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back about various products. Data Mining and Machine Leaning techniques are
familiar to analyse such kind of data to visualise and know the potential use of
the purchased items through online. The customers are making quality of prod-
ucts through their sentiments about the purchased items from different online
companies. In this research work, it is analysed sentiments of Headphone review
data, which is collected from online repositories. For the analysis of Headphone
review data, some of the Machine Learning techniques like Support Vector Ma-
chines, Naive Bayes, Decision Trees and Random Forest Algorithms and a Hy-
brid method are applied to find the quality via the customers’ sentiments. The
accuracy and performance of the taken algorithms are also analysed based on
the three types of sentiments such as positive, negative and neutral.
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1. Introduction

Social media and digital platforms produce massive amounts of data every second
due to the growth of online shopping and e-commerce, gathering consumer re-

views and opinions about a wide variety of products. These reviews, which offer
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important insights into customer sentiment and product quality, are increasingly
being kept in online repositories and databases. This review data is an essential
tool for businesses looking to better understand customer perceptions and en-
hance their products, as well as for potential customers. Effective analysis of this
data necessitates sophisticated data mining and machine learning techniques,
which can reveal patterns and trends in user feedback that would be challenging
to find by hand. One popular use of data mining and machine learning is senti-
ment analysis, which aims to evaluate the thoughts and feelings that customers
express in their reviews. Businesses can determine the perceived quality and usa-
bility of their products by analyzing customer sentiment, which is frequently di-
vided into three categories: positive, negative, and neutral.

In order to automatically classify and predict sentiments based on review data,
Machine Learning Techniques like Support Vector Machines (SVM), Naive Bayes
(NB), and Random Forest (RF) are crucial to this analysis. In order to categorize
the sentiments that customers express, to apply a number of machine learning
algorithms to sentiment analysis of headphone review data that was gathered from
online repositories.

The architecture for processing and evaluating customer reviews to ascertain
sentiment polarity, particularly in the Boat Headphone dataset gathered from
Flipkart, is depicted in Figure 1. Customer reviews are the first step in the process,
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Figure 1. Architecture of research work.
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and they are prepared by using preprocessing techniques. Lowercase conversion,
stop word removal, punctuation and symbol removal, stemming, tokenization,
and emoji removal are some of these methods. Following preprocessing, the data
is converted into a numerical format so that machine learning algorithms can use
it.

The data is fed into different classification algorithms for sentiment analysis
after it has been processed. Among these algorithms are Random Forest, Decision
Tree, Support Vector Machine (SVM), and Naive Bayes. A Proposed Algorithm,
in this case a hybrid model known as SDA (Support Vector Machine and Decision
Tree Algorithm), is presented alongside these conventional algorithms. Every al-
gorithm determines whether customer reviews are positive, negative, or neutral
by classifying their polarity.

The organization of the research work is chapter 2 discusses the literature re-
view, chapter 3 describes the dataset, chapter 4 discusses the Materials and Meth-
ods, chapter 5 presents the experimental results, and chapter 6 discusses the con-

clusion are as follows.

2. Literature Survey

A literature review offers a thorough summary of the body of knowledge and the-
oretical frameworks pertaining to a particular topic, which forms the critical basis
of scholarly research. As a result, a thorough literature review is crucial for deter-
mining the significance and novelty of new research as well as providing a critical
lens through which current knowledge is evaluated and expanded upon.

A research work carried out by Loukili ef al in [1], in which that the artificial
intelligence methods like Machine Learning and Natural Language Processing de-
termine the results of various algorithms, including KNN, Random Forest, Lo-
gistic Regression, and CatBoost Classifier, indicate that LR is the model with the
highest accuracy, scoring a 0.900 (or 90%). Another research carried out by Mu-
jawar ef al in [2], in which that the sentiment analysis methods work when used
on user reviews of wireless earphones from the Indonesian online retailer Tokope-
dia. The results show that the Naive Bayes classifier’s superior performance across
several evaluation metrics, it is determined to be the best method overall.

