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Abstract 

To handle incomplete and indeterminate data, neutrosophic logic/set/probability was recognized. The neutrosophic 

falsehood, truth, and indeterminacy modules show symmetry as the truth and the falsehood appear the similar and 

perform in a symmetrical method with esteem to the indeterminacy module which aids as a line of the symmetry. 

Soft set is a general mathematical device to deal with uncertainty. Sentiment analysis (SA) is the foremost task of 

natural language processing (NLP), where judgments, opinions, thoughts, or attitudes toward an exact subject are 

removed. Web is a rich foundation of information and unstructured covering numerous text documents with 

reviews and opinions. The detection of sentiment will be useful for governments, discrete business groups, and 

decision-makers. With this motivation, this study develops a Data Analytics Framework for Sentiment 

Classification Using Pythagorean Neutrosophic Bonferroni Mean (DAFSC-PNBM) technique on Product 

Reviews. The presented DAFSC-PNBM technique mainly aims to determine the nature of sentiments based on 

product reviews.  Primarily, data preprocessing is performed to increase the product review qualities. For the word 

embedding process, word2vec model is used. Besides, the DAFSC-PNBM model uses the Pythagorean 

Neutrosophic Bonferroni Mean (PNBM) technique for classification. To enhance the SA performance of the 

PNBM model, the grey wolf optimizer (GWO) model has been applied as a hyperparameter tune process. The 

experimentation outcome analysis of the DAFSC-PNBM method occurs and the outcomes are investigated under 

several features. The experimental study indicated the improvement of the DAFSC-PNBM method across the 

modern techniques 

Keywords: Machine Learning; Neutrosophic Set; Pythagorean Neutrosophic; Sentiment analysis; Neutrosophic 

Logic 

1. Introduction 

Neutrosophic Logic is a neonate investigation region in which every proposal has been predicted to have the 

percentage (proportion) of truth in subgroup T, the indeterminacy proportion in subgroup I, and the falsity 

proportion in subgroup F [1]. Neutrosophic set (NS) is effectively used for unclassified processing of information 

and validates benefits to handle the data indeterminacy information and is even a model stimulated for 

classification application and data analysis [2]. NS offers an accurate and efficient manner to describe imbalanced 

information based on the data attributes [3]. Social networking channels such as Instagram, Twitter, WhatsApp, 

and Facebook have tempestuous environmental contact, it’s authoritative to pass on sensitive understanding about 

the public’s reactions, feelings, and moods on some product, policy, or concept over these social networking 

channels. To both suppliers and customers, these data can be valued [4].  

In some online shopping, customers generally check other people's views about the product [5]. According to the 

customer’s sentiment, the manufacturer is learning about its product's advantages and disadvantages. Even though 

either business organizations or individuals can obtain benefits from this review, the sheer number of these 
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sentiments on text data is overwhelming for the users [6]. These new study areas are termed Opinion Mining or 

Sentiment Analysis (SA). Owing to the huge variety of services and products these days, it has become problematic 

for users to choose their target product [7]. Product analyses prove to be an extremely helpful reference. Sentiment 

Analysis plays an important role nowadays, and it is the Natural Language Processing (NLP) approach. SA is a 

machine learning (ML) technology that searches for text polarity, ranging from positive to negative. ML tools aid 

in learning how to identify sentiment without human input by training them with emotional samples in text [8]. 

The sentimental-based assessments expected by the consumers in various forms like audio, text, emoji video, and 

so on., are classified by using classification techniques in ML models and Lexicon-based methods [9]. The SA 

approaches are mostly utilized for identifying the emotions that are communicated by the consumer on some type 

of social media website. An ML model utilizes a particular data type to reply to more questions via the patterns 

unseen in that data [10]. 

This study develops a Data Analytics Framework for Sentiment Classification Using the Pythagorean 

Neutrosophic Bonferroni Mean (DAFSC-PNBM) technique on Product Reviews.  Primarily, data preprocessing 

is performed to increase the product review qualities. For word process of embedding, word2vec model is used. 

