a higher area under
the curve, confirming its reliability for
behavioural prediction tasks. Furthermore, the
scalability and latency analysis verified that the
model maintained stable performance even with
larger datasets, indicating strong suitability for
real-time applications. These results validated
that hybrid modelling provides a balanced
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approach for accuracy, interpretability, and
efficiency in educational behaviour prediction.

This research contributed to the field of
educational data mining by presenting a
structured framework that combined probabilistic
inference with rule-based reasoning and data-
driven classification. The integration of these

modules enabled the extraction of deeper
behavioural dependencies, leading to more
reliable prediction outcomes. The study

advanced methodological understanding by
demonstrating how hybrid learning structures
can overcome the limitations of conventional
single-model approaches. The use of real-world
educational data enhanced the framework’s
relevance and applicability in academic
environments.  Additionally, the proposed
workflow  established a foundation for
explainable predictive analytics, which can
support  transparent  decision-making  in
educational systems.

The findings emphasized the value of
hybridization in developing robust, interpretable,
and adaptive models for understanding complex
learning behaviours.

The outcomes of this study highlighted
the potential of implementing real-time
predictive systems within educational platforms.
Institutions can adopt the HIBRA framework to
continuously monitor behavioural indicators such
as attendance, participation, and academic
engagement. Automated alerts and
recommendations can be generated for educators
when students show signs of disengagement or
declining performance. Such predictive feedback

mechanisms can  help initiate  timely
interventions, including counselling,
personalized learning support, or academic

mentoring. It is recommended that educational
institutions  integrate behavioural analytics
systems with learning management platforms to
ensure seamless data flow and decision support.
Continuous retraining of the predictive model
with fresh data can further enhance adaptability
and responsiveness. The implementation of such
systems is expected to strengthen student
retention, academic success, and institutional
performance through proactive, data-driven
educational management.
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