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Abstract

Sentiment analysis plays a crucial role in identifying and interpreting
emotions within textual data such as customer feedback, social media
posts, and reviews. This study presents a sentiment classification system
categorizing text into neutral, negative, and positive sentiments, aiding
organizations in understanding public opinion and enhancing decision-
making. To ensure accuracy, the system pre-processes data using cleaning
algorithms to remove noise and irrelevant elements. The proposed model
employs the TextBlob library for sentiment classification, leveraging its
built-in predictive capabilities, while the clean-text library optimizes pre-
processing by eliminating punctuation, stopwords, and unnecessary
spaces, and standardizing text to lowercase. Key metrics such as polarity
and subjectivity assess model performance to ensure reliable outcomes. A
Streamlit-based interface enables user-friendly interaction, allowing
organizations to extract actionable insights from large datasets. This
sentiment analysis tool facilitates improved customer satisfaction, product
refinement, and data-driven decision-making.
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1. Introduction

Determining the sentiment bias (positive, neutral, or negative) of textual data is a common task for sentiment
analysis. This facilitates better decision-making across a range of industries, including retail, digital payment
services [1], stock and financial markets, and goods, to name a few. Researchers that investigate text-based
sentiment analysis frequently try to calculate sentiment evaluations using a 10-point or 1-5 scale, where higher
scores denote more favourable comments. Although there are a number of machine learning algorithms that are
often employed for sentiment analysis, deep learning has gained popularity recently and demonstrated
encouraging outcomes. Researchers have also looked at a variety of word embedding techniques, such as well-
known techniques like Word2Vec and sophisticated transformer-based pre-trained models like bi-directional
encoder representations.

These sophisticated models have shown improved text categorization performance. There is a notable research
gap on deep learning algorithms, particularly those that examine and contrast different embedding procedures.
Both English and non-English datasets exhibit this disparity. Furthermore, research on data augmentation
techniques in supervised deep learning systems to increase prediction accuracy is lacking, according to a recent
study [2]. This method is frequently employed in image processing and as a regularization approach to create new
data from pre-existing data; however, when applied to text data, it creates standard guidelines for automation.
Due of the difficulty of doing so, this is restricted to a few cases. The quality of annotations is preserved
throughout text data conversion [3]. Customers are faced with a plethora of user reviews when deciding whether
to purchase a good or service, which makes it time-consuming to read and evaluate them all. Similar to this,
businesses who wish to gather feedback from the public, market their goods, find new customers, predict sales
trends, or uphold their reputation face the challenge of managing a sizable collection of gathered customer
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reviews. Technologies for sentiment analysis offer a solution by making it possible to analyze vast volumes of
data and extract customer sentiment. Customers and businesses alike benefit from this insight in reaching their
goals [4]. Sentiment analysis is a field of computer science that examines people's opinions as expressed in written
language by processing text to derive opinion data.

This project presents a robust and user-centric solution for sentiment analysis of brand reviews, integrating
advanced natural language processing (NLP) techniques with accessible tools to deliver significant benefits for
businesses. By automating the classification of sentiments, the system effectively eliminates the need for manual
review, reducing human bias and accelerating the analysis process, especially when dealing with large-scale
datasets. The incorporation of the clean-text library enhances text preprocessing by meticulously removing
irrelevant elements such as stopwords, extra spaces, and punctuation, thereby improving the accuracy and
reliability of sentiment predictions.

Central to the project's innovation is the utilization of Streamlit, which provides an intuitive web-based interface
that caters to both technical and non-technical users. This user-friendly interface allows seamless interaction with
the tool, enabling users to easily input individual reviews or upload bulk datasets via CSV files. Additionally, the
ability to download processed results further streamlines workflows, making the system highly practical and
scalable for businesses of all sizes across various industries. The integration of multiple Python libraries, including
TextBlob, pandas, and clean-text, ensures a cohesive and efficient system that can be readily incorporated into
existing business processes.

Moreover, the project emphasizes scalability and adaptability, allowing organizations to analyze customer
feedback comprehensively, identify emerging trends, and make informed, data-driven decisions to enhance
customer satisfaction and refine their offerings. The system's design supports both individual and large-scale
analyses, providing valuable insights that help businesses pinpoint areas of strength and opportunities for
improvement. By delivering a seamless combination of automation, advanced preprocessing, and an accessible
interface, this sentiment analysis framework stands out as a superior tool for modern businesses seeking to
leverage customer feedback to drive strategic growth and maintain a competitive edge.

2. Related work

In recent years, sentiment analysis has emerged as a critical tool for understanding customer feedback and
improving brand perception. Traditional sentiment analysis tools, such as VADER and basic implementations of
TextBlob, primarily focus on categorizing text into broad sentiment categories like positive, negative, or neutral.
While effective for general sentiment classification, these tools often lack the depth and flexibility required for
more nuanced analyses. For instance, VADER is optimized for short, informal texts typically found on social
media platforms, but it is limited to the English language and does not assess the subjectivity of the content.
Similarly, basic TextBlob implementations provide polarity and subjectivity scores but may not fully leverage
TextBlob’s capabilities for more detailed analyses tailored to specific domains or complex datasets. Our project
builds on these traditional methods by integrating advanced text preprocessing techniques and interactive
visualizations using Plotly, offering a more comprehensive and user-friendly framework for sentiment analysis
of brand reviews. This approach not only automates the classification of sentiments but also provides actionable
insights and recommendations, making it a valuable tool for businesses seeking to enhance customer satisfaction
and refine their offerings.

