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Abstract

The most effectual tools for demonstrating uncertainty in decision-making issues are the neutrosophic set (NS)
and its additions, like interval NS (INS), complex NS (CNS), and interval complex NS (ICNS). NS delivers an
effectual and precise method for defining an imbalance of information as per the data features. In present times,
students’ academic performances have been evaluated on the base of regular examinations or memory-related
tests and by equating their performances to recognize the features for forecasting their academic excellence. The
prediction of student academic performance is involved in Educational data mining (EDM), which mainly focuses
on using data mining methods in the educational side. EDM progress models for finding data, which is a result of
educational surroundings. This paper presents a Student Academic Performance Prediction Using N-Valued
Interval Neutrosophic Sets and Optimization Algorithms (SAPP-NINSOA). The main intention of the SAPP-
NINSOA technique is to provide a prevalent technology for predicting students” academic performance using an
advanced optimization algorithm. At first, the data pre-processing stage applies Z-score normalization to convert
input data into a beneficial format. Besides, the secretary bird optimization algorithm (SBOA) to select the
relevant features from input data has executed the feature selection process. Next, the proposed SAPP-NINSOA
model designs the N-Valued Interval Neutrosophic Sets (NVINS) method for the classification process. Finally,
the arithmetic optimization algorithm (AOA) fine-tunes the parameter values of the NVINS model. An extensive
range of experimentation was led to certify the performance of the SAPP-NINSOA technique. The simulation
outcomes stated that the SAPP-NINSOA algorithm emphasized furtherance when compared to other existing
systems.

Keywords: Student Academic Performance Prediction; Neutrosophic Sets; Feature Selection; N-Valued Interval;
Arithmetic Optimization Algorithm

1. Introduction

The concept of neutrosophic set (NS) from a philosophical viewpoint is a generalization concept of IFS and FS
[1]. Diverse IFS has no restriction on the membership functions in an NS, and the hesitancy degree is comprised
in the NS [2]. However, NS is hard to implement in practical problems since the values of indeterminacy, falsity,
and truth membership functions exist in [0, 1+]. Therefore, this concept is lengthened to multiple NS whose
falsity, indeterminacy, and truth membership functions take unique values from the closed interval [0, 1].
Currently, as an outcome of more competitive academic markets, most universities facing problems in appealing
to possible learners [3]. The study of the academic accomplishments of students is of major importance in assisting
the improvement of students and enhancing the quality of higher education finally improving reputation of
institutions. The outcomes acquired from academic performance prediction might be utilized to classify learners,
permitting the university to offer them additional support like tutoring resources or timely assistance [4].
Instructors may also utilize the result of prediction to recognize the more relevant learning behaviour for every
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student group and offer them added support intended for their necessities. Additionally, the prediction outcomes
can aid learners to create knowledge about their execution, and then advance proper learning models [5]. A precise
forecast of student achievement is unique way of upgrading academic quality and offering better service of
education [6]. It is implemented effectively in various fields comprising medicine, business, and banking, and is
now utilized for purpose of education known as Educational Data Mining (EDM). It is focused on removing a
pattern to determine hidden data from educational information [7].

One of the major problems is to enhance the quality of educational procedures and improve performance of
students [8]. In recent times, Deep Learning (DL) and Machine Learning (ML) methodologies have been
employed to predict the academic performance of students [9]. The primary goal of DL and ML is to determine
significant and hidden associations with the data having different features. Several approaches of these models
originated to be effective for predicting the students’ performance depending on the data stored in database of
university [10]. The prediction of academic performance of students employing DL is advanced with the goal of
automating the process of forecasting student’s results.

This paper presents a Student Academic Performance Prediction Using N-Valued Interval Neutrosophic Sets and
Optimization Algorithms (SAPP-NINSOA). At first, the data pre-processing stage applies Z-score normalization
to convert input data into a beneficial format. Besides, the secretary bird optimization algorithm (SBOA) to select
the relevant features from input data has executed the feature selection (FS) process. Next, the proposed SAPP-
NINSOA model designs N-Valued Interval Neutrosophic Sets (NVINS) method for the classification process.
Finally, the arithmetic optimization algorithm (AOA) fine-tunes the parameter values of the NVINS model. An
extensive range of experimentation was led to certify the performance of the SAPP-NINSOA technique.