A research paper titled as “A combined approach of sentimental analysis using
machine learning techniques”, done by Gupta et al in [3], in which accuracy of
more than 78%, the Random Forest classifier is shown to be the best-performing
approach among the models tested and the most useful model for sentiment anal-
ysis in this work. Another research work carried out by Elangovan, Durai, and
Varatharaj Subedha in [4], in which the Deep Belief Network (DBN) is used for
sentiment classification in the suggested technique. The APGWO-DLSA ap-
proach proved to be the most effective method in the research after a series of tests
showed its superior performance, reaching a maximum accuracy of 94.77% on the
Cell Phones and Accessories (CPAA) dataset and 85.31% on the Amazon Products
(AP) dataset.
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A research work titled as “Sentiment analysis and fake amazon reviews classifi-
cation using SVM supervised machine learning model” carried out by Tabany,
Myasar, and Meriem Gueffal [5], in which that the SVM model acquires 70% of
accuracy and it is superior to Naive Bayes, Logistic Regression, and Random For-
est classifiers. The SVM’s performance was further enhanced through hyperpa-
rameter tuning, which led to 93% sentiment analysis accuracy.

Reviews of the literature give a succinct overview of previous studies and shed
light on the state of knowledge today. It helps to direct the development of re-
search questions and assist in identifying research gaps. They determine the sig-
nificance and background of the new research by examining earlier studies. They

also bolster methodological decisions and raise the research’s legitimacy.

3. Description of the Dataset

The Boat_Headphone Flipkart dataset 9977 instances, which was obtained from
Kaggle and has attributes like user reviews and ratings, is shown in Figure 2. The
dataset is split into training and testing subsets in order to assess the effectiveness
of sentiment prediction models. 2019 examples make up the testing set, which is
used to evaluate how well the model generalizes to previously undiscovered data.
This division enables a thorough assessment of the model’s efficacy and accuracy

in gauging sentiments from user reviews and ratings.

MORE

nice,and this was my first time when i bought and headphone or and electronics item and glad to say on the first time only iloved it ® % ¥ it's a very excellent
product. Thanks boat for making such a nice product keep making such and the most Thanks to flipkart team for delivering such a nice product by risking there Iif...READ

review rating
[t was nice produt. | like it's design a lot. It's easy to camry. And. Looked stylish. READ MORE 5
awesome sound....very pretty to see this nd the sound quality was too good | wish to take this product loved this product & % = READ MORE 5

awesome sound quality. pros 7-8 hrs of battery life (including 45 mins approx call time)Awesome sound output. Bass and treble are really very clear without equaliser.

With equaliser, sound wary depends on the handset sound quality Weightless to carry and in head tooMic is good, but in traffic it is not too good (3.25/5)3.5mm Option is 4
really important to mention. Really expecting other leading brands to implement this.ConsVery tight in ears. adjusters are ok .. this Il be very tight. READ MORE

I think it is such a good product not only as per the quality but also the design is quite good . I m using this product from January ... In this pandamic situation it has

became the most useful and helpful . Overall the bass and the sound quality is pretty good and another thing that will give you such a sigh of relief that it will provide a 5
wire that will help you in case of lacking charges. READ MORE

awesome bass sound quality very good bettary long life and | have a purchase Rs 999 only really grateful product don't forget to likeREAD MORE 5

Awsome sound powerful bass battery backup is also excellent and i loved bass the most and I'm huge lover of music and the most bass design and build is also very

o

This product sound is clear and excellent bass. Obviously this is a good product valuable from meney. so guys any no daut this is a really good product... READ MORE 4
Should u buy this—Pros:-1. Sound quality and build quality is awesome2. Bluetooth connectivity is average3. Bass is clear and High % 4. Battery Backup is very good5.

U can use this as wire Headphone when u have no charge on headphone. (This is good)Cron:-1. If u use it for too long u can feel the painin urear2. its on the earnot 4
over the ear...if u need over the ear at this price go for Moto puls maxFinal opinion:--If u want good sound quality.. good bass and a wireless head..READ MORE

First of all, | want to talk about sound quality. The sound quality is best for this price segment. Bass is really punchy, mids are also good, but on high volumes, the sound
cracks a bit, otherwise it is really nice. 9/10 Then come the build quality. The build quality too is amazing. You cant get better headphones than these. They are sturdy 5
and very light, made out of very good quality plastic. 9.5/110.The thing | didn't like was that they are a bit tight. Sometimes, they become uncomforta. READ MORE

