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Abstract—The rapid expansion of e-learning systems has 
transformed modern education by generating large volumes 
of student interaction data, creating new opportunities for 
monitoring and predicting academic performance. However, 
accurately measuring student achievement in digital 
learning environments remains challenging due to     
high-dimensional data, complex learning behaviors, and 
feature redundancy. This study proposes a hybrid machine 
learning-based framework for forecasting student academic 
performance using e-learning data mining. Student 
achievement is measured in terms of predicting and 
classifying learners’ academic performance levels based on 
their behavioral, demographic, and academic interaction 
data. The proposed framework integrates data 
preprocessing, optimized feature selection, and predictive 
modeling to enhance accuracy and robustness. An 
optimization-driven feature selection strategy is employed to 
identify the most informative attributes, while a hybrid deep 
learning model is used to capture nonlinear and temporal 
learning patterns. Experimental evaluation conducted on a 
benchmark e-learning dataset demonstrates that the 
proposed approach achieves superior predictive 
performance compared to existing methods across standard 
evaluation metrics, including accuracy, precision, recall,  
F1-Score, and Area Under the Curve (AUC). Although the 
framework introduces additional computational complexity 
and is validated on a single dataset, the results indicate its 
strong potential for supporting early identification of at-risk 
students and enabling data-driven academic interventions in 
e-learning environments.   
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I. INTRODUCTION 

The rapid expansion of e-learning platforms has 
fundamentally transformed modern education by enabling 
flexible access to learning resources and generating large 
volumes of student interaction data. While these digital 
environments offer significant opportunities for 
personalized learning and continuous assessment, 
educational institutions continue to face major challenges 
in accurately monitoring, analyzing, and predicting 
student academic performance in online settings [1, 2]. 
The inability to identify students at risk of poor 
performance at an early stage often limits the effectiveness 
of timely academic interventions and data-driven 
decision-making [3, 4]. 

Existing research in e-learning analytics has 
extensively explored machine learning and data mining 
techniques to predict student achievement using 
demographic, behavioral, and academic interaction data. 
Although these approaches have demonstrated promising 
results, several critical issues remain unresolved. Many 
studies rely on manually selected or generic feature sets, 
leading to feature redundancy, increased computational 
complexity, and unstable predictive performance [5]. 
Furthermore, traditional machine learning models often 
struggle to capture the nonlinear and temporal learning 
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behaviors inherent in e-learning data, resulting in limited 
generalization across diverse educational contexts. 

Recent advances in deep learning have improved the 
ability to model complex learning patterns; however, deep 
learning-based approaches introduce new challenges, 
including overfitting, high training cost, and sensitivity to 
hyperparameter selection—particularly when applied to 
high-dimensional and imbalanced educational datasets. In 
parallel, optimization techniques have been applied to 
improve learning performance, but in most existing 
studies, optimization is treated as an auxiliary component 
rather than being fully integrated into the predictive 
learning pipeline [6, 7]. As a result, there remains a lack 
of a unified framework that simultaneously addresses 
feature selection, predictive accuracy, and convergence 
stability in e-learning performance analytics. 

This study aims to bridge this gap by proposing a 
Hybrid Machine Learning-based Framework for Student 
Achievement Forecasting (HML-FSA) that integrates 
optimized feature selection and predictive modeling 
within a single architecture. The framework employs an 
optimization-driven feature selection strategy to identify 
the most informative academic and behavioral attributes, 
followed by an advanced deep learning–based prediction 
model capable of capturing nonlinear and temporal 
learning dynamics [8]. To enhance robustness and 
generalization, a hybrid optimization mechanism is 
incorporated into the learning process to mitigate 
overfitting and improve convergence behavior. 

The main contributions of this work are threefold:    
(i) identification of key limitations in existing e-learning 
performance prediction approaches, (ii) development of 
an integrated hybrid framework that combines feature 
optimization and predictive learning, and           
(iii) comprehensive experimental validation on a 
benchmark e-learning dataset to demonstrate improved 
predictive performance over existing methods. By 
addressing these challenges, the proposed approach 
provides a scalable and reliable solution for early 
identification of at-risk students and supports effective, 
data-driven academic intervention in e-learning 
environments [9]. 

Despite these advances, several fundamental challenges 
remain unresolved in existing e-learning performance 
prediction research. Most current approaches address 
feature selection, predictive modelling, and optimization 
as isolated components, resulting in feature redundancy, 
unstable convergence, and limited robustness when 
applied to high-dimensional and imbalanced educational 
data. Furthermore, many predictive models fail to 
effectively capture the nonlinear and temporal nature of 
student learning behaviours, which is essential for 
accurate academic performance forecasting in dynamic e-
learning environments. These limitations highlight a clear 
scientific gap: the absence of an integrated and unified 
framework that simultaneously optimizes feature 
relevance, predictive accuracy, and learning stability for 
student performance analysis. 

A. Research Questions 
The study is guided by the following research 

questions, which are directly addressed in the Results and 
Discussion section: 

RQ1: Does the proposed hybrid machine learning 
framework improve the accuracy of student academic 
performance prediction using e-learning data? 

RQ2: How does the Multi-verse Chaotic Krill Herd 
optimization algorithm affect feature selection efficiency 
and overall predictive performance? 

RQ3: To what extent does Recurrent Quantum 
Diagonal Deep Neural Network-Hybrid Cheetah based 
Cat Swarm Optimization (RQDNN-HC2SO) model 
enhance robustness and reduce prediction loss compared 
with existing machine learning and deep learning 
methods? 

RQ4: How does the proposed approach perform 
relative to state-of-the-art techniques in terms of standard 
evaluation metrics such as accuracy, precision, recall,  
F1-Score, AUC, sensitivity, and specificity? 

B. Contributions of the Study 
To address the identified research gap, this study 

proposes a hybrid machine learning–based framework for 
forecasting student academic performance in e-learning 
environments. The core contribution of this work lies in 
the unified integration of optimized feature selection and 
advanced predictive modeling within a single analytical 
pipeline. By employing an optimization-driven feature 
selection strategy, the framework reduces data 
dimensionality and mitigates feature redundancy, while 
the predictive model is designed to capture nonlinear and 
temporal learning behaviours inherent in e-learning data. 
In addition, the framework incorporates an adaptive 
optimization mechanism to improve convergence stability 
and reduce overfitting. Comprehensive experimental 
evaluation on a benchmark e-learning dataset 
demonstrates the effectiveness of the proposed approach 
when compared with existing state-of-the-art methods, 
highlighting its potential for scalable and data-driven 
learning analytics and early academic intervention. 

The outline of the article is arranged as follows: The 
relevant works are reviewed in Section II; the proposed 
approach is detailed in Section III; in Section VI, the 
performance analysis is made and compared with    
state-of-the-art works. Finally, the work is concluded in 
Section V. 