2. Literature Survey

Weng and Huang [11] developed a novel structure for recognizing learning patterns and forecasting the
performance of learning. Dual modules, the DL prediction model (DNN), and the learning patterns identification
modules are seamlessly combined with this structure to recognize the variance in performance of learning and
precisely forecast performance of learning from the student's profile depending on multiple aspects. Feng et al.
[12] project a student academic performance prediction method that depends upon the fusion of student’s
classroom behaviour images and educational information (BISAP). This paper includes training 3 DL methods to
remove student behavioural features from SCBI that are categorized into negative and positive classes. In [13], a
hybrid data-mining model called HDL-SP is projected to forecast the academic performance of students in e-
learning settings and preclude dropouts. To minimize dimensions, a Teacher Learning-based Reactive Search
Optimizer (TL-RSO) model chooses optimum aspects from an educational database. Classification and
performance prediction are accomplished utilizing hybrid reverse transfer learning-based DBN.

Fazil et al. [14] present a method that is named ASIST: a new Attention-aware convolutional Stacked Bi-LSTM
system for student representation learning to forecast their performance. ASIST advantages VLE click stream,
student academic registry, and midterm continuous evaluation data for their behaviour representation learning.
ASIST collectively learns the representation of students utilizing 5 behaviour vectors. It progresses the 4
sequential behaviour vectors utilizing a separate stacked Bi-LSTM system. It also utilizes the attention mechanism
to assign weight to aspects depending on their significance. Afterward, 5 encoded vector features are coupled with
the evaluation data. In [15], innovative DL classification and optimization models are applied in this paper. The
most co-related aspects from the pre-processed schooling database are selected utilizing the War Strategy
Optimizer (WStO) model to upgrade performance of prediction. To reliably and effectively assess the rate of
student performance with some wrong predictions, a classification model that depends on the Bi-directional Gated
Recurrent Neural Network (Bi-GRNNet) is implemented. The Arithmetic Operation Optimization Algorithm
(AO2A) has been utilized to properly enhance the parameters of DL classifiers.

Muthuselvan et al. [16] developed an integrated Triple Voter Network and t-Self Improved Distribution-based
Satin Bowerbird Optimizer (t-SIDSBO) to forecast student academic achievement. Now, the deep CNN, RNN,
and LSTM methodologies, which depend on sophisticated feature prediction methods are employed for effectual
classification and the finest features, were selected employing a t-SIDSBO-based FS approach. Fang et al. [17]
project an improved Binary Snake Optimizer (MBSO) as a wrapped FS method and relate the MBSO FS approach
with other feature models, the MBSO is capable of selecting aspects with strong co-relation to the students and
the average count of student selected aspects have reached a minimum that significantly decreases the difficulty
of student achievement prediction. Primarily, this method integrates the valuable point set initialization, adaptive
t-distribution, and triangle-wandering approaches to attain the Modified Dung Beetle Optimizer (MDBO), then,
it employs MDBO for enhancing the thresholds and weights of the BPNN.
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3. The Proposed Method

In this paper, we have presented a SAPP-NINSOA methodology. The main intention of the SAPP-NINSOA
technique is to provide a prevalent technology for predicting student’s academic performance using an advanced
optimization algorithm. Fig. 1 represents the entire flow of the SAPP-NINSOA system.

3.1. Data Normalization

Initially, the data pre-processing stage applies Z-score normalization to convert input data into a beneficial format.
This approach, otherwise recognized as standardization, is an extensively applied data normalization model in
ML and statistical analysis [18]. It includes converting the data in such manner that the feature mean becomes 0
and the standard deviation becomes 1. These procedure midpoints the data near 0 and scales it to take a unit
standard deviation (SD). The equation for this method for the feature x’ is as demonstrated:

, _ x—mean(x)
Std(x)
Now, x refers to original value, x’ stands for standardized value, mean(x) symbolizes mean feature value y, and

std(x) denote standard deviation of x. The major benefit of z-score standardization (normalization) is its
sturdiness to outliers in comparison with other standardization techniques.
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Figure 1. Overall flow of the SAPP-NINSOA system.
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3.2. SBOA-based Feature Selection

Besides, the FS process has been executed by the SBOA to select the relevant features from input data. The SBOA
is a novel metaheuristic optimizer model with the benefits of robustness, higher efficacy, and faster convergence.
It was stimulated by the secretary bird’s searching behavior [19]. The model phases are as demonstrated:

Primarily, initialize the location of the secretary bird utilizing the succeeding equation:
X;j = by + 1 = (ub; — lb;) ()

Whereas X; ; characterizes the i th secretary bird value in the j th dimension, b; and ub; represents upper and
lower limits of the j th dimension, correspondingly, and r denotes a randomly generated number from the range
of 0 and 1.