Good looking Super Fine clear Sound and power full bassREAD MORE 5

Figure 2. Sample Dataset of Boat Headphone Reviews

4. Methods and Materials

A systematic approach to sentiment analysis in customer reviews is used in this
research Methods and Materials, with a focus on the Boat Headphone dataset that
was gathered from Flipkart.
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4.1. Preprocessing Methods

Text mining relies heavily on preprocessing techniques because they improve the
quality and suitability of the data for analysis [6]. These methods help to eliminate
noise and inconsistencies from text by standardizing and cleaning it, making it
possible to derive more precise and insightful conclusions. Figure 3 illustrates the

steps involved in preparing the text data for further analysis.

Preprocessing Techniques *

P
Upper to Lower Stop word
Conversion Removal
S~
K P e
Punctuation .
Stemmin
Removal 9 Feature Extraction
v—\
N— Vectorization
Tokenization Lemmitization
- T a8

|

Figure 3. Preprocessing techniques.
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Lowercase Review: In this stage, all of the reviews’ text is changed to lowercase.
It lessens variability and enhances consistency in text processing by helping to
standardize the text and ensuring that terms like “Excellent” and “excellent” are

treated as the same term by the analysis.
f(x)zax2+bx+c (1)

Here f (x) is a function of x, and a,b and ¢ are constants. This is the
quadratic equation where the lowercase letters

Stopwords: Stopwords are frequently eliminated from texts because they don’t
significantly add meaning to sentiment analysis. Examples of these words are
“and,” “the,” and “is.” Eliminating these stopwords helps the model concentrate

on more significant terms by lowering noise in the data.
D'=D\S )

where D’ is the resulting document after removing all words that belong to the
stopword set S .\ denotes the set difference operation, remove from D' all the
elements are also in S . This yields document D' = {a)' SIERN } , containing
only the words from D that are not in the stopword set §'.

Review of the Tokenized Text: Tokenization divides the text into tokens. This
process is essential to convert continuous text into tokens that can be examined and
used as input for machine learning models.

T be a text sequence of characters {C1 ,Chsenns Cn}
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(T) be the tokenization function that splits 7 into words or meaningful

units.
St (1) = {0,050, G

Review of stemmed words: A stemmed word is reduced to its base or root
form. As an illustration, “running” could be stemmed to “run.” By combining
various word forms into a single representation, this technique can help the model
identify and analyze related terms more effectively [7].

The stemming process applied to the entire set of words W is then
W’ = {-fstem (wl)’-fstem (COZ)""’-fstem (wn )} = {a)l’wZ""’wn} (4)

Here W' represents the set of stemmed words, where each word @, hasbeen
transformed into root from @, by the function f .

Lemmatized Review: By taking into account the context and meaning of the
word, lemmatization reduces words to their base or root form more precisely than
stemming does. Lemmatized terms like “better” would be “good.” Text analysis

and sentiment prediction are improved by this method’s more accurate text nor-

malization.
Let
W= {000} 5)
Foreach @ in W
Jionma (@, POS(@,)) = o, 6)

Applying lemmatization to the entire set of words W yields

W, = {ﬁe}rl)rza ((01 H POS(wl ))’ f;emma (a)Z H POS (0)2 ))’ e ﬁemma (a)n H POS (a)n ))}

:{a)l,a)z,...,a)}

n

)

Together, these preprocessing procedures standardize, clean, and condense the
text data into a format that is suitable for sentiment analysis and other natural
language processing applications. The hybrid and Machine Learning approaches
were used in this research to assess the effectiveness of the methods and forecast
the sentiments expressed in customer reviews. These strategies include more so-
phisticated approaches like hybrid models that combine several techniques, as
well as more conventional ones like Support Vector Machines and Naive Bayes
algorithms. The objective was to evaluate these techniques’ performance through

comparative analysis and ascertain how well they classified sentiments.