Besides, the DAFSC-PNBM model uses Pythagorean Neutrosophic Bonferroni Mean (PNBM) method for 

classification. To enhance the SA performance of the PNBM technique, the grey wolf optimizer (GWO) model 

has been applied as a hyperparameter tune process. The experimentation outcome analysis of the DAFSC-PNBM 

method takes place and the outcomes are examined under various features.  

2. Related Works 

El Mrabti et al. [11] introduced an easy-to-use ML approach depending on an intuitive geometrical model for SA 

of online analyses. Among the expansion of EABLC, dual novel techniques are additionally presented, such as 

binary classification and binary polyhedral classification, to prevent anomalies and to handle linear non-separable 

data. Asuquo et al. [12] present a hybrid architecture that depends on ML and lexicon algorithms to train before-

seen tweets for predicting the opinions of various novel input tweetings into polarities of neutral, negative, and 

positive. Tweeting libraries have been utilized to remove tweets on Laptop probes to detect several features and 

classify sentiments near them into particular polarities. Next data preprocessing, the application in Python 

employed a Natural Language Processing (NLP) set named TextBlob for assigning polarity and subjectivity text 

scores. The scores are applied using the ML methods for classifying and analyzing sentiments. Li et al. [13] 

propose an SA model that associates the e-commerce analysis keyword-made image with a hybrid ML-based 

approach, in which the Word2VecTextRank can be applied to remove keywords that perform as the inputs for 

making the connected images by generating Artificial Intelligence (AI).  

In [14], a unique model called Systemize Polarity Shift has been introduced in which a flow search-based SVM 

through the BoW method classifies pre-trained probe comments as neutral, negative, and positive opinions. 

Furthermore, the recognition of particular products is not concentrated on SA. Gupta and Noliya [15] developed 

an SA process for product analyses with URLs of specific items as databases. It uses web scrap models for 

collecting textual information from websites. NLP methods have been used for data preprocessing, with stop word 

removal and tokenization. Abbas et al. [16] recommended a sophisticated method that uses active learning (AL) 

based ML models for Flipkart’s smartphone consumers’ reviewed SA. The suggested investigation accepts 

difficult data balancing, data cleaning, and TF-IDF feature extraction algorithms, accompanied by 5 AL-based ML 

techniques, for classifying SA based on product reviews. 

3. Methodology 

In this work, we have introduced a unique DAFSC-PNBM technique for Product Reviews. The presented DAFSC-

PNBM technique mainly aims to determine the nature of sentiments based on product reviews. Fig. 1 represents 

the complete method of DAFSC-PNBM technique. 
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Figure 1. Overall process of DAFSC-PNBM technique 

A. Data Preprocessing 

Initially, data preprocessing is performed to increase the product review qualities. Data investigation needs data 

pre‐processing to remove redundancies and increase the learning technique of the classification model and 

accuracy [17]. Redundant data characterize some information that gives minimum or none to forecasting a targeted 

class, but it improves the feature vector size and offerings redundant computational complexities. Then, the 

precision of a classifier method has been degraded when irregular or no pre‐processing can be performed before 

encoding. These studies utilized Python’s NLP set of tools to pre-process the data. Initially, the text was converted 

into lowercase, and after that punctuation, links, and HTML tags, are eliminated. Formerly, stemming and 

lemmatization techniques were applied to clean up the stop words, and lastly, the text was separate. 

 Transformation to lowercase: the text is changed to lowercase. These models consider lower upper‐case words 

as dissimilar, manipulating the performance classification and the process of training. 

 Elimination of punctuation, URL links, tags, and numbers: They should not contribute to the classification 

accuracy then they offer no additional meaning for the learning method and improve the space of feature. 

Hence, removing them helps in reducing the space of features. 

 Stemming and Lemmatization: These stages aim to minimize inflectional forms and sometimes derivative-

related forms of the word to the usual baseline. 

 Elimination of stop words: Stop words are regularly applied words that present no valued data. 