2.1. Reference Studies

The proposed sentiment analysis model leverages advancements in natural language processing (NLP) to address
limitations identified in prior studies and enhance usability in real-world applications. In Pang and Lee's work
(2008) [1], sentiment classification relied heavily on traditional machine learning methods such as Naive Bayes,
Support Vector Machines (SVM), and Maximum Entropy. These methods offered high accuracy in binary
classification but lacked the ability to understand context. Our proposed model overcomes this by leveraging
advanced transformers like BERT, which capture deep contextual meanings and support multi-class sentiment
classification. This makes it more suitable for nuanced real-world applications.
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Similarly, Liu (2012) [2] emphasized lexicon-based sentiment analysis, focusing on polarity and aspect-based
sentiment analysis. While Liu’s approach was efficient and simple, it struggled with context-dependent sentiment
and lacked dynamic interaction. Our model integrates TextBlob for polarity and subjectivity scoring but enhances
it with advanced text preprocessing to handle complex and ambiguous texts effectively. Moreover, the inclusion
of an interactive Streamlit interface ensures ease of use for both technical and non-technical users, making
sentiment analysis accessible to a broader audience.

Kumar, Soni, and Sinha (2019) [3] conducted a case study using TextBlob and NLTK for customer feedback
analysis, demonstrating the simplicity and effectiveness of these libraries for small datasets. However, their model
lacked scalability and advanced visualizations. In contrast, our model extends this functionality by enabling batch
processing of large datasets via CSV uploads and providing dynamic visualizations, such as bar charts and pie
charts, for a more comprehensive analysis. This makes the tool practical for analyzing both individual reviews
and bulk data.

Zhang, Zhang, and Liu (2019) [4] surveyed various sentiment analysis techniques, highlighting the advancements
in rule-based, machine learning, and deep learning methods. However, their work primarily focused on
summarizing existing approaches without delving into modern implementations like transformers. Our model
incorporates cutting-edge transformers (BERT) and combines them with TF-IDF for feature extraction, ensuring
high accuracy, scalability, and adaptability to various datasets and applications. The VADER sentiment analysis
tool introduced by Hutto and Gilbert (2014) [5] is another important reference, known for its ability to handle
social media text with slang, negations, and emoticons. While VADER is lightweight and fast, it is limited to
short texts and struggles with larger datasets. Our model addresses this limitation by supporting large-scale batch
processing and incorporating BERT to analyze text with improved contextual understanding, making it applicable
to longer reviews and diverse datasets.

In the study by Saif, He, and Alani (2010) [6], semantic sentiment analysis for Twitter used word embeddings to
capture relationships between words, which proved effective for short texts. However, this approach is limited
when applied to longer texts and general customer reviews. Our proposed model expands on this by enabling
multi-class sentiment analysis that handles diverse datasets beyond social media, such as product and service
reviews. Bollen, Mao, and Zeng (2011) [7] focused on sentiment analysis of Twitter data to predict stock market
trends, introducing the concept of time-series sentiment analysis. While their work was groundbreaking in
applying sentiment trends to financial markets, it lacked a user-friendly interface and broader business
applications. Our model builds on this idea by offering time-series analysis capabilities to track how customer
sentiment evolves over time, along with a downloadable CSV report for further business analysis.

Lastly, Yessenalina and Cardie (2011) [8] explored contextual sentiment analysis using hierarchical models to
capture dependencies between sentences and overall document sentiment. Although this approach was effective
for large text structures, it required significant computational resources and data for training. Our model uses
BERT with attention mechanisms to capture contextual sentiment efficiently, achieving similar benefits without
the need for extensive data or computational overhead. Sentiment analysis is a natural language processing (NLP)
method that distinguishes between positive, neutral, and negative input. It is sometimes referred to as opinion
mining or emotion Al [9]. Businesses frequently combine this strategy with text data to track brand and product
insights from customer comments and learn about consumer preferences. Understanding customer preferences,
especially the goods they are likely to recommend, is the biggest challenge facing e-commerce businesses.

When evaluating brand performance during brand equity evaluation, marketing practitioners are forced to look
for new approaches due to the recent explosion of Big Data & Analytics. One of the problems with present
techniques is that they mostly rely on time-consuming, traditional methods of data gathering and analysis, such
guestionnaires and in-person or telephone interviews. The authors of this research (Pournarakis, Sotiropolous,
and Giaglis, 2017) [10] provide a computer strategy that extracts important topics from social media user
perceptions by combining topic and sentiment categorization. In order to better cluster tweets into semantically
coherent groups—a crucial first step when looking for popular topics and sentiment in large data sets—their
approach develops a revolutionary genetic method. They use data gathered from Twitter to apply their model to
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the Uber transportation network in order to demonstrate its validity. The findings provide insights into two key
aspects of brand equity and present customer perceptions: brand meaning and awareness.