4.2. Machine Learning Algorithms

By identifying patterns in the data and categorizing text into positive, negative,
and neutral categories, machine learning algorithms are essential for predicting
polarities in sentiment analysis tasks. Naive Bayes (NB), Support Vector Machine
(SVM), Decision Tree (DT), and Random Forest (RF) are frequently employed

algorithms for this purpose. Each of these algorithms makes use of a different
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strategy: DT and RF create decision rules based on feature values, SVM deter-
mines the best hyperplane for classification, and NB employs probabilistic tech-

niques.

4.2.1. Naive Bayes Algorithm
Based on the premise that the features used for classification are conditionally in-
dependent given the class label, Naive Bayes is a probabilistic classification algo-
rithm. Because of its simplicity, it can function well in high-dimensional spaces
and with little data [8]-[10]. Because of its efficiency and effectiveness in handling
large datasets, Naive Bayes often delivers robust performance in various applica-
tions, like text classification and spam filtering, despite its “naive” assumption that
rarely holds true in practice.

The Naive Bayes algorithm aims to find the class C that maximizes the pos-

terior probability P(c|X) using Bayes theorem

P(c| X):% (8)

since P(X) is constant for all classes

¢ = argmax CECP(X\C).P(C) 9)

To compute P(X |c), the Naive Bayes assumption assumes that the features

are conditionally independent given the class.
P(X]e)=]T. P(xlc) (10)

Its primary benefits are its simplicity of use and speed in producing probabilis-
tic predictions, which make it a preferred option for a variety of classification
tasks.

Thus, the equation for predicting the class ¢ is
c=argmax P(c)[ ], P(x |c) (11)
This equation forms the Naive Bayes classifier.

4.2.2. Support Vector Machine
Support Vector Machine (SVM) is a supervised learning algorithm used for clas-
sification and regression tasks. It works by finding the hyperplane that best sepa-
rates data points of different classes in a high-dimensional space. The optimal hy-
perplane maximizes the margin, or distance, between the closest data points of
each class, known as support vectors [11] [12]. SVM is effective in handling both
linear and non-linear classification problems through the use of kernel functions,
which map data into higher dimensions to make it linearly separable [13] [14].
The distance between the hyperplane and the closest data points is called the
margin

v, (a).xl. +b) >1 forall i (12)

Thus SVM optimization problem can be formulated as follows,
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min-|of (13)
Subject to
v, (a).xl. +b) >1,forall i (14)

Once @ and b aredetermined, a new data points x can be classified based

on the sign
f(x)=wx+b (15)

The predicted class for x
+1if f(x)>0
-1 /1 f(x)<0

In this way, SVM classifies new data points by finding which side of the hyper-

Class = sign (f(x)) = { (16)

plane.

4.2.3. Decision Tree Algorithm
A supervised learning technique used for both regression and classification prob-
lems are the decision tree algorithm. It builds a model in the shape of a tree struc-
ture, with each internal node standing for a feature-based decision, each branch
for the decision’s result, and each leaf node for the final classification or prediction
[15]-[17].

For a node with classes {C,,C,,...,C,} and probabilities P(c;) for each class

C .

G=1-Y" P(c) (17)

Measure the randomness in the information being processed. For a node with
classes {C,,C,,...,C,}

H=1-3" P(c,)log, P(c,) (18)

For a dataset D with entropy H (D) and a split on feature 4 resulting in
subsets D,,D,,...,D, theinformation gain /G for feature 4 is
D.
IG(D,A)= H(D)—ZZZIE’H(DJ.) (19)
Recursively dividing the dataset into subsets based on feature values that best
separate the data in accordance with a criterion—such as information gain or Gini
impurity—builds the tree. Decision trees are helpful for comprehending the deci-

sion-making process because they are simple to interpret and visualize.

4.2.4. SDA Hybrid Algorithm (Hybrid Algorithm)

The Novel Random Decision Algorithm, also known as the SDA Hybrid Algo-
rithm, was created to improve sentiment analysis of customer reviews. To increase
classification accuracy, this technique combines elements with decision-making
procedures [18]. In order to capture various facets of the sentiment landscape, the

SDA Hybrid Algorithm combines multiple decision trees, each trained on
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randomly selected subsets of the data. With the use of both traditional algorithms’
and structured decision-making, SDA seeks to build a strong model that can man-
age the complexity and variability of customer reviews. This hybrid method pro-
vides a more accurate and nuanced sentiment prediction from customer feedback
by reducing over fitting and enhancing generalization [19] [20].

