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Abstract 

Redundant, irrelevant, and high-dimensional features give inaccurate results in SA. Feature selection (FS) is an 

important step in the SA preprocessing process that improves classification accuracy, precision, recall, and F1 score 

by reducing feature dimensionality and overcoming underfitting and overfitting by selecting relevant features. 

Additionally, FS significantly reduces computing time, complexity, and storage. This paper uses a hybrid method 

with the one-way ANOVA filter and recursive feature elimination wrapper to handle the high-dimensional Amazon 

review dataset problem. This method improves the performance of Amazon reviews regarding classification 

accuracy, precision, recall, and F1 score. Four feature selection techniques, such as one-way ANOVA with RFE, 

Mutual Information (MI), Genetic Algorithm (GA), and Principal Component Analysis PCA with six classifiers (K-

Nearest Neighbor (KNN), Naïve Bayes (NB), Linear Support Vector Classifier (Linear SVC), Decision Tree (DT), 

Random Forest Classifier (RFC), and Logistic Regression (LR), are used in this study. The Amazon review dataset 

was used in this experiment. One-way ANOVA with RFE has reduced the 50% feature set to obtain a higher 

accuracy of 0.951 with the KNN classifier, a higher precision of 0.935 with the KNN classifier, a higher recall with 

the KNN classifier, and a higher F1-score with the KNN classifier. Other classifiers also get desirable accuracy, 

precision, recall, and F1-score. 

Keywords: feature selection; sentiment analysis; pre-processing; hybrid feature selection method; one-way 

ANOVA; recursive feature elimination (RFE). 

Introduction 

People provide reviews or feedback digitally for any 

product on an online platform or social media site. 

This huge amount of data is fruitful for business 

analytics, but this data must be processed properly 

[8]. This approach is known as sentiment 

classification. Sentiment classification, also called 

opinion mining, is a process where the extraction and 

comprehension of opinion, emotion, and feedback 

from the text document are represented in positive, 

negative, or neutral form [10, 13]. Reviews, ratings, 

comments, and customer feedback are all forms of 

electronic word-of-mouth (e-WOM). Currently, e-

WOM sentiment classification is widely used. It is 

among the key elements influencing how customers 

behave [9]. It has a great impact on the product 

purchase decision and business strategy. However, 

this data is in a huge volume and an unstructured 

format, which includes unwanted words like 

symbols, stop-words, and sometimes URLs. The 

manual search and evaluation of this data resulted in 

a significant overload [8]. Consequently, it is 

important to draw attention to the sentiment 

classification for product reviews [9]. 

Sentiment classification, or sentiment analysis 

(SA), is carried out on three levels: sentence, 

document, and aspect level [8]. In this study, we 

concentrate on sentence-level SA, utilizing tokenizers 

to process each sentence in the review and translate it 

into words. In SA, the important steps are text pre-

processing, feature extraction, and feature selection. 

Feature extraction creates a feature vector for 

machine-understanding form and feature selection; it 

extracts and selects the most important features. Text 

pre-processing, feature extraction, and selection are 

essential steps in textual SA [9]. 

The state-of-the-art methods of SA are primarily 

supervised and lexicon-based [10]. In the lexicon-

based method, the overall sentiment of the given text 

is obtained by finding and mapping each word to its 

category, which is positive, negative, or neutral, or by 

calculating the numerical score of each word. On the 

other hand, the supervised method depends on 

learning the classification model. This model learns 

from the training set's labeled data to find the testing 

data category [1]. However, feature selection 
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techniques in both methods find the most important 

feature for classification. 

In feature extraction, a feature vector is created 

for machine comprehension, while in feature 

selection, the most crucial features are extracted and 

chosen for SA. Specifically, feature selection selects 

the subset of relevant and most significant features, 

whereas feature extraction concentrates on finding 

and extracting emotion words and phrases [10]. 

Feature extraction and selection are crucial to reduce 

model complexity and storage needs and enhance 

performance [1]. 