To prove the validity of their model, they apply it to the Uber transportation network using data collected from
Twitter. For data mining and predictive analytics, the results offer insights into two important facets of brand
equity and current consumer perceptions: brand meaning and awareness. Studying social media data's distinct
features is essential since it varies from traditional data. This study examines the bias in data collecting related to
social media (Morstatter and Liu, 2017) [11]. The authors specifically suggest computational technigques to
determine whether bias exists as a result of the manner in which a social media platform makes its data available,
to identify bias from data samples without having access to the complete data, and to reduce bias by creating data
collection plans that optimize coverage while minimizing bias. Additionally, they provide a novel form of data
bias resulting from API assaults involving data, algorithms, and validation outcomes. This study shows how some
aspects of social media data may be thoroughly examined and validated, as well as how appropriate intervention
strategies can be created to counteract adverse consequences. Studying many aspects of social media data may
benefit from the techniques and conclusions of this study.

The study by Kang, Wang, Zhang, and Zhou (2017) [12] explores public sentiment about a new school food
policy aimed at preventing juvenile obesity, uncovers elements related to such sentiments, and pinpoints potential
regional and gender disparities in the United States. They gathered 11.715 people' 14.317 pertinent tweets from
February 9, 2010, the day the national policy was enacted, until December 31, 2015. They used content analysis
to learn more about the goal, holder, source, and purpose of opinions as well as opinion mining techniques to
categorize tweets into positive, negative, and neutral groups. In addition to adding to the body of research
supporting the health advantages of policy promotion and community participation, the findings also uncovered
intriguing geographical and gender disparities in public opinion toward policy improvement. Social media
analytics have important methodological ramifications for determining public sentiment around food regulations.

In his 2016 study [13], Thomaz suggests a seven-phase paradigm for social media content mining. As one of the
primary host cities for the FIFA World Cup 2014, Curiba, Brazil, provided an empirical test of the concept. The
study concentrated on using the ontology of tourism services (transportation, food & beverage, and
accommodation) to mine Twitter content. A total of 58.686 legitimate communications were gathered, examined,
and linked to an application ontology. An accurate real-time representation of tourism services was shown via
content analysis. In order to manage tourism strategically and operationally, the framework works well for
gathering pertinent material and identifying trending social media issues. Social network usage is increasing
steadily and quickly these days. The fact that these networks have grown into a sizable repository for unstructured
data from a variety of industries, including government, industry, and health, is even more concerning. The need
for data mining tools that may help reform unstructured material and organize it inside a systematic framework is
prompted by our growing reliance on social networks. Analyzing the data mining methods used by social media
networks from 2003 to 2015 is the aim of the article (Injadat, Salo, and Nassif, 2016) [14]. They recommend that
further study be done by the business and academia because the current studies on data mining techniques are not
thorough.

Sun, Lanchanski, and Fabozzi (2016) [15] look into the possibility of using text from user-generated microblogs
to make stock market predictions. They connect the changes in stock prices with social media content using the
latent space model put forward by Wong et al. This study is different from previous models in two important
ways: it does not assess sentiment and instead uses market information from large amounts of social media data
instead of news stories. Their approach beats a baseline regression when tested on data from 2011 to 2015 on the
bulk of equities included in the S&P 500 Index. They offer a trading method that generates a desirable Sharpe
ratio and yearly return in their conclusion.

In summary, the proposed model addresses the limitations of traditional and rule-based approaches while
incorporating modern deep learning and NLP techniques. It offers a scalable, user-friendly, and accurate sentiment
analysis tool suitable for real-world business applications, making it a significant advancement over the referenced
studies.
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2.2. Sentiment Analysis

Sentiment analysis is a method for identifying ambiguity in words, opinions, etc. [16]. Sentiment analysis reveals
how a user and a representative feel about a certain problem. A writer's choice of tone or emotive style reflects
their thoughts or emotions. Recently, a variety of algorithms have been developed to examine, forecast, and assess
emotions from textual data, including reviews of products or customers. Sentiment analysis may greatly benefit
in the process of polarity recognition. Along with these issues, it also has issues with domain dependence,
negation, spam and false data, the strain of natural language processing (NLP), bipolar terminology, and a large
vocabulary.

Sentiment analysis requires pre-processing components in order to arrange the text and extract data that machine
learning algorithms and text-mining heuristics may subsequently utilize [17]. Pre-processing the data is the
process of getting the text ready and tidy for classification [18]. Classifying a collection of characters from a text
stream by alternating between states according to the presence of specific letters is the aim of pre-processing. By
carefully examining the character set—punctuation, emojis, emoticons, and white spaces—arbitrary text
sequences may be handled effectively [19]. Since computers cannot understand unstructured material like humans
can, pre-processing is necessary before supplying it to any Al system. According to Nhlabano and Lutu's research
[20], text preparation techniques increase the final algorithms' accuracy in sentiment analysis.

The previously mentioned problems must be resolved in order to improve the effectiveness of the data-mining
procedure [21]. Semantic sentence analysis may improve accuracy, consistency, and technique, according to study
by Mangold et al. [22]. On digital platforms, text-based consumer review data has significantly expanded.
Marketing researchers have examined text reviews using a variety of techniques. Kanakaraj et al. [23] showed
that the enhanced NLP approach, which uses ensemble techniques for classification and incorporates word senses
and reference sensations into vector features to improve the emotion taxonomy, increased prediction accuracy.

2.3. Limitations of Existing Research

Existing sentiment analysis models face challenges in accurately interpreting nuanced language, handling noisy
data, and scaling for real-time applications. Additionally, domain-specific limitations, bias, and ethical concerns
impact their reliability and applicability.