The SBOA characterizes the secretary bird group by the subsequent equation:

X114 X12 0 X1t X1pim
X1 X22 v X2t X2pim
X = 3
Xi1  Xi2 v Xyt Xipim ®3)
lxN,l Xn2 0 XNyttt xN,DimJNxDl-m

Here N signifies secretary bird counts and Dim refers to problem variable dimension, which is equivalent to 4.
The SBOA has been applied to enhance the parameters of FMD: the filter length L, the mode counts n, the cycle
period m, and the amount of frequency band cuts K. All secretary birds symbolize parameter combinations, and
the value of the objective function is specified by the succeeding equation:

[F1] Fx,)

F = Fi =

3l @

Fy NX1 lF(XN)JN><1
Now F denotes objective function value vector.

The fitness function (FF) reveals the accuracy of classifier and the quantity of chosen features. It exploits the
classifier accuracy and declines the set dimension of preferred features. From this time, the below-mentioned FF
has been exploited for evaluating a discrete solution, as exposed in Eq. (5).

#SF c

#AIl_F ®)
While ErrorRate is the classification rate of error by employing the chosen features. ErrorRate is mainly
computed as the proportion of incorrect, which classifies to a number of classifications made between 0 and 1.
#SF denotes the amount of preferred features. #All_F refers to a complete number of features in an original

database. a is employed for controlling the impact of sub-set length and classifier quality. The value of « is 0.9
in this experiment.

3.3. Classification using NVINS Model

Next, the proposed SAPP-NINSOA model designs the NVINS method for the classification process. Following
the n-valued NS (refined set or multi-set) and interval NS outlined, correspondingly [20]. In this section, offer the
sets to n-valued interval-valued NSs.

Fitness = a * ErrorRate + (1 — a) *

Definition3.1. Assume X as a universe, the NVINS on X is described as demonstrated:

Az [infT4 (x), sup T4 ()], [infT£ (x), supTy ()], ...,
- ( [inf T} (x), supTy (x)] )

[inf I7 (x), sup I ()], [ inf I (x), supIf (x)], ..., ,
( [infI} (x), supl{ (x)] )

linf Fi (x), supFz (x)], (linf F§ (x), sup F£ (x)], ...,
([infE? (%), supFf (x)]): x € X}}
Whereas
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infTE(x),inf TZ(x), ..., inf TF (x), inflI} (x), inf 12 (x), ..., infI} (x), inf F} (x), inf F# (), ..., infE, (x),

supTj (x), supTZ (), ..., supT} (x), suplj (x), suplZ (x), .../ sup I} (x) , sup F} (x),
sup FZ(x), ..., supFj (x) € [0,1]

in such a way that 0 < supT}(x) + supl}(x) + supFi(x) < 3,vi=1,2,...,p.

This paper generally concentrates on the case while p = g = r represents interval truth-membership order,
interval falsity-membership sequence, and interval indeterminacy-membership sequence of the component x,
individually. Moreover, p is named the size of NVINS-A.

The collection of all n NVINS on X is represented by NVINS(X).
For instance3.2. Assume X = {X, X} as a universe and A represents NVINS.
A={<x,{1,.2),[.2,-3]1}{[.3, 4], [.1,.5]},{[.3, 4], [.2,.5]} >,
< x5,{[.3,.4],[-.2, 4]} {[.3,-5], [.2, 4]}, {[.1,.2], [.3, 4]} >}
Definition3.3. The complementary of A is represented by A¢ and is delineated by
A° = {x, ([inf F{ (x), supFj (x), ([inf Ff (x), supF£ (x)], ...,
([inf Ef (x), supEf (x)]),
([1 —supl}(x),1 —infl}(x)], [1 — supl?(x), 1 — infI? (x)] ,) ,
[1 — supl} (x), infI} (x)],
([inf T4 (x), sup Tj [inf T (x), sup T (x)], ...,
[inf T} (x), supT} (x)]): x € X}.
For instance3.4. Let's examine the instnace3.5. Next, we have,
A¢ = {< x,{[3,.4],[.2,.5]}, {[.6,.7], [.5, .91}, {[-1,.2], [.2, 3]} >,
<x{[.1,.2],[.3, 4]}, {[.5 7], [.6, 81}, {[-3, 4], [.2, 4]} >}

Definition3.5. For Vi =1,2,..,P if infTi(x) =supTi(x) =0 and nfIi(x) = supli(x) = infFi(x) =
sup Fi(x) = 1, formerly A is named null NVINS signified by ®, for every x € X.

