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Abstract:

The economic success of a government relies on the capability of its citizens to afford
higher education. Ensuring maximum importance is given to this case is a crucial task
for any government. However, the cost of education is affected by the amount of time
students study before graduation. Moreover, one of the main obstacles facing
universities is analyzing performance, proposing ways to improve the quality of
education, and developing strategies to evaluate future practices. However, there is a
lack of effectiveness and accuracy in standards for areas such as planning, leadership,
online learning, student support, and assessment. To solve this problem, we use the
Improved Decision Support Vector Regression (IDSVR) method to identify and
determine the degree of quality verification for training schemes. Firstly, we used the
Preferred Learning Materials Acquisition (PLMA) method to assess the similarity
between student's learning and s behaviors. After that, the Lion and Krill Herd
Optimization Algorithm (LKHOA) can be utilized to generate an efficient method for
feature extraction. Finally, the IDSVR classification system can be used to identify and
evaluate the level of quality assurance implementation in training programs based on
Machine Learning (ML) technigues.

1. Introduction

In recent times, student's academic performance can
be assessed through memory tests and periodic
Additionally,
scores enables us to pinpoint the factors that

examinations.

performance ratings reflect the significance of
educational institutions responsible for educating
individuals at different stages of life. It can analyze
the knowledge provided by other educational data
sources and extract the required information.
Furthermore, Educational Data Mining (EDM)

analyzing students'

forecast academic achievements. Moreover, student
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techniques can be utilized to generate and discover
valuable information [1,2].

In addition, large amounts of data can be generated,
and students can interact with learning platforms
and materials. Moreover, analyzing data can
provide insight into student learning processes and
student outcomes. Furthermore, student
performance can be analyzed to identify academic,
demographic, and social factors that impact
academic success. The importance of EMD is
evident when considering the rise of conventional
educational methods and different e-learning
approaches that have resulted in a significant surge
in the amount of educational data being produced.
Additionally, students' performance in different
subjects can be evaluated to determine their
academic achievements [3]. However, higher
education institutions are currently more likely to
face the difficult task of attracting students to meet
various educational needs effectively. In addition to
these needs, it can be challenging to develop
strategies to improve the learning experience of

students. However, predicting academic
performance remains a challenge for many
educational institutions such as data centres,

schools, colleges, and universities. The impact of
digital educational technologies on student's
cognitive skills still needs to be determined despite
the controversy. Currently, there is no consensus on
the cognitive impact of these technologies on
secondary school students. However, it is important
to consider the heterogeneity of this effect and the
uncertainty in occupation, which cannot be reduced
[4,5].

The contribution of this section is that, first, we use
a student performance prediction dataset obtained
from the Kaggle repository to predict student
interest. Furthermore, we use the PLMA method to
assess the similarity of student learning behaviors.
Additionally, LKHOA can be used to develop more
efficient feature extraction methods. Furthermore, a
more effective feature set can be achieved by
selecting features using the FFLB method and
evaluating their importance to student's learning
behaviors.

Finally, the ML-based IDSVR classification
method can be used to identify and evaluate the
level of quality assurance performance in training
program activities. As presented in Figure 1, we
propose a basic architectural diagram to discover
performance predictor scores for students of
interest.

Moreover, to predict these accuracies, quality
measurement can be achieved by collecting human
data from the dataset and evaluating student
behavior based on methods, feature extraction,
feature selection, and classification.
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Figure 1. The Basic Architecture Diagram for Student
Performance Prediction

2. Literature Survey

The author [6] suggested that measuring the
achievement of learning outcomes can be done
through standards and achievement scores.
However, studies on predictors of student
performance still need to be completed. After that
EDM techniques can be implemented to provide an
assessment of student classroom performance.

However, the previous experiment did not
adequately observe the temporal aspect of
prediction [7]. Similarly, the predictive

effectiveness of powerful artificial intelligence (Al)
methodology is predicted to elucidate the
relationships between student learning factors and
create  effective  education and learning
interventions [8]. According to the Preference
Cognitive Diagnosis (PCD) model to determine
students' knowledge levels, Traditional cognitive
diagnoses lack accuracy, and joint filtering
predictions are not easily interpretable [9].
Weighted scores (WS) can be used to predict both
parametric and non-parametric D-vine copula
models from test score results [10]. It was
proposed developing a multiple regression model to
enhance the accuracy of predicting learner's
academic performance for measuring their future
performance in other courses [11]. The default
strategy of the strategy of the Synthetic Minority
Oversampling Technique (SMOTE) can be
implemented, which is to overestimate all classes
using the sample size of the majority class [12].
Absolute grades can be predicted based on the
implementation of a learning management system
(LMS) through enrolment activities for interested
students using DL-based learning analytics [13].
Similarly, Genetic algorithm (GA) technigues
based on feature selection can be used to predict
student's academic ability [14]. Furthermore, data
mining techniques can be enforced to support
college access decisions and predict the
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performance of college applicants [15]. The
measurement accuracy and explanatory power can
be assessed by analyzing additional tests of student
achievement prediction models [16]. After that, the
Neural Network (NN) technique is used to predict
the academic performance of students based on
their characteristics. Additionally, interpretive Al
technology could be utilized to identify predictive
variables [17]. Similarly, innovative uses of the
Neutrosophic Set (NS) approach to completely
estimate the cognitive level of student's learning
concepts from three factors: the extent of
understanding, misunderstanding, and uncertainty
[18]. In addition, improving K-means by
incorporating unused statistics to enhance cluster
results [19]. That evaluating the Augmented
Education (AE) model could provide a more
precise prediction of student academic achievement
[20]. It was proposed a generalized Exercise-
Enhanced Recurrent NN (EERNN) framework by
analyzing student recordings and movements [21].
Likewise, they deal with a multi-source sparse
attentional CNN (MSACNN) method to predict
object ratings using a general approach [22]. After
that, Different Deep Learning (DL) methods could
be utilized to predict student performance.
However, these approaches have shown limited
effectiveness in reducing formal warnings and
removals from universities [23]. To solve the above
problem, an improved Conditional Generative
Adversarial Network Deep SVM (ICGAN-DSVM)
algorithm was used to predict student performance
through school and teacher-assisted learning [24].
Similarly, that more investigation could be
performed in the field of education utilizing various
ML techniques to manage the problem of student
orientation and performance [25]. Additionally, a
Multi-Layer Adaptive Neuro Fuzzy Inference
System (MANFIS) can predict student performance
in online higher education settings [26]. That
educational method could be enhanced in order to
advance the EDM research field by enabling the
utilization of data knowledge [27]. Similarly, the
Grade Point Average (GPA) system is utilized as a
means of forecasting a student's likelihood of
failing a course within a given semester [28].
Furthermore, by using different evaluation metrics,
such as reducing the number of classes and
modelling nominal features, improved performance
can be predicted [29]. Likewise, they implement a
three-branch convolutional neural network (CNN)
framework to predict curvature and focus functions
across rows, columns, and depths [30]. Table 1
underlines the various techniques and issues
involved in finding predictors of student
performance of interest based on ML. They
presented using DL techniques to forecast learner's
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academic  performance and analyze their
implementation in educational data mining to
specify at-risk students [31]. It was suggested that
dynamic testing based on predictive measures can
be submitted to introduce personalization to student
learning [32]. Learning-generated data can be
analyzed by implementing an Explainable Learning
Analysis (ELA) methodology based on a hybrid
learning model derived from a technical university
[33]. A student's final-semester grades using the
Doctor of Veterinary Medicine (DVM) system can
be used to determine prior academic records,
statistics, and first-semester grades [34]. After that,
the Harris-Hawkes Optimization (HHO) algorithm
is implemented, and a modified performance is
used to control population heterogeneity. These
services solve the early convergence problem and
prevent falling into local optima [35].

