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Abstract 

Neutrosophic Logic is a neonate research field in which every proposition is assessed to have the proportion 

(percentage) of truth in a sub-set T, the proportion of indeterminacy in a sub-set I, and the proportion of falsity in 

a sub-set F. Neutrosophic set (NS) is effectively implemented for undetermined data processing and establishes 

benefits for handling the indeterminacy data. In the academic industries, early performance prediction of students 

is significant to the academic community so strategic interference might be planned before students attain the final 

semester. Forecasting the performance of students has turned into a challenging task owing to the rising number 

of data in educational procedures. The educational data mining (EDM) models are involved in extracting a pattern 

to explore hidden data from educational information. Currently, Machine learning (ML) and Artificial intelligence 

(AI) are implemented in numerous domains generally in the field of education to evaluate and analyze several 

features of educational datasets gathered from many educational institutions. This study develops a Leveraging 

Generalized Possibility Neutrosophic Soft Set with Feature Selection for Accurate Students’ Academic 

Performance Prediction Model (GPNSSFS-SAPPM). The intention of the proposed GPNSSFS-SAPPM system 

relies on improving the prediction model of students’ higher education performance using metaheuristic 

optimization algorithms.  The data pre-processing model is employed at first by applying mean normalization for 

converting input data into a suitable format. In addition, the golf optimization algorithm (GOA) is exploited for 

the feature selection process. Followed by, the classification process is done by generalized possibility 

neutrosophic soft set (GPNSS). At last, the parameter tuning process is performed through henry gas solubility 

optimization (HGSO) algorithm to improve the classification performance of the GPNSS classifier. A wide-

ranging experimentation was performed to prove the performance of the GPNSSFS-SAPPM method. The 

experimental results specified that the GPNSSFS-SAPPM model underlined advancement over other recent 

techniques. 

Keywords:  Generalized Possibility Neutrosophic Soft Set; Neutrosophic Logic; Students’ Academic 

Performance; Feature Selection; Henry Gas Solubility Optimization 

1.  Introduction 

In the mathematical model, dealing with inconsistency and uncertainty is one of the most significant subjects for 

experts to investigate. Experts have presented several estimates for difficulties comprising inconsistency and 

uncertain information [1]. Several popular estimates are fuzzy-set model introduced and the intuitionistic fuzzy-

set model proposed. A fuzzy set can be recognized by membership functionalities and the intuitionistic fuzzy set 

can be recognized by non-membership and membership functionalities [2]. However, fuzzy set and the 

intuitionistic fuzzy set do not control the inconsistent and indeterminant data. Hence, the neutrosophic set model 

was proposed as an overview of the intuitionistic fuzzy set and the fuzzy set, which depends on the Neutrosophy 

[3]. In the latest year, the interest has increased in identifying the significant aspects that influence the performance 

of the students in education, particularly with the usage of data mining techniques and methods. This research 

area is typically recognized as educational data mining (EDM) [4]. The motive for these interests is credited to 

the relevance of some studies to help in identifying low-performing students earlier for overcoming the challenges 
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in learning which in turn improves learning outcome of the students as a result it supports the goal of the institution 

by offering high-quality education system [5]. Moreover, EDM was developed rapidly as it became a crucial 

research area because it can mine fresh understanding from the data of the students. EDM is involved with 

removing a design for discovering unseen data from the education information [6].  

The estimation of student's performance in higher education has been a critical task that is being investigated by 

employing EDM. These tasks predict the importance of an anonymous variable that defines the student's results, 

marks, grades, and so on. Forecasting attrition of the student, success, and failures are the key fields that were 

debated in the related work of these studies. Every stakeholder belonging to this area needs prior warning systems 

to forecast learning [7]. This initial warning system does not just reduce the learning expenses also; it reduces the 

space and time necessities. The major difficulty is improving the quality of the educational process and enhancing 

the performance of the student. Teachers may upgrade their teaching method by fulfilling the necessity of poor-

performing students and further guiding worthy students [8]. These forecast outcomes might assist learners in 

developing a proper realization of in what way they are performing and taking measures correspondingly. 

Increasing the retention of the students has been a long-term goal for educational institutions in the world [9]. In 

current, famous procedures like machine learning (ML) and deep learning (DL) are utilized for estimation. The 

ML and DL-enabled methods can discover unidentified designs precisely [10]. 

This study develops a GPNSSFS-SAPPM system relies on improving the prediction model of students’ higher 

education performance using metaheuristic optimization algorithms. The processes of our paper are given below: 

 The data pre-processing model applies mean normalization model.  

 The golf optimization algorithm (GOA) is exploited for feature selection process.  

 The classification process is done by generalized possibility neutrosophic soft set (GPNSS).  