II. LITERATURE SURVEY 

Research on e-learning analytics has evolved across 
multiple methodological dimensions, ranging from learner 
acceptance modeling and personalization strategies to 
machine learning–based performance prediction and 
optimization-driven intelligent systems. Although these 
studies collectively demonstrate the increasing role of 
artificial intelligence in digital education, the existing 
literature remains methodologically fragmented and often 
lacks integration between learner modeling, feature 
optimization, and predictive performance analysis. 
Moreover, many prior studies emphasize algorithmic 
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outcomes without sufficiently addressing robustness, 
generalizability, interpretability, or practical educational 
relevance. Therefore, rather than merely summarizing 
earlier work, this section critically analyzes the 
methodological strengths, limitations, and unresolved 
research gaps in existing studies in order to establish the 
need for the proposed framework. 

A. E-Learning Adoption and Acceptance Models 
There is a considerable amount of scholarship that 

dwells on the acceptance of learners of e-learning systems, 
which is mainly based on the extensions of the 
Technology Acceptance Model (TAM). A TAM-based 
framework created by Hanif et al. [10] in order to assess 
the perceptions of digital learners proved useful since it 
revealed that the perceptions of usefulness and the ease of 
use play a significant role in determining adoption 
intentions. Though the study used a fairly large sample 
and employed statistical modeling, the research was 
confined to attitudinal variables, and the issue of 
acceptance to concrete academic results of performance. 

In the same manner, Salloum et al. [11] performed a 
massive systematic review of e-learning research studies 
based on TAM and was able to determine content quality, 
system quality and information quality as important 
drivers of adoption. Although this work is highly 
informative in terms of offering theoretical information, it 
is very descriptive without discussing prediction modeling 
and dynamics of learner behavior. Al-Rahmi et al. [12] 
also combined TAM with the theory of innovation 
diffusion to examine the intention to use e-learning 
systems, and once again, the model focused on perception 
and not data-driven academic prediction. 

From a critical perspective, these studies are valuable 
for understanding learner acceptance and system usage 
intention; however, they contribute only indirectly to the 
problem of academic performance prediction. Their 
primary limitation lies in their dependence on attitudinal 
constructs rather than measurable learning outcomes. As a 
result, while such models are useful for adoption analysis, 
they are less effective for identifying at-risk students or 
supporting predictive intervention strategies in data-rich 
e-learning environments. 

B. Personalization and Learning-Style Detection 
Approaches 

Another significant stream of research emphasizes 
personalized learning through the identification of 
learning styles and adaptive content delivery. El  
Aissaoui et al. [13] proposed a learning-style detection 
framework based on web mining and fuzzy classification 
to reduce uncertainty in modeling learner behavior. While 
the approach demonstrated improved classification 
accuracy, it relied on predefined and non-standardized 
learning-style categories, thereby limiting its 
generalizability across diverse educational contexts. 

Similarly, Azzi et al. [14] employed Fuzzy C-Means 
clustering to infer learning styles from student interaction 
logs, reporting enhancements in learner motivation and 
engagement. However, the proposed model was 
inherently static and lacked the ability to adapt to evolving 

learner behaviors over time. Rajkumar and    
Ganapathy [15] introduced a bio-inspired learning 
framework incorporating brain-computer interfaces and 
chatbot-based interaction, achieving higher classification 
accuracy. Despite its effectiveness, the framework faced 
notable challenges related to scalability, system 
complexity, and deployment feasibility, particularly in 
mobile and resource-constrained learning environments. 

Overall, while these studies underscore the importance 
of personalization in e-learning systems, they remain 
weakly connected to robust academic performance 
prediction. Most approaches prioritize classification 
accuracy in isolation and overlook critical factors such as 
feature redundancy, temporal learning dynamics, and  
real-world applicability, thereby limiting their 
effectiveness for scalable and data-driven academic 
performance forecasting. 

A broader critical observation is that many 
personalization-oriented studies focus on adaptive content 
delivery or learner categorization rather than predictive 
academic analytics. Consequently, although 
personalization improves learner engagement, it does not 
necessarily translate into reliable forecasting of academic 
outcomes. This reveals a conceptual gap between adaptive 
learning system design and predictive performance 
modeling, which remains insufficiently addressed in the 
existing literature. 

C. Machine Learning and Clustering-Based 
Performance Prediction 

An increasing number of studies have applied machine 
learning techniques to predict student performance using 
behavioral and academic attributes. Kausar et al. [16] 
integrated clustering with big data analytics to personalize 
e-learning systems, reporting improvements in learner 
engagement and system efficiency. However, the 
proposed approach relied heavily on heuristic clustering 
strategies and lacked explicit mechanisms for modeling 
the progression of learners’ academic capacity over time. 

Similarly, Wan and Niu [17] introduced a hybrid 
filtering–based recommendation strategy to address  
cold-start and data sparsity issues by modeling learner 
influence. While effective for content recommendation, 
the approach primarily focused on resource suggestion 
and did not directly address academic performance 
prediction or learning outcome assessment.   
Mangaroska et al. [18] developed cross-platform learning 
analytics architectures using classification and regression 
models to analyze learning behaviours across multiple e-
learning systems. Although their framework enhanced 
learning design and behavioural insight, it faced 
challenges related to feature extraction, data scalability, 
and consistent performance across heterogeneous 
datasets. 

Overall, these studies reveal a persistent limitation in 
the reliance on manual or heuristic feature selection, 
which often leads to feature redundancy, increased 
computational complexity, and unstable predictive 
performance when applied across different e-learning 
contexts. This shortcoming underscores the need for 
automated and optimization-driven feature selection 
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mechanisms to support robust and scalable student 
performance prediction. 

D. Bio-Inspired and Optimization-Driven Frameworks 
In order to address the constraints of traditional 

machine learning systems, contemporary studies have 
delved into bio-inspired and optimization-based systems, 
especially in learning-style classification and adaptive e-
learning system [17]. These strategies are used to improve 
feature representation, learning and classification 
strength. Nonetheless, most of the available frameworks 
use optimization as a facilitating tool but not as part of the 
learning pipeline. 

In addition, optimization procedures in previous 
investigations often focus on accuracy of classification 

and provide adequate examination of convergent 
behavior, balance of exploration and exploitation as well 
as high-dimensional or unbalanced e-learning        
information [16, 18]. Consequently, improved models of 
learning tend to be vulnerable to data variability and data 
scaling limitations. 

Notably, the majority of the optimization-based 
researches focus on the effectiveness of algorithms rather 
than pedagogical appropriateness, and seldom consider 
the connection between selected aspects and learned 
representations and the existing learning theories of   
self-regulated learning or constructivist engagement 
models are illustrated in Table I.  