In machine learning (ML) systems, there are three 

methods for selecting features: filter, wrapper, and 

hybrid. The filter method uses feature relevance 

statistics such as mutual information, one-way 

ANOVA, and Chi-Square to determine feature 

importance. Contrarily, the wrapper is a classifier-

dependent method that chooses features according to 

the ML's predicted classifier performance on a 

specific subset [9]. The learning algorithm process 

involved in feature selection is the reason it takes 

time. The hybrid feature selection methodology 

combines any filter and wrapper feature selection 

approaches to overcome the limitations of the filter 

and wrapper methods. The best hybrid feature 

selection strategy integrates the advantages and 

disadvantages of the wrapper and filter feature 

selection strategies. However, the hybrid feature 

selection strategy produced the best classification 

results. Moreover, the performance of ML is highly 

dependent on the size of its features. As a result, the 

ideal plan for overcoming the shortcomings of the 

filter and wrapper approaches is hybrid feature 

selection [9]. A large dataset's worth of redundant 

and irrelevant features can drastically lower machine 

learning models' effectiveness and seriously impair 

their performance [8]. They could also lead to issues 

with overfitting, underfitting, and the curse of 

dimensionality [4].  

This paper presents a hybrid feature selection 

method based on the one-way ANOVA filter method 

and the recursive feature elimination wrapper method 

to overcome the limitations of both methods. The 

one-way ANOVA is employed as an FS filter method 

to assess a feature's influence on a target class, and 

the RFE will rank the features by selecting the 

significant features. This hybrid method is compared 

with the other three state-of-the-art feature selection 

methods. 

The structure of this article is as follows: Section 

1: Introduction; Section 2: Review of Literature; 

Section 3: Methodology; Section 4: Word Cloud; 

Section 5: Feature Extraction and Feature Selection; 

Section 6: Classifiers and Comparison of Evaluation 

Metrics for Various State-of-the-Art Techniques; 

Section 7: Results and Discussion; Section 8: 

Conclusions with some findings. 

Review of Literature 

Alassaf and Qamar developed one-way ANOVA as a 

filter feature selection method to improve 

classification performance and handle the curse of 

dimensionality for classifying Qassim University, 

Saudi Arabia, tweets in the Twitter dataset. TF-IDF is 

used as a feature extraction method, and classifiers 

SVM, k-NN, LR, MLP, and NB are used in this 

study. SVM obtained good performance with an F1-

score of 88℅. 

 Yuce, Nielsen, and Wargocki used the Taguchi 

method, Grey Relational Analysis (GRA), and 

ANOVA to find optimization in CFD analyses of 

ventilation performance in construction. 

Kausar, Fageeri, and Soosaimanickam proposed a 

bag-of-words feature extraction approach to extract 

features from Amazon reviews. The word cloud 

visualization technique represents the words in the 

form of the frequency with which they appear in the 

review text. Logistic regression and decision tree 

machine learning classifiers were used to get an 

optimum accuracy of 99% with decision trees. 

J and U suggested the Pearson correlation 

coefficient-based Harris Hawks optimization-based 

Recurrent Neural Network-Long Short Term 

Memory (PCCHHO-RNN-LSTM) algorithm to 

minimize the data's dimensionality. MATLAB 

software with an RNN-LSTM classifier used for 

Amazon data got 95.8% accuracy. 

Khare et al. employ support vector machine 

(SVM) classifiers and the TF-IDF feature extraction 

method to remove sarcastic tweets from Twitter data 

from the Lok Sabha election.  

Chakraborty et. al. and Justin et al. suggested 

traditional methods. The AdaBoost, Random Forest 

Classifier (RF), Naive Bayes (NB), Decision Tree 

(DT), Support Vector Machine (SVM), deep learning 

methods, Convolutional Neural Network, and Long 

Short-Term Memory Network (LSTM) were used to 

obtain the polarity of Bengali textual Facebook 

comments and posts. LSTM achieved an improved 

accuracy of 96.95%. In the classical approach, RF 

and SVM achieve maximum accuracy of 78.37% and 

78.23%, respectively [6,34].  

 
Methodology               

Fig. 1 illustrates the process of this study, which 

begins with data collection and ends with the 

classification model's evaluation. 



Journal of Computational Analysis and Applications                                                                          VOL. 32, NO. 1, 2024 
   

                                                                                                                          10.48047/jocaaa.2024.32.01.82 

                                                                                                     1273                           Pankaj Kumar Gautam et al 1271-1284 

 

 

Fig. 1 The proposed hybrid framework for sentiment analysis 
 
 

Data Collection 

 
The Amazon dataset used in this experiment was 

obtained from https://kaggle.com in CSV format. 

This dataset has 568454 user ratings and reviews 

related to food (see Fig. 3). The score column is 

used to express product ratings. The dataset 

includes one more column of sentiment to 

represent the review's sentiment as positive, 

negative, or neutral. We have assigned positive 

reviews for ratings 4 and 5, negative reviews for 

ratings 1 and 2, and neutral reviews for rating 3. 

Due to computation constraints, we have taken 

10,000 reviews from this dataset, of which 7616 

are positive, 1522 are negative, and 862 are 

neutral (see Fig. 2; Table 1) 

 

.  

