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ABSTRACT 

 

Digital reviews have become crucial in boosting worldwide communication among customers and significantly 

influence purchasing decisions. Platforms like Amazon and Flipkart allow customers to share their experiences, 

providing authentic insights into product performance for potential consumers. To extract meaningful insights 

from a large number of reviews, it is crucial to categorize them into positive and negative sentiments. Sentiment 

Analysis, a approach for extracting subjective information from text, is utilized in this process. In this study, we 

analyse over 9374 reviews and classify them into positive and negative sentiments using Sentiment Analysis. We 

applied various classification models, including Naïve Bayes, Logistic regression, Random Forest and K-Nearest 

Neighbors (KNN), to perform this classification. 

 

Keywords: Big data, Sentiment Analysis, Opinion mining, Naïve Bayes, Logistic regression, Random Forest, 

KNN, Machine learning. 

 

  

INTRODUCTION 

 

With the growing demand for headphones, the market is expanding rapidly. This surge in the headphone industry calls 

for a comprehensive review of different brands and models. Numerous brands dominate the market, with names like 

Oneplus, Boat, Realme, Sony recognized worldwide.  

 

E-commerce acts a pivotal role in boosting headphone sales and impacting consumer buying habits. Reviews on 

platforms like Flipkart.com help guide consumers in making informed decisions. Shoppers can give a numerical rating 

from 1 to 5 or write detailed reviews about their purchases. Given the huge number of products from various brands, 

relevant and accurate reviews are essential. 

 

The sheer volume of reviews can be overwhelming, similar to handling big data. To help manage this, classifying 

reviews by sentiment—positive or negative—can provide clearer insights for potential buyers. This classification helps 

future customers evaluate feedback more constructively and make better decisions based on their needs. 

 

In this research, we've extracted unstructured headphone review data from Flipkart.com. We filtered out the noisy data 

and pre-processed it to calculate the sentiment of the reviews using supervised learning and unsupervised learning. We 

then classified the reviews using several machine learning models, including Naïve Bayes, Logistic Regression, K-

Nearest Neighbors (KNN), and Random Forest.  

 

By organizing reviews this way, potential buyers can quickly see the pros and cons of different headphones, helping 

them make more informed choices. This process also enhances user credibility, as it provides detailed and trustworthy 

feedback about headphone products. 

 

RELATED WORK 
 

Data analytics has revolutionized our ability to uncover implicit patterns in vast amounts of data. Big Data is 

characterized by Volume, Velocity, and Variety, but Veracity and Value are also crucial components[1]. The massive 

volume and rapid generation of data every day surpass the computational capabilities of numerous IT departments. E-

commerce websites, for example, are filled with various reviews for various products, which can be analyzed to 

understand customer behaviour and make decisions. These reviews can be structured or unstructured, and by filtering out 

irrelevant data, we can extract beneficial business perceptions. Big Data has enabled businesses to prosper and enhance 

operations based on evidence rather than intuition. It aids in targeted social influencer marketing, customer segmentation, 



International Journal of Enhanced Research in Science, Technology & Engineering 

ISSN: 2319-7463, Vol. 5 Issue 1, January-2016 

 

Page | 193 

 

identifying sales and marketing opportunities, fraud detection, risk quantification, planning and forecasting, and 

understanding consumer behavior [2]. 

 

Sentiment analysis involves identifying the sentiment of reviews and categorizing them as positive, negative, or neutral. 

This analysis can be conducted at the document, sentence, or phrase level [3]. Prior research has classified words and 

phrases with inherent positive or negative polarities [4]. While this prior classification is helpful, contextual polarity can 

significantly alter the meaning. By considering contextual polarity, ambiguity is reduced, and the intended sentiment is 

preserved [5][6]. 

 

Extensive studies have been performed on tweets and movie reviews to establish the groundwork for sentiment analysis 

and opinion mining. Sentiment classifiers have been developed to classify sentiments not only in English but also in 

other languages using data from platforms like Twitter [7]. For instance, smartphone product reviews have been assessed 

based on their positive and negative orientations [8]. Advanced sentiment analysis systems, such as those using Support 

Vector Machines (SVM), account for sarcasm, grammatical errors, and spam detection [9]. Enhanced Naïve Bayes 

models have improved sentiment analysis by incorporating methods like effective negation handling, word n-grams, and 

feature selection [10]. 

 

Sentiment analysis extends beyond English to other languages. For example, sentiment analysis of Chinese text has been 

conducted using multiple classifiers, including Centroid classifier, K-nearest neighbor, Window classifier, Naïve Bayes, 

and SVM, with SVM often outperforming others [11]. In travel reviews, SVM and character-based N-gram models have 

shown better execution than Naïve Bayes [12]. In most cases, SVM typically provides the best results compared to other 

classification models. 