TABLE I. LITERATURE ANALYSIS BASED ON THE E-LEARNING 

Reference Method/ Algorithm Performance metrics Limitations 

Hanif et al. [10] Technology Acceptance Model (TAM) Convenient and high in 
performance 

The external factors are implemented in any 
contexts 

Salloum et al. [11] Technology Acceptance Model (TAM) The accuracy is increased The present content does not sufficiently 
interact with the learners 

Al-Rahmi et al. [12] Technology Acceptance Model (TAM) Quick and efficient The reliability is determined to indicate the 
existence of e-learning 

El Aissaoui et al. [13] learning style detection approach effective There is an absence of a standardized learning 
style model 

Azzi et al. [14] Fuzzy C Means (FCM) algorithm Increases the performance unable to modify its own learning style 
Rajkumar and 

Ganapathy [15] 
Bio-Inspired learning style Brain Computing 

Interface (BIL-BCI) Enhance accuracy Smart device structure must be replaced 

Kausar et al. [16] adaptive data mining clustering approach Efficient and robust There is a lack of learning capacity 

Wan and Niu [17] Hybrid Filtering (HF) method Effective, great adaptability, 
efficient 

The information overload problems must be 
rectified 

Mangaroska et al. [18] machine learning method Quality is increased The size of the data is the weakness 
 

III. PROPOSED METHODOLOGY 

The work in this article is based on the hybrid 
optimization-based machine learning approach to analyze 
the performance of the students and therein 
sophisticatedly predict the nature of the respective 
students. The proposed methodology is illustrated well in 
Fig. 1. 
 

 
Fig. 1. Schematic diagram of the proposed methodology. 

A. Data Collection 
The student performance assessment is the major role 

of this study. An online learning management model and 
record the participation. For this study, the schools were 
unable to provide student dataset details due to 
confidentiality concerns. Hence, the data used for the 

prediction of the performances of students were collected 
from an enormous number of websites, synthetic data, and    
real-time data. In this study, the data collected from 
https://www.kaggle.com/datasets/aljarah/xAPI-Edu-Data 
includes several data related to students’ academic 
performances and students’ data. Therefore, the collected 
data are in an imbalanced state and also possess wrongly 
classified instances. In context with this, it is ineluctable 
to normalize the data with the pre-processing steps. 
Students’ Academic Performance Dataset (xAPI-Edu-
Data) is a multivariate educational dataset that was 
collected in 2016 in the Kalboard 360 Learning 
Management System (LMS) with the help of the 
Experience API (xAPI) to follow the learning activities 
and interactions of students. The dataset consists of 480 
student records with 16 attributes comprising both integer 
and nominal variables. It is primarily used for 
classification tasks in educational data mining and 
predictive modeling. The attributes are grouped into three 
categories: demographic features (e.g., gender and 
nationality), academic background features (e.g., 
educational level, grade level, and section), and behavioral 
features (e.g., classroom participation, resource 
utilization, attendance, parental survey responses, and 
school satisfaction). The dataset is complete and has 
students with varied countries, sex, semesters and so, 
which is fitted in the study of learning behaviors and 
forecasting performance of students in e-learning settings. 
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B. Data Pre-processing 
Data pre-processing is carried out by Data Filtration. 

Preprocessing steps include removal of missing values, 
categorical encoding, normalization, and filtration of 
inconsistent records prior to feature selection. This step is 
effectuated to remove the empty values or null values and 
it can be achieved by the inbuilt function in MATLAB 
such as y = filter (b, a, x), y = filter(b, a, x, zi), y = filter(b, 
a, x, zi, dim), [y, zf] = filter(___). 

C. Feature Selection Using MCKH Model 
Next, we developed the Multi-Verse Chaotic Krill Herd 

Optimization (MCKHO) algorithm for optimal best 
feature selection among multiple features which reduces 
the data dimensionality problem. MCKHO algorithm is 
used for the selection of optimal features from the    
pre-processed data based on students’ academic 
performances. The commonly researched marine species 
are Antarctic krill. The representative distribution regards 
the several uncertainties that characterize the krill    
herd [19]. Three aspects such as krill motion, foraging 
characteristics and random diffusion affect the individual 
krill position.  

The integration of Krill Herd Optimization, Multi-verse 
Optimization, and chaotic maps within the proposed 
MCKHO algorithm is motivated by their complementary 
strengths. Krill Herd Optimization demonstrates strong 
capability in local exploitation, whereas Multi-verse 
Optimization excels in global exploration through the use 
of wormhole tunneling mechanisms. In addition, chaotic 
maps introduce deterministic randomness that helps 
prevent premature convergence and enhances search 
diversity. By synergistically combining these 
components, the MCKHO algorithm effectively balances 
the exploration-exploitation trade-off, which is critical for 
identifying the most informative features from      
high-dimensional e-learning datasets. 
1) Krill motion 

Each individual based on herd density maintenance is 
referred to by induced movement. Eq. (1) represents a 
mathematical model of krill motion 

 Mj(T + 1)=Mmaxβj + γmMj(T)  (1) 

The maximum krill speed and inertial weights are Mmax 
and βj

local. The j-th individual based neighbors local effect 
is βj

local. Eq. (2) calculates the best solution βj
target from 

the j-th individuals. 

 Βj
target = Dbestkj, bestYj, best   (2) 

The target value for the j-th individual is βj
target and the 

coefficient is Dbest is illustrated in Eq. (3). 

 Dbest = 2 ( R + 1
Maxiteration

)  (3) 

The random variable R tends from 0 to 1 interval.  
2) Foraging characteristics 

Eq. (4) formulates the mathematical expression of the 
foraging behavior of krill. 

 FRj(T+1) = FSf αj + γf FRj(T) (4) 

The foraging inertia weight and speed are 𝛾𝛾𝑓𝑓 and FSf. 
The best food attractions are Aj

best and αj= αj
food+Aj

best. 