For instance3.6. Assume X = {x,, x,} exist universe and A denote NVINS
@ = {< x,,{[0,0],[0,0]}, {[1,1], [1,1]}, {[1,1], [1,1]} >,
< x2 {[0,0],{0,0]}, {[1,1], [1,1]}, {[1,1], [1,1]} >}.

Definition3.7. For Vi=1,2,..,P if infTi(x) = supTi(x) =1 and infli(x) = supli(x) = inf Fi(x) =
supFi(x) = 0, next A is entitled universal NVINS indicated by E, for each x € X.

For instance3.8. Assume X = {x;, x,} remain universe and A signifies NVINS
E = {<x,{[1,1],[1,1]}{[0,0], [0,0]}, {[0,0], [0,0]} >,
< %{[1,1], [1,1]},{[0,0], [0,0]}, {[0,0], [0,0]} >}.

Definition3.9. An NVINS-A4 included in the other NVINS — B, represented by A € B, if and only if

infTEH(x) < infTa(x), infTZ(x) < infTZ(x), infTF (x) <
infTg (x),

supTi (x) < supTs(x), supTZ(x) < supTZ(x),sup T/ (x) <
supTy (),
infI}(x) = infl}(x),infIZ(x) = infI2(x), infI} (x) = infI} (x),

suplj (x) = sup I (x), sup IZ (x) = suplZ(x), supl} (x) =
suplj (x),

infF}(x) = infFj(x),infF}(x) = infFZ(x), infEF (x) =
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inf Ry (x),
supFj (x) = supF2(x), supF}(x) = supF3(x), supE} (x) =
supFy (x)
forall x € X.
For instance3.10. Assume X = {X;, X,} stand universe and A and B are dual NVINSs
A={<x,{[1,.2],[.2,.31}, {[4 5], [.6,- 71}, {[.5, -6],[.7,.8]} >,
< x5, {[.1,4],[.1, .31}, {[-6,-8], [4, .61}, {[.5,.6],[.6,.7]} >}
and
B = {< x,{[.5,.7],[4,.5]}, {[.3, 4], [.1,.51}, {[.3, 4], [.2,.5]} >,
< x2,{[.2,.5],[.3,.6]},{[.3,.5], [.2, 41}, {[.1,.2], [.3,.4]} >}
Formerly, we have A € B.

Definition3.11. Let A and B be dual n NVINS. Formerly, A and B are equivalent, signified by A = B if and only
if Ac Band B c A.

3.4. AOA-based Parameter Tuning

Finally, the AOA fine-tunes the parameter values of the NVINS model. AOA is a novel model that is applied with
the aim of analysis and algebra [21]. The AOA is a meta-heuristic model with dual key conceptions, comprising
exploration and exploitation, described below. Eq. (6) demonstrates that this procedure starts with the collection
of candidate answers (X) formed arbitrarily. The best candidate outcome is received as the best-gained response
or approximately the optimal as in all iterations.

X1,1 o Xy X1n-1 X1n
x2,1 cee x2,] cee xz,n ]
X — . ‘. H ‘. . (6)
XN-11 7 XN-1j : XN-1n |
l XN1 " XN XNn-1 Xnn J

The property of math optimizer accelerated (M0OA) is computed by Eq. (7), applied in the main searching terms.

. Max — Min
MOA(Cyrer) = Min + Cpper X (—)
MIter

@)
Here, MOA(C,,) considered to be the function value in the t" iteration, which can be computed by Eq. (7).
M Show the high iteration amounts, C;..,- among [1 — M,,,.,-] is presented in the present iteration. Max and Min
indicate the maximal and minimal values of the speeded-up function, correspondingly.