2.3.1. Accuracy and Contextual

Understanding: Existing sentiment analysis models often fail to interpret the true sentiment in text due to limited
contextual understanding. Liu (2012) points out that these models struggle with ambiguous or multi-meaning
words, sarcasm, and nuanced language. For example, phrases like "The movie was wicked good" might be
misclassified because of the word "wicked." Similarly, Hutto and Gilbert (2014) highlight that model frequently
misinterpret mixed sentiments, such as "The service was slow, but the food was excellent,”" where the overall
sentiment is not uniformly positive or negative.

2.3.2. Scalability and Real-Time Processing

The ability of sentiment analysis systems to scale and handle large datasets efficiently remains a challenge. Pang
and Lee (2008) discuss how traditional models are often inefficient in processing vast amounts of text data,
particularly in real-time applications like monitoring social media streams or customer reviews. This limitation
restricts their utility in scenarios that require timely insights and large-scale sentiment classification.

2.3.3. Data Pre-processing and Noisy Input

Pre-processing plays a crucial role in sentiment analysis, but many models falter when handling noisy data. Kumar
et al. (2019) highlight the challenges posed by unstructured text containing slang, typos, emojis, and mixed
languages, which are common in social media and online reviews. Without effective pre-processing, the accuracy
of sentiment predictions is significantly reduced, making the analysis unreliable.

2.3.4. Domain-Specific Limitations
Sentiment analysis models are typically designed for general use and often fail in domain-specific contexts. For
example, Zhang et al. (2019) note that models trained on general datasets like movie reviews may not perform-
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well when applied to specialized domains such as healthcare or finance. This lack of adaptability limits their
broader application in industry-specific scenarios.

2.3.5. Ethical and Bias Concerns

Bias and ethical issues are prevalent in sentiment analysis systems. As Liu (2012) discusses, models can inherit
biases from the datasets they are trained on, leading to skewed sentiment predictions. Additionally, the use of
these tools without explicit consent raises privacy concerns, especially when applied to personal or sensitive data.

Figure 1 illustrates the sentiment analysis workflow using the VADER lexicon-based rule model, which is widely
used for opinion mining and text classification. The process begins with reading the dataset, which consists of
textual comments related to Vala and Art Motion. After loading the dataset, the text is clustered based on
similarities, which helps in better organization and analysis. Once clustering is completed, the sentences are
tokenized by breaking them down into unigrams (single words) and bigrams (two-word combinations), enhancing
the model's ability to understand contextual meanings.

Next, the VADER (Valence Aware Dictionary and Sentiment Reasoner) model is applied to each cluster. This
model uses a lexicon-based approach with predefined sentiment scores to determine whether a comment has a
positive, neutral, or negative sentiment. Based on the sentiment classification, the comments are grouped
accordingly—those with a positive polarity are collected separately from those with neutral and negative
polarities. This structured classification enables further analysis, such as identifying trends, assessing customer
feedback, or improving services based on sentiment insights.

'd N\
Read dataset of Vala and
Art Motion
- l /
After the clustering of dataset is
done, tokenize each term in sentence
and separating them in unigram and
bigrams.
- l J

Apply Vader model for each cluster
according to the application of model

/ ~ Lexicon rule based: /\
A

( N
Collecting comments with positive Collecting comments with neutral Collecting comments with negative
polarity polarity polarity

(N J

Fig .1 VADER Lexicon-Based Sentiment Analysis Workflow

Table 1 showcases the evaluation of comments using the VADER sentiment analysis model, which has been
adapted with a lexicon specifically tailored to the Albanian language. Despite this adaptation, the model often
struggles with accurately classifying comments into positive, neutral, and negative categories based on their
sentiment polarity and intensity scores. Each comment’s polarity score is broken down into negative, neutral, and
positive components, but the model frequently misinterprets the sentiment distribution within the text.
Additionally, the intensity score, which is intended to indicate the overall sentiment strength, often fails to capture
the true emotional weight of each comment. This results in a less reliable analysis, highlighting the limitations of
the VADER model in handling the nuances of the Albanian language and the need for more sophisticated
sentiment analysis tools.

Figure 2 provides a graphical representation of the results from the VADER sentiment analysis model applied to
Dataset X. The bar chart distinguishes between accurately and incorrectly classified comments across three
sentiment categories: positive, neutral, and negative. Accurate evaluations show that most classifications are
concentrated in the negative category (60.41%), while positive and neutral sentiments account for 20.74% and
18.85%, respectively.
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Table 1: Evaluation Of Comments Using VADER Model With A Lexicon In Albanian Language.
Evaluation Model

No. Comment Intensity of Comment
"Kompania me e mir ne kosov, bravo {'neg": 0.125, 'neu’": 0.258, . .The con_1ment.|s .
1 . o o positive, and intensity is
vala sherbime super te mira pos": 0.616}
0.736
5 "Minutat dhe sms a jon veq brenda {'neg": 0.0, 'neu": 0.674, 'pos". neutr;rlhzggri?\r':;z:ts is
rrjetit te vales? A edhe ipko e zmobile?" 0.326} ’
0.7425
"Po na vjedhni po na sosni saher po i The comment is

{neg’ 0.752, "neu” 0.188, | oqative, and intensity is

3 | ndrroni ofertat, na knagtme krejt keto -
a J pos': 0.06} 0.7777

gjana gka po na bani neve..."