 

B. Word Embedding 

For word embedding process, word2vec model is used. This model works on the important principle that the 

context word usage condenses its intrinsic meaning [18]. Essentially, this method creates a multi-dimensional 

vector demonstration for every word, preserving either semantic or syntactic associations between words. The 

vector distances among individual words imitate the human insight of word relationships. This model has presented 

two main architectures: Skip‐gram and Continuous Bag‐of‐Words (CBOW). CBOW concentrates on forecasting 

a targeted word depending on the nearby contextual words inside a particular window, while Skip‐gram 

concentrates on forecasting contextual words assumed a targeted word in an assumed contextual window. This 

architecture is agreed as simple neural networks including input, output, and hidden layers (HL). However, an 

activation function of Softmax has been utilized for the output layer, Word2Vec also includes algorithm 

improvements such as hierarchical Softmax and negative sampling for reducing computation complexities. 
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In this work, we utilized the Word2Vec method application offered by the Gensim library in the programming 

language of Python. The parameter values are chosen according to our preceding investigation, which intended to 

recognize suitable settings for optimum outcomes. Using both the Skip‐gram structure, we advanced a unique 

method for the new sentences and 3 further methods for sentences exposed to particular modifications like 

synonym replacement back translation, and function word deletion. For training the method based on these clear 

techniques, we gained a vector of words for every obtainable word. We deposited the individual vector of words 

and their corresponding terms in a binary file format with the Gensim library and the Key Vector class, generating 

a complete dictionary‐like framework. Fig. 2 represents the structure of word2vec model. 

 

Figure 2. Structure of word2vec 

C. Classification using PNBM Model 

Besides, the DAFSC-PNBM model uses PNBM model for classification. The simple concept related to the 

Pythagorean Neutrosophic set (PNS) is explained below [19]. Let 𝑋 be a non‐ universal or empty set. The PNS 

with 𝜓 and 𝜅 as dependent membership 

𝐴 = {〈𝑥, 𝜓𝐴(𝑥), 𝜍𝐴(𝑥), 𝑘𝐴(𝑥)〉|𝑥𝜖𝑋}{〈                                                (1) 

Here, 𝜍𝐴, 𝜅𝐴, 𝑎𝑛𝑑 𝜓𝐴 are indeterminacy, false, and truth memberships respectively. 

0 ≤ 𝜓2 + 𝜅2 ≤ 1                                                                   (2) 

0 ≤ 𝜓2 + 𝜍2 + 𝜅2 ≤ 2                                                           (3) 

Assume 𝜒1 = (𝜓𝑥1
, 𝜍𝑥1

, 𝜅𝑥1
), 𝑥2 = (𝜓𝑥2

, 𝜍𝜒2
, 𝜅𝑥2

) and 𝑥 = (𝜓𝑥 , 𝜍x, 𝜅𝑥) as a PNSs, then the operational rules are 

expressed as follows: 

𝑥1 ⊕ 𝑥2 = (√𝜓𝑥1
2 + 𝜓𝑥2

2 − 𝜓𝑥1
2 𝜓𝑥2

2 , 𝜍𝑥1
𝜍𝜒2

𝜅𝑥1
𝜅𝑥2

)                           (4) 

𝑥1 ⊗ 𝑥2 = (𝜓𝜒1
𝜓𝜒2

, 𝜍𝜒1
+ 𝜍𝜒2

− 𝜍𝜒1
𝜍𝜒2√𝜅𝜒1

2 + 𝜅𝜒2
2 − 𝜅𝜒1

2 𝜅𝜒2
2 )                (5) 

𝜇𝑥 = (√1 − (1 − 𝜓𝜒
2)𝜇𝜎𝜇𝜅𝜒

𝜇
)𝑤ℎ𝑒𝑟𝑒𝜇 ∈ ℜ 𝑎𝑛𝑑 𝜇 ≥ 0                  (6) 

𝜒𝜇 = (𝜓𝑥
𝜇
, 1 − (1 − 𝜍𝜒)𝜇𝑡√1 − (1 − 𝜅𝑥

2)𝜇)  𝑤ℎ𝑒𝑟𝑒 𝜇 ∈ ℜ 𝑎𝑛𝑑 𝜇 ≥ 0.        (7) 

Consider 𝑝, 𝑞 ≥ 0 with 𝜒𝑖 = (𝜓𝑖(𝑥), 𝜎𝑖𝜅𝑖 whereas (𝑖 = 1,2,3, … , 𝑛) is a PNS, where PNBM is formulated as 

follows:  