Fig. 2 Bar plot of sentiment counts 
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Table 1: Description of the Dataset 

 

 

Fig. 3 Screenshot of the Amazon Reviews Dataset 

Preprocessing 

Data gathered from social media platforms such as 

Amazon is typically unstructured. The collected data 

may contain grammatical, typographical, and noisy 

data (see Table 2). This means the text must be 

cleaned and pre-processed before any analysis. 

Preprocessing seeks to decrease the dimensionality of 

the analysis and the input data. Some redundant 

words should be eliminated because they do not 

affect the text's polarity. Case conversion, HTML tag 

removal, null value removal, punctuation mark 

removal, URL removal, number removal, stop word 

removal, slang word removal, tokenization, and 

lemmatization are included in data preprocessing 

approaches [1]. 

Stop-word Removal: The goal of this work is to 

exclude words or tokens from the text document that 

are frequently called "functional words" because they 

are meaningless words like "this," "is," "but," "and," 

etc. Removal of stop-words decreases computational 

complexity and does not impact classification 

because they appear repeatedly in a text. Stop-words 

in the English language are employed in this study [6, 

12]. 

Punctuation, numbers, and special characters 

Removal: The text's sentiment is not significantly 

affected by using numbers, punctuation, or special 

characters. Therefore, they must be removed. The 

dimensions of the data decrease when these terms are 

removed [6, 11]. 

Case conversion: Uppercase and lowercase words 

have the same sentiments; therefore, words and 

tokens must change from uppercase to lowercase 

before processing [6].  

URL removal: Since Uniform Resource Locators 

(URLs) are not important in determining the 

sentiment of a text, they should be removed from 

user-provided text reviews [3, 6]. 

Tokenization: Strings, or statements, are divided 

into tokens, which are collections of words, phrases, 

symbols, and other keywords. For example, the 

phrase "Ram is a good player" breaks into the tokens 

"Ram," "is," "good," and "player" [4]. 

Lemmatization: Writing words in a text does not 

follow a set format. As a result, even though a word 

in a review paragraph is written differently, it still has 

the same meaning. Lemmatization, which converts 

each of these terms into a base form found in a 

dictionary, can assist in eliminating this requirement. 

We call this form a lemma. WordNetLemmatizer was 

employed in this investigation for lemmatization [7, 

12]. 

Dataset Reviews Class Category No of Reviews 

Amazon 10000 Positive 

Negative 

Neutral 

Food products Positive: 7616 

Negative: 1522 

Neutral: 862 
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Table 1 Review before and after preprocessing 

Before pre-processing After pre-processing 

"I have bought several of the Vitality canned dog food 

products and found them all good quality. The product 

looks more like a stew than processed meat and smells 

better. My Labrador is finicky, and she appreciates this 

product better than most.” 

['bought',' several', 'vitality', 'canned', 'dog ', 'food ', 

'products ',' found', 'good', 'quality', 

 'product', 'looks',' like', 'stew ', 'processed ', 'meat ', 

'smells ', 'better ', 'labrador', 'finicky ',' appreciates ',  

'product ',' better'] 

 

Word Cloud 

The dataset contains many common words. The word 

cloud visualization approach visually shows these 

most commonly used terms. This study describes 

three visualizations: positive sentiment visualization, 

negative sentiment visualization, and neutral 

sentiment visualization. Fig. 4 shows that all positive 

words appear frequently in their corresponding word 

cloud [14]. 

Fig. 4 

shows the most common words used in positive reviews. 

Feature Extraction 

Representation is an important stage in sentiment 

classification. Raw data generally contains noise, 

which needs to be filtered using various pre-processing 

techniques. After preprocessing, the data is 

transformed into a term-document matrix, or TDM, 

which counts the occurrences of every single word. 

Two feature extraction techniques supported by the 

TDM are TF-IDF and bag-of-words. A word's TF-IDF 

score is determined by multiplying its TF and IDF; this 

score can be found by multiplying these two parts. The 

terms that appear most frequently in the review dataset 

are assigned a higher weight in the TF score than 

others. The IDF scaling factor gives more importance 

to the least common words in the sample. This score is 

lower for common and unusual words than for other 

word categories. If we exclude terms with low TF-IDF 

values, we can eliminate them. [5, 15] 

TF-IDF: This technique, which considers both term 

frequency (TF) and inverse document frequency 

(IDF), can extract information. Every phrase and word 

has a unique TF and IDF mark assigned to it. A term's 

TF*IDF weight is calculated by adding its entire TF 

and IDF product scores [5]. 