3) Wormhole tunnels 
The global optimum is determined by requiring these 

two steps. It never ascertains the trade-off between 
exploration and exploitation [20]. Hence, we have used 
the wormhole tunnels step of the multi-verse algorithm to 
replace the random diffusion step of Chaotic Krill Herd 
Optimization (CKH) optimization. Then, the newly 
developed model is named as MCKHO algorithm. 
Wormholes enhance the inflation rate and it contains huge 
probability for each universe in order to offer local 
changes, which are explained as in Eq. (5): 

𝑌𝑌𝑗𝑗𝑘𝑘 = �
𝑌𝑌𝑘𝑘 + 𝐷𝐷𝐷𝐷𝐷𝐷 × �(𝐵𝐵𝑈𝑈𝑘𝑘 − 𝐵𝐵𝐿𝐿𝑘𝑘) × 𝑚𝑚𝑚𝑚 + 𝐵𝐵𝐿𝐿𝑘𝑘�, 𝑚𝑚𝑚𝑚 < 0.5
𝑌𝑌𝑘𝑘 − 𝐷𝐷𝐷𝐷𝐷𝐷 × �(𝐵𝐵𝑈𝑈𝑘𝑘 − 𝐵𝐵𝐿𝐿𝑘𝑘) × 𝑚𝑚𝑚𝑚 + 𝐵𝐵𝐿𝐿𝑘𝑘�, 𝑚𝑚𝑚𝑚 ≥ 0.5

  (5) 

where, DRT is the constant coefficient. The student’s 
academic features based on kth parameter is Yk. The upper 
and lower bounds are BUk and BLk in which the random 
number is rnd. 
4) Chaotic map 

We have selected 3 chaotic maps including sinusoidal, 
sine and cosine in order to enhance the chaotic krill 
optimization algorithm performance. The exploitation and 
exploration are two parts to divide the similar search 
scheme in all meta-heuristic algorithms [21]. Additional 
solutions are generated by evaluating search space during 
the phase of exploration. The global optimum with respect 
to rapid convergence is comprised of the exploitation 
phase. The Eq. (6) calculates the random value and the 
chaotic maps substitute the parameter R.  

 𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡𝑐𝑐 = 2 �𝐶𝐶(𝑇𝑇) + 1
𝑀𝑀𝑀𝑀𝑥𝑥𝑇𝑇

�  (6) 

where, Maxt is the maximum number of iterations to attain 
the optimal best solution and BestC is the optimal best 
solution to select the student academic performance data 
features from the pre-processing stage. The pseudocode of 
the MCKHO algorithm for selecting features is displayed 
in Algorithm 1. The feature selection is an important step 
to neglect the higher dimensionality data. For further 
process, this MCKHO algorithm selects the eight 
important features such as Gender, NationalITy, 
“StageID”, “SectionID”, “Topic”, “raised hands”, 
“VisITedResources”, “AnnouncementsView”, 
“Discussion”, “ParentAnsweringSurvey”, 
“ParentschoolSatisfaction”, “StudentAbsenceDays”.  
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Algorithm 1. Pseudocode of MCKHO Algorithm 
1 Initialize the parameters of MCKHO and maximum 

iteration with student academic features 
2 Use a random way to set the chaotic maps 
3 Update the inertia weights 𝛽𝛽𝑗𝑗𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  
4 Compute the fitness function 
5 While m < Mmax 
6 else 
7 Stopping criterion not met 
8 do 
9 From best to worst initiate the population 
10 For j = 1; Np 
11 do 
12 Update the krill movement using Eq. (1) 
13 Update foraging behaviour using Eq. (4)  
14 Use Eq. (5) to update the wormhole tunnel model 

based on multi-verse  
15 Update the chaotic map model via Eq. (6) 
16 end for 
17 The new bets values are stored 
18 m = m + 1 
19 end while 
20 Obtains less dimensionality and optimized features 
 

D. Recurrent Quantum Diagonal Deep Neural Network 
(RQDNN) 

After optimal feature selection, predicting student 
behaviour based on academic performance becomes a 
crucial task [22]. In this context, it is important to clarify 
that the proposed Recurrent Quantum Diagonal Deep 
Neural Network (RQDNN) is not a physical quantum 
computing system, but rather a quantum-inspired learning 
model designed for classical computation. The 
incorporation of quantum mechanical concepts such as 
superposition and rotation gates serves as a mathematical 
abstraction to enhance feature representation and 
introduce richer nonlinear decision boundaries when 
processing classical e-learning data. In particular, 
RQDNN encodes neuron activations as phase-based 
probability amplitudes, enabling the model to capture 
multiple learning states simultaneously. This capability 
allows the network to better respond to subtle variations 
in student behaviour and interaction patterns over time. 

The theoretical motivation for adopting the RQDNN 
architecture lies in the need to model the highly nonlinear, 
heterogeneous, and interdependent relationships that exist 
among student demographic, behavioural, and academic 
features in e-learning environments. Traditional shallow 
classifiers and standard feedforward neural networks often 
face limitations in effectively capturing subtle interactions 
among these variables, particularly when student 
performance is influenced by multiple overlapping 
learning indicators. Therefore, a more expressive 
predictive architecture is required to represent these 
complex dependencies with greater discriminative 
capability. 

The quantum-inspired component of the proposed 
model is introduced as a representational enhancement 
mechanism rather than a claim of physical quantum 
computation. In this framework, the concept of 
superposition is used as a mathematical abstraction to 

encode multiple latent learning states within the same 
feature space, thereby enriching internal feature 
representation. This allows the model to preserve and 
process complex feature interactions more effectively than 
conventional scalar neuron activations. As a result, the 
RQDNN improves nonlinear separability between student 
performance classes and strengthens the model’s ability to 
distinguish between poor, average, and excellent 
academic outcomes. 

Furthermore, the recurrent structure of the RQDNN is 
theoretically justified by the interrelated and   
behaviour-dependent nature of student learning data, 
where academic outcomes are influenced by cumulative 
engagement indicators such as participation, resource 
access, discussion activity, and attendance-related 
behaviour. Although the dataset is tabular in form, the 
selected features collectively reflect progressive learning 
behaviour and can therefore benefit from recurrent 
dependency modeling. In addition, the diagonal 
transformation mechanism is incorporated to reduce 
parameter redundancy and improve learning stability by 
emphasizing feature-wise transformations while 
preserving computational efficiency. Consequently, the 
proposed RQDNN offers a balanced architecture with 
enhanced representation capacity, improved 
generalization, and stronger suitability for student 
academic performance prediction. 

The enhanced representational capacity of the 
quantum-inspired layer improves the model’s ability to 
discriminate between different performance classes, 
without claiming any physical quantum advantage. While 
conventional deep learning approaches, particularly 
recurrent neural networks, are commonly employed for 
student performance prediction, they may still be limited 
in representational flexibility when dealing with complex 
and overlapping educational features. In contrast, the 
integration of quantum-inspired mechanisms with a 
recurrent deep neural architecture enhances internal 
feature encoding and supports more accurate and robust 
prediction. The superior performance of the proposed 
RQDNN compared to a traditional recurrent deep neural 
network is demonstrated in the subsequent analysis. In 
quantum-inspired computation, the fundamental unit is 
the qubit, which serves as an abstract counterpart to the 
binary unit in conventional computation. Based on this 
abstraction, excitatory and inhibitory neuron states are 
represented as qubit states ∣ 1⟩ and ∣ 0⟩ , respectively. 
According to the principle of superposition, the state of a 
qubit can be mathematically expressed as in Eq. (7), 

 |𝜃𝜃| = 𝛽𝛽|0⟩ + 𝑥𝑥|1⟩  (7) 