 

Overall, sentiment analysis is not limited to critiques or Twitter data but is also relevant to stock markets [13][14], news 

articles [15] and more. This broad applicability underscores its importance in extracting meaningful insights from large 

datasets across various domains. 

 

METHODS 
The suggested method of the work is done by following three various segments. 

 

Dataset and its Attributes 

The initial step involves data collection and preprocessing. A huge amountof online reviews is gathered from the e-

commerce website Flipkart.com. The data set consists of more than 9374 reviews of earphones and headphones. It 

includes nine attributes as mentioned in Table 1. 

 

Table 1: Features of the Dataset 

 

Feature Description

Product_id Identity number of the Product 

Product_name Model name of the product along with manufacturing brand

Rating User rating between 1 to 5 

Summary Review title based on user's rating 

Review User reviews provided for each product

Location User locations

Date On which date the product was bought 

Upvotes Total Number of upvotes received 

Downvotes Total Number of downvotes received  
 

Approach 

The proposed framework adheres to a systematic approach outlined in Fig. 1. First, we collected experimental data 

from the e-commerce website Flipkart.com. The data sets are in Comma Separated Values (CSV) format and are 

available as supplements.  

 

Next, we pre-processed the data to clean it up by removingstop words, punctuation marks, whitespaces, digits, and 

special symbols using ‗nltk‘ package. After that, we performed feature selection to derive the most key sights from the 

data set. Out of nine features, we focused on three: Product Name, Rating, and Review.  
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Next, we determined the sentiment polarity of the reviews. Then, we tagged each review with 'Positive' or 'Negative' 

labels to facilitate supervised learning. Finally, we trained and tested the classified data using Naïve Bayes, Logistic 

regression, Random Forest and K-Nearest Neighbors (KNN).  

 

Sentiment Analysis 

The process for analyzing sentiment in product reviews are shown in figure 1. as follows 

Fig. 1 Proposed Method 

 

Here, we focused solely on positive and negative sentiment orientations to classify the reviews. Figure 2 shows the 

ratio of positive and negative reviews in the dataset, visualized with a bar graph. 

 

Classifications 

Classification involves leveling reviews based on their sentiment into two classes: Positive and Negative. Using the 

Vader, we calculated sentiment scores for each positive and negative review. These scores are then included in the 

reviews dataset. The overall sentiment polarity is calculated using the formula shown in Fig. 3, as given by Eq. 1: 

 

Sentiment Score = Positive Score – Negative Score 

 

This formula helps determine the overall sentiment of each review. 

After calculating the polarity of each review, we add a new feature based on their sentiment. The reviews are marked as 

‗Positive‘ and ‗Negative‘ Based on their polarity score. Positive scores are scaling and Negative scores are scaling from 

-1 to -10. These subsets are then combined in a CSV file along with their corresponding reviews. 

 

Fig. 2. Total Positive and Negative Reviews 



International Journal of Enhanced Research in Science, Technology & Engineering 

ISSN: 2319-7463, Vol. 5 Issue 1, January-2016 

 

Page | 195 

 

 

Fig. 3: Sentiment score of the review 

 

Classifiers 

The classification models are used to classify reviews are : Naïve Bayes, Logistic regression, Random Forest and K-

Nearest Neighbors (KNN). 

 

Naïve Bayes  
Naïve Bayes is a classification model based on Bayes‘ Theorem, which implies independence among factors. This 

model is easy to build and particularly beneficial for handling extensive datasets. It works on Bayes‘ theorem of 

probability to predict the class of unknown datasets. Essentially, it is a statistical classifier that assigns input feature 

vectors to output class labels. 

 

For a set of training data D, each row is represented by an n-dimensional feature vector, X = (x1, x2, … , xn). There are 

K classes, K1, K2, … , Km, in the output class label. For every tuple X, the classifier predicts that X belongs to Ki 

if and only if: 

 

P(Ki|X) > P(Kj|X) 

 

where i, j ∈ [1, m] and i = j . The probability P(Ki|X) is calculated as: 

 

P(Ki|X) = ∏
n
a =1 P(xa∣Ki) 

 

This formula means that the probability of X belonging to class Ki is the product of the probabilities of each feature xa 

given Ki. 

 

Logistic Regression 
Logistic regression is utilized to forecast the probability of an outcome with only two possible values (a dichotomy). It 

makes predictions using one or more predictors, which can be either numerical or categorical. Linear regression is 

ineffective for predicting binary outcomes for two key reasons: 

 

1. Linear regression can predict values outside the appropriate range, such as probabilities exceeding the 0 to 1 

range. 

2. The residuals would not necessarily spread around the expected axis since binary outcomes can only have one 

of two possible values for each observation. 