3. Proposed Methodology

We utilise the Student Performance Prediction
dataset collected from the Kaggle repository to
determine the grade-level performance of interested
students. Furthermore, the PLMA technique is used
to assess the similarity of student learning
behaviors. This method involves systematizing
teaching materials and students and calculating
similarities between them. Furthermore, the
LKHOA method can be used to develop highly
efficient feature extraction methods, which involve
converting raw data into processable digital
features while preserving the information in the
original dataset. Moreover, a more effective feature
set can be obtained by selecting features using the
FFLB method and assessing their importance to
student's learning behavior. The ML-based IDSVR
classification system can identify quality assurance
student interest and assess performance levels in
training program activities. The IDSVR framework
of the proposed method can be seen as introduced
in Figure 2. It is utilized to specify and evaluate
grade assurance performance levels in training
program movements. Furthermore, techniques can
be devised to extract data from the initial dataset by
analyzing the similarity of student's learning
behaviors. Subsequently, the effectiveness of the
training program can be assessed based on the
student's learning behavior.

3.1 Dataset Collection

We use the Student Performance Prediction dataset
collected from the Kaggle repository to determine
the grade-level performance of interested students.
Furthermore, predictions for students interested are
foundathttps://www.kaggle.com/datasets/prajwalka
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nade/student-performance-prediction-dataset.s  In
addition, it has become a valuable resource for
understanding and enhancing student achievement.
Furthermore, the Kaggle is a valuable platform
for creating predictive models and analyzing
factors that contribute to student success using
datasets. Educators and policymakers can use the
insights gained from the data set to work and
improve student educational experiences and
outcomes. Also, a comprehensive set of structured
data can facilitate predictive analytics related to
student academic performance. This student
performance prediction dataset is invaluable to
educators, students, and data scientists examining
for insights into the elements that impact student
success. It permits the creation of predictive
models, identifies key factors affecting student
outcomes, and enables informed decisions to
improve education. In addition, attributes provide a
complete view of each student's academic and
personal profile. Furthermore, they offer predictive
modelling to enable datasets for various analyses,
identifying influencing factors and evaluating
student performance. Students interested in
education can use data on factors that contribute to
success and challenges to researchers and educators
to gain insights into interactions. Based on a
comprehensive analysis of each student's academic
and personal profile, these attributes are assigned as
shown in Figure 3. In addition, student performance
can be predicted through insights gained from the
data. Moreover, the target dataset for student
performance contains 149 records, and there are 15
features available to predict student performance.
Table 2 shows student performance prediction
attribute dataset description.

3.2 Preferred Learning Materials Acquisition
(PLMA)

The similarity of student's learning behaviors can
be assessed using the PLMA method. Furthermore,
the PLMA method involves organizing variables,
evaluating their similarity, and primarily computing
the learning objects. Moreover, using the PLMA
technique, it is possible to implicitly analyze the
similarity of student's learning behaviors while
studying learning materials. Students can acquire
learning materials through the PLMA method,
which combines direct and indirect strategies. This
PLMA method also assists students in studying the
procedures they need or want to learn while
engaging with the learning materials. In addition,
the PLMA method usually incorporates a wealth of
information about student preferences in learning
materials. Moreover, the PLMA method enables the
organization of learning materials by keyword and
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topic dimensions. Frequently, students with similar
learning behaviors may have similar preferences for
learning materials. Therefore, the PLMA technique
can be identified by analyzing the similarities in
learning behaviors among interested students.
Calculate the similarity between the student and the
learning object, as shown in Equation 1. Let’s

assume K7 —learning material, L, —keuword
vector, M, —topic distribution vector.
K9 ={L;M,} 1)

Calculate the relative weights of the keyword and
topic distribution vectors as shown in Equation 2
and 3. Let's assume the L-keyword, Z-weight, and
v-vector.

lo=((4,23),13,22),..) @
My = {12, 98), (M2,5),..) ®

Calculate the weight of the keyword as shown in
Equation 4. Let’s assume Z7, —corresponding
weight, o —Keyword, H? —formalize student
vector, D, —reading conten
b 2lI'II);éC“:lKu‘rl,n:l
Ox ol
M={H£|H£ € Lx,q:l' e |Dx|}

zk,

(4)

As shown in Equation 5, calculate the student's
weights on the topics related to their reading
content. Let’s assume 2 —topic of student weight,
Y,f’q —corresponding weight vector