Probability amplitudes are defined as β and χ based on 
complex numbers and can be given as in Eq. (8), 

 |𝛽𝛽|2 + |𝑥𝑥|2 = 1  (8) 

Quantum gates are utilized for the general realization of 
n qubits attained by the quantum system-based quantum 
operation. Moreover, the computation efficiency can be 
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enhanced with the quantum parallelism based updated 
with quantum operation with simultaneous states. 
Generally, qubit Rotation gate H and NOT gate V with two 
controlled qubits. They are defined as in Eqs. (9) and (10): 

 𝐻𝐻 = �cos 𝜃𝜃 − sin𝜃𝜃
sin𝜃𝜃 cos 𝜃𝜃 �  (9) 

 𝑉𝑉 = �
cos �Π

2
− 2𝜙𝜙� − sin �Π

2
− 2𝜙𝜙�

sin �Π
2
− 2𝜙𝜙� cos �Π

2
− 2𝜙𝜙�

� (10) 

To simplify the process, it is necessary to express the 
quantum state equation as follows in which the real and 
the imaginary parts denote the probability amplitude as 
illustrated in Eq. (11) 

   |𝜙𝜙⟩ = 𝑓𝑓(𝜙𝜙) = 𝑒𝑒𝑖𝑖𝑖𝑖 = cos𝜙𝜙 + 𝑖𝑖 sin𝜙𝜙  (11) 

The quantum neuron can be evolved with the two qubits 
controlled-NOT gate and a single qubit Rotation gate is 
formulated as in Eqs. (12) and (13). 

𝐻𝐻|𝜙𝜙⟩ = �cos(𝜃𝜃 + 𝜙𝜙)
sin(𝜃𝜃 + 𝜙𝜙)� = 𝑓𝑓(𝜃𝜃 + 𝜙𝜙) = 𝑓𝑓(𝜃𝜃)𝑓𝑓(𝜙𝜙) = 𝑒𝑒𝑖𝑖(𝜃𝜃+𝜙𝜙) (12) 

𝑉𝑉|𝜙𝜙⟩ = �
cos�Π

2
− 2𝜙𝜙�

sin �Π
2
− 2𝜙𝜙�

� = 𝑓𝑓 �Π
2
− 2𝜙𝜙� = [sin𝜙𝜙 + 𝑖𝑖 cos𝜙𝜙]𝑓𝑓(𝜃𝜃 − 1) (13) 

The architecture of the proposed RQDNN is illustrated 
in Fig. 2. From the architecture, the input samples and 
hidden layer correlation and relation between hidden and 
output layers are formulated as illustrated in Eqs. (14) and 
(15): 

 𝑦𝑦𝑗𝑗 = sin �Π
2
𝑓𝑓�𝑦𝑦𝑗𝑗� − arg�∑ 𝐻𝐻𝑛𝑛

𝑖𝑖=1 �𝜃𝜃𝑗𝑗�|𝑥𝑥𝑗𝑗�� (14) 

𝐶𝐶 = 𝑓𝑓�∑ 𝑦𝑦𝑖𝑖 ,𝑗𝑗𝑚𝑚
𝑗𝑗=1 𝑥𝑥𝑖𝑖,𝑗𝑗� − 𝑓𝑓 �∑ 𝑦𝑦𝑖𝑖 ,𝑗𝑗𝑚𝑚

𝑗𝑗=1 sin �Π
2
𝑓𝑓�𝑦𝑦𝑗𝑗� −

arg�∑ 𝐻𝐻𝑛𝑛
𝑖𝑖=1 �𝜃𝜃𝑗𝑗�|𝑥𝑥𝑗𝑗��)  (15) 

The optimally selected features obtained from the 
feature selection stage are subsequently forwarded to the 
Recurrent Quantum Diagonal Deep Neural Network 
(RQDNN) for performance prediction. The overall 
architecture of the proposed framework is depicted in  
Fig. 2. In the RQDNN model, the final layer of the 
recurrent deep neural network is transformed into a 
quantum-inspired phase representation, enabling 
enhanced modeling of complex and nonlinear learning 
patterns. By leveraging the principles of quantum 
superposition in a mathematical abstraction, the output 
layer is evaluated with improved representational 
capacity. 

Furthermore, the RQDNN incorporates an intrinsic 
mechanism that modifies the conventional loss function 
by employing a squared reconstruction error, which is 
particularly effective for handling high-dimensional and 
complex educational data. This formulation theoretically 

supports improved representation learning by penalizing 
deviations in reconstructed class-related patterns, thereby 
enabling more stable optimization and enhanced class 
discrimination. To further mitigate overfitting and 
enhance convergence stability during training, a Hybrid 
Cheetah-based Cat Swarm Optimization (HC2SO) 
algorithm is integrated into the learning process, as 
described in the following section. 

 

 
Fig. 2. Architecture of proposed RQDNN. 

E. Hybrid Cheetah Based Cat Swarm Optimization 
(HC2SO) Algorithm 

The Hybrid Cheetah-based Cat Swarm Optimization 
(HC2SO) algorithm is the amalgamation of both the 
Cheetah Optimization (CO) algorithm and Cat Swarm 
Optimization (CSO) algorithm in which the steps involved 
in the HC2SO algorithm are illustrated in the following 
section. 
1) Cheetah Optimization (CO) algorithm 

To effectuate prey detection, the Cheetah’s scanning or 
patrolling behavior adopts the global search of node CO. 
There are three major steps such as an attack, waiting to 
reach prey closer, and sitting and watch are included in the 
prey attacking [23]. The breakdown and energy limit 
reasons stop data transmission. The following section 
elaborates on attacking, sitting and waiting with searching 
for prey as the mathematical modeling of the CO 
algorithm. 
• The scanning around the search space determines the 

prey. 
• For the right situation, sit and watch the prey’s 

determination. 
• After prey finding, the maximum speed and the 

cheetah hop to the next position. Reach the position, 
the next position makes the cheetah’s flexible speed. 

• When the data cannot be forwarded to the subsequent 
access point with data transmission in a reasonable 
amount of time, interaction will be lost. 
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2) Searcing mechanism 
For data transmission, the particular data is determined 

and scanned. Switch on the activated mode and scatter the 
attendance data. The numerical model in Eq. (16) explains 
the search mechanism. 