Hybrid Feature Selection 

In sentiment analysis, the primary goal of feature 

selection is to identify the optimal collection of 

features that enables the construction of practical 

models. Creating an effective prediction model is the 

main objective of most applications. Finding the 

factors that improve this accurate prediction is another, 

and occasionally even more crucial, task. This 

involves narrowing down the large set of observed 

variables to those containing information rather than 

noise [33]. Several feature selection techniques have 

been presented to report the set of genuinely relevant 
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variables, each based on a different set of concepts and 

methods. A hybrid feature selection is used in this 

study. [30] A hybrid feature selection was used in this 

investigation. The first method is the one-way 

ANOVA filter method based on the F-value as a score 

or weight of the feature. Following this feature 

selection procedure, the output is sent to the wrapper-

based attribute reduction technique, RFE. To assess 

the suggested hybrid feature selection framework, the 

resulting feature subsets are sent to the classification 

algorithms [33]. 

Recursive Feature Elimination (RFE)  

Recursive Feature Elimination (RFE) is one of the 

wrapper feature selection methods. It is an attribute 

selection method based on brute force, which looks for 

a subset of features. All features in the training dataset 

are used at first, and it successfully removes the 

weakest features until the target number of features is 

left. Features in RFE are categorized based on the 

characteristics of the model. With recurrent feature 

deletion, RFE eliminates dependencies and co-linearity 

from a model by removing a specified number of 

features every cycle [30]. 

The Recursive Feature Elimination Algorithm is 

described as follows [30]: 

Algorithm. Recursive Feature Elimination 

Tune/Train the model on the training set using all 

predictors 

Calculate model performance 

Calculate variable importance or rankings 

for each subset size Si, i=1,2,.. S do 

      Keep the Si's most important variables 

      Tune/Train the model on the training set using Si, 

predictors 

      Calculate model performance 

end for 

Calculate the performance profile over the Si 

Determine the appropriate number of predictors 

Use the model corresponding to the optimal Si 

   

One-way ANOVA 

 

In the feature space, one-way ANOVA has 

demonstrated its efficacy in resolving high-

dimensional problems. To find the features most 

relevant to a machine learning task, a one-way 

ANOVA is employed as an FS filter method to assess 

a feature's influence on a target class. If the variance, 

the average of the squared deviations from the mean, 

differs between classes, then the feature impacts the 

target class. Other features are completely ignored 

when measuring the association between each feature 

and the target variable separately. Consequently, 

regardless of the correlation between features, a one-

way ANOVA selects the feature based on the variance 

difference across classes [33]. 

𝐹 − 𝑣𝑎𝑙𝑢𝑒 =
𝑀𝑆𝐵

𝑀𝑆𝑊
                      eq. (1) 

Where MSB is the between-group variability, defined 

as: 

𝑀𝑆𝐵 =
𝚺𝒊𝑛𝑖(𝑥𝑖̅̅ ̅−𝑥̅)

𝑔−1
                                                eq. (2)   

Where 

 ni= number of observations in the ith group 

𝑥𝑖̅=sample mean in the ith group 

𝑥̅= group mean of the data 

MSW= within-group variability, defined as: 

𝑀𝑆𝑊 =
𝚺𝐼𝐽𝑛𝑖(𝑥𝑖𝑗−𝑥𝑖̅̅ ̅)2

𝑛−𝑔
                                          eq. (3) 

Where 

xij=jth sample in the ith group,  

g= number of groups. 

 

Only m% of the top-scoring features will be used for 

the training and testing phases. We have taken 10%, 

30%, and 50% top-scoring F-value features. 

INPUT: A pair (E, Y), where E is the features obtained 

by TF-IDF and Y represents the class of each feature. 

Also, m% denotes the percentage of the selected 

features [1]. 

OUTPUT: A subset of features obtained based on the 

F-value. 