 The parameter tuning process is performed through henry gas solubility optimization (HGSO) algorithm 

  

2.  Related Works 

Wang and Yu [11] proposed an ML technique to predict the performance of the student on the basis of online 

learning. The crucial thinking is that eleven learning behavior pointers was made as per the process of online 

learning. By examining the connection among these eleven learning behavior pointers as well as the score attained 

by learners in online learning, this study filters learning behavior pointers which is dimly connected with scores 

of the student, in the meantime, retaining those learning behavior pointers are connected strongly with the learners 

score, which is utilized as the characteristic root pointers. Chami and Cockburn [12] explored the opportunities 

and challenges proposed by AI in Higher education, concentrating on their ability to customize learning, improve 

accessibility and enhance efficiency. Issues associated to the development of critical thinking skills, preservation 

of teacher-student relationships, bias and data privacy are well examined. Certainly, AI has been a powerful tool 

to enrich and support education however; it cannot substitute quality of the human contribution. It stays significant 

for emphasizing teacher training, ensuring quality education and ethical considerations.  Ryabko et al. [13] 

presented a new procedure to evaluate educational programs quality and performance of the institution in higher 

education employing progressive AI systems, particularly the multi-layer neural networks and Adaptive Neuro-

Fuzzy Inference System (ANFIS). The objective of this research is addressing the difficulties of bias in self-

assessment process and pro-active identification of possible problems and lack of educational events before 

authorization analyses. The introduced methodology used ratings of the student in four level valuation scale as 

input information to the multi-layer neural system; however, the standards to assess quality of the educational 

program worked as an input variable to the ANFIS method.  

Parkavi et al. [14] uses Fuzzy Logic in the initial phase, ML technique and Factor Analysis (FA) in the next phase 

for discovering crucial aspects related to the efficient usage of Active Learning Strategies (ALS) in Learning 

Management System (LMS) of information technology (IT) class students. Neural network topology and Fuzzy 

logic has been joined utilizing ANFIS, an adaptive system. Kukkar et al. [15] introduced fresh methods to predict 

student's results in some course. This system utilizes demographic, emotional, VLE, sequence, and academic 

student data. Classical estimation models frequently struggles for capturing the sequential dynamic characteristics 

of data namely study habits, evolving performance patterns and learning trajectories. In return, the study 

influences LSTM networks and Recurrent Neural Networks (RNNs) specially intended for modelling 

arrangements and long term dependence from OULAD and self-produced emotional datasets. By integrating those 

designs, the introduced methods excel to capture the complex relationship among several aspects in due time. 

Abuzinadah et al. [16] proposed an ML based structure with deep convoluted characteristics to predict student 

academic performance. The presented structure is used for predicting the academic performance of the student 

employing both balanced and imbalanced dataset utilizing the synthetic minority oversampling technique 

(SMOTE). In addition, the performance was estimated through the unique and deep convoluted characteristics. 
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Maulana et al, [17] proposed ML and AI applications to predict performance of the students in high school to 

universities. Identifying the essential part of theoretical willingness, this paper highlights the necessity for 

personalized intrusions for enhancing the success of the student. 

3.  Methodology 

In this manuscript, we have proposed a GPNSSFS-SAPPM model. The primary aim of proposed GPNSSFS-

SAPPM system relies on improving prediction model of student’s higher education performance using 

metaheuristic optimization algorithms.  It comprises 4 major phases namely data pre-processing, feature selection 

using GOA, GPNSS-based classification process, and parameter tuning using HGSO 

A. Data Pre-processing 

Primarily, the data pre-processing model is employed by applying mean normalization for converting an input 

data into a suitable format [18]. Mean normalization is a data pre-processing model employed to forecast academic 

performance of students by scaling aspects to have a zero mean. It aids in managing changing data ranges by 

converting values depending on the range and mean of the dataset. This guarantees that no single aspect surpasses 

the prediction model, enhancing the performance of ML methodologies. By creating data, more similar, mean 

normalization improves the precision of academic performance prediction techniques. It is mainly beneficial in 

regression-based and neural network approaches, assisting stability and better convergence. This methodology 

helps in recognizing key academic indicators and increasing decision-making in educational analytics. Fig. 1 

denotes the workings of GPNSSFS-SAPPM technique. 

 

 

Figure 1. Workings of GPNSSFS-SAPPM technique 

B. GOA-based Feature selection  

Furthermore, GOA is exploited for the feature selection process. GOA is a game-based metaheuristic model, 

which operates in dual phases such as exploitation and exploration, with the novelty of the golf sport with the 

observation of player performance and considered dynamics [19]. It works by imitating the rules and behavior of 

players in the golf game. In golf, the swing motion consists of a mixture of controlled actions targeted for striking 

the ball precisely near the goal. In the same way, in GOA, the optimization procedure includes iteratively fine-

tuning the solution candidates for converging near the best solution. GOA sets a population of possible solutions 
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inside the solution area and then, the fitness function (FF) is expressed by assessing all solution candidates using 

the estimation of results concerning the optimization aim. Golfers consistently use their swing approach based on 

consideration of the response from previous tries to increase their performance. Similarly, in the GOA, solutions 

are developed iteratively over the incorporation of exploitation and exploration to converge toward the best 

solution.  

Exploration: The players are required to make their initial swing to the target named a hole that can be exemplified 

by the exploration phase, whereas GOA members search dissimilar regions of the solution area. GOA members 

are upgraded by calculating novel locations based on the expression of the powerful shot by the player toward the 

ball. The preceding position of the GOA member is upgraded whereas a new location is enhanced by the value of 

the objective function. It was mathematically obtained as demonstrated. 