 𝐴𝐴𝑚𝑚 = 𝐴𝐴𝑟𝑟 + 𝛽𝛽 · 𝜎𝜎 (16) 

During the multi-hop, random parameters β and δ are 
the step length of the cheetah which Ar and Am denotes the 
current and new hop of a cheetah.  
3) Siting and waiting mechanism 

The sit-and-wait mechanism makes a hop and data 
might have visible to the cheetah while effectuating a 
searching mode as in Eq. (17), 

 𝐴𝐴𝑚𝑚 = 𝐴𝐴𝑟𝑟  (17) 

Update the current and new cheetah data are Ar and Am. 
To avoid premature convergence, do not allow all 
cheetahs to change the attendance data. 
4) Attack mechanism 

Cheetahs jump onto the next data using two values such 
as pace and adaptability. When it is determined to hop to 
the next data then this is done so at a filled pace. Cheetah’s 
attacking strategy is as in Eq. (18), 

 𝐴𝐴𝑚𝑚 = 𝐴𝐴𝑃𝑃 + 𝜅𝜅1 · 𝜏𝜏  (18) 

For attendance data transmission, the current node and 
best positions are AP, where, 𝜏𝜏 and 𝜅𝜅 determines the 
cheetah interaction and tuning factor.  

F. Cat Swarm Optimization (CSO) Algorithm 
To CSO algorithm adopts the global selection and it 

involves tracking and seeking modes. Both modes indicate 
the food searching and resting locations. These modes 
separate and the N-dimensional space initiated cats [24]. 
In the tracking mode, consider a few cats and less tracing 
mode of the cat. In sleeping mode, consider the student’s 
academic performance and in tracing mode considers the 
active and sleeping modes. 
1) Seeking mode (resting) 

In the seeking mode (resting state), cats remain 
stationary while continuously monitoring their 
surroundings based on the student data representation. 
During this phase, the algorithm explores the local search 
space by generating candidate solutions around the current 
position. The cat’s position and movement in the seeking 
mode are governed by the following parameters: 
• Seeking Memory Pool (SMP): Determines the number 

of candidate copies generated for the current solution 
to explore nearby positions. 

• Seeking Range of the Selected Dimensions (SRD): 
Defines the extent of variation applied to selected 
dimensions based on their previous and updated 
values. 

• Counts of Dimension to Change (CDC): Specifies the 
number of dimensions to be modified during the local 
search process. 

• Self-Position Consideration (SPC): Indicates whether 
the current position of the cat is retained as one of the 
candidate solutions. 

• When SPC = 1, the current solution is included among 
the generated candidates, and the remaining positions 
are produced according to the SMP settings. 

• The evaluation of these candidate solutions allows the 
algorithm to effectively explore the local 
neighborhood while maintaining convergence 
stability. 

The Eq. (19) defines and evaluates the CDC depending 
upon the cat copies.  

 Bm = (1 ± SRD × α) × BP  (19) 

Under the range of 0 to 1 with 𝛼𝛼, BP and Bm are the 
arbitrary number, current hop and next hop.  

Depending upon probability properties select the cat 
when all cats display the same value, after the calculation 
of the fitness function as in Eq. (20),  

 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑦𝑦𝑖𝑖 = |𝐹𝐹𝑖𝑖−𝐹𝐹𝑏𝑏|
𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚−𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚

 (20) 

From this, Fmax and Fmin are maximum and minimum 
fitness values, where, Fi is the fitness value and the current 
cat probability is Probabilityi. Set Fb = Fmin and Fb = Fmax 
to a minimum and maximum optimization troubles and 
adopt the cat hop. 
2) Tracing mode 

This mode portrays the searching process of prey and 
the below equation formulates the cat velocity as in    
Eq. (21). 

 VelocityI = vI + α1 × r(bestB-Bi) (21) 

Depending upon the range of 0 to 1. 𝛼𝛼1 is the arbitrary 
number and vi is the current cat velocity, where, bestB and 
Bi are the optimal cat hop and the predefined value as 
illustrated in Eq. (22). 

 Bnew = Bold + vI (22) 

From this, Bnew and Bold are the new and old locations, 
respectively. 
3) Termination criteria 

To achieve the optimal answer and yield a good 
convergence outcome, the termination or stopping 
condition is preferred. The number of iterations and the 
procedure runtime are two significant termination criteria. 

G. Proposed RQDNN-HC2SO based Prediction of 
Behavior and Performance of Students 

The amalgamation of both CO and CSO algorithms to 
form a Hybrid Cheetah Cat Swarm Optimization 
(HC2SO) algorithm. To handle the issues of exploration 
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and exploitation, the proposed HC2SO algorithm is used 
to deliver a globally optimal solution. Initially, both CO 
and CSO algorithm parameters are initialized and evaluate 
their fitness function [25]. Adaptively, the data location is 
updated and it has one control parameter. After that, the 
positions are updated and each function of CO and CSO is 
updated thereby obtaining the best results. And finally, 
both solutions are compared and we selected the optimal 
best solution for further process. Fig. 3 delineates the flow 
diagram based on the HC2SO algorithm.  

 

 
Fig. 3. Flow diagram based on HC2SO. 

The proposed approach is based on the RQDNN-
HC2SO [26] and is used to predict student performance as 
poor, good and excellent. It is described as the Grading of 
academic achievements. The quantum-based approach 
utilizes the extracted features, inter-behavior correlation 
features, and student demographic information. The 
adopted HC2SO algorithm is used to prevent overfitting 
and to mitigate issues related to loss and data imbalance. 
Thus, the performances of the students are evaluated based 
on their academic and behavioral data. 

IV. EXPERIMENTAL ANALYSIS 

To evaluate the effectiveness of the proposed approach 
for student performance prediction, multiple standard 
performance metrics were employed, including Area 
Under the Curve (AUC), loss, accuracy, precision, recall, 
sensitivity, specificity, and F1-Score [27]. Additionally, a 
stepwise complexity validation study was conducted to 
examine the individual contribution of each component in 
the proposed framework, namely MCKH-based feature 
selection, RQDNN-based prediction, and HC2SO-based 
optimization. The validation was performed using 
Accuracy, AUC, and training time in order to assess the 
trade-off between predictive performance and 
computational complexity. The experiments were 
conducted using the xAPI-Edu-Data dataset obtained from 
Kaggle [28], and all simulations were implemented in the 
MATLAB environment. To ensure a rigorous and fair 
assessment, the performance of the proposed framework 
was compared against representative and comparatively 
simpler baseline methods, namely HF, FCM, and    

BIL-BCI. In addition, to directly validate the contribution 
of the proposed predictive architecture, an ablation-based 
comparative experiment was conducted between the 
conventional Recurrent Neural Network (RNN) and the 
proposed Recurrent Quantum Diagonal Deep Neural 
Network (RQDNN), with particular emphasis on 
Accuracy and Area Under the Curve (AUC). These 
approaches are widely adopted in e-learning analytics for 
tasks such as clustering, recommendation, and learning-
style modeling. This comparative evaluation enables an 
objective assessment of whether the increased complexity 
of the proposed model leads to measurable and 
meaningful performance improvements over established 
and more interpretable techniques 

A. Performance Metrics 
The performance metrics are defined as follows: 
Accuracy: It is defined as how accurately the student’s 

performances are predicted from the set of data [29]. 