[Dx|y b
/.lb _ Zq:l Yzq
* |Dy|

(5)

To determine the student's preference for learning
materials, use Equations 6 to 8. Where C,ﬂ”{, —degree
preferred, p and pu —weight parameter, t-similarity,
E, —reading vector topic, S-reading
time, T* —preference degree student, H-keyword
vector, E-topic distribution vector.

t
Mo_ x q) — P(hxle)+(1-p)T(ExMg)
Cxq 5nm[T 'K ] m (6)
Ta=1(0$xZ%
(Hy Kg) = =222 B0 )
ngzl(o,?)2szz=1(2§5q)
F a a
(Bx My) = i) ®
[ [ ()
Calculate the similarity of student's learning

behaviors as described in equation 9. Let’s assume



Mathivanan Durai, R. B. Dravidapriyaa, S. P. Prakash, Kirti Hemant Wanjale, M. Kamarunisha, M. Karthiga/ IJCESEN 11-1(2025)974-989

the S,q —reading time of student,
K, and Aq? —interaction between learning
material, Cj,—proportion of the number of
elements, C, NC;—small and large student
material.

L Sxq

Ky€Aq3.q=1
tp™s = —2—xy, Ag2 =D, N Dy, p=

z:11:1 tun

|Aqz|
|Db'| (9)

Compute student's implicit preferences for the
learning course as shown in Equations 10 and 11.
Let’s assume m,, —denote maximum value,
aygand Ry, —indirect preference degree of the
student.

alt = mg,(Rig R2, ., R2) (10)

Ry =tpxa X Cmga, a=12,..,b (11)
Formalized students with high direct and indirect
preferences can have learning materials selected
using the PLMA system. Figure 4 depicts direct and
indirect methods for acquiring data to support and
predict student performance while studying
learning materials, as well as providing information
on the student's overall preferences for said
materials.

3.3 Lion and Krill Herd Optimization Algorithm
(LKHOA)

In this section, we create a feature extraction
method for learners using LKHOA to improve
learning performance effectively. Additionally, the
LKHOA method, which is based on feature
extraction, maintains the information in the original
dataset and facilitates the transformation of raw
data into digital features that can be processed. The
LKHOA method utilizes matching features to
optimize, allocating time to optimize each selected
set from different methods uniformly. In addition,
the initial population of lions consists of randomly
generated solutions. Some of the lions were
selected as nomadic lions, while the remaining
lions were divided into sub-groups called prides.
The lion's behaviour, such as hunting, flight for
protection, wandering, breeding, migration,
conservation, population stability, and aggregation,
can be simulated using LKHOA techniques, which
are based on the behaviour of lions. The LKHOA
approach utilized to generate the population
produces a completely arbitrary solution for lions.
The LKHOA algorithm is a unique type of swarm
intelligence enhancement that is based on
simulating individual krill behavioural deviations
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and a combination of environmental and biological
phenomena. In this LKHOA algorithm, each
individual in a krill swarm contributes to the
migration process according to its performance,
simulating the behavior of a krill. The LKHOA
method can be used to evaluate the capability to
extract features and generate optimization
techniques for interested students. Calculate the
uniform or multimodal constant surface initial
population as shown in Equation 12. Let's assume
the o-optimal, Umvin yma* —optimization
procedure, I —argument, h-unction, and U-
argument vector

min
Ua(UgHm Uz

Ur=1
(12)

h(ul,uz,..,uq);q >1

The size of the solution region can be calculated as
described in Equation 13. Let’s assume P-model, a-
variable,

Pq = g=1( U;{ni/n - U&ma,x)

(13)

Compute the actual solution for the size
optimization as shown in Equation 14. Let’s
assume  k-lion, i-value, %y —dimensional
optimization.

K =[i'i%,..,i%] (14)

The cost function to calculate the fitness value of
each lion is illustrated in Equation 15. Let’s assume
f-fitness value.

h = HX[i%, i%,.., %] (15)

As shown in Equation 16, calculate the success of
the lion by iteratively optimizing its position. Let’s
assume TY —success value, C-lteration, E-group,
K-lion, J-best value, ]é('e —best position.

K,E K,E
e~ <Jezy

(16)
e =)

TY{K,C,E} = {

Calculate the optimal dimensions for space
exploration capacity as shown in Equation 16.
Where PY — movement caused Krill, h¥ —foraging
movement, V-krill, m,, —phtsical diffusing.

L=TY(P" +h” +m,)
N

(17

Calculate the effect of surroundings on individual
displaced krills as shown in Equation 18. Let’s
assume Lpworst — Lpbest —best and worst fitness
level, U-fitness goal value function,
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Ay —individual fitness value, Lgu — Lgv —denote

fitness neighbour, l-associate coordinate, z-
significant positive number, Q, —denote number on
Local _ v9q 7 ;i
( Hy b= Zui1LFu,,,Au,v

) _ v __qu
nelghbour.! Ay A /jav — vl + 2

LFu,v = Lpu — LF”/LFWorst -

Lpbesr

(18)

The optimizations for the Krill and the Lion groups
are calculated using Equation 19.

Lllg = (TY{K,C,E}) _Lpu=Llpy

FW orst ~Fbest

(19)

In the context of local search, neighbour effects
can be understood as patterns of attraction or
repulsion for each other. It can be observed that the
integrity of fit is the result of the objective function.
By optimizing the extracted features using the Krill
and Lion group, we can evaluate student's interest
performance, as shown in Figure 5. Furthermore, it
can be divided based on types of student sports
activities, features based on student grade numbers,
student study time statistics, and a number of
feature extraction peripherals.