𝐺𝑎
𝐵1: 𝑔𝑎,𝑚

𝐵1 = 𝑔𝑎,𝑚 + ℎ × (𝐵𝑀𝑚 − 𝑄 × 𝑔𝑎,𝑚)       (1)       

𝐺𝑎 = {
𝐺𝑎
𝐵1,    𝐹𝑎

𝐵1 < 𝐹𝑎
𝐺𝑎 ,               𝑒𝑙𝑠𝑒

                                              (2)      

Here, a randomly generated number within the range [0-1] was represented as ℎ, the top member of GOA, and its 

𝑚𝑡ℎ dimensions are consistently stated as 𝐵𝑀, and  𝐵𝑀𝑚. Now, a randomly selected random number from the 

set {1, 2} was represented as 𝑄. The parameter 𝑄 in the updated equation defines whether the shot approaches the 

hole (𝑄 = 1) or explores many places of the solution area (𝑄 = 2), improving the model’s global search ability. 

The updated location of GOA members follows the exploration stage and is represented as 𝐺𝑎
𝐵1, its 𝑚𝑡ℎ dimension 

is formulated as 𝑔𝑎,𝑚
𝐵1 , and their value of the objective function is exposed as 𝐹𝑎

𝐵1. 

Exploitation: In golf, the region near the hole is named the green, where players perform accurate shots. Therefore, 

these controlled shots are carried out with the minimal force to ensure the existence of the ball inside the green 

area near the hole. It is implemented with the exploration of each GOA location of the member, establishing the 

capacity of skill for exploiting local searching regions. The succeeding equations are applied to update the 

exploitation phase. 

𝐺𝑎
𝐵2: 𝑔𝑎,𝑚

𝐵2 = 𝑔𝑎,𝑚 + (1 − 2ℎ) ×
𝑙𝑎+ℎ×(𝑢𝑎−𝑙𝑎)

𝑡
               (3)      

𝐺𝑎 = {
𝐺𝑎
𝐵2,    𝐹𝑎

𝐵2 < 𝐹𝑎
𝐺𝑎 ,               𝑒𝑙𝑠𝑒

                                                     (4)      

Now, novel locations are calculated for all members on reviewing delicate shots near the ball. The iteration counter 

is gained as 𝑡, and the upgraded location of GOA member follows the exploitation stage and is represented as 𝐺𝑎
𝐵2 

whereas its 𝑚𝑡ℎ dimension is designed as 𝑔𝑎,𝑚
𝐵2  and their value of the objective function is presented as 𝐹𝑎

𝐵2, and 

the lower and upper limits of the 𝑚𝑡ℎ variable is correspondingly expressed as 𝑢𝑎 and 𝑙𝑎. At last, the best solution 

is developed and designated for getting best solutions. The fitness function (FF) employed in the GOA method is 

intended to hold a balance among the various selected aspects in every solution (minimum) and the classification 

precision (maximum) attained by employing these chosen features, Eq. (5) depicts the FF to assess solutions. 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝛼𝛾𝑅(𝐷) + 𝛽
|𝑅|

|𝐶|
                                               (5) 

Here 𝛾𝑅(𝐷) is the classification rate of error in specified classifier. |𝑅| signifying the cardinality of the chosen 

subset and |𝐶| denotes the overall number of features in the database, 𝛼 and 𝛽 are dual parameters equivalent to 

the significance of classification quality and length of subset. ∈ [1,0] and 𝛽 = 1 − 𝛼. 

C. GPNSS-based Classification Process 

In addition, the classification process is performed by GPNSS. This section presents a novel kind of set named 

Generalized Possibility Neutrosophic Soft Set (GPNSS) and examines a Generalized Possibility Neutrosophic 

Soft Decision Making Method (GPNSDMM) [20]. 

DEFINITION2.1 

Assume that 𝑈 is an initial universe, 𝐸 represents a parameter set, 𝑁(𝑈) indicates the collection of all neutrosophic 

sets of 𝐹(𝑈) and 𝑈 is collection of each fuzzy subset 𝑈. GPNS‐set 𝑃[𝛼,𝛽] through 𝑈 specifies a set of triples 

described as 

𝑃[𝛼,𝛽] = {(𝑒𝑘, {(
𝑢𝑗

𝑃(𝑒𝑘)(𝑢𝑗)
, 𝛼(𝑒𝑘)(𝑢𝑗))} , 𝛽(𝑃(𝑒𝑘))) : 𝑒𝑘 ∈ 𝐸} 
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or a mapping expressed by 𝑃[𝛼,𝛽]: 𝐸 → 𝑁(𝑈) × 𝐹(𝑈) × 𝑁(𝑈), here, 𝑖 ∈∧1 and 𝑘 ∈∧2, 𝑃 denotes a mapping given 

by 𝑃: 𝐸 → 𝑁(𝑈) and 𝛼(𝑒𝑘) represents a fuzzy set so that 𝛼:𝐸 → 𝐹(𝑈). 

For every parameter 

𝑒𝑘 ∈ 𝐸, 𝑃(𝑒𝑘) = {〈𝑢𝑗 , 𝑇𝑃(𝑒𝑘)(𝑢𝑗), 𝐼𝑃(𝑒𝑘)(𝑢𝑗), 𝐹𝑃(𝑒𝑘)(𝑢𝑗)〉𝑢𝑗 ∈ 𝑈} 

signifies value of neutrosophic set of parameter 𝑒𝑘 and now 𝐼, 𝐹, 𝑇, are the falsity, truth,  and indeterminacy values 

correspondingly the element 𝑢𝑖 ∈ 𝑈. For every 𝑢𝑖 ∈ 𝑈 and 𝑒𝑘 ∈ 𝐸, 0 ≤ 𝑇𝑃(𝑒𝑘)(𝑢𝑗) + 𝐼𝑃(𝑒𝑘)(𝑢𝑗) + 𝐹𝑃(𝑒𝑘)(𝑢𝑗) ≤ 3. 