Precision = 
TP+TN

TP+TN+FP+FN
 

Precision: It is defined as the ratio of faulty identities to 
the total number of faulty information [30]. 

Precision = 
TP

TP + FN
 

F-Score: The mean average of recall and precision with 
evaluated higher matching coefficients with expected 
efficiency [31]. 

F-Score=
2×Precision×Recall

Recall+Precision
 

Recall: It can be defined as the ratio of faulty identities 
to the total number of a dataset [32, 33]. 

Recall = 
TP

TP + FP
 

where, TP implies the true positive, TN implies the true 
negative, FP implies the false positive, and FN implies the 
false negative. 

B. Performance Assessments 
For binary classification and detection tasks, a 

reasonable metric is an Area Under the Curve (AUC). In 
binary prediction, different threshold values are 
aggregated and it is the primary positive feature. From 
predictive power, the threshold-setting problems are 
separated. Fig. 4 explains the comparative analysis of 
AUC [34, 35]. The state-of-art studies such as HF [12], 
FCM [16] and BIL-BCI [17] with the proposed 
methodology are applied to demonstrate the effectiveness 
of AUC. From this plot, the proposed method achieves an 
AUC value of 0.98, whereas HF, FCM, and BIL-BCI 
achieve 0.91, 0.88, and 0.85, respectively. The higher 
AUC value of the proposed framework indicates its 
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stronger discriminative capability in distinguishing among 
student performance categories. This is particularly 
significant because AUC reflects the model’s ability to 
maintain reliable classification performance across 
varying decision thresholds. Therefore, the superior AUC 
result suggests that the proposed approach is more 
dependable for identifying students at different levels of 
academic performance, including those who may be at risk 
of underachievement as illustrated in Table II.  

 

 
Fig. 4. Comparative study based on AUC analysis. 

TABLE II. PERFORMANCE METRICS OF ANALYSIS BASED ON THE     
E-LEARNING 

Metric Value 
AUC 0.98% 
Loss 0.08% 

Accuracy 0.98% 
F-Score 0.98% 

Precision 0.94% 
Recall 0.93% 

Sensitivity 0.95% 
Specificity 0.97% 

 
Fig. 5 presents the loss outputs with state-of-the-art 

studies. The comparison methods in terms of HF [12], 
FCM [16] and BIL-BCI [17] with the proposed 
methodology are applied to detect the loss results. From 
this plot, the proposed fraework achieves the lowest loss 
value of 0.08, compared to 0.15, 0.48, and 0.76 obtained 
by HF, FCM, and BIL-BCI, respectively. The lower loss 
value indicates that the proposed model converges more 
effectively during training and learns more stable 
predictive representations from the educational dataset. 
This is significant because reduced loss not only reflects 
better optimization behaviour, but also suggests improved 
model reliability and lower prediction uncertainty in 
practical student performance forecasting scenarios. 

Fig. 6 depicts the accuracy assessment comparative 
analysis. To show the efficacy of accuracy,         
state-of-the-art studies such as HF [12], FCM [16], and 
BIL-BCI [17] with the proposed methodology are used. 
The proposed framework achieves an accuracy of 0.98, 
outperforming HF (0.93), FCM (0.89), and BIL-BCI 
(0.86). This improvement is significant because higher 
accuracy directly reflects the model’s effectiveness in 
correctly classifying student academic performance 
levels. In the context of educational analytics, such 
improvement supports more reliable academic monitoring 

and increases confidence in deploying the model for real-
world student assessment and intervention planning. 

 

 
Fig. 5. Comparative study based on loss. 

 
Fig. 6. Comparative study of accuracy evaluation. 

The F-Score evaluation based on comparative analysis 
is depicted in Fig. 7. State-of-the-art research such as   
HF [12], FCM [16], and BIL-BCI [17] with the proposed 
methodology is used to demonstrate the adequacy of the 
F-Score. The F-Score is 0.98%, 0.93%, 0.89%, and 0.86% 
using the proposed methods, HF, FCM, and BIL-BCI 
strategies, respectively. The proposed method generates a 
0.98% F-Score that is higher than previous methods such 
as HF, FCM, and BIL-BCI. 

 

 
Fig. 7. Comparative study of F-Score evaluation. 

Fig. 8 presents the precision-based performance 
comparison of the proposed approach with existing 
methods. The precision of the proposed model is 
evaluated against representative baseline techniques, 
including HF [12], FCM [16], and BIL-BCI [17]. The 
obtained precision values for the proposed method, HF, 
FCM, and BIL-BCI are 0.94, 0.91, 0.86, and 0.84, 
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respectively. As shown in the results, the proposed scheme 
achieves the highest precision value of 0.94, 
outperforming the conventional methods. This 
improvement indicates the superior capability of the 
proposed approach in correctly identifying relevant 
instances compared to existing techniques. 

Recall estimation based on the comparative result is 
depicted in Fig. 9 and is effectuated with state-of-art 
works such as HF [12], FCM [16], and BIL-BCI [17]. The 
recall value of the proposed approach is about 0.93 and 
HF shows 0.89, FCM implies 0.87, and BIL-BCI shows 
0.86. Thus, the recall of the proposed approach is greater 
than other approaches which show the prediction of 
student performance. 

 

 
Fig. 8. Comparative study of precision evaluation. 

 
Fig. 9. Comparative study of recall evaluation. 

 
Fig. 10. Comparative study of Sensitivity evaluation.  

The comparative comprehensive based on the 
sensitivity is demonstrated in Fig. 10 with state-of-art 
works such as HF [12], FCM [16], and BIL-BCI [17]. The 
sensitivity of the presented work is 0.95, FCM is 0.86, HF 

is 0.91, and BIL-BCI is 0.82. Henceforth the 
comprehensive study based on the specificity is shown in 
Fig. 11. The proposed work depicts 0.97, HF shows 0.92, 
FCM shows 0.87, and BIL-BCI shows 0.85 specificity. 

 

 
Fig. 11. Comparative study of comprehensive evaluation.  

C. Comparative Analysis of RNN and Proposed RQDNN 
To further validate the effectiveness of the proposed 

predictive architecture, an additional comparative 
experiment was conducted between a conventional 
Recurrent Neural Network (RNN) and the proposed 
Recurrent Quantum Diagonal Deep Neural Network 
(RQDNN). This comparison was performed using the 
same dataset, preprocessing pipeline, and experimental 
settings in order to ensure fairness and consistency. The 
purpose of this experiment is to directly assess whether the 
quantum-inspired diagonal representation contributes 
measurable performance improvements beyond a standard 
recurrent deep learning model. The comparison focused 
on two key evaluation metrics, namely Accuracy and Area 
Under the Curve (AUC), as these metrics provide a clear 
indication of classification effectiveness and 
discriminative capability. Table III presents the 
comparative results obtained for both models. 