Incorrect classifications highlight VADER's struggle, with 63.79% of errors occurring in negative sentiment
evaluation, followed by neutral (20.68%) and positive (15.53%). This figure emphasizes the model's strength in
identifying negativity but also its limitations in maintaining accuracy across all categories.

mPositive WNeutral ®Negative

o

X
%
&)
\O
XX
> 5,
S o o ¢ X
8 s 2 5 f
wn O 3
1 7
ACCURATE EVALUATION WRONG EVALUATION

Fig. 2 General Results of VADER Model Sentiment Evaluation on Dataset X

3. Methodology

The sentiment analysis methodology that is now in use mostly depends on a number of conventional techniques.
The Logarithmically Transformed Frequency (LTF) system implements small emotion dictionaries with limited
language coverage by assessing word frequencies using simple logarithmic computations. This method uses
simple statistical techniques for categorization and necessitates a great deal of human processing. Although it
lacks real-time processing capabilities and necessitates extensive manual data cleaning, the Maximum Inverse
Collection Frequency (MICF) approach concentrates on collection-based frequency analysis using simple
tokenization and word counting procedures. Although it only supports one format and requires manual dataset
preparation, the Harmonic Mean Entropy Weighted Average (HMEWA) system performs intricate entropy
computations with weight-based emotion grading. Although it uses neural network processing with evolutionary
algorithms for optimization, the Least Square-Based Improved Activation — Evolutionary Neural Network
(LSBIA-ENN) is limited to pre-formatted input and has complicated training needs and significant computer
resources [25].

3.1. Proposed Method

The suggested methodology uses cutting-edge technology and effective processing techniques to present a
thorough, simplified approach to sentiment analysis. The system's fundamental components, TextBlob and
Streamlit, provide a strong foundation for processing large amounts of data as well as analyzing individual texts.
Through an easy-to-use interface, the text analysis component processes direct input. It uses the clean-text
package for advanced preparation, which includes removing unnecessary components while preserving semantic
integrity [26]. Through polarity and subjectivity calculations, the TextBlob integration provides accurate
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sentiment analysis, offering a sophisticated comprehension of the text's emotional meaning. To deliver precise
emotional evaluation of material, the system employs a complex categorization process that groups sentiments

according to finely tuned polarity criteria.

" Input Customer Review E-commerce Reviews

STREAMLITWEB Ul

CATEGORIZE SENTIMENT

TEXT PREPROCESSING
( Clean And Prepare The Text Data)

'
| SENTIMENT ANALYSIS (TEXTBLOB)

v
| ASPECT BASED ANALYSIS ]

(Review Or C5V) Analysis \
i Polarity
Review 1. Select e-commerce
Website - #
2. Enter Product Name Negative Positive
= or id
g Subjectivity
] +
Objective (fact)

Subjective fopinion)  /
-

-
INSIGHTS & RECOMMENDATIDNS}

SAVE/DOWNLOAD DATA

Fig. 3 Sentiment Analysis Using TextBlob And Streamlit Architecture.
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Fig. 4 Flowchart of Proposed Model
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Figure 3 illustrates the proposed system, which integrates these components into a streamlined workflow. The
figure showcases the end-to-end process, from data input and preprocessing to sentiment analysis and result
visualization, highlighting the system's comprehensive and efficient design.

The system incorporates a robust algorithm designed to optimize sentiment analysis processes by leveraging
advanced data processing techniques. It implements automated processing with effective memory management
and parallel processing capabilities, ensuring efficient handling of large datasets [27]. The Algorithm 1 enhances
the system's performance by streamlining text preprocessing, sentiment scoring, and classification, enabling faster
and more accurate results. Additionally, the system boasts strong file handling features that support numerous
formats, including Excel and CSV, facilitating seamless processing of extensive data. Encased within an intuitive
user interface, the system maintains high performance standards through its optimized algorithm and improved
processing methods. This allows for real-time viewing and rapid feedback, making the system highly responsive
and user-friendly. By providing quicker processing speeds, higher accuracy, and an easier-to-use interface, this
approach significantly outperforms existing systems while effectively managing complex data analysis tasks and
the Figure 4 shows the flowchart of proposed model.

Algorithm 1:

The algorithm processes user-selected options to analyze text data for sentiment and insights. It computes polarity,
subjectivity, and aspect-based sentiment, applies filters, visualizes results, and provides actionable
recommendations based on the analysis.