Likewise, 𝛼 degrees of priority specified for the belongingness of elements of 𝑈 in 𝑃(𝑒𝑘) and 𝛽(𝑒𝑘) the likelihood 

degree and weightage specified to the parameters by the specialists.  

𝑃[𝛼,𝛽](𝑒𝑘) = {(
𝑢1

𝑃(𝑒𝑘)(𝑢1)
, 𝛼(𝑒𝑘)(𝑢1)) (

𝑢2
𝑃(𝑒𝑘)(𝑢2)

, 𝛼(𝑒𝑘)(𝑢2)) , … , (
𝑢𝑛

𝑃(𝑒𝑘)(𝑢𝑛)
, 𝛼(𝑒𝑘)(𝑢𝑛)) , 𝛽(𝑒𝑘)}. 

EXAMPLE2.2 

Assume that 𝑈 = {𝑢1, 𝑢2, 𝑢3} be a set of 3 restaurants and 𝐸 = {𝑒1, 𝑒2, 𝑒3} is a set of qualities here 𝑒1 =Taste, 

𝑒2 =Variety, 𝑒3 =Service and let 𝛼: 𝐸 → 𝐹(𝑈) and 𝛽: 𝐸 → 𝑁(𝑈). It an be expressed as a function 𝑃[𝛼,𝛽]: 𝐸 →

𝑁(𝑈) × 𝐹(𝑈) × 𝑁(𝑈)  

𝑃[𝛼,𝛽] =

{
 
 

 
 𝑃[𝛼′𝛽](𝑒1) = {[(

𝑢1
(0. 4′0. 1′0. 𝑆)

, 0.7) , (
𝑢2

(0. 6′0. 2′0.4)
, 0.3) (

𝑢3
(0. 3′0. 4′0.7)

, 0.6)] , (0.3,0.5,0.7)}

𝑃[𝛼′𝛽](𝑒2) = {[(
𝑢1

(0. 7′0. 3′0.4)
, 0.5) , (

𝑢2
(0. 4′0. 6′0.1)

, 0.7) , (
𝑢3

(0. 6′0. 2′0.8)
, 0.3)] , (0.6,0.8,0.2)}

𝑃[𝛼′𝛽](𝑒3) = {[(
𝑢1

(0. 𝑆′0. 6′0.7)
, 0.2) , (

𝑢2
(0. 4′0. 2′0.6)

, 0.5), (
𝑢3

(0. 𝑆′0. 4′0.3)
, 0.4)] , (0.5,0.3,0.8)}

}
 
 

 
 

 

For the objective of storing a GPNS in a computer, employ matrix notation of generalized likelihood soft set of 

neutrosophic 𝑃[𝛼,𝛽]. For instance, matx notation of GPNS 𝑃[𝛼,𝛽] might be specified as: for 𝑚, 𝑛 ∈∧, 

𝑃[𝛼,𝛽] = (

(〈0.4,0.1,0.5〉, 0.7)(〈0.6,0.2,0.4〉, 0.3)(〈0.3,0.4,0.7〉, 0.6)(0.3,0.5,0.7)

(〈0.7,0.3,0.4〉, 0.5)(〈0.4,0.6,0.1〉, 0.7)(〈0.6,0.2,0.8〉, 0.3)(0.6,0.8,0.2)

(〈0.5,0.5,0.4〉, 0.1)(〈0.4,0.2,0.6〉, 0.5)(〈0.5,0.4,0.3〉, 0.4)(0.5,0.3,0.8)

) 

Now the 𝑚‐th row vector exhibits 𝑃(𝑒𝑚) and 𝑛‐th column vector displays 𝑢𝑛 

DEFINITION2.3 

Assume that 𝑃[𝛼,𝛽], 𝑄[𝛾,𝛿] ∈ 𝐺𝑃𝑁(𝑈, 𝐸). Subsequently, 𝑃[𝛼,𝛽] denotes to a generalized probability GPNS‐ subset 

of 𝑄[𝛾,𝛿], and signified by 𝑃[𝛼,𝛽] ⊆ 𝑄[𝛾,𝛿] if 

 1. 𝛼(𝑒) and 𝛽(𝑒) are a fuzzy sub-set of 𝛾(𝑒) and 𝛿(𝑒), for each 𝑒 ∈ 𝐸  

 2. 𝑃 represents a neutrosophic sub-set of Q. 

DEFINITION2.5 

Assume that 𝑃[𝛼,𝛽], 𝑄[𝛾,𝛿] ∈ 𝐺𝑃𝑁(𝑈, 𝐸) . Subsequently, 𝑃[𝛼,𝛽] and 𝑄[𝛾,𝛿] are named generalized possibility 

neutrosophic soft equivalent-set and indicated 𝑏𝑦𝑃[𝛼,𝛽] = 𝑄[𝛾,𝛿] if 𝑃[𝛼,𝛽] ⊆ 𝑄[𝛾,𝛿] and 𝑃[𝛼,𝛽] ⊇ 𝑄[𝛾,𝛿]. 