Apply Decision Tree to segment X based on optimal splits

S =188y .8,} = for (X) (20)
where each S, C X represents a subset of data points
Vi :fSVM (Si) (21)

The overall prediction for the input features X is the combination of predic-

tions from subset
k
y= Ui:l Vi

5. Results and Discussions

(22)

The experimental findings in this research shed light on how well different hybrid
and machine learning approaches perform in predicting sentiment from customer
reviews [15] [16].

Figure 4 represents the outcomes of various preprocessing techniques applied
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Figure 4. Results of preprocessing techniques.
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to the text data. It highlights the impact of each technique on the quality of the
data before it is fed into analytical models. The preprocessing steps listed—such
as lowercasing, cleaning, stopword removal, tokenization, stemming, and lemma-
tization—are evaluated based on specific metrics, which might include text clarity,
data consistency, and model performance improvements.

Table 1 displays the word count by using vectorization method, one can see
how frequently particular words appear in the dataset and how frequently they
appear in customer reviews. Words with corresponding counts, such as “good,”
“sound,” “product,” and “quality,” are listed in the table. For instance, “good” is
the most frequently occurring word with 4276 occurrences. It is followed by

“sound” with 2827 occurrences and “product” with 2658.

Table 1. Frequency of words in customer reviews

Words Count Words Count
Good 5325 Best 1143
Sound 2334 Read 1023
Product 2764 Product 1032
quality 2643 Awesome 976
Ear 912 Battery 956
Price 730 Headphone 1674

While Naive Bayes shows competitive performance, particularly in the Positive
category, it performs less well when it comes to classifying sentiments that are
neutral. Understanding the terms that customer use most frequently in their re-
views can be greatly aided by looking at this figure, which offers insights into im-

portant themes and sentiments shown in Figure 5.
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Figure 5. Frequency of words repeated in reviews.

These steps were improved performance and accuracy in sentiment analysis by
preparing the dataset for the application of algorithms such as Naive Bayes, SVM,
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Random Forest, and hybrid models.

Change in Review Length through Preprocessing Stages
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Figure 6. Length of reviews in different phase.

The lengths of the reviews before lowercasing, cleaning, tokenization, stopword
removal, lemmatization, and stemming are displayed in the columns along with
the rating and original review lengths. The impact of each preprocessing step on
the text data is displayed in Figure 6.

Table 2 represents the review text’s initial length in terms of characters or words
before any preprocessing was done. These metrics enable a thorough comparison
of each preprocessing method’s efficacy. It aids in quantifying the amount of re-
dundancy or noise eliminated at each step. The text is optimized for tokenization,
feature extraction, and classification algorithms by offering insights into how the
dataset is transformed for machine learning models.

Table 3 represents a comparison of the sentiment polarity identification per-
formance of four distinct classification algorithms: Decision Tree, Naive Bayes,
Support Vector Machine (SVM), and SDA (a hybrid algorithm). Precision, recall,
and F1-score for three sentiment categories—Negative, Neutral, and Positive—as
well as the support (number of samples) for each category are used to assess each
algorithm’s performance.

The existing algorithms and hybrid algorithm for sentiments extraction form
the customer reviews using Naive Bayes (NB), Random Forest (RF), Decision Tree
(DT), Support Vector Machine (SVM), and the SDA hybrid algorithm counts
(positive, neutral, and negative) are displayed in Figure 7.

In determining the sentiment polarity (negative, neutral, and positive) of a
dataset, this table shows the effectiveness of a number of machine learning algo-

rithms, including Decision Tree, Naive Bayes, Random Forest, Support Vector
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Table 2. Length of reviews in each preprocessing phase.

reviewlength ratinglength L?wercase ('lleaned Tf)kenized Stf)pwords ler‘nmatized Stemmed review
review length  review length review length Review length review_length length
99 1 99 97 94 63 63 63
200 1 200 196 216 152 152 150
164 1 164 159 169 117 115 108
218 1 218 214 215 145 144 137
189 1 189 180 217 150 147 139
132 1 132 127 125 85 84 84
153 1 153 144 147 104 104 100
287 1 287 255 272 181 180 176
99 1 99 95 78 53 53 52
166 1 166 161 161 106 103 101
509 1 509 487 503 352 346 329
70 1 70 61 73 48 48 48
100 1 100 97 95 64 64 56
267 1 267 256 269 187 186 176
182 1 182 161 200 142 142 138
450 1 450 436 426 281 275 262
84 1 84 75 85 57 57 57

Table 3. Polarities predicted by algortihms.