3.4 Filtered Feature Learning Behavior (FFLB)

The FFLB method can be used to select features
and evaluate the importance of student learning
behaviours, resulting in a more effective feature set.
The FFLB method is a technique for identifying
and describing features that enhance student
performance  modelling and  improve its
effectiveness. In addition, this FFLB method
enables the selection of the most relevant features
that significantly contribute to student learning
during the feature selection process. The FFLB
method can be manipulated to estimate the
importance of reproductive behaviours.
Furthermore, the distributed filter can acquire a
superior feature set for filtering feature selection
compared to the FFLB-based method. Using the
FFLB method, a weighted combination of various
measurements is utilized as the fitness value for the
current solution. In addition, the total number of
learning functions utilized to compute the fitness
rate can be combined to reduce the dimensionality
of the data. Feature selection theory can effectively
improve prediction accuracy and reduce the
complexity of learning decisions. Furthermore, the
FFLB method can be used to provide an estimate of
feature selection during training and to detect a
subset of features. Calculate the number of
behaviors learned by each student, as shown in
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Equation 20. Let’s assume P- number of feature,
U, —each individual value,

Uy = LU 1,U,2,U 3, ...
(20)

Calculate each component of the upper and lower
bounds of the solution as described in Equation 21.
Where 0, —random number, K-lower bound, X-
upper bound, K,, —, lower minimum solution,
U% —upper maximum solution.

,Uga), a €[1,P]

Ugy = K, 04(01) x (U% =K, )  (21)

Calculate the maximum fitness value as indicated in
equation 22. Let’s assume A.. —accuracy, Fs —F1-
score, R, —recall, P, —precision, and f-fitness
value.

H=03XA4,+03 xFs+02xR,+0.1x
Pt 014+ 070 e (22)

The mutational crossover strategy solution can be
calculated using Equation 23. Let’s assume v-Cross
over, g-mutation, p-population,
UL, Uz, U3 —random solution.

Y%(e) = Uk (e) + H x (U3 (e) — U3 (e)) (23)

Calculate the crossover strategy as depicted in
equation 24. Let’s assume X%, UL, and Y% —
generate new individual performance,
d° —crossover threshold rate, and e-strategy, a and
b- cross-component.

X% =d(Ub(e),y?(e)),04(0,1)<d®

ul(e), (24)

else

Calculate the adaptive crossover rate for population
stability, as indicated in equation 25. Let’s assume
the S-total number of iterations, the e-number of the
current iteration, and the g-early population.

A= g-S)/s+i-e)

(25)
Estimate the fitness computation from the new
population as shown in Equation 26.

Voot 1) = {ya(e),H(ya(e)) > H(U(e))
¢ U%(e), else
(26)

It enables obtaining the best feature set for feature
selection and using the current best feature set as
input for interest students. Important features for
student learning behaviour are selected according to
their fitness values and crossover rates.



Mathivanan Durai, R. B. Dravidapriyaa, S. P. Prakash, Kirti Hemant Wanjale, M. Kamarunisha, M. Karthiga/ IJCESEN 11-1(2025)974-989

Generating features to analyze the performance of
the learner and obtain the optimal feature set for
feature selection allows for evaluation of the new
population, as shown in Figure 6.

3.5 Improved Decision Vector

Regression (IDSVR)

Support

The IDSVR classification system is used to identify
and assess the extent to which quality assurance is
implemented in student training programs of
interest. The IDSVR classification method is
generated by averaging the separating hyperplanes.
The idea of the IDSVR method is to classify data in
the background into categories by drawing lines or
hyperplanes. The IDSVR method can be classified
to find the best surface that separates all pairs of
different data classes. As the data becomes more
complex, dimensions are added to the domain to
divide the data linearly. The IDSVR method
consists of sub-learning techniques that can be
employed for both classification and regression
purposes. The weights of the IDSVR method are
specified to define the student performance
dynamically. In order to evaluate the learning
performance of the students, the IDSVR algorithm
consists of testing process parameters using
decision weights for student interest. This IDSVR
method represents the separation of hyperplanes
produced in a discriminant classifier. In a two-
dimensional space, the two classes can be separated
by the hyperplane, with each class appearing on
opposite sides of the hyperplane. IDSVR applies
kernel methods for performing nonlinear
classification. The essential concept of this kernel
trick is to divide the binary classifier's data by
projecting it into a feature space with a high
dimension. Compute training samples for the target
classifier as shown in Equation 27. Let’s assume
@(i*) —nonlinear function, w —weight parameter,
v-bias parameter, u* —slack variable, L-kernel
function.

L)u=1.2,.9

manCwtwL(E]_, 1)}=ju (220 +v)

(27)

Equation 28 is used to calculate the optimal
hyperplane using the Lagrangian method. Where
the w(q) —quadratic equation,

q
u=1

1 .. . .
EZZ=1 ZZ=1 auav]u]u D(lu' lv)

aX _ u __
M™" Z(q) = a

(28)

Compute the set of Lagrange multipliers and kernel
functions as shown in equation 29. Where D-
collection of function, @(a,) —multilayer kernel
function.
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D(i*,i") = @(a) B (ar,) (29)

Evaluate the resultant function described in
Equation 30. Where h-function, j-potentially
correlated feature, n-lower dimension.

h(i) =X, ayju DAY IY) + v (30)

Compute the mean of the processed data for each
attribute as shown in Equation 31.

1 .
Y = ;Zﬁ:l Ly (31)
As shown in Equation 32, variance is calculated by
examining all features in the data set. Where y-
variance, |-variable,

1

Calculate the covariance and correlation of the two
variables as shown in Equation 33. Where D-
covariance, |, J-two variable,

1 . .

The diagonal of the covariance matrix represents
the covariance  between input variables.
Furthermore, parameters are represented by
variables, respectively. The IPVMIP architecture in
Figure 7 utilizes the support vector method for
classifying student performance based on maximum
margin  positive and negative  hyperplane
classification data.