DEFINITION2.6 

Assume that 𝑃[𝛼,𝛽] ∈ 𝐺𝑃𝑁(𝑈, 𝐸). Afterwards, 𝑃[𝛼,𝛽] represents generalized possibility neutrosophic soft null-set, 

specified as 𝜙[𝛼,𝛽], if ∀𝑒 ∈, 𝜙[𝛼,𝛽]: 𝐸 → 𝑁(𝑈) × 𝐹(𝑈) × 𝑁(𝑈) so that 𝜙[𝛼,𝛽](𝑒) = {[
𝑢

𝜙(𝑒)(𝑢)
, 𝛼(𝑒)(𝑢): 𝑢 ∈

𝑈] 𝛽(𝑃(𝑒))} now 𝜙(𝑒) = {〈𝑢, 0,0,1〉: 𝑢 ∈ 𝑈} and 𝛼(𝑒) = {(𝑢, 0): 𝑢 ∈ 𝑈} and 𝛽(𝑒) = {(𝑢, 0,0,1): 𝑢 ∈ 𝑈}. 

DEFINITION2.7 

Assume that 𝑃[𝛼,𝛽] ∈ 𝐺𝑃𝑁(𝑈, 𝐸). Moreover, 𝑃[𝛼,𝛽] denotes generalized possibility neutrosophic soft universal-

set, designated as 𝑈[𝛼,𝛽], if ∀𝑒 ∈ 𝐸, 𝑈[𝛼,𝛽]: 𝐸 → 𝑁(𝑈) × 𝐹(𝑈) × 𝑁(𝑈) so that 𝑈[𝛼,𝛽](𝑒) = {[
𝑢

𝑈(𝑒)(𝑢)
, 𝛼(𝑒)(𝑢): 𝑢 ∈

𝑈] , 𝛽(𝑒)} now 𝑈(𝑒) = {〈𝑢, 0,0,1〉: 𝑢 ∈ 𝑈} and 𝛼(𝑒) = {(𝑢, 1): 𝑢 ∈ 𝑈} and 𝛽(𝑒) = {(𝑢, 1,1,0): 𝑢 ∈ 𝑈}. 

PROPOSITION2.8 

https://doi.org/10.54216/IJNS.260302
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Assume 𝑃[𝛼,𝛽], 𝑄[𝛾,𝛿] and 𝐻[𝜃,𝜑] ∈ 𝐺𝑃𝑁(𝑈, 𝐸). Formerly, 

 1. 𝜙[𝛼,𝛽] ⊆ 𝑃[𝛼,𝛽] 

 2. 𝑃[𝛼,𝛽] ⊆ 𝑈[𝛼,𝛽] 

 3. 𝑃[𝛼,𝛽] ⊆ 𝜙[𝛼,𝛽] and 𝜙[𝛼,𝛽] ⊆ 𝐻[𝜃,𝜑] implies 𝑃[𝛼,𝛽] ⊆ 𝐻[𝜃,𝜑] 

Proof. The proof arises from the Definitions (2.5) − (2.7) 

DEFINITION2.9 

Consider 𝑃[𝛼,𝛽] ∈ 𝐺𝑃𝑁(𝑈, 𝐸), Now 

𝑃[𝛼,𝛽](𝑒𝑘) = {([𝑃(𝑒𝑘)(𝑢𝑖), 𝛼(𝑒𝑘)(𝑢𝑖)], 𝛽(𝑃(𝑒𝑘))): 𝑒𝑘 ∈ 𝐸𝑡𝑢𝑖 ∈ 𝑈} 

𝑃(𝑒𝑘) = {〈𝑢𝑡𝑇𝑃(𝑒𝑘)(𝑢𝑖), 𝐼𝑃(𝑒𝑘)(𝑢𝑖), 𝐹𝑃(𝑒𝑘)(𝑢𝑖)〉}∀𝑒𝑘 ∈ 𝐸𝑡𝑢 ∈ 𝑈. 

Thus 𝑒𝑘 ∈ 𝐸 and 𝑢𝑖 ∈ 𝑈, and 

 1. 𝑃[𝛼,𝛽]
𝑇  specifies truth‐membership part of 𝑃[𝛼,𝛽] 

𝑃[𝛼,𝛽]
𝑇 = {(𝑃𝑘𝑗

𝑇 (𝑒𝑘), 𝛼𝑘𝑗(𝑒𝑘))} and 𝑃𝑘𝑗
𝑇 (𝑒𝑘) = {(𝑢𝑗 , 𝑇𝑃(𝑒𝑘)(𝑢𝑗))} , 𝛼𝑘𝑗(𝑒𝑘) = {(𝑢𝑗, 𝛼(𝑒𝑘)(𝑢𝑗))} 

 2. 𝑃[𝛼,𝛽]
𝐼  indicates indeterminacy‐membership part of 𝑃[𝛼,𝛽] 

𝑃[𝛼,𝛽]
𝐼 = {(𝑃𝑘𝑗

𝐼 (𝑒𝑘), 𝛼𝑘𝑗(𝑒𝑘))} and 𝑃𝑘𝑗
𝐼 (𝑒𝑘) = {(𝑢𝑗 , 𝐼𝑃(𝑒𝑘)(𝑢𝑗))}, 𝛼𝑘𝑗(𝑒𝑘) = {(𝑢𝑗, 𝛼(𝑒𝑘)(𝑢𝑗))} 