The simple rule that can make the Arithmetic operators behavior, is utilized. The following position updated
computations for the searching parts.

best(x;) + (MOP +) x ((US; — LB;) x p+ LB; )1, < 0.5
xi.j (Clter + 1) = ' ( ' ] L) . (8)
best(x]-) X MOP X ((qu - LB]-) X u+ LB]-) Otherwise

Whereas x;(Cjrer + 1) displays the i*" answer in the following stage, x; ;(C;..,) state the j** location of the i*"
response in the current stage, and best(x;) refers to 7" location in the best response till now. € exhibits a small
number, UB; and LB; define the lower and upper limits of the j* location, correspondingly. u points out controller
parameter to fine-tune the searching process, which is available by 0.5 based on the problem estimated.
1/a
_ Cltr
MOP(CIter) =1- 9

1/a
Itr
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Figure 2. Flowchart of AOA

Whereas Math optimizer Probability (MOP) describes a coefficient, MOP (C;4.,) exhibits the function value at
the rt" stage, and C,,, defines the current phase and M,,,, denote maximal iteration. a explains a perceptive
parameter and symbolizes the exploitation accurately over the stages. The searching stage is in condition through
the MOA for the state of r; is smaller than or equal to the current MOA(Cy,.,) value (Eq. 7).

In this method, the exploitation operators of AOA show the search spaces in-depth on larger compressed fields
and use dual pivotal searching approaches to collaborate with the further appropriate response that is modeled.
Fig. 2 illustrates the flowchart of AOA.

% ;(Creer + 1) = best(x;) = MOP x ((UB; = LB;) x u + LB; ) 15 < 05 (10)
Ly dter best(xj) + MOP X ((qu - LB]) Xp+ LBf) Otherwise

The AOA originates an FF for attaining an enhanced performance of classifier. It defines an optimistic number
for signifying the improved efficiency of candidate solution. Here, the classification ratio of error reduction is
reflected as FF.

fitness(x;) = ClassifierErrorRate(x;)
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no.of misclassified samples

100 11
Total no.of samples ’ an

4. Experimental Validation

The performance evaluation of the SAPP-NINSOA system is studied under students’ performance dataset [22].
This dataset contains 2392 samples under five grades as depicted in Table 1. There are 14 features, but only 11
are chosen.

Table 1: Details of Database

Grade Description No. of Samples
0 'A' (GPA >= 3.5) 107

1 'B' (3.0 <= GPA < 3.5) 269

2 'C' (2.5 <= GPA < 3.0) 391

3 'D' (2.0 <= GPA < 2.5) 414

4 'F (GPA<2.0) 1211

Total Samples 2392

Fig. 3 displays the classifier analysis of the SAPP-NINSOA technique. Figs. 3a-3b displays the confusion matrix
through specific classification and identification of all classes under 70%TRAPHA and 30%TESPHA. Fig. 3¢
shows the PR examination, which notified enhanced performance over all class labels. Finally, Fig. 3d depicts the
ROC study, exposing skilful solutions through great ROC values for different classes.

Training Phase (70%) - Confusion Matrix Testing Phase (30%) - Confusion Matrix

60 0 0 0 T 36 0 0 0 4
3.58% | 0.00% | 0.00% | 0.00% | 0.42% bl 5.01% | 0.00% | 0.00% | 0.00% | 0.56%
1 172 1 1 9 0 73 3 2 7
0.06% |10.27% | 0.06% @ 0.06% | 0.54% Ml 0.00% 10.17% | 0.42% | 0.28% | 0.97%
s 6 3 6 s 1 0 0 1
E 0.12% | 0.36% 0.18% | 0.36% E Ol 0.14% | 0.00% 0.00% | 0.14%
1 1 0 1 0 129 2
0.06% | 0.06% | 0.00% 0.42% bl 0.00% | 0.28% | 0.00% |17.97% | 0.28%
2 8 6 3 846 0 3 S 2 336
0.12% | 0.48% | 0.36% 0.18% 50.54% R 0.00% | 0.42% | 0.70% | 0.28% |46.80%
0 1 2 3 4 0 1 2 3 4
Predicted Predicted
(a) (b)
Precision-Recall Curve ROC-Curve
1.0 1.0 r
0.8 0.8
o
3
&
c 0.6 o 0.6
2 i
§ 2
& 0.4+ € 0.4
— 0 ] =0
— = —1
8.2 | 2 0.24 — D
-_3 —_—3
0.0 4 0.0 4
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall False Positive Rate
(c) (d)

Figure 3. (a-b) Confusion matrices and (c-d) curves of PR and ROC
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Table 2 and Fig. 4 examine the students’ performance detection of SAPP-NINSOA approach below
70%TRAPHA and 30%TESPHA. The performances stated that the SAPP-NINSOA method accurately
categorized all the samples. Using 70%TRAPHA, the SAPP-NINSOA approach delivers average accu, of
98.47%, prec, of 94.89%, reca; of 94.30%, F;.,,.0f 94.58%, and AUCs.y Of 96.55%.