Begin 

1. n_classes = count(y) 

2. For each Ej€ (E, Y) 

3. n_sample_per_classes = Count (Yi) 

4.n_samples = Count ((E, Y)) 

5. debug = n_classes-1// Degrees of freedom between 

classes 

6. dawg = n_samples-1 //Degrees of freedom within 

classes 

7. ss_all_features = sum (square (E)) 

8. sum_all_features = sum (E) 

9. square_of_sum_all_features = square 

(sum_all_features)                             

10. SStota l= ssall_features-
square_of_sum_all_features

n_samples
 

11. SSbg = 0 

12. For each Yi € Y do 

13. SSbg= SSbg + 
square(sum(Eyi))

count(E, Yi)
 

14. End For 
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15. SSbg = SSbg - -
square_of_sum_all_features

n_samples
 

16. SSwg =SStotal - SSbg 

17. Msb =
SSbg

dfbg
 // Variance between classes 

18. Mwb =
SSwg

dfwg
// Variance within classes 

19. F- value =
Mwg

Mwg
//Score of the feature 

20. End For 

21. Ascending Order (Based on value) 

21. FS=Select (The highest %m of E based on the F-

value) 

22. Return (FS) 

 

End 

Mutual Information (MI) 

In feature selection theory, features that provide 

meaningful information about a class are considered 

relevant, while features that don't offer much 

information about the output class are deemed 

irrelevant. Finding the informative features that 

provide the most information about the output class is, 

therefore, necessary. For this reason, two methods 

were proposed to quantify the information conveyed 

between two random variables: information entropy 

and MI. Assume that there are two random variables, 

M = {m1, m2,…, mk} and N = {n1, n2,…, nk}, where 

k is the total number of samples. The quantity of 

knowledge known as MI is shared by variables N and 

M. MI is calculated using Eq. 4 [16]. 

𝐼(𝑀, 𝑁) = Σ𝑚∈MΣn∈N𝑝𝑑(𝑚. 𝑛)𝑙𝑜𝑔
𝑝𝑑(𝑚,𝑛)

𝑝𝑑(𝑚)𝑝(𝑛)
     eq. (4)             

Where, 

 

PD(m,n) = joint probability distribution  

 

PD(m) = probability distribution of M 

 

Pd (n) = the probability distribution of N. 

 

Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) is a technique to 

reduce dimension by converting higher-dimensional 

data sets into lower-dimensional ones. It does this by 

converting an interrelated feature data set into a new 

set of uncorrelated features, known as principal 

components (PCs), of which the first few hold most of 

the variation in the entire data set. The PCs linearly 

combine the actual features, with the first PC having 

the greatest variation and the second PC being the 

most orthogonal to the first PC in terms of variance 

across the other PCs. In that order, the subsequent PCs 

come. 

The fundamental premise of PCA is that while 

coordinates with smaller variations may be a source of 

noise that needs to be suppressed or ignored, 

coordinates with larger variations show the divergence 

between sample points. When two dimensions 

correlate, it indicates irrelevant information that won't 

be displayed. For this reason, PCA demands that the 

coordinates that come after be orthogonal to those that 

came before. Scaling has an impact on PCA. [18] 

Genetic Algorithm(GA) 

A probabilistic optimization technique called genetic 

algorithms was developed from the natural evolution 

of concepts [20]. In genetic algorithms, each 

chromosome stands for a point in the search space and 

could be a solution or response to the problem being 

investigated. The chromosomes (possible 

answers) consist of a set number of genes. A 

population is a collection of chromosomes. A fitness 

function for the problem must be developed before 

employing genetic algorithms to solve any given issue. 

In an optimization issue, the genetic algorithm 

generates n candidates or solutions, and X chooses the 

best candidate from the set. Certain features of each 

candidate solution are changed and mutated to create 

the best candidate solutions. The genetic algorithm 

looks for local optimal solutions to find the best global 

solution. [20] 

Classifier 

This study uses six classical algorithms (KNN, GNB, 

LSVC, DT, RFC, and LR) for prediction. 

Decision Tree (DT) 

A supervised machine learning model decision tree is 

utilized for both classification and regression. In a 

decision tree, the training data is regarded as the root 

node. An organized depiction of these mapping 

interactions is a decision tree. A tree can consist of one 

leaf node that is linked to a more comprehensive 

structure with a root node connected to two or more 

subtrees, or a more specialized category. A test node 

can forecast the result based on how an instance's 

properties are configured. Every possible result has a 

sub-tree linked to it [21]. 

Linear Support Vector Classifier (Linear 

SVC) 
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Support vector machine, or SVM, is a machine 

learning technique that can be applied to regression, 

outlier identification, and classification. Its linear form 

is called linear SVC [7]. A support vector classifier 

(linear SVC) uses the problem's dimensions to identify 

which line or hyperplane best fits the data. Dimension 

is another word for feature number. Because SVC 

ignores all outliers and just chooses the best 

hyperplane to distinguish between the classes, it is 

chosen [21]. 