 3. 𝑃[𝛼,𝛽]
𝐹  depicts falsity‐membership part of 𝑃[𝛼,𝛽] 

𝑃[𝛼,𝛽]
𝐹 = {(𝑃𝑘𝑗

𝐹 (𝑒𝑘), 𝛼𝑘𝑗(𝑒𝑘))} and 𝑃𝑘𝑗
𝐹 (𝑒𝑘) = {(𝑢𝑗 , 𝐹𝑃(𝑒𝑘)(𝑢𝑗))}, 𝛼𝑘𝑗(𝑒𝑘) = {(𝑢𝑗, 𝛼(𝑒𝑘)(𝑢𝑗))} 

It specifies GPNS in the form of 𝑃[𝛼,𝛽] = (𝑃[𝛼,𝛽]𝑡
𝑇 𝑃[𝛼,𝛽]𝑡

𝐼 𝑃[𝛼,𝛽]
𝐹 ). 

A GPNS might be stated in form of matrix. 

Assume that GPNSS 𝑃[𝛼,𝛽] given in instance 2.4. Subsequently GPNSS 𝑃[𝛼,𝛽] might be shown.  

matrix form is given: 

𝑃[𝛼,𝛽]
𝑇 = (

(0.4,0.8)(0.8,0.3)(0.4,0.7)(0.3)
(0.7,0.6)(0.5,0.7)(0.7,0.5)(0.6)

(0.5,0.2)(0.6,0.5)(0.6,0.4)(0.5)
) 

𝑃[𝛼,𝛽]
𝐼 = (

(0.7,0.8)(0.6,0.3)(0.5,0.7)(0.5)
(0.4,0.6)(0.7,0.7)(0.4,0.5)(0.8)

(0.6,0.2)(0.5,0.5)(0.5,0.4)(0.3)
) 

𝑃[𝛼,𝛽]
𝐹 = (

(0.6,0.8)(0.8,0.3)(0.8,0.7)(0.7)
(0.6,0.6)(0.5,0.7)(0.8,0.5)(0.2)

(0.7,0.2)(0.8,0.5)(0.7,0.4)(0.8)
) 

DEFINITION2.10 

Assume 𝑃[𝛼,𝛽], 𝑄[𝛾,𝛿] ∈ 𝐺𝑃𝑁(𝑈, 𝐸). The union of dual GPNSs 𝑃[𝛼,𝛽] and 𝑄[𝛾,𝛿] over 𝑈, represented as 𝑃[𝛼,𝛽] ∪

𝑄[𝛾,𝛿]. 

𝑃[𝛼,𝛽] ∪ 𝑄[𝛾,𝛿] = {(𝑒𝑘 , {(𝜌𝑡𝛼𝑘𝑗(𝑒𝑘) ⊕ 𝛾𝑘𝑗(𝑒𝑘))} , 𝛽𝑘𝑗(𝑃(𝑒𝑘)) ⊕ 𝛿𝑘𝑗(𝑒𝑘)) : 𝑒𝑘 ∈ 𝐸} 

Now 

𝜌 =
𝑢𝑗

(𝑃𝑘𝑗
𝑇 (𝑒𝑘) ⊕ 𝑄𝑘𝑗

𝑇 (𝑒𝑘), 𝑃𝑘𝑗
𝐼 (𝑒𝑘) ⊕ 𝑄𝑘𝑗

𝐼 (𝑒𝑘), 𝑃𝑘𝑗
𝐹 (𝑒𝑘) ⊗ 𝑄𝑘𝑗

𝐹 (𝑒𝑘))
 

and ⊕ denotes 𝑛‐conorm and ⊗ is 𝑛‐norm functions correspondingly. 
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D. HGSO-based Parameter Tuning 

Finally, the parameter tuning process is performed through HGSO algorithm for improving the classification 

performance of the GPNSS classifier [21]. The HGSO technique pretends Henry’s gas law behaviour, which 

relates to a quantity of an assumed gas that is melted to a given category and amount of liquid at a fixed 

temperature, to resolve challenging optimizer issues. The HGSO technique imitates the gas huddling behaviour 

to balance exploration and exploitation in the searching space and to evade local goals. The locations of gases are 

set as per Eq. (3). 

𝑋𝑖(𝑡 + 1) = 𝑋𝑚𝑖𝑛 + 𝑟(𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛)                     (6) 

Here, 𝑋𝑖 denotes a location of 𝑖th gas of size 𝑁; 𝑟 denotes a randomly generated amount among 0 and 1; 𝑋𝑚𝑖𝑛 and 