4. Result and discussion

In this section, we first evaluate student behaviour
using a dataset predicting their performance.
Efficient methods can be implemented to create
better features for feature extraction. Aspects can
be selected by evaluating their importance and
student learning behavior. Furthermore, the quality
of student performance can be identified and
evaluated based on classification models. When
evaluating the performance of a binary
classification model, different metrics can be used.
These include accuracy, precision, recall, F1 score,
and specificity. In binary classification, true
positives represent the number of positive events
predicted accurately by the model. True negatives
represent the number of negative samples for which
the quantification prediction was correct. False
positives describe the number of examples where a
positive is accurately predicted. False negatives
define the number of samples that falsely predict
negatives.
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Precision= Specificity=

Positive™™€ /Positive ™ + Positiver s Negative™ ¢ /Negative™™¢ + PositiveF®se
(34) (37)

Recall= Accuracy=

Positive™™¢ /Positive™ ™ + NegativeF*s¢ (35)

F1-

[PositiveT™ e+ NegativeTT¢]
[PositiveTTue+NegativeTT4e+PositiveFalse + NegativeFalse]

(38)

Scorezprecision % Recall/Precision + Recall(36)

Table 1. Machine Learning based on Student Performance Prediction

Author Year Technique Disadvantage
S.D. A 2021 Support Vector Machine (SVM) However, the prediction of student grades
Bujang needs to improve performance when dealing
with imbalanced data sets.
M. Adnan 2021 Massive Open Online Course Online learning media struggle with low
(MOOC) attention, high dropout rates, and a lack of
motivation from students.
P. Asthana 2023 ML Although they accurately predict student
performance, they do not provide indicators to
enhance implementation.
Y. Shi 2023 Decision Tree, Naive Bayes However, self-discovery and continuous
education are essential criteria.
G. Latif 2023 ML However, the growing number of students in
all grades requires attention from educators.
D. Liu 2020 ML It is common for the behavioural traits of
some students to be disregarded.
S. Rai 2021 ML Although the approach is widely used,
participation is low, and turnover is high.
B. Albreiki 2021 EDM One of the major challenges universities face
is reflecting on the future.
F. Ofori 2020 ML Analyzing student performance is difficult due
to the large amount of academic data
available.
F. Qiu 2022 Behaviour Classification- E- However, it fails to consider the crucial link
Learning Performance (BCEP) between behaviors in e-learning.
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Figure 2. The Proposed Architecture Diagram for IDSVR
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Student_| Student_£Sex

STUDENT213-22  Male State
STUDENT4

STUDENTE19-22 Male State
STUDENT? 18 Male State
STUDENTE 18 Female  State

STUDENTS19-22 Female Other

STUDENTI13-22  Female State

High_Sche Scholarshi Additiona Sports_aci Transport; Weekly_S AttendancReading  Notes
STUDENTI19-22  Male Other
STUDENTZ19-22 Male Other

13 Female  Private
STUDENTZ19-22 Male Private

STUDENTI
STUDENT]
STUDENT1

18 Female  Private
18 Female  Private
18 Female  Private

STUDENTI19-22  Female State
STUDENT123-27  Male State
STUDENTI19-22  Male State
STUDENTI 18 Female  State
STUDENTI19-22  Male State
STUDENTI 18 Female  State

STUDENTZ 18 Male Private

STUDENTZ 18 Male State
STUDENT: 18 Male State

Listening_Project_w Grade

50% Yes No Private 0 Always  Yes Yes No No AA
50% Yes No Private 0 Always Yes No Yes Yes AA
50% No No Private 2 Never No No No Yes AA
50% Yes No Bus 2 Always  No Yes No No AA
50% No No Bus 12 Always  Yes No Yes Yes AA
50% No No Private 2 Always  Yes No Yes Yes BA
75% No No Private 0 Always  No Yes Yes Yes cc
50% Yes Yes Bus 2 SometimeNo Yes Yes Yes BA
50% No Yes Bus 0 Always  No No No Yes cc
50% No No Bus 12 Never  No Yes No No Fail
50% No No Private 12 Sometime No No No Yes BA
75% Yes Yes Private 8 Sometime No Yes No Yes Fail
75% No No Private 0 Always Yes No No No Fail
100% No No Private 0 Always  Yes No No Yes AA
75% Yes Yes Private 12 Never  No No Yes Yes BA
50% No No Private 0 Always  No Yes No Yes BA
100% No Yes Private 0 Always Yes No No No AA
50% No No Private 0 Always  Yes No No Yes BA
75% No No Private 12 Always  Yes No No No BA
50% No No Bus 2 SometimeNo No Yas No BB
100% Yes No Bus 0 Never No No Yes No AA
100% No No Bus 0 Never No No No No AA

Figure 3. Student Performance Prediction Dataset

Table 2. Student Performance Prediction Attribute Dataset Description

S.No | Attribute

Definition

1 Student Id Enabling personal observation and analysis.
2 Student Age Student's age at the time of data collection
3 Gender Analysis can be done by classifying male or female on the basis of gender of
educational attainment
4 High School Graduate | Type of high school the student graduated from, such as public, private, or
Category vocational.
5 Scholarship Type Evaluating the impact of financial support on academic performance.
6 Additional Task Indicates whether the student is engaged in extra- or part-time work outside of
the course
Sports Activity Indicates if the student participates in sports activities

Transportation

Represent the modes of transportation utilized by students to get from school.

9 Study Hour’s

Explains study patterns and possible commitment to education.

10 Attendance

Reflect on student's attendance registers.

11 Reading Grades in reading-related courses and assessments

12 Notes Assessments and grading in subjects that involve taking notes.

13 Listening in Class Lessons related to classroom listening and assessment scores.

14 Project Work Signifies whether students are participating in project assignments or tasks
15 Grade Evaluation criteria for each student's final grade or academic achievement
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a)Direct Acquisition
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b) Indirect Acquisition
Figure 4. Preferred Learning Material Acquisition Process
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Figure 6. The Architecture Design for FFLB
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Figure 7. The Structure Illustration for IDSVR

Table 3. Simulation Parameter

Simulation Value

Student Performance
Prediction dataset

Dataset name

No of Records 149

Training 107

Testing 42
Tool Jupyter
Language Python

Based on the simulation parameters presented in
Table 3, it is possible to predict the performance of
keenly interested students. This also helps identify
and ensure the quality of the training program.
Furthermore, tools like Python language and
Jupyter Notebook can be used to predict the
performance of students of interest accurately.