Logistic regression (LR) 

A supervised machine-learning technique called 

logistic regression was developed to aid in 

classification problems. The problem is called a 

classification learning problem when the target 

variable is categorical. Logistic regression maps a 

function from the attributes of the dataset to the targets 

to forecast the likelihood that a new example will be 

among the target classes. Sometimes this algorithm is 

known by its other name, Maximum Entropy. The 

logistic regression classification algorithm is one of 

the mathematical creations belonging to the family of 

extended linear models. The odds of a trial's outcomes 

are described using the modeling technique known as 

logistic regression. A parameter grid with several 

values for the hyperparameters "C," "penalty," and 

"solver" to be employed in a logistic regression model 

is used for hyperparameter tuning [17, 19]. 

K-Nearest Neighbor (KNN) 

Machine learning may be done very well with the K-

Nearest Neighbor (KNN) method, which is easy to 

use. The application of it is advantageous for both 

regression analysis and classification. 

That said, classification prediction is where it is most 

frequently applied. Making predictions for fresh data 

based on its resemblance to previously taught data, the 

K-Nearest Neighbor method clusters data into coherent 

clusters or subsets. Using the class with which it 

shares the closest neighbors, the input is classified into 

the appropriate category [17]. 

Naïve Bayes (NB) 

Naïve Bayes is a straightforward classification that 

finds the probability from the sum of values and the 

frequency of available data. With the supposition that 

class one is independent (not interdependent), the 

probabilities of each class are calculated using the 

Bayes theorem, which forms the basis of Naïve Bayes. 

An additional definition is Naïve Bayes, a technique 

that uses past performance to forecast future 

opportunities. When used on huge datasets, Naïve 

Bayes has superior computing time and accuracy 

levels [17]. 

Here is how the Bayes' theories typically look: 

𝑃 (
𝐻

𝑋
) = 𝑃(𝐻). 𝑃(𝐻)/𝑃(𝑋)    eq. (5) 

Random Forest Classifier (RFC) 

A machine learning algorithm called Random Forest 

Classifier (RFC) can do both regression and 

classification. Several decision trees that are randomly 

chosen from a portion of the training data make up this 

approach. The votes cast by various decision trees 

accumulate to provide the classification results. 

The Random Forest method frequently makes use 

of a technique called bootstrap aggregation, or 

bagging. By using the bagging technique, the 

calculated prediction function's variance is 

decreased. This approach is thought to be efficient for 

high-variation data and low-bias processes, including 

tree-based techniques. When it comes to classification, 

every tree will yield a prediction result, which will 

subsequently be determined by taking the average of 

the results; that is, a majority vote will be cast [17]. 

Evaluation metrics 

Precision (P), recall (R), accuracy, and F1 Score (F) 

metrics are used to assess the performance of the 

system [3] [22] [23].  

TP (true positive): depicts correctly classified positive 

samples 

FN (false negative): depicts incorrectly classified 

positive samples 

FP (false positive): depicts incorrectly classified 

negative samples. 

TN (true negative): depicts correctly classified 

negative samples [2]. 

Precision is the proportion of true positives to the sum 

of true positives and false positives.   

 

PRE =
TP

TP+FP
                                eq. (6) 

Recall is the proportion of true positives to the sum of 

true positives and false negatives [33]. 

REC =
TP

TP+FN
                                                    eq. (7) 

Classification accuracy is the proportion of true 

positives (TP) and true negatives (TN) to the total 

number of instances [13]. 
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𝐀𝐂𝐂 =
𝐓𝐏+𝐓𝐍

𝐓𝐏+𝐓𝐍+𝐅𝐏+𝐅𝐍
                                             eq. (8) 

The F1 score is the harmony mean of precision and 

recall. This performance metric solves defects in 

precision and recall in multi-class imbalanced data 

[13]. 

 F1 Score = 2 ×
Precision×Recall

Precision+Recall
                      eq. (9) 

Results and discussion  

With the aid of auxiliary libraries, this study used 

Python 3 and Google Colab to carry out pre-

processing, ML modeling, visualization, and data 

purification. To create training and testing sets for 

sentiment classification, supervised machine learning 

was utilized. Once features were extracted and selected 

from the training and testing data, a classifier model 

(K-Nearest Neighbor (KNN), Naïve Bayes (NB), 

Linear Support Vector Classifier (Linear SVC), 

Decision Tree (DT), Random Forest Classifier (RFC), 

and Logistic Regression (LR)) was fed the features. 