𝑋𝑚𝑎𝑥  refers to lower and upper limits, correspondingly; and 𝑡 denotes an iteration time. 𝐿1, 𝐿2, and 𝐿3 denotes 

constants; 𝑗 means a cluster number; 𝑇 refers to a temperature; 𝑃𝑖,𝑗 indicates the partial pressure of 𝑖𝑡ℎ gas in 𝑗𝑡ℎ 

cluster; 𝑇𝜃 and 𝐾 are constants; 𝑖𝑡𝑒𝑟 represents a maximum amount of iterations; 𝛾 refers to a measure of 

capability of gases in a group to interrelate with each other; 𝛼 indicates a measure of effect of other gases; 𝛽 refers 

to a constant; 𝐹𝑖,𝑗 specifies the fitness of 𝑖𝑡ℎ gas in 𝑗𝑡ℎ cluster; and 𝐹 is the fitness of best gas; 𝐺(𝑖, 𝑗) means a 

location of gas 𝑖 in cluster 𝑗; 𝑟 signifies a randomly generated amount; 𝐺𝑚𝑖𝑛 and 𝐺𝑚𝑎𝑥  denotes the limits of 

problem. The fitness selection is the substantial feature inducing the execution of the HGSO method. The process 

of hyper-parameter selection comprises the solution encoding method to assess the effectiveness of candidate 

solutions. In this novel, the HGSO technique deliberates precision as the main criterion to intend the FF can be 

expressed  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =  max (𝑃) 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                    (7) 

From the expression, TP specifies true positive and FP is false positive value. 

4.  Result and Experimental Analysis 

The experimental analysis of GPNSSFS-SAPPM model is verified under Students Performance dataset [22].  This 

dataset holds 2392 samples under 4 grades such as 0 of  'A' (GPA >= 3.5), 1 of 'B' (3.0 <= GPA < 3.5), 2 of  'C' 

(2.5 <= GPA < 3.0), 3 of  'D' (2.0 <= GPA < 2.5), and 4 of 'F' (GPA < 2.0). It has 14 attributes in total but only 

10 attributes were chosen.  

Table 1 exemplifies the students’ performance prediction result of GPNSSFS-SAPPM model based on 

80%TRAPHA and 20%TESPHA. The performances indicate that the GPNSSFS-SAPPM model accurately 

recognized the samples. On 80%TRAPHA, the GPNSSFS-SAPPM approach obtains average 𝑎𝑐𝑐𝑢𝑦 of 98.81%, 

𝑝𝑟𝑒𝑐𝑛 of 96.12%, 𝑟𝑒𝑐𝑎𝑙 of 95.39%, 𝐹1𝑠𝑐𝑜𝑟𝑒  of 95.75%,  and  𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒  of 97.27%. Besides, on 20%TESPHA, 

the GPNSSFS-SAPPM method achieves average 𝑎𝑐𝑐𝑢𝑦 of 99.25%, 𝑝𝑟𝑒𝑐𝑛 of 97.14%, 𝑟𝑒𝑐𝑎𝑙 of 97.58%, 

𝐹1𝑠𝑐𝑜𝑟𝑒  of 97.34%,  and  𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒  of 98.52%. 

Table 1: Student's performance prediction outcome of GPNSSFS-SAPPM model under 80%TRAPHA and 

20%TESPHA 

Class Labels 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑹𝒆𝒄𝒂𝒍 𝑭𝟏𝒔𝒄𝒐𝒓𝒆 𝑨𝑼𝑪𝒔𝒄𝒐𝒓𝒆 

TRAPHA (80%) 

0 99.27 94.12 89.89 91.95 94.81 

1 99.22 96.67 96.21 96.44 97.90 

2 98.27 94.62 94.92 94.77 96.93 

3 99.06 97.04 97.62 97.33 98.49 

4 98.22 98.13 98.34 98.23 98.22 

Average 98.81 96.12 95.39 95.75 97.27 
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TESPHA (20%) 

0 99.79 94.74 100.00 97.30 99.89 

1 98.75 94.83 94.83 94.83 97.06 

2 98.96 97.33 96.05 96.69 97.78 

3 99.58 100.00 97.44 98.70 98.72 

4 99.16 98.80 99.60 99.20 99.15 

Average 99.25 97.14 97.58 97.34 98.52 

  

 

Figure 2. 𝐴𝑐𝑐𝑢𝑦 Curve of GPNSSFS-SAPPM model under 80:20 

In Fig. 2, the training (TRAN)  𝑎𝑐𝑐𝑢𝑦 and validation (VALN) 𝑎𝑐𝑐𝑢𝑦 performances of the GPNSSFS-SAPPM 

approach based on 80:20 are showcased. The values of 𝑎𝑐𝑐𝑢𝑦 are computed across an interlude of 0-25 epochs. 

The figure underscored that the both 𝑎𝑐𝑐𝑢𝑦 values express a cumulative propensity, indicating the proficiency of 

the GPNSSFS-SAPPM algorithm with enhanced performance through multiple repetitions. In addition, the both 

𝑎𝑐𝑐𝑢𝑦 ruins nearer across the epochs, which notified diminish overfitting and presents superior outcomes of the 

GPNSSFS-SAPPM system, assuring consistent prediction on unseen samples. 

 

Figure 3. Loss curve of GPNSSFS-SAPPM technique under 80:20 
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In Fig. 3, the TRAN loss (TRANLOS) and VALN loss (VALNLOS) graph of the GPNSSFS-SAPPM technique 

based on 80:20 is shown. The loss values are computed through an interlude of 0-25 epochs. It is exemplified that 

both values represent a lessening propensity, which indicates the proficiency of the GPNSSFS-SAPPM approach 

in corresponding to a tradeoff between data fitting and generalization. The successive reduction in values of loss 

as well as securities the maximum outcome of the GPNSSFS-SAPPM model and tunes the prediction results 

gradually. 