Initialize TextBlob sentiment analyzer S

Initialize cleantext preprocessor P

Load and apply external styles from styles.css

Display sidebar options {Analyze Review / CSV / E-commerce Reviews}
for user selection in {Analyze Review / CSV / E-commerce Reviews}
----if user selects 'Analyze Individual Review' then

———————— Prompt for review text input

-------- if pre-cleaned text is provided then
............ Clean text using P
____________ Display cleaned text

----glse if user selects 'Analyze CSV' then

———————— Choose data source {Sample Data, Upload File}

-------- Load df and process if 'reviews' column exists

-------- Compute sentiment scores, classify sentiments

-------- Apply filters for sentiment and specific aspects (e.g., Quality, Price, Customer Service)
-------- Highlight negative reviews for better visibility

-------- Visualize polarity distribution using histograms

-------- Perform aspect-based sentiment analysis and display results as pie charts
-------- Allow users to download filtered results as a CSV file

----else if user selects 'Analyze E-commerce Reviews' then

-------- Prompt user to select an e-commerce website

-------- Allow product search by name or ID with dynamic suggestions

-------- Fetch product reviews from products.json

-------- if reviews are found then

------------ Compute sentiment scores and classify sentiments

------------ Apply filters for sentiment and specific aspects
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----end if end for

Compute insights and recommendations

----if negative reviews dominate then

———————— Provide actionable recommendations to address issues (e.g., improve quality, address complaints)
----else

———————— Provide recommendations to maintain positive sentiment (e.g., maintain quality, expand offerings)
---—-end if

Return {Sentiment results, Visualizations, Insights, Recommendations}

3.2. Text Processing

Text pre-processing is a critical step in sentiment analysis, as it ensures that the data fed into the model is clean
and free of irrelevant information. In this step, raw text is transformed into a consistent and analysable format.
The clean-text library is utilized to achieve this by applying various pre-processing operations. First, extra spaces
within the text are removed, as they do not contribute meaningfully to the analysis. Next, all punctuation marks
are stripped, which helps reduce noise without losing the core meaning of the text [29]. Stopwords, which are
commonly used words such as "the," "is," and "and," are removed to focus on the key terms that carry sentiment.
Additionally, any numeric data present in the text is eliminated, as it usually does not contribute to sentiment.
Finally, the text is converted to lowercase to ensure uniformity and prevent discrepancies caused by case
sensitivity. Mathematically, let TT represent the input text; the cleaned version of the text is shown in Equation
(1), T', can be expressed as:

T'=clean(T)T' D

This function systematically removes unnecessary elements, resulting in text that is concise and suitable for
further analysis. For example, the raw input "This Product is AMAZING!!! 100% recommended." would be
processed into "product amazing recommended,"” which captures the essential sentiment words. This
preprocessing step not only enhances the accuracy of the sentiment analysis but also ensures that the subsequent
stages, such as feature extraction and classification, operate on optimized data [30]. By providing clean, consistent
input, pre-processing sets the foundation for reliable and actionable sentiment insights.

3.3. Feature Extraction Using TF-IDF

Feature extraction is a crucial step in transforming textual data into a numerical representation that can be
effectively analysed by machine learning models. One of the most popular techniques for feature extraction in
text analysis is TF-IDF (Term Frequency-Inverse Document Frequency). This technique assigns a numerical
weight to each word in a document based on its importance relative to the entire corpus. TF-IDF helps prioritize
significant words while reducing the influence of commonly used words that may not carry much meaning, such
as "and,” "the," and "is."

The first component of TF-IDF is Term Frequency (TF), which measures how frequently a term appears in a
document. It is calculated by dividing the number of times a term t appears in a document d by the total number
of terms in the document [31]. The formula for TF is shown in Equation (2) given as:

TF(t,d)= ft /Y wedfw @)

Where ft is the count of term t in document d, and Y wedfw is the total word count in d. This ensures that more
frequent terms in a document have higher weights.

The second component is Inverse Document Frequency (IDF), which measures the importance of a term across
all documents in the corpus. It assigns higher weights to terms that are rare across the entire dataset and lower
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weights to terms that appear frequently in many documents [32]. This is shown in Equation (3) The formula for
IDF is:

IDF(t,D)=log N/ 1+DF(t)  (3)

Where N is the total number of documents in the corpus, and DF(t) represents the number of documents containing
the term t. The addition of 1 in the denominator prevents division by zero for terms that might not appear in any
document. The final TF-IDF score for a term t in document d is computed by multiplying TF and IDF, the
Equations is shown in (4):

TF-IDF(t,d,D)=TF(t,d)xIDF(t,D) (4)

This combined score highlights words that are frequent in a specific document but rare in the overall dataset,
making them particularly important for analysis. For instance, in a dataset of product reviews, the word "excellent"
might appear frequently in positive reviews but rarely in negative ones. TF-IDF would assign this word a high
score, indicating its strong association with positive sentiments [33].

By applying TF-IDF, the model can effectively identify key terms in the text data and their significance. This
representation is then passed to the sentiment analysis layer, where the actual sentiment classification occurs.
TFIDF thus acts as a bridge, converting raw textual data into meaningful numerical features that enhance the
accuracy and interpretability of the sentiment analysis process.

3.4. Sentiment Classification

Sentiment classification is the process of determining the sentiment expressed in a piece of text, such as whether
it is positive, negative, or neutral. This step takes the output of the sentiment analysis layer (e.g., polarity score)
and categorizes the sentiment based on predefined thresholds. The classification process provides a clear and
actionable understanding of the text’s emotional tone, which is critical for deriving insights from customer
reviews, social media posts, and other forms of textual feedback [34].

3.4.1. Polarity Score and Its Role in Classification

The classification process begins with calculating the polarity score, which quantifies the degree of positivity or
negativity in a given text. Polarity is expressed as a numerical value within the range of -1 to +1. A score near +1
represents a strong positive sentiment, while a score closer to -1 indicates a strong negative sentiment. A score
around O reflects a neutral or mixed sentiment. For instance, a review such as "This product is fantastic!" might
have a polarity score of +0.85, denoting positive sentiment, whereas "This product is terrible!" could yield a score
of -0.9, reflecting negative sentiment. The polarity score (P) is mathematically defined as the difference between
the number of positive words and negative words divided by the total number of wordsPositive and negative
words are identified using a sentiment lexicon, which is a predefined set of terms associated with specific
sentiments.