Furthermore, using 30%TESPHA, the SAPP-NINSOA algorithm provides average accu,, of 98.22%, prec, of
95.44%, reca; of 93.65%, F,.,,.0f 94.47%, and AU C,.,y Of 96.15%.

Table 2: Students’ performance detection of the SAPP-NINSOA model under 70%TRAPHA and 30%TESPHA

Class Labels Accu,, Prec, Recq, Focore AUC,core
TRAPHA (70%)
0 99.22 90.91 89.55 90.23 94.59
1 98.39 91.98 93.48 92.72 96.24
2 98.57 97.38 93.86 95.59 96.68
3 99.04 97.49 96.80 97.14 98.15
4 97.13 96.69 97.80 97.24 97.11
Average 98.47 94.89 94.30 94.58 96.55
TESPHA (30%)
0 99.30 97.30 90.00 93.51 94.93
1 97.63 93.59 85.88 89.57 92.55
2 98.61 93.33 98.25 95.73 98.46
3 98.89 96.99 96.99 96.99 98.15
4 96.66 96.00 97.11 96.55 96.67
Average 98.22 95.44 93.65 94.47 96.15
116
O Training Phase (70%)
105 O Testing Phase (30%)
100 98.47 9g.22
96.55 95.15
95 94.89 294%  g43) ... 9458 94.47
2 o9
(]
1]
o 85+
=
=
o 504
=
=<
75
70+
65
60
Accuracy Precision Recall F-Score AUC Score

Figure 4. Average of SAPP-NINSOA technique below 70%TRAPHA and 30%TESPHA
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In Fig. 5, the training (TRAN) accu, and validation (VALN) accu, performances of the SAPP-NINSOA
technique are depicted. The values of accu,, are calculated through a time of 0-30 epochs. The figure underscored
that the values of TRAN and VALN accu,, expresses a growing tendency to notify the competency of the SAPP-
NINSOA algorithm through maximum outcome over multiple replications. Furthermore, the TRAN and VALN
accu, values remain close across the epochs, indicating diminished overfitting and presenting superior
performance of the SAPP-NINSOA system, which guarantees reliable calculation on unseen samples.

Training and Validation Accuracy
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0.95
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Figure 5. Accu,, Curve of the SAPP-NINSOA algorithm

Training and Validation Loss
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0.9 Validation

Loss

0 5 10 15 20 25 30
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Figure 6. Loss curve of SAPP-NINSOA model

In Fig. 6, the TRAN loss (TRANLOS) and VALN loss (VALNLOS) graph of the SAPP-NINSOA method is
showcased. The values of loss are computed through a time of 0-30 epochs. It is signified that the values of
TRANLOS and VALNLOS demonstrate a declining propensity, indicating the capacity of the SAPP-NINSOA
method in equalizing an equilibrium between generalization and data fitting. The sequential dilution in values of
loss as well as assurances the increased performance of the SAPP-NINSOA algorithm and tune the calculation
solutions after a while.

The comparative outcome of SAPP-NINSOA model through the existing approaches is illustrated in Table 3 and
Fig. 7 [23-25]. The existing techniques namely TrialExamPure, LASSO, XGBoost, DGNN, DLM, CNN-LSTM,
and GRU-RF algorithms have attained poorest performance. Additionally, the proposed system SAPP-NINSOA
has gained superior performance with enhanced accu,, prec,, reca;, and Fy.,,, of 98.47%, 94.89%, 94.30%, and
94.58%, respectively.