Spectficity
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55 ‘;""’
..““'j.’]
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= " -
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é &
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. 25 i 1
o MANFIS
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211
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lo 1 ! 1 1
0 30 60 90 120 150
No of Records

Figure 8. Analysis for Specificity
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Based on the analysis of the student's specificity, as
shown in Figure 8, the performance can be
determined. Additionally, the proposed IDSVR
method is used to evaluate the quality of training
programs and identify the ones suitable for
interested students through characteristic analysis.
This IDSVR test method is especially valuable for
evaluating student performance characteristics
through measures that gauge the classifier's quality.
According to the estimation of specificity analysis
such as CNN, EERNN, and MANFIS obtained
from literature, the value is as low as 46%.
However, the proposed IDSVR testing and training
method has improved the performance accuracy of

students to 55%.
Recall
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Figure 9. Analysis for Recall



Mathivanan Durai, R. B. Dravidapriyaa, S. P. Prakash, Kirti Hemant Wanjale, M. Kamarunisha, M. Karthiga/ IJCESEN 11-1(2025)974-989

As shown in Figure 9, the grades can be determined
based on the student recall analysis. Also, the
proposed IDSVR method can be used to evaluate
the quality of training programs and to identify
suitable programs for interested students through
feature analysis. The percentages vary for the
proposed algorithm in test mode and training mode.
However, better performance should be achieved
for other methods under the same conditions, and
the results obtained should be compared with the
student performance dataset. This testing method is
valuable  for analyzing the performance
characteristics of students using measures to assess
the quality of classifiers. A Recall analysis of
EERNN, MANFIS, and CNN in the literature
estimates the value to be 54% lower. However, the
proposed IDSVR test and training method improves
the accuracy of student performance by 62%.

Precision
70 ¢ - o)
65 | il e
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E 2 f| "
15 if
T
10 MANFIS
: _, DSWR_,
30 60 90 120 150
No of Records

Figure 10. Analysis for Precision

Figure 10 shows that grades can be determined
based on the analysis of student precision. The
proposed IDSVR method can also be used to
evaluate the quality of training programs and to
find suitable programs for interested students
through feature analysis. The percentages of the
proposed IDSVR algorithms differ between the test
and the training method. However, under the same
conditions, other methods should achieve better
performance, and the results obtained should be
compared to student achievement datasets. This test
method is valuable for analyzing student
performance characteristics using measures to
assess classifier quality. Accuracy analysis of
MANFIS, CNN, and EERNN in the literature
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estimates this value to be less than 61%. However,
the proposed IDSVR testing and training method

improves the accuracy of the student's
performance by 69%.
F1-Score
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Figure 11. Analysis for F1-Score

Figure 11 demonstrates that the ratios can be
determined based on the analysis of the student's F1
scores. The proposed IDSVR method can be used
to evaluate the quality of tutoring programs and to
identify suitable programs for interested students
through feature analysis. However, other methods
may achieve better performance, and the results

obtained should be compared to student
achievement datasets. The percentiles of the
proposed IDSVR algorithm vary between the

testing and training methods. This experimental
method is valuable for analyzing student
performance characteristics using metrics that
assess the quality of the classifier. Nevertheless, the
proposed IDSVR test and training method increases
the accuracy of the student's performance by 89%.
The F1-score analysis of MANFIS, CNN and
EERNN in the literature estimates this value to be
less than 71%. According to Figure 12, the ratio can
be calculated by analyzing pupil accuracy. The
IDSVR method can evaluate training program
quality and determine appropriate programs for
students through feature analysis. The accuracy
percentages of the IDSVR algorithm vary based on
testing and training methods, but using the
proposed IDSVR method led to a 92%
improvement in student performance accuracy.
Previous analyses of MANFIS, CNN, and EERNN
in the literature suggest accuracy values of less than
83%.
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5. Conclusion

The IDSVR method has been proposed to identify
and predict higher education students, compare
their levels and grades, and achieve accuracy.
Additionally, the learning performance prediction
models are used as a useful method to ensure the
quality of student learning materials. Furthermore,
performance analysis presented among students is
to develop diverse and accurate predictive models
of academic implementation. The performance of
ML algorithms in analytical techniques can be
assessed using precision, accuracy, recall, f1 score
and specific predictions. Another objective is to
develop a framework to predict and evaluate
student performance. A student performance
prediction dataset from Kaggle can be used to
identify student interest that predict student interest.
Moreover, the PLMA technique is also used to
assess the consistency of student learning
behaviors. This method systematizes teaching
materials and students, calculating the degree of
similarity between the two. The LKHOA method
enables the development of highly efficient feature
extraction methods, converting raw data into
processable digital features while preserving the
information in the original dataset. Additionally,
the FFLB technique is used to select features and
evaluate their importance to students' learning
behaviour, resulting in a more effective feature set.
Finally, the IDSVR classification system, based on
machine learning, can identify and assess quality
assurance performance levels in training program
activities. The IDSVR method proposed can
estimate the training level and identify suitable

15C
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programs for interested students through feature
analysis. The percentages of IDSVR algorithms
vary depending on testing and training methods.
However, the proposed IDSVR test and training
method  increases  student  performance
accuracy by 92%. This enables us to
comprehend student performance from various
perspectives, guarantee the effectiveness of
learning methods in educational management,
and ensure the quality of student performance
predictions. Therefore, similar methods based
on the described approach can be utilized to
predict student performance. Machine learning
is important tool and thus applied in different
fields as reported in the literature [36-41].

Author Statements:

Ethical approval: The conducted research is
not related to either human or animal use.
Conflict of interest: The authors declare that
they have no known competing financial
interests or personal relationships that could
have appeared to influence the work reported in
this paper

Acknowledgement: The authors declare that
they have nobody or no-company to
acknowledge.

Author contributions: The authors declare that
they have equal right on this paper.

Funding information: The authors declare that
there is no funding to be acknowledged.

Data availability statement: The data that
support the findings of this study are available
on request from the corresponding author. The
data are not publicly available due to privacy or
ethical restrictions.