Four feature selection techniques, such as one-way 

ANOVA with RFE, Mutual Information (MI), Genetic 

Algorithm (GA), and Principal Component Analysis 

(PCA), with classifiers KNN, GNB, LSVC, LR, RFC, 

and DT, are used. Here, with one-way ANOVA, this 

study has used 10%, 30%, and 50% features, and with 

mutual information, 10%, 20%, 30%, and 50% 

features were used. Table 3 depicts that one-way 

ANOVA with 50% feature + RFE and KNN has 

achieved the highest precision with 0.935 compared to 

the remaining feature selection methods and 

classifiers. Here, the base condition represents that no 

feature selection technique was used. Fig. 5 displays 

this scenario. Table 4 depicts that a one-way ANOVA 

with 50% feature + RFE and KNN achieved the 

highest recall with 0.951, followed by the remaining 

feature selection methods and classifiers. Fig. 6 

displays this condition. Table 5 depicts that one-way 

ANOVA with 50% feature + RFE and KNN has 

achieved the highest accuracy with 0.951 compared to 

the remaining feature selection methods and 

classifiers. Fig. 7 displays this condition. Table 6 

depicts that one-way ANOVA with 50% feature + 

RFE and KNN has achieved the highest F1-score with 

0.928, followed by the remaining feature selection 

methods and classifiers. Fig. 8 displays this scenario. 

Table 7 displays that one-way Anova with 10% feature 

+ RFE has decreased 90% features, one-way Anova 

with 30% feature + RFE has decreased 70% features, 

and one-way Anova with 50% feature + RFE has 

reduced 50% features. Mutual information with a 10% 

feature has reduced the feature set to 90%; mutual 

information with a 20% feature has reduced the feature 

set to 80%. Mutual information with a 30% feature has 

a 70% feature set; mutual information with a 50% 

feature has a 50% feature set. Genetic algorithms have 

selected only one feature, while principal components 

have selected only five features. 

 

Table 3: Precision comparison of six different classifiers using various feature selection techniques on the Amazon 

dataset 

Feature Selection Methods 
KNN 

(%) 

GNB 

(%) 

LSVC 

(%) 

LR 

(%) 

RFC 

(%) 

DT 

(%) 

BASE (without feature selection) 0.713 0.660 0.816 0.783 0.824 0.728 

One-way ANOVA with 10% feature + RFE 0.575 0.626 0.796 0.643 0.748 0.642 

One-way ANOVA with 30% feature + RFE 0.726 0.728 0.824 0.842 0.824 0.725 

One-way ANOVA with 50% feature + RFE 0.935 0.668 0.762 0.824 0.815 0.726 

Mutual Information with 10% feature 0.670 0.620 0.798 0.796 0.820 0.739 

Mutual Information with 20% feature 0.638 0.640 0.797 0.793 0.824 0.739 

Mutual Information with 30% feature 0.679 0.669 0.809 0.794 0.825 0.740 

Mutual Information with 50% feature 0.724 0.651 0.809 0.797 0.825 0.749 

Genetic Algorithm 0.664 0.024 0.575 0.575 0.575 0.575 

Principal Component Analysis 0.629 0.586 0.575 0.575 0.663 0.656 
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Fig. 5 A precision comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset 

Table 4: Recall the comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset. 

Feature Selection Methods 
KNN 

(%) 

GNB 

(%) 

LSVC 

(%) 

LR 

(%) 

RFC 

(%) 

DT 

(%) 

BASE (without feature selection) 0.763 0.561 0.836 0.815 0.802 0.738 

One-way ANOVA with 10% feature + RFE 0.758 0.740 0.818 0.734 0.865 0.801 

One-way ANOVA with 30% feature + RFE 0.809 0.737 0.846 0.594 0.885 0.809 

One-way ANOVA with 50% feature + RFE 0.951 0.702 0.795 0.594 0.879 0.809 

Mutual information with 10% feature 0.758 0.175 0.824 0.823 0.811 0.742 

Mutual information with 20% feature 0.757 0.232 0.823 0.821 0.810 0.748 

Mutual information with 30% feature 0.759 0.305 0.832 0.822 0.806 0.750 

Mutual information with 50% feature 0.758 0.384 0.832 0.823 0.804 0.759 

Genetic Algorithm 0.760 0.155 0.758 0.758 0.758 0.758 

Principal Component Analysis 0.734 0.733 0.758 0.758 0.723 0.712 

 

 

Fig. 6: Recall the comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset. 