3.4.2. Threshold-Based Classification
Once the polarity score is computed, sentiment classification is performed by applying thresholds. For example:
a. If P>0.5, the text is classified as Positive.
b. If P <-0.5, the text is classified as Negative.
c. If—-0.5<P<0.5, the text is classified as Neutral.
These thresholds can be adjusted based on the specific requirements of the use case. For instance, if high precision
for identifying strongly positive or negative reviews is required, the thresholds can be set closer to +0.7 and -0.7,
respectively [35].

3.4.3. Subjectivity Score in Sentiment Classification

In addition to polarity, the subjectivity score is crucial in sentiment classification. This score, which ranges from
0 to 1, measures how much a text expresses an opinion rather than a fact. A score closer to 1 indicates a highly
subjective text, filled with opinions and personal emotions. Conversely, a score closer to 0 suggests an objective
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text, such as a factual statement. Subjectivity helps refine sentiment classification by providing additional context.
For example, a review stating "I think this product is great" may have a positive polarity but high subjectivity,
indicating that the sentiment reflects personal opinion rather than a universally agreed-upon fact.

3.4.4. Sentiment Categories and Business Implications

After classifying sentiment, it can be organized into actionable categories to provide valuable insights for
businesses. Positive sentiment reflects customer satisfaction or appreciation, enabling businesses to identify
strengths and reinforce the favorable aspects of their products or services. Negative sentiment, on the other hand,
highlights dissatisfaction or problems that require attention, allowing companies to prioritize these reviews for
resolution or improved customer support. Neutral sentiment represents mixed or indifferent feedback, which may
necessitate deeper analysis to pinpoint specific areas for improvement. For instance, a sentiment analysis tool
might classify a review as "Negative" with a polarity score of -0.7, prompting immediate action to resolve the
customer’s concern. Likewise, highly positive reviews with polarity scores such as +0.8 can be leveraged in
marketing campaigns to showcase customer satisfaction and strengthen brand reputation.

3.4.5. Advantages of Advanced Sentiment Classification

The integration of polarity, subjectivity, and contextual understanding ensures that the sentiment classification
process is both accurate and insightful. By leveraging advanced techniques like BERT, attention mechanisms,
and customized thresholds, the model can handle nuanced and complex texts that traditional lexicon-based
methods struggle with. This approach enables businesses to make data-driven decisions, improve customer
satisfaction, and maintain a competitive edge in their respective markets. The sentiment classification step,
therefore, plays a pivotal role in transforming raw text data into actionable insights that drive business success.

3.5. Output Visualization and Download

In order to deliver the evaluated sentiment data in an understandable and accessible manner, the output
visualization and download step is essential. This stage guarantees that the final user—be it a manager, marketer,
or business analyst—can quickly understand the findings and extract useful information.

4. Results and Discussion

In this study, Streamlit is an open-source app framework specifically designed to simplify the creation of
interactive web applications for data analysis and machine learning. In the context of this project, Streamlit serves
as the interface that allows users to visualize the sentiment analysis results in real time as shown in Figure 5.

C @M ® localhost:8501

Analyze Customer Feedback with Ease

Sentiment Analysis of Brand

Reviews Our tool helps you understand customer sentiments by analyzing reviews and providing actionable
insights.

Choose a section

Home

Fig. 5 Home Page Of Sentiment Analysis Of Brand Reviews.
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4.1. Analyze Individual Review

For real-time text input of a single review, the tool leverages Streamlit to provide instant sentiment analysis by
dynamically displaying scores as the user enters their text. The Polarity Score represents the sentiment of the
input, categorizing it as positive, negative, or neutral as shown in Figure 6.

Analyze Individual Review

Sentiment Analysis of Brand
Reviews

Sentiment analysis helps determine the emotional tone of a piece of text. It provides two key metrics:

* Polarity: Indicates whether the sentiment is positive, negative, or neutral.
Choose a section
* Subjectivity: Indicates whether the text is more opinion-based or fact-based.

Analyze Individual Review
Enter text to analyze:

"This product is amazing! It exceeded all my expectations and works perfectly. Highly recommend it!"

Polarity: 0.48
Subjectivity: 0.72 (Review contains more personal opinion)

Text Preprocessing and Word Cloud

Cleaning your text removes unnecessary elements like punctuation, numbers, and stopwords, making it
ready for analysis. This step is optional but can improve the accuracy of sentiment analysis.

Enter text to clean and analyze:

"This product is amazing! It exceeded all my expectations and works perfectly. Highly recommend
it!"

Cleaned Text:

product amazing exceeded expectations works perfectly highly recommend

Fig. 6 User Interface For Entering Values In Sentiment Analysis Of Brand Reviews

4.2. Analyze CSV(Comma-Separated Values)

In the Analyze CSV section of the Sentiment Analysis of Brand Reviews application, users are empowered to
perform comprehensive sentiment evaluations on large datasets, either by utilizing preloaded sample data or
uploading their own CSV files containing multiple customer reviews, as illustrated in Figure 7.