References

[1] Prasanalakshmi Balaji, Salem Alelyani, Ayman
Qahmash, and Mohamed Mohana, (2021).
Contributions of Machine Learning Models towards
Student Academic Performance Prediction: A
Systematic  Review, Appl. Sci. 11(21),10007
https://doi.org/10.3390/app112110007

M. Irfan Uddin, (2021). Performance Prediction for
Higher Education Students Using Deep Learning,

(2]

Complexity 2021;9958203,
https://doi.org/10.1155/2021/9958203
[3] Ojajuni, O. et al. (2021). Predicting Student

Academic Performance Using Machine Learning. In:
Gervasi, O., et al. Computational Science and Its
Applications — ICCSA 2021. ICCSA 2021. Lecture
Notes in Computer Science(), vol 12957. Springer,
Cham. https://doi.org/10.1007/978-3-030-87013-
3.36


https://doi.org/10.3390/app112110007
https://doi.org/10.1155/2021/9958203

Mathivanan Durai, R. B. Dravidapriyaa, S. P. Prakash, Kirti Hemant Wanjale, M. Kamarunisha, M. Karthiga/ IJCESEN 11-1(2025)974-989

[4] Y. Baashar, Y. Hamed, G. Alkawsi, L. F. Capretz, H.
Alhussian, A. Alwadain, et al., (2022) Evaluation of
postgraduate academic performance using artificial
intelligence models, Alexandria Eng. J.,
61(12);9867-9878.

D. Yan and G. Li, (2023). A heterogeneity study on

the effect of digital education technology on the

sustainability of cognitive ability for middle school
students, Sustainability, 15(3);2784-2786.

A. Namoun and A. Alshanqiti, (2020). Predicting

student performance using data mining and learning

analytics techniques: A  systematic literature

review, Appl. Sci., 11(1);237.

A. Khan and S. K. Ghosh, (2021). Student

performance analysis and prediction in classroom

learning: A review of educational data mining
studies, Educ. Inf. Technol., 26(1);205-240.

R. C. Deo, Z. M. Yaseen, N. Al-Ansari, T. Nguyen-

Huy, T. A. M. Langlands and L. Galligan, (2020).

Modern Artificial Intelligence Model Development

for Undergraduate Student Performance Prediction:

An Investigation on Engineering Mathematics

Courses, in IEEE Access, 8;136697-136724, doi:

10.1109/ACCESS.2020.3010938.

P. Jiang and X. Wang, (2020). Preference Cognitive

Diagnosis for Student Performance Prediction," in

IEEE Access, 8;219775-219787, doi:

10.1109/ACCESS.2020.3042775.

[10]T. Nguyen-Huy et al., (2022). Student Performance
Predictions for Advanced Engineering Mathematics
Course With New Multivariate Copula Models, in
IEEE Access, 10;45112-45136, doi:
10.1109/ACCESS.2022.3168322.

[11]A. Alshangiti and A. Namoun, (2020). Predicting
Student Performance and Its Influential Factors
Using Hybrid Regression and  Multi-Label
Classification, in IEEE Access, 8;203827-203844,
doi: 10.1109/ACCESS.2020.3036572.

[12]H. Sahlaoui, E. A. A. Alaoui, A. Nayyar, S. Agoujil
and M. M. Jaber, (2021). Predicting and Interpreting
Student Performance Using Ensemble Models and
Shapley Additive Explanations, in IEEE Access,
9;152688-152703, doi:
10.1109/ACCESS.2021.3124270.

[13]S. S. Kusumawardani and S. A. I. Alfarozi, (2023).
Transformer  Encoder Model for  Sequential
Prediction of Student Performance Based on Their
Log Activities, in IEEE Access, 11;18960-18971,
doi: 10.1109/ACCESS.2023.3246122.

[14]A. Farissi, H. Mohamed Dahlan and Samsuryadi,
(2020). Genetic algorithm based feature selection
with ensemble methods for student academic
performance prediction, J. Phys. Conf. Ser., 1500,1.

[15]H. A. Mengash, (2020). Using Data Mining
Techniques to Predict Student Performance to
Support Decision Making in University Admission
Systems, in IEEE Access, 8;55462-55470, doi:
10.1109/ACCESS.2020.2981905.

[16]R. Alamri and B. Alharbi, (2021). Explainable
Student  Performance Prediction Models: A
Systematic Review, in IEEE Access, 9;33132-33143,
doi: 10.1109/ACCESS.2021.3061368.

[5]

[6]

[7]

[8]

[9]

988

[17]Y. Zhen, J. -D. Luo and H. Chen, (2023). Prediction
of Academic Performance of Students in Online Live
Classroom Interactions—An Analysis Using Natural
Language Processing and Deep Learning Methods,
Journal of Social Computing, 4(1);12-29, doi:
10.23919/JSC.2023.0007.

[18]H. Ma, Z. Huang, W. Tang, H. Zhu, H. Zhang and J.
Li, (2023). Predicting Student Performance in Future
Exams via Neutrosophic Cognitive Diagnosis in
Personalized E-Learning  Environment, |EEE
Transactions on Learning Technologies, 16(5);680-
693, doi: 10.1109/TLT.2023.3240931.

[19] G. Feng, M. Fan and Y. Chen, (2022). Analysis and
Prediction of Students’ Academic Performance
Based on Educational Data Mining, IEEE Access,
10;19558-19571, doi:
10.1109/ACCESS.2022.3151652.

[20]L. Zhao et al., (2021). Academic Performance
Prediction Based on Multisource, Multifeature
Behavioral Data, IEEE Access, 9;5453-5465, doi:
10.1109/ACCESS.2020.3002791.

[21]1Q. Liu et al, (2021). EKT: Exercise-Aware
Knowledge Tracing for Student Performance
Prediction, IEEE Transactions on Knowledge and
Data Engineering, 33(1);100-115, doi:
10.1109/TKDE.2019.2924374.

[22]Y. Zhang, R. An, S. Liu, J. Cui and X. Shang, (2023).
Predicting and Understanding Student Learning
Performance Using Multi-Source Sparse Attention
Convolutional Neural Networks, IEEE Transactions
on Big Data, 9(1);118-132, doi:
10.1109/TBDATA.2021.3125204.