 



Journal of Computational Analysis and Applications                                                                          VOL. 32, NO. 1, 2024 
   

                                                                                                                          10.48047/jocaaa.2024.32.01.82 

                                                                                                     1281                           Pankaj Kumar Gautam et al 1271-1284 

 

Table 5: Accuracy comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset 

Feature Selection Methods 
KNN 

(%) 

GNB 

(%) 

LSVC 

(%) 

LR 

(%) 

RFC 

(%) 

DT 

(%) 

BASE (without feature selection) 0.763 0.561 0.836 0.815 0.802 0.738 

One-way ANOVA with 10% feature + RFE 0.758 0.740 0.818 0.734 0.865 0.801 

One-way ANOVA with 30% feature + RFE 0.809 0.737 0.846 0.594 0.885 0.809 

One-way ANOVA with 50% feature + RFE 0.951 0.702 0.795 0.594 0.879 0.809 

Mutual information with 10% feature 0.758 0.175 0.824 0.823 0.811 0.742 

Mutual information with 20% feature 0.757 0.232 0.823 0.821 0.810 0.748 

Mutual information with 30% feature 0.759 0.305 0.832 0.822 0.806 0.750 

Mutual information with 50% feature 0.758 0.384 0.832 0.823 0.804 0.759 

Genetic Algorithm 0.760 0.155 0.758 0.758 0.758 0.758 

Principal Component Analysis 0.734 0.733 0.758 0.758 0.723 0.712 

 

 

Fig.7 Accuracy comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset 

 

Table 6: F1-score comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset 

Feature Selection Methods 
KNN 

(%) 

GNB 

(%) 

LSVC 

(%) 

LR 

(%) 

RFC 

(%) 

DT 

(%) 

BASE (without feature selection) 0.723 0.600 0.820 0.774 0.748 0.733 

One-way ANOVA with 10% feature + RFE 0.654 0.657 0.775 0.649 0.802 0.713 

One-way ANOVA with 30% feature + RFE 0.724 0.729 0.813 0.650 0.832 0.724 

One-way ANOVA with 50% feature + RFE 0.928 0.680 0.744 0.650 0.823 0.724 

Mutual information with 10% feature 0.661 0.193 0.804 0.788 0.767 0.740 

Mutual information with 20% feature 0.656 0.275 0.805 0.785 0.763 0.743 

Mutual information with 30% feature 0.656 0.370 0.813 0.786 0.757 0.745 

Mutual information with 50% feature 0.657 0.454 0.813 0.788 0.751 0.754 

Genetic Algorithm 0.672 0.042 0.654 0.654 0.654 0.654 

Principal Component Analysis 0.662 0.650 0.654 0.654 0.682 0.676 

 

 



Journal of Computational Analysis and Applications                                                                          VOL. 32, NO. 1, 2024 
   

                                                                                                                          10.48047/jocaaa.2024.32.01.82 

                                                                                                     1282                           Pankaj Kumar Gautam et al 1271-1284 

 

 

Fig. 8 F1-score comparison of six different classifiers using various feature selection techniques on the 

Amazon dataset 

Table 7 Feature size comparison 

Feature selection technique No of features 

Base Experiment 19336 

One-way ANOVA with 10% feature + RFE 1933 

One-way ANOVA with 30% feature + RFE 5799 

One-way ANOVA with 50% feature + RFE 9665 

Mutual information with 10% feature 1933 

Mutual information with 20% feature 3866 

Mutual information with 30% feature 5799 

Mutual information with 50% feature 9665 

Genetic Algorithm 1 

Principal Component Analysis 5 

 

Conclusion 

Hybrid feature selection is an important step in the 

SA pre-processing process that has improved 

classification accuracy, precision, recall, and F1-

score by reducing feature dimensionality and 

removing irrelevant and redundant features. By 

selecting only relevant features of the study, it also 

helps to overcome underfitting and overfitting 

problems. Additionally, FS reduces computing time, 

complexity, and storage.  

This study illustrates that each feature selection 

strategy has reduced feature set comparison with the 

base experiment hybrid feature selection method with 

one-way ANOVA, and RFE has reduced the 50% 

feature set to obtain a higher accuracy of 0.951 with 

the KNN classifier, higher precision with 0.935 with 

the KNN classifier, higher recall with the KNN 

classifier, and a higher F1-score with the KNN 

classifier. Other classifiers also get desirable levels of 

accuracy, precision, recall, and F1-score, which 

indicate that overfitting and underfitting have been 

removed. The reduced feature set of 50% with higher 

accuracy in precision, recall, accuracy, and F1-score 

indicates that this study has reduced the feature set to 

its optimum level by removing irrelevant and 

redundant features. It also represents that 

dimensionality has been reduced to its optimum 

level. In the future, we can deduce the possibility of 

this hybrid feature selection approach from other 

feature selection methods, datasets, or classifiers.  
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