Sentiments NB RF DT SVM SDA
Positive 1743 1801 1754 1758 1832
Neutral 264 207 238 251 165
Negative 12 11 27 10 22

Blues Heatmap of Sentiment Predicted Counts by Each Algorithm
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Figure 7. Polarities Predicted by Algorithms.
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Table 4. Performance analysis of algorithms.

Decision Tree Algorithm

Polarity Identification precision recall fl-score
Negative 0.9 0.75 0.82
Neutral 0.75 0.6 0.67
Positive 0.85 0.93 0.89

Naive Bayes

Negative 0.85 0.7 0.77
Neutral 0.75 0.6 0.67
Positive 0.9 0.95 0.92

Random Forest

Negative 0.83 0.5 0.68

Neutral 0.78 0.7 0.73

Positive 0.87 0.93 0.9
Support Vector Machine

Negative 0.85 0.73 0.79

Neutral 0.72 0.57 0.64

Positive 0.85 0.89 0.87

SDA Algorithm (Hybrid Algorithm)

Negative 0.98 0.98 0.98
Neutral 0.95 0.9 0.92
Positive 0.96 0.96 0.96

Machine, and the hybrid SDA algorithm (Support Vector Machine + Decision
Tree). The precision, recall, F1-score, and support metrics are used to evaluate
each model’s performance, as shown in Table 4. Considered the other algorithms,
the SDA (hybrid) algorithm is the best model for identifying sentiment polarity in
this dataset shown in Figure 8. All sentiment classes receives nearly flawless scores
on every metric, indicating that it strikes the best balance between accuracy and
dependability when determining sentiment polarities.

SVM and Naive Bayes perform reasonably well, while Random Forest and De-
cision Tree have lower recall, particularly for negative and neutral sentiments. The
accuracy of several algorithms in a classification task is shown in the Table 5. With
an accuracy of 72%, the Naive Bayes algorithm performed moderately. With an
accuracy of 82%, the Support Vector Machine (SVM) outperformed the others,
indicating a strong capacity for accurate data classification.

The decision tree algorithm yields 78.20% accuracy. It was marginally less com-
pared with SVM, but it was still quite good. At an amazing accuracy of 96.01%, the
suggested approach—dubbed SDA—significantly outperformed the other algorithms.
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Figure 8. Comparison of Predicting Sentiments by Algorithms

Table 5. Accuracy of algorithms

Algorithms Accuracy %
Naive Bayes 72.0
Support Vector Machine 82.0
Random Forest 84.1
Decision Tree 78.2
SDA (Proposed method) 96.0

Accuracy of Algorithms
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Figure 9. Accuracy of algorithms

The substantially of higher accuracy is 96.01%, the SDA (Proposed method)
outperformed the traditional algorithms by a wide margin. Figure 9 shows that
the suggested approach is very good at identifying the underlying patterns in the

data, which results in predictions that are more accurate.
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6. Conclusion

Customer review data posted in social media are usefull to know the products
quality and further analysis. In order to find the performance of machine learning
algorithms, the boat headphone reviews are given as input to thee chosen algo-
rithms. The existing machine learning algorithms Naive Bayes, Support Vector
Machine, Random Forest and Decision Tree and a hybrid algorithm namely SDA
are utilised to find the performance and efficiency of the algorithms in terms of
its precision, recall, f1-score as well as the accuracy. The polarities of the chosen
dataset are identified in order to find the sentiments of the customer reviews.
From the experimental results of this approach, it is found that the performance
of the hybrid algorithm is better than the other existing algorithms. Hence, it is
concluded that the hybrid algorithm yields better results and analysed the cus-
tomer reviews for sentiments. In future some of the other machine learning algo-
rithms are applied in the same procedure to find the sentiments as well as accuracy

using different kinds of customer reviews data.
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