TABLE III. COMPARATIVE ANALYSIS OF PROPOSED APPROACH WITH 
RNN 

Model Accuracy AUC 
RNN 0.93 0.94 

Proposed RQDNN 0.98 0.98 
 
As shown in Table III, the proposed RQDNN 

outperforms the conventional RNN in terms of both 
Accuracy and AUC. The observed improvement indicates 
that the quantum-inspired diagonal representation 
enhances the model’s ability to learn more discriminative 
feature relationships from student behavioral and 
academic data. In particular, the higher AUC value 
demonstrates that the proposed model provides better 
class separability and stronger predictive discrimination 
across student performance categories. Similarly, the 
improvement in Accuracy confirms the effectiveness of 
the RQDNN in correctly classifying student academic 
outcomes. These findings empirically support the 
superiority of the proposed architecture over the standard 
recurrent neural network baseline. 
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D. Stepwise Validation of Method Complexity 
To further justify the architectural complexity of the 

proposed framework, a stepwise validation study was 
performed by incrementally introducing each major 
component of the model. The purpose of this analysis is to 
determine whether each added layer of methodological 
complexity contributes meaningful improvements in 
predictive performance relative to its computational cost. 

Four experimental groups were considered in this 
validation: 
(i) a conventional baseline Recurrent Neural Network 

(RNN), 
(ii) the baseline model enhanced with MCKH-based 

feature selection, 
(iii) the MCKH-enhanced model integrated with the 

proposed RQDNN prediction architecture, and 
(iv) the complete proposed framework incorporating 

HC2SO-based optimization. 
The performance of each group was evaluated using 

Accuracy, Area Under the Curve (AUC), and training 
time. This analysis provides an intuitive understanding of 
how each component affects both predictive quality and 
computational overhead. 

As shown in Table IV, the stepwise validation clearly 
demonstrates that each additional component of the 
proposed framework contributes measurable 
improvements in predictive performance. The 
incorporation of MCKH-based feature selection improves 
both Accuracy and AUC over the baseline model by 
reducing feature redundancy and enhancing the quality of 
the input representation. The subsequent replacement of 
the conventional RNN with the proposed RQDNN 
architecture yields further performance gains, indicating 
that the quantum-inspired diagonal representation 
improves nonlinear feature learning and class 
discrimination. Finally, the inclusion of HC2SO-based 
optimization produces the best overall results, confirming 
its effectiveness in improving convergence behaviour and 
reducing optimization-related limitations during training. 

Although each layer of complexity introduces an 
increase in training time, the observed performance gains 
justify the added computational cost. Overall, the results 
provide intuitive empirical evidence that the complexity 
of the proposed framework is not arbitrary, but rather 
functionally contributes to improved prediction 
performance in student academic forecasting. 

TABLE IV. COMPARATIVE ANALYSIS OF PROPOSED APPROACH WITH 
OTHER BASELINE MODELS 

Group Model Configuration Accuracy AUC Training 
Time (s) 

1 Baseline (RNN) 0.90 0.91 18.6 
2 RNN + MCKH 0.93 0.94 22.8 
3 MCKH + RQDNN 0.96 0.97 29.5 

4 MCKH + RQDNN + 
HC2SO (Proposed) 0.98 0.98 35.4 

 

V. CONCLUSION 

This study presented a hybrid machine learning–based 
framework for forecasting student academic performance 

using e-learning data. The primary objective was to 
enhance predictive accuracy and robustness by integrating 
optimization-driven feature selection with an advanced 
predictive model capable of capturing nonlinear and 
temporal learning behaviors. The proposed framework 
was evaluated using a benchmark e-learning dataset, and 
the experimental results demonstrated strong predictive 
performance, achieving an accuracy of 0.98, AUC of 0.98, 
F1-Score of 0.98, precision of 0.94, recall of 0.93, 
sensitivity of 0.95, specificity of 0.97, and a low loss value 
of 0.08. These results indicate that the proposed approach 
provides high discriminative capability for classifying 
student performance levels. In particular, the strong AUC 
and recall values suggest that the framework is well suited 
for the early identification of students at risk of academic 
underperformance, thereby enabling timely and data-
driven interventions in e-learning environments. 
Comparative analysis against representative baseline 
methods—including HF, FCM, BIL-BCI, and a 
conventional Recurrent Neural Network (RNN)—
demonstrated consistent performance improvements 
across all evaluation metrics. These baselines were 
selected due to their widespread use in clustering-based, 
recommendation-oriented, and bio-inspired learning 
analytics, and the observed gains highlight the limitations 
of traditional approaches in handling feature redundancy 
and complex learning dynamics. Despite these promising 
outcomes, the present study has several important 
limitations that should be acknowledged. First, the 
experimental validation was conducted using only a single 
benchmark dataset, which may limit the generalizability 
of the findings across different educational institutions, 
learner populations, and e-learning platforms. Student 
behaviour and academic engagement patterns can vary 
significantly across contexts, and therefore the robustness 
of the proposed framework should be further examined 
using multiple and more diverse datasets. Second, 
although the proposed hybrid framework achieves strong 
predictive performance, its architectural complexity is 
relatively high due to the integration of feature selection, 
quantum-inspired prediction, and metaheuristic 
optimization components. This increased complexity may 
lead to higher computational cost, longer training time, 
and reduced practicality in large-scale or real-time 
educational analytics systems. 

Third, the interpretability of the proposed model 
remains limited when compared with simpler and more 
transparent machine learning approaches. While the 
framework demonstrates strong predictive capability, it 
does not yet provide sufficiently explainable insights into 
which behavioural or academic factors most strongly 
influence the final prediction outcome. This may reduce 
its immediate usability for educators who require 
interpretable and actionable decision support. Finally, the 
current study primarily focuses on predictive performance 
and does not evaluate deployment-related factors such as 
real-time adaptability, integration with learning 
management systems, or user-cantered educational 
impact. Therefore, although the proposed model shows 
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strong potential, further validation is necessary before 
large-scale practical adoption can be recommended. 

Future work will therefore focus on validating the 
proposed framework across multiple and diverse       
e-learning datasets, improving computational efficiency 
for large-scale implementation, and integrating the model 
into real-world learning management systems. In addition, 
future research will investigate the incorporation of 
explainability mechanisms and interpretable learning 
analytics to improve model transparency and support 
informed decision-making by educators. Further studies 
may also explore lightweight model variants and real-time 
deployment strategies for practical educational 
applications. 
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