400
DOT: https://doi.org/10.54216/1JNS.260131



https://doi.org/10.54216/IJNS.260131

International Journal of Neutrosophic Science (IINS) Vol 26, No. 01, PP. 391-403, 2025

mm TrialExamPure = DLM
I LASSO [ CNN-L5TM
Imm XGBoost I GRU-RF
) I DGNN I SAPP-NINSOA
100 1
;5 95-_
- )
@ ]
= 90
T )
> 4
85 1
80
75

Accuracy Precision Recall F-Score

Figure 7. Comparative outcome of SAPP-NINSOA model with existing techniques

Table 3: Comparative outcome of SAPP-NINSOA model with existing models

Model Accu,, Prec, Reca; Fgcore
TrialExamPure 96.24 86.58 80.53 86.76
LASSO 84.03 87.59 79.34 81.17
XGBoost 84.92 87.20 80.96 80.14
DGNN 83.86 80.55 93.58 84.39
DLM 90.25 86.20 92.48 82.01
CNN-LSTM 89.95 88.10 87.34 92.08
GRU-RF 84.92 93.45 89.36 86.39
SAPP-NINSOA 98.47 94.89 94.30 94.58

Table 4 and Fig. 8 inspect the running time (RT) performances of SAPP-NINSOA technique with existing
algorithms. According to RT, the SAPP-NINSOA method offers minimal RT of 10.20min while the
TrialExamPure, LASSO, XGBoost, DGNN, DLM, CNN-LSTM, and GRU-RF approaches reach better RT of
14.25min, 14.40min, 24.22min, 17.86min, 22.78min, 12.14min, and 15.37min, respectively.

Table 4: RT outcome of SAPP-NINSOA model with existing techniques

Model Running Time (min)
TrialExamPure 14.25
LASSO 14.40
XGBoost 24.22
DGNN 17.86
DLM 22.78
CNN-LSTM 12.14
GRU-RF 15.37
SAPP-NINSOA 10.20
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Figure 8. RT outcome of SAPP-NINSOA with existing approaches

5. Conclusion

In this study, we have presented a SAPP-NINSOA methodology. The main intention of the SAPP-NINSOA
technique is to provide a prevalent technology for predicting students’ academic performance using an advanced
optimization algorithm. At first, the data pre-processing stage applies Z-score normalization to convert input data
into a beneficial format. Besides, the FS process has been executed by the SBOA to select the relevant features
from input data. Next, the proposed SAPP-NINSOA model designs the NVINS method for the classification
process. Finally, the AOA fine-tunes the parameter values of the NVINS model. An extensive range of
experimentation was led to certify the performance of the SAPP-NINSOA technique. The simulation outcomes
stated that the SAPP-NINSOA algorithm emphasized furtherance when compared to other existing systems.

References

[1] B. Satyanarayana, S. Baji, and U. B. Madhavi, "Fuzzy neutrosophic bi-ideals of BCK-algebras," Adv. Math.
Sci. J., vol. 9, no. 4, pp. 1045-1057, Apr. 2020.

[2] F. Smarandache, Collected Papers (on Neutrosophic Theory and Its Applications in Algebra), Volume IX.
Global Knowledge Publishing House, 2022.

[3] A. H. Saheb and R. H. Buti, "A specific category of harmonic functions characterized by a generalized
Komatu operator in conjunction with the (RK) integral operator and applications to neutrosophic complex
field,” Full Length Article, vol. 23, no. 3, pp. 44-4, 2024.

[4] B. Das, S. K. Samanta, and S. K. Samanta, "Neutrosophic d-filter of d-algebra," Iragi J. Sci., vol. 65, no.
2, pp. 855-864, 2023.

[5] S. Santhakumar, I. R. Sumathi, and J. Mahalakshmi, "A novel approach to the algebraic structure of
neutrosophic superhyper algebra," Neutrosophic Sets Syst., vol. 60, pp. 39-50, 2023.

[6] M. Imran, S. Latif, D. Mehmood, and M. S. Shah, "Student academic performance prediction using
supervised learning techniques,” Int. J. Emerg. Technol. Learn., vol. 14, no. 14, 2019.

[7] A. S. Hashim, W. A. Awadh, and A. K. Hamoud, "Student performance prediction model based on
supervised machine learning algorithms," in IOP Conf. Ser.: Mater. Sci. Eng., vol. 928, no. 3, p. 032019,
Nov. 2020.

[8] P. Jiao, F. Ouyang, Q. Zhang, and A. H. Alavi, "Artificial intelligence-enabled prediction model of student
academic performance in online engineering education,” Artif. Intell. Rev., vol. 55, no. 8, pp. 6321-6344,
2022.