Table 2 displays the students’ performance prediction analysis of GPNSSFS-SAPPM model based on 

70%TRAPHA and 30%TESPHA. With 70%TRAPHA, the GPNSSFS-SAPPM model reaches average 𝑎𝑐𝑐𝑢𝑦 of 

98.83%, 𝑝𝑟𝑒𝑐𝑛 of 95.78%, 𝑟𝑒𝑐𝑎𝑙 of 96.16%, 𝐹1𝑠𝑐𝑜𝑟𝑒  of 95.96%,  and  𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒  of 97.69%. Furthermore, with 

30%TESPHA, the GPNSSFS-SAPPM algorithm obtains average 𝑎𝑐𝑐𝑢𝑦 of 98.72%, 𝑝𝑟𝑒𝑐𝑛 of 94.87%, 𝑟𝑒𝑐𝑎𝑙 of 

93.65%, 𝐹1𝑠𝑐𝑜𝑟𝑒  of 94.21%,  and  𝐴𝑈𝐶𝑠𝑐𝑜𝑟𝑒  of 96.42%. 

Table 2: Students' performance prediction outcome of GPNSSFS-SAPPM model under 70%TRAPHA and 

30%TESPHA 

Class Labels 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑹𝒆𝒄𝒂𝒍 𝑭𝟏𝒔𝒄𝒐𝒓𝒆 𝑨𝑼𝑪𝒔𝒄𝒐𝒓𝒆 

TRAPHA (70%) 

0 99.34 92.59 93.75 93.17 96.69 

1 99.16 97.31 95.26 96.28 97.46 

2 98.69 95.05 97.11 96.07 98.05 

3 98.63 95.14 96.82 95.97 97.91 

4 98.33 98.80 97.87 98.33 98.33 

Average 98.83 95.78 96.16 95.96 97.69 

TESPHA (30%) 

0 99.16 92.00 85.19 88.46 92.45 

1 98.05 93.33 88.61 90.91 93.91 

2 98.89 95.69 97.37 96.52 98.27 

3 98.61 94.16 98.47 96.27 98.56 

4 98.89 99.18 98.64 98.91 98.89 

Average 98.72 94.87 93.65 94.21 96.42 

  

 

Figure 4. 𝐴𝑐𝑐𝑢𝑦 Curve of GPNSSFS-SAPPM model under 70:30 
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In Fig. 4, the training (TRAN)  𝑎𝑐𝑐𝑢𝑦 and validation (VALN) 𝑎𝑐𝑐𝑢𝑦 performances of the GPNSSFS-SAPPM 

method based on 70:30 is depicted. The 𝑎𝑐𝑐𝑢𝑦 values are computed through a period of 0-25 epochs. The figure 

underscored that the both 𝑎𝑐𝑐𝑢𝑦 values express a growing propensity, indicating the proficiency of the GPNSSFS-

SAPPM system by maximum outcome through numerous repetitions. Moreover, the both 𝑎𝑐𝑐𝑢𝑦 ruins nearer 

through the epochs, indicating decreased overfitting and expressing superior outcomes of the GPNSSFS-SAPPM 

approach, ensuring steady prediction on unseen samples. 

In Fig. 5, the TRAN loss (TRANLOS) and VALN loss (VALNLOS) graph of the GPNSSFS-SAPPM method 

based on 70:30 is showcased. The loss values are computed through an interlude of 0-25 epochs. It is exemplified 

that the both values represent a lessening propensity, indicating the proficiency of the GPNSSFS-SAPPM 

approach in equalizing an equilibrium between data fitting and generalization. The progressive decrease in values 

of loss also assurances the higher performance of the GPNSSFS-SAPPM system and tunes the prediction results 

after a while. 

 

 

Figure 5. Loss curve of GPNSSFS-SAPPM technique under 70:30 

 

Figure 6. Comparative study of GPNSSFS-SAPPM model with existing approaches 

Fig. 6 signifies the comparative study of GPNSSFS-SAPPM technique with existing methodologies [23-25]. The 

performance implies that the proposed GPNSSFS-SAPPM system has gained efficient performance with 𝑎𝑐𝑐𝑢𝑦 

of 99.25%, 𝑝𝑟𝑒𝑐𝑛 of 97.14%, 𝑟𝑒𝑐𝑎𝑙 of 97.58%, and 𝐹1𝑠𝑐𝑜𝑟𝑒  of 97.34%. Whereas, the Naïve Bayes method, J48 

technique, Bagging approach, kNN system, Xboost-FM algorithm, Hybrid 2D CNN, model, and Decision Tree 

methodology have minimal outcomes based on several measures.  
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5.  Conclusion 

This study develops a Leveraging GPNSSFS-SAPPM. The intention of proposed GPNSSFS-SAPPM system 

relies on improving prediction model of student’s higher education performance using metaheuristic optimization 

algorithms.  The data pre-processing model is employed at first by applying mean normalization for converting 

an input data into a suitable format. In addition, GOA is exploited for the feature selection process. Followed by, 

the classification process is done by GPNSS. At last, the parameter tuning process is performed through HGSO 

algorithm for improving the classification performance of the GPNSS classifier. An extensive experiment was 

conducted to validate the performance of the GPNSSFS-SAPPM technique. The simulation outcomes indicated 

that the GPNSSFS-SAPPM method highlighted betterment over other recent approaches. 
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