𝑃𝑁𝐵𝑀 (𝑥1, 𝑥2, … , 𝑥𝑛)
𝑝,𝑞 = (

1

𝑛(𝑛 − 1)
⊕𝑖,𝑗=1

𝑖≠𝑗

𝑛 (𝑥𝑖
𝑝
⊗ 𝑥𝑗

𝑝
))

1
𝑝+𝑞

           (8) 
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Step1: Generate the Direct‐Relation Matrix, 𝑋𝑘 

The matrix has been prepared by PNS to describe the straight relationship depending upon the preferences of 

creating decisions and evaluates the preference as a non‐negative matrix, 𝑋𝑘 = [𝑥𝑖𝑗
𝑘 ]𝑛×𝑛, whereas 1 ≤ 𝑘 ≤ 𝑚.  

Step2: Get the Collective Direct‐Relation Matrix 𝐴. 

Depending upon Eq. (8), PN‐NWBM unites straight relationship matrix 𝑋𝑘 = {𝑋1, 𝑋2, … , 𝑋𝑚} into a joined 

decision matrix 𝐴 = while 𝑎𝑖𝑗 = (𝜓𝑖𝑗 , 𝜍𝑖𝑗 , 𝜅𝑖𝑗). 

Step3: Deneutrosophication into crisp matrix 𝐵. 

The aggregated matrix 𝐴 = [𝑎𝑖𝑗]𝑚×𝑛 into matrix of crisp, 𝐵 has been deneutrosophicated in Eq. (9). 

𝐵 =
𝜓𝐴(𝑥) + 𝜍𝐴(𝑥) + 𝜅𝐴(𝑥)

3
                                                  (9) 

Step4: Regularize the matrix to consistent matrix 𝑍. Whereas, Eq. (10) was employed to regularize the procedure 

of matrix. 

𝑍 =
𝐵

𝑠
                                                                     (10) 

While 𝑠 = max∑ 𝑏𝑖𝑗
𝑛
𝑗=1  and every element in matrix 𝑍 fulfills with 0 ≤ 𝑧𝑖𝑗 < 1. 

Step5: Build the Total‐Influence Matrix 𝑇. Make the matrix of influence utilizing the below-mentioned 

formulation. 

𝑇 = 𝑍(𝑙 − 𝑍)−1                                                        (11) 

Here, 𝑙 denotes the matrix of identity. 

Step6: Calculate the Amount of Rows and Columns 

The 𝑅 and 𝐶 vectors are the number of rows and columns. Where the complete influence matrix 𝑇 was well-

defined. 

𝑅 = [𝑟𝑙̃]𝑛×1 = [∑𝑡𝑖𝑗

𝑛

𝑗=1

]𝑛×1                                             (12) 

𝐶 = [𝑐𝑙̃]1×𝑛 = [∑𝑡𝑖𝑗

𝑛

𝑖=1

]1×𝑛
𝑇                                                 (13) 

Step7: Network Relationship Map (NRM), the Value of Threshold  

The dataset graph was (𝑅 + 𝐶𝑡𝑅 − 𝐶). 𝑅 + 𝐶 and 𝑅 − 𝐶 denotes vertical and horizontal axis. 

D. Hyperparameter Tuning 

To increase the SA performance of the PNBM technique, the GWO model has been applied as a hyperparameter 

tune process. Mirjalili et al. proposed GWO algorithm based on the social intelligence of grey wolves living in 

groups containing 5 to 12 individuals [20]. The algorithm integrates four different levels: 𝛼, 𝛽, 𝛿, and 𝜔 to replicate 

the observed leadership hierarchy in GWO. In this work, the hunting process is composed of 𝛼, 𝛽, and 𝛿 wolves, 

with 𝜔 wolves following the commands. These behaviors are expressed in the following: 

X⃗⃗ (𝑡 + 1) = X⃗⃗ p(𝑡) + 𝐴 . 𝐷⃗⃗                                                  (14) 

In Eq. (14), A⃗⃗  and D⃗⃗  are the coefficient vector, the vector of prey’s location is represented as X⃗⃗ p, and the wolf 

location in a 𝑑‐dimension space is indicated as 𝑋, 𝐷 signifies the number of variables, and the variable (𝑡) shows 

the iteration count: 