 

In contrast, logistic regression creates a logistic curve with values exceeding from 0 to 1. Instead of directly using 

probabilities, logistic regression uses the natural logarithm of the target variable's "odds" to construct the curve. 

Additionally, the predictors in logistic regression do not need to be normally distributed or have the same variance 

across categories to be effective. 

 

Random Forest 
Random Forest is an effective procedure that combines multiple decision trees to improve classification performance. 

When using single tree classifiers like decision trees, factors like outlier data or noisy data can detrimentally affect the 

classifier's accuracy. Random Forest addresses these issues by introducing randomness, making it highly resistant to 

noise and outliers. 
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This classifier model generates two types of randomness: data randomness and function randomness. It also has several 

hyperparameters to tune, such as: 

 

- The number of trees to build in the forest. 

- The maximum number of features to select at random. 

- The maximum height of each tree. 

 

Because it uses the principles of bootstrapping and bagging, Random Forest is considered a reliable and accurate 

classifier. 

 

K-Nearest Neighbors (KNN) 
For this approach, we selected KNN (K-Nearest Neighbors) as the classifier. Given that sentiment analysis is a binary 

classification task and involves large datasets, KNN is well-suited for our needs. We used a manually leveled training 

set to train the classifier. In the training set, there is an X:Y relationship where X represents the score of the review, and 

Y indicates whether the review is positive or negative. The score of the review related to a feature within the review is 

provided as input to the KNN classifier. 

 

RESULTS AND DISCUSSIONS 

 

In this study, the input consists of customer reviews, and the output is the sentiment column, derived from the rating 

column. The reviews undergo data pre-processing before feature vectors are created using vectorization techniques like 

Count Vectorizer. These feature vectors are then used as input for machine learning models such as Naïve Bayes, 

Logistic Regression, Random Forest, K-Nearest Neighbors (KNN). We use 80% of the dataset to train and 20% to test 

the models. After training, the machine learning models predict the sentiment of the reviews. 

 

Performance Evaluation 

After testing and training the dataset, we calculate the predictive accuracy to determine the best model. Among them, 

the Random Forest has highest predictive accuracy among all of them.  

 

Table 1: Model Accuracy 
 

Model Name Accuracy 

Naïve Bayes 96.32% 

Random Forest 97.37% 

 

Logistic Regression 
96.17% 

K-Nearest Neighbors 96.42% 

 

 
 

Fig. 3. Comparison between Classifier models 
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Equation/Formula 

1. Accuracy (ACC): 

   ACC = {TP + TN} / {TP + TN + FP + FN}  

   Where: 

 TP is the number of true positives (correct identifications). 

 TN is the number of true negatives (Accurate non-positives). 

 FP is the number of false positives (Incorrect identifications). 

 FN is the number of false negatives (incorrect rejections). 

 

2. Sensitivity (Recall): 

   Sensitivity = {TP} / {TP + FN}  

Sensitivity is also known as recall or true positive rate. It evaluates the ability of the model to accurately detect  positive 

instances. 

 

3. F1 Score: 

   F1 Score = {2 * Precision * Recall} / {Precision + Recall} 

   Where: 

   Precision = {TP} / {TP + FP} is the precision or positive predictive value. 

The F1 score is the Interquartile mean of precision and recall and provides a stability between the two metrics. 

 

4. Specificity: 

   Specificity = {TN} / {TN + FP}  

Specificity evaluates the ability of the model to Accurately detect negative instances. 

 

 
 

Fig. 4. Confusion Matrix of Naïve Bayes 

 

 

Fig. 5. Output of a review 

 

CONCLUSION 

 

Online reviews play a pivotal role for fostering trust and persuading customers in the field of digital market. With so 

many reviews out there, it's essential to manage this information and effectively showcase authentic reviews to 

consumers. Our research aims to do just that by performing sentiment analysis on earphone reviews and sorting them 

into positive and negative sentiments. 

 

After sorting the data as positive and negative reviews, we used four classification models to sort the reviews. We used 

Naïve Bayes, Logistic Regression, K-Nearest Neighbors (KNN), and Random Forest for this task. Among these, 

Random Forest model showed the best predictive accuracy. The accuracy results were cross-validated, with the highest 

accuracy achieved being 97.44% for the Random Forest   model. 
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Looking ahead, this work can be expanded to execute multi-class classification of reviews. This would give more 

detailed insights into the nature of each review, helping consumers make better decisions about products. Additionally, 

it could predict a product's rating based on the review content, offering users more reliable ratings. Sometimes, the 

rating given to a product and the sentiment of the review don't align perfectly, and this approach could help bridge that 

gap. This proposed extension would be highly beneficial for the e-commerce industry, enhancing user satisfaction and 

trust by providing more accurate and detailed feedback. 
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