[23]1 Dien Tran Thanh, Nguyen Thai-Nghe, (2020). Deep
Learning with Data Transformation and Factor
Analysis for Student Performance Prediction,
International Journal of Advanced Computer Science
and Applications 11(8):711-721
DOI:10.14569/1JACSA.2020.0110886.

[24]1K. T. Chui, R. W. Liu, M. Zhao and P. O. De Pablos,
(2020). Predicting Students’ Performance With
School and Family Tutoring Using Generative
Adversarial Network-Based Deep Support Vector
Machine, IEEE Access, 8;86745-86752, doi:
10.1109/ACCESS.2020.2992869.

[25]T. Ahajjam, M. Moutaib, H. Aissa, M. Azrour, Y.
Farhaoui and M. Fattah, (2022) Predicting Students'
Final Performance Using Artificial Neural Networks,
Big Data Mining and Analytics, 5(4);294-301, doi:
10.26599/BDMA.2021.9020030.

[26]R. L. Ulloa-Cazarez, N. Garcia-Diaz and L. Soriano-
Equigua, "Multi-layer Adaptive Fuzzy Inference
System for Predicting Student Performance in Online
Higher Education,” in IEEE Latin America
Transactions, vol. 19, no. 01, pp. 98-106, January
2021, doi 10.1109/TLA.2021.9423852.

[271E. Alhazmi and A. Sheneamer, (2023). Early
Predicting of Students Performance in Higher
Education, IEEE Access, 11;27579-27589, doi:
10.1109/ACCESS.2023.3250702.

[28]D. Sun et al, (2023). A University Student
Performance Prediction Model and Experiment
Based on Multi-Feature Fusion and Attention



Mathivanan Durai, R. B. Dravidapriyaa, S. P. Prakash, Kirti Hemant Wanjale, M. Kamarunisha, M. Karthiga/ IJCESEN 11-1(2025)974-989

Mechanism, IEEE Access, 11;112307-112319, doi:
10.1109/ACCESS.2023.3323365.

[29]R. Ghorbani and R. Ghousi, (2020). Comparing
different resampling methods in predicting students’
performance using machine learning
techniques, IEEE Access, 8; 67899-67911.

[30]C. Cui et al.,, (2022). Tri-Branch Convolutional
Neural Networks for Top-k Focused Academic
Performance Prediction, IEEE Transactions on
Neural Networks and Learning Systems, doi:
10.1109/TNNLS.2022.3175068.

[31]A. Nabil, M. Seyam and A. Abou-Elfetouh, (2021).
Prediction of students’ academic performance based
on courses’ grades using deep neural networks, IEEE
Access, 9;140731-140746.

[32]V. Matzavela and E. Alepis, (2021). Decision tree
learning through a predictive model for student
academic performance in intelligent m-learning
environments, Comput. Educ. Artif. Intell., 2;100035
https://doi.org/10.1016/j.caeai.2021.100035

[33]L. Cagliero, L. Canale, L. Farinetti, E. Baralis and E.
Venuto, (2021). Predicting student academic
performance by means of associative
classification, Appl. Sci., 11(4);1420.

[34] M. Bilal, M. Omar, W. Anwar, R. H. Bokhari and G.
S. Choi, (2022). The role of demographic and
academic features in a student performance
prediction, Sci. Rep., 12(1);12508.

[35]H. Turabieh, S. A. Azwari, M. Rokaya, W. Alosaimi,
A. Alharbi, W. Alhakami, et al., (2021). Enhanced
Harris hawks optimization as a feature selection for
the prediction of student performance, Computing,
7;1417-1438.  https://doi.org/10.1007/s00607-020-

00894-7

[36] Shajeni Justin, & Tamil Selvan. (2025). A Systematic
Comparative Study on the use of Machine Learning
Techniques to Predict Lung Cancer and its Metastasis
to the Liver: LCLM-Predictor Model. International
Journal of Computational and Experimental Science

and Engineering, 11(2).
https://doi.org/10.22399/ijcesen.788

[371D. Naga Jyothi, & Uma N. Dulhare. (2025).
Understanding and Analysing Causal Relations

through Modelling using Causal Machine Learning.
International Journal of Computational and
Experimental Science and Engineering, 11(1).
https://doi.org/10.22399/ijcesen.1018

[38] Johnsymol Joy, & Mercy Paul Selvan. (2025). An
efficient hybrid Deep Learning-Machine Learning
method for diagnosing neurodegenerative disorders.
International Journal of Computational and
Experimental Science and Engineering, 11(1).
https://doi.org/10.22399/ijcesen.701

[39]K. Tamilselvan, , M. N. S.,; A. Saranya, D. Abdul
Jaleel, Er. Tatiraju V. Rajani Kanth, & S.D.
Govardhan. (2025). Optimizing data processing in
big data systems using hybrid machine learning
techniques. International Journal of Computational
and Experimental Science and Engineering, 11(1).
https://doi.org/10.22399/ijcesen.936

[40]Anakal, S., K. Krishna Prasad, Chandrashekhar
Uppin, & M. Dileep Kumar. (2025). Diagnosis,
visualisation and analysis of COVID-19 using

989

Machine learning. International Journal of
Computational and Experimental Science and
Engineering, 11(2).

https://doi.org/10.22399/ijcesen.826

[41]J. Prakash, R. Swathiramya, G. Balambigai, R.
Menaha, & J.S. Abhirami. (2024). Al-Driven Real-
Time Feedback System for Enhanced Student
Support:  Leveraging Sentiment Analysis and
Machine Learning Algorithms. International Journal
of Computational and Experimental Science and
Engineering, 10(4).
https://doi.org/10.22399/ijcesen.780



https://doi.org/10.1007/s00607-020-00894-7
https://doi.org/10.1007/s00607-020-00894-7
https://doi.org/10.22399/ijcesen.788
https://doi.org/10.22399/ijcesen.1018
https://doi.org/10.22399/ijcesen.701
https://doi.org/10.22399/ijcesen.936
https://doi.org/10.22399/ijcesen.826