𝐷⃗⃗ = |𝐶 . X⃗⃗ p(𝑡) − 𝑋(𝑡)|                                                  (15) 

𝐴 = 2𝑎 . 𝑟1⃗⃗⃗  − 𝑎                                                          (16) 

𝐶 = 2. 𝑟2⃗⃗  ⃗                                                              (17) 
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Where the above equation is used to characterize A⃗⃗  and 𝐶 , where 𝑟1, 𝑟2 are randomly selected in the interval of 

[0,1]. During the iteration process, the component of 𝑎 is linearly dropped from 2 to 0. By randomly changing its 

position around the prey, a grey wolf gets closer to the prey using Eq. (15). 

The 𝑥1, 𝑥2, and 𝑥3 values are computed and defined by: 

𝑥1⃗⃗  ⃗ = 𝑋α
⃗⃗ ⃗⃗  − 𝐴1. (Dα

⃗⃗⃗⃗  ⃗), 

𝑥2⃗⃗⃗⃗ = 𝑋β
⃗⃗ ⃗⃗ − 𝐴2. (𝐷𝛽

⃗⃗ ⃗⃗  ), 

𝑥3⃗⃗⃗⃗ = 𝑋δ
⃗⃗⃗⃗ − 𝐴3. (𝐷𝛿

⃗⃗ ⃗⃗  )                                                           (18) 

In the swarm, the vectors 𝑥1⃗⃗  ⃗, 𝑥2⃗⃗⃗⃗ , and 𝑥3⃗⃗⃗⃗  are the three leading wolves (solution) at the given iteration 𝑡. These values 

are defined by following the calculations for 𝐴1, 𝐴2, and 𝐴3. Furthermore, the 𝐷𝛼 , 𝐷𝛽, and 𝐷𝛿  vectors are calculated 

by the following expression: 

𝐷α
⃗⃗ ⃗⃗  =→ |𝐶1

⃗⃗⃗⃗ . 𝑋α
⃗⃗ ⃗⃗  − 𝑋 |, 

𝐷β
⃗⃗ ⃗⃗  = |𝐶2

⃗⃗⃗⃗ . 𝑋β
⃗⃗ ⃗⃗ − 𝑋 |, 

𝐷δ
⃗⃗ ⃗⃗  = |𝐶3

⃗⃗⃗⃗ . 𝑋δ
⃗⃗⃗⃗ − 𝑋 |                                                           (19) 

The vectors 𝐶1
⃗⃗⃗⃗ , 𝐶2

⃗⃗⃗⃗ , and 𝐶3
⃗⃗⃗⃗  are defined by performing calculations. 

The 𝑎  vector, the key element for balancing exploration and exploitation in the GWO algorithm. As the number 

of iterations increases, the vector value is linearly decreased from 2 to 0 for all the dimensions: 

𝛼 = 2 − 𝑡.
2

max
𝑖

𝑡𝑒𝑟
                                                     (20) 

Here, the 𝑡 variable denotes the existing iteration count, “𝑡𝑒r” shows the overall amount of iterations for the 

optimization method. The GWO approach obtains a fitness function (FF) to gain higher classifier performance. It 

defines a positive integer to symbolize the greater performance of the candidate solutions. In this section, the 

minimization of the classifier rate of error can be determined for the FF, as specified in equation. (21).    

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖) = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒(𝑥𝑖) 

=
𝑛𝑜 𝑜𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
∗ 100                  (21) 

 

4. Result Analysis and Discussion 

The performance assessment of the DAFSC-PNBM model is investigated using the Amazon fine food reviews 

dataset [21]. The dataset has 35000 reviews under five ratings as indicated in Table 1. Table 2 represents samples 

of the dataset. 