[9] A. O. Oyedeji, A. M. Salami, O. Folorunsho, and O. R. Abolade, "Analysis and prediction of student
academic performance using machine learning," JITCE (J. Inf. Technol. Comput. Eng.), vol. 4, no. 1, pp.
10-15, 2020.

402

DOT: https://doi.org/10.54216/1JNS.260131



https://doi.org/10.54216/IJNS.260131

International Journal of Neutrosophic Science (IINS) Vol 26, No. 01, PP. 391-403, 2025

[10] N. J. Mentzer, T. M. Isabell, and L. Mohandas, "The impact of interactive synchronous HyFlex model on
student academic performance in a large active learning introductory college design course," J. Comput.
Higher Educ., vol. 36, no. 3, pp. 619-646, 2024.

[11] C. H. Weng and C. K. Huang, "Novel framework for learning performance prediction using pattern
identification and deep learning," Data Technol. Appl., vol. 59, no. 1, pp. 111-133, 2025.

[12] C. Feng, J. Liu, J. Wang, Y. Ding, and W. Ji, "BISAP: A student academic performance prediction model
based on the fusion of classroom behavior images and educational information,” Educ. Inf. Technol., pp.
1-27, 2024.

[13] S. Sengupta, R. Das, and S. Chakrabarti, "Hybrid data mining techniques for predicting student academic
performance in e-learning to avoid drop-out (HDL-SP): An efficient data mining technique to forecast
academic performances of students,” SN Comput. Sci., vol. 6, no. 2, p. 162, 2025.

[14] M. Fazil, A. Risquez, and C. Halpin, "A novel deep learning model for student performance prediction
using engagement data," J. Learn. Anal., pp. 1-19, 2024.

[15] K. S. Narayanan, A. Kumaravel, and S. Gopalakrishnan, "A war strategy-based deep learning algorithm
for students' academic performance prediction in education systems," J. Eng. Educ. Transform., vol. 38,
no. 3, 2025.

[16] S. Muthuselvan, S. Rajaprakash, R. Jaichandran, J. Antony, and A. P. U, "Student academic performance
prediction enhancement using t-SIDSBO and triple voter network,” Multimedia Tools Appl., pp. 1-24,
2024,

[17] R. Fang et al., "Prediction model of middle school student performance based on MBSO and MDBO-BP-
Adaboost method,” Front. Big Data, vol. 7, p. 1518939, 2025.

[18] Y. S. Kim, M. K. Kim, N. Fu, J. Liu, J. Wang, and J. Srebric, "Investigating the impact of data
normalization methods on predicting electricity consumption in a building using different artificial neural
network models," Sustain. Cities Soc., vol. 118, p. 105570, 2025.

[19] H. Wang and J. Xie, "Fault diagnosis of rolling bearings based on acoustic signals in strong noise
environments," Appl. Sci., vol. 15, no. 3, p. 1389, 2025.

[20] S. Broumi, 1. Deli, and F. Smarandache, "N-valued interval neutrosophic sets and their application in
medical diagnosis," Crit. Rev., Center Math. Uncertainty, Creighton Univ., Omaha, NE, USA, vol. 10, pp.
45-69, 2015.

[21] M. Zheng, J. Yin, L. Zhang, L. Wu, and H. Liu, "Hybrid and optimized neural network models to estimate
the elastic modulus of recycled aggregate concrete,” J. Asian Archit. Build. Eng., pp. 1-20, 2025.

[22] [Online]. Available: https://www.kaggle.com/datasets/rabieelkharoua/students-performance-dataset

[23] B. Sonnleitner, T. Madou, M. Deceuninck, F. Theodosiou, and Y. R. Sagaert, "Evaluation of early student
performance prediction given concept drift,"” Comput. Educ. Artif. Intell., p. 100369, 2025.

[24] V. Balachandar and K. Venkatesh, "A multi-dimensional student performance prediction model (MSPP):
An advanced framework for accurate academic classification and analysis," MethodsX, vol. 14, p. 103148,
2025.

[25] S. Rizwan, C. K. Neg, and S. Garfan, "Identifying the factors affecting student academic performance and
engagement prediction in MOOC using deep learning: A systematic literature review," IEEE Access,
2025.

403

DOT: https://doi.org/10.54216/1JNS.260131


https://doi.org/10.54216/IJNS.260131
https://www.kaggle.com/datasets/rabieelkharoua/students-performance-dataset