Table 1: Details on Dataset 

Ratings Number Reviews 

Rating-1 7000 

Rating-2 7000 

Rating-3 7000 

Rating-4 7000 

Rating-5 7000 

Total reviews 35000 

 

 

Table 2: Samples of the Dataset 
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Ratings Text Summary 

Rating-5 Good Quality Dog Food 

Rating-1 Not as Advertised 

Rating-4 "Delight" says it all 

Rating-2 Cough Medicine 

Rating-5 Great taffy 

 

Fig. 3 provides the classifier results of the DAFSC-PNBM technique on the test database. Figs. 3a-3b demonstrates 

the confusion matrix with correct identification and classification of each 5 number of classes under a 70:30 

TRAP/TESP. Fig. 3c illustrates the study of PR, which stated higher values through every class. Finally, Fig. 3d 

depicts the investigation of ROC, illustrating efficient performances with better values of ROC for various numbers 

of classes. 

 

Figure 3. Classifier outcome of (a-b) 70% and 30% confusion matrices and (c-d) PR and ROC curves 

Table 3 portrays the classifier outcomes of the DAFSC-PNBM method under 70%TRAP and 30%TESP. The 

results displayed the better achievement of the DAFSC-PNBM method on product reviews.  

In Fig. 4, the average consequences provided by the DAFSC-PNBM approach under 70% of TRAP are underlined. 

On 70%TRAP, the DAFSC-PNBM approach achieves an average 𝑎𝑐𝑐𝑢𝑦 of 98.65%, 𝑝𝑟𝑒𝑐𝑛 of 96.64%, 𝑟𝑒𝑐𝑎𝑙 of 

96.63%, 𝐹1𝑠𝑐𝑜𝑟𝑒  of 96.63%, MCC of 95.79% and 𝐺𝑀𝑒𝑎𝑠𝑢𝑟𝑒 of 96.63%.  

In Fig. 5, the average performances given by the DAFSC-PNBM system on 30% of TESP are underscored. On 

30%TESP, the DAFSC-PNBM process reaches an average 𝑎𝑐𝑐𝑢𝑦 of 98.72%, 𝑝𝑟𝑒𝑐𝑛 of 96.79%, 𝑟𝑒𝑐𝑎𝑙 of 96.80%, 

𝐹1𝑠𝑐𝑜𝑟𝑒  of 96.79%, MCC of 96.00% and 𝐺𝑀𝑒𝑎𝑠𝑢𝑟𝑒  of 96.80%.  

Table 3: Classifier outcome of DAFSC-PNBM technique under 70%TRAP and 30%TESP 

Classes  𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑹𝒆𝒄𝒂𝒍 𝑭𝒔𝒄𝒐𝒓𝒆 𝑴𝑪𝑪 𝑮𝑴𝒆𝒂𝒔𝒖𝒓𝒆 
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TRAP (70%) 

Rating-1 98.53 95.64 97.15 96.39 95.47 96.39 

Rating-2 98.70 96.70 96.76 96.73 95.92 96.73 

Rating-3 98.29 95.97 95.46 95.71 94.64 95.71 

Rating-4 98.98 97.48 97.40 97.44 96.80 97.44 

Rating-5 98.76 97.39 96.37 96.88 96.11 96.88 

Average 98.65 96.64 96.63 96.63 95.79 96.63 

TESP (30%) 

Rating-1 98.61 95.82 97.13 96.47 95.61 96.47 

Rating-2 98.74 96.75 97.02 96.89 96.10 96.89 

Rating-3 98.35 96.19 95.50 95.84 94.81 95.84 

Rating-4 99.05 97.60 97.69 97.64 97.04 97.64 

Rating-5 98.85 97.62 96.66 97.14 96.42 97.14 

Average 98.72 96.79 96.80 96.79 96.00 96.80 

 

Figure 4. Average of DAFSC-PNBM technique under 70%TRAP 

 

Figure 5. Average of DAFSC-PNBM technique under 30%TESP 
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Figure 6. 𝐴𝑐𝑐𝑢𝑦 Curve of DAFSC-PNBM technique 

In Fig. 6, the training (TRA) and validation (VLA) accuracy results of the DAFSC-PNBM approach are described. 

The correct consequences are calculated for 0-25 number of epochs. The figure underlines that the TRA and VLA 

accuracy outcomes determine an enhanced tendency that informed the proficiency of the DAFSC-PNBM 

technique with superior performance across different numbers of iterations. Furthermore, the TRA and VLA 

accuracy remains nearer over the epoch counts, which illustrates lower minimal overfitting and displays the better 

results of the DAFSC-PNBM methodology, assuring steady prediction on hidden instances. 

In Fig. 7, the TRA and VLA loss graphs of the DAFSC-PNBM process are demonstrated. The loss performance 

is calculated for 0-25 number of epochs. It is portrayed that the TRA and VLA accuracy values indicate a reducing 

tendency, stating the proficiency of the DAFSC-PNBM approach in balancing a trade-off between data fitting and 

generalization.  The steady decline in loss outcomes additionally assurances the superior results of the DAFSC-

PNBM technique and tuning the prediction performances on time. 

 

Figure 7. Loss curve of DAFSC-PNBM technique 

The comparison study of DAFSC-PNBM model with recent techniques can be portrayed in Table 4 and Fig. 8 

[22]. The experimental outcomes depicted that the DAFSC-PNBM method outshined improved performances. 

According to 𝑎𝑐𝑐𝑢𝑦, the DAFSC-PNBM system has greater 𝑎𝑐𝑐𝑢𝑦 of 98.72% whereas the SAPR-EGODL 

methodology, LSTM approach, LSTM-ReLU system, Deep LSTM algorithm, Ensemble  classifier, GoogleNet 

model, and Custom DLL methodologies have minimum 𝑎𝑐𝑐𝑢𝑦 of 97.90%, 92.55%, 89.65%, 93.13%, 93.24%, 

91.88%, and 88.65%, correspondingly. Similarly, depends  on 𝑝𝑟𝑒𝑐𝑛, the DAFSC-PNBM process has better 𝑝𝑟𝑒𝑐𝑛 

of 96.79% but the SAPR-EGODL methodology, LSTM approach, LSTM-ReLU system, Deep LSTM algorithm, 
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Ensemble  classifier, GoogleNet model, and Custom DLL systems have the least 𝑝𝑟𝑒𝑐𝑛 of 95.96%, 91.23%, 

92.02%, 94.14%, 91.52%, 88.83%, and 90.39%, individually. Lastly, based upon 𝐹𝑠𝑐𝑜𝑟𝑒, the DAFSC-PNBM 

methodology has a greater 𝐹𝑠𝑐𝑜𝑟𝑒 of 96.79% however, the SAPR-EGODL methodology, LSTM approach, LSTM-

ReLU system, Deep LSTM algorithm, Ensemble  classifier, GoogleNet model, and Custom DLL methodologies 

have the least 𝐹𝑠𝑐𝑜𝑟𝑒 of 96.09%, 90.16%, 93.02%, 92.38%, 90.43%, 90.18%, and 92.09%, appropriately.   

Table 4: Comparative analysis of DAFSC-PNBM technique with existing models 

Methods 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑹𝒆𝒄𝒂𝒍 𝑭𝒔𝒄𝒐𝒓𝒆 

DAFSC-PNBM 98.72 96.79 96.80 96.79 

SAPR-EGODL 97.90 95.96 95.90 96.09 

LSTM Classifier 92.55 91.23 93.50 90.16 

LSTM-ReLU 89.65 92.02 93.32 93.02 

Deep LSTM 93.13 94.14 90.80 92.38 

Ensemble Model 93.24 91.52 94.27 90.43 

GoogleNet Method 91.88 88.83 92.97 90.18 

Custom DLL Model 88.65 90.39 94.42 92.09 

 

Figure 8. Comparative analysis of DAFSC-PNBM technique with existing models 

5. Conclusion  

In this article, we have developed a novel DAFSC-PNBM model for Product Reviews. The presented DAFSC-

PNBM method mainly aims to determine the nature of sentiments based on product reviews. Initially, data 

preprocessing is performed to increase the product review qualities. For the word process of embedding, word2vec 

model is used. Besides, the DAFSC-PNBM model uses PNBM model for classification. To increase the SA 

performance of the PNBM technique, the GWO model has been applied as a hyperparameter tune process. The 

experimentation outcome analysis of the DAFSC-PNBM method occurs and the outcomes are studied under 

several features. The experimental study indicated the improvement of the DAFSC-PNBM method above the 

modern techniques. 
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