Analyze CSV

Sentiment AnalySlS of Brand Upload your own file or use the sample data provided below for instant analysis.

Reviews
Select Data Source
Choose a section
Sample Data
Analyze CSV

Sample Data:

reviews
The quality of the product is excellent.
The price is too high for the value.
2 Customer service was very helpful.
3 The product broke after a week of use.
4 llove the design and the quality is top-notch.
S The price is reasonable and affordable.

6 Customer service was rude and unhelpful.

Analyze Sample Data

Fig. 7 User Interface For Analyzing Reviews Dataset
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This feature is designed to handle bulk analysis efficiently, allowing users to process and evaluate sentiment
trends across a wide range of customer feedback. Upon selecting the desired data source, the application
automatically identifies and processes the relevant "reviews" column, calculating sentiment scores for each
review. Additionally, the tool classifies sentiments into categories such as positive, negative, or neutral, making
it easier to analyze the overall tone of the feedback. This robust functionality streamlines the evaluation process
and provides actionable insights into customer sentiment at scale.

Advanced functionalities like filtering, highlighting negative reviews, and visualizing polarity distribution further
enhance the analytical capabilities. Users can also perform aspect-based sentiment analysis to gain deeper insights
into specific product features or services, enabling more informed decision-making and strategic improvements
based on customer opinions. Upon uploading, and after clicking analyze button the application processes each
review and augments the dataset with three additional columns as shown in Figure 8 Polarity Indicates that
sentiment of each review, ranging from -1 (most negative) to +1 (most positive), calculated using the TextBlob
library. Subjectivity column quantifies the degree of personal opinion versus factual information in each review,
ranging from 0 (completely objective) to 1 (highly subjective).

Select Sentiment

All

Select Aspect

All

reviews score subjectivity  analysis
The quality of the product is excellent. 1.000000  1.000000 Positive
The price is too high for the value. 0.160000  0.540000 Positive
Customer service was very helpful. 0.200000  0.300000 Positive
The product broke after a week of use. 0.000000  0.000000 Negative
| love the design and the quality is top-notch. = 0.750000  0.800000 Positive

The price is reasonable and affordable. 0.200000  0.600000 Positive

Customer service was rude and unhelpful. -0.300000  0.600000 Negative

Download data as CSV

Fig. 8 Sentiment Classification For Given Set Of Reviews

Sentiment Category Classifies each review as Positive, Negative, or Neutral based on predefined polarity
thresholds (threshold_pos = 0.5 for Positive and threshold_neg = 0 for Negative). For example, uploading a CSV
file with 100 reviews results in a table where each row displays the original review, its polarity score, and its
sentiment classification. This structured format enables users to efficiently scan and analyze the distribution of
sentiments, identifying trends such as the ratio of positive to negative feedback also added features like select
sentiment and select category for easy accessing of desired reviews effectively.
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Polarity Distribution

Polarity Distribution

category
Positive
Neutral

Negative

Fig. 9 Polarity Distribution For Obtained Classified Reviews

4.2.1. Visualization for Bulk Analysis

Complementing the tabular data, the Analyze CSV section offers dynamic visualizations to enhance data
interpretation. One key visualization is the Polarity Distribution, where a histogram displays the distribution of
sentiment polarity scores across all reviews. This visualization highlights the frequency of positive, negative, and
neutral sentiments, providing a clear overview of overall sentiment trends as shown in Figure 9.

Aspect-Based Sentiment Analysis

Aspect-Based Sentiment Analysis Results:

Quality Customer service

Neutral Neutral
100% 50%

Positive Negative Neutral

Fig. 10 Aspect-Based Sentiment Analysis On Reviews Dataset
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Additionally, this histogram allows users to quickly identify the predominant sentiment within the dataset, making
it easier to spot any significant shifts or patterns in customer feedback. By visualizing the data in this manner,
users can gain deeper insights into the sentiment landscape, facilitating more informed decision-making and
strategic planning.

Furthermore, the visual representation of sentiment distribution helps in identifying outliers and anomalies, which
might indicate specific issues or areas of excellence. These insights can be crucial for businesses aiming to
improve their products or services based on customer feedback. Aspect-Based Sentiment Analysis: Pie charts
represent the distribution of sentiments (Positive, Negative, Neutral) for specific aspects such as quality, price,
and customer service as shown in Figure 10. This analysis offers granular insights into particular areas of
customer feedback, helping identify strengths and areas needing improvement.

Insights and Recommendations

The sentiment analysis shows a balanced or positive sentiment towards the brand.

Keep up the good work! Here are some recommendations to maintain and further improve brand

perception:

Maintain Quality

_ ]|

& Customer Satisfaction

—

Expand Offerings

Fig. 11 Insights And Recommendations For Classified Reviews

These visualizations are generated using Plotly, ensuring interactive and high-quality graphical representations.
They enable users to quickly comprehend sentiment patterns and derive actionable insights to enhance brand
perception and customer satisfaction.

4.2.2. Insights and Recommendations
Based on the analyzed data, the application provides actionable insights and recommendations to enhance brand
perception, as illustrated in Figure 11. For instance, if a considerable number of negative reviews are linked to
specific aspects such as pricing or customer service, the application advises reevaluating pricing models or
improving customer support systems.

Similarly, areas that receive predominantly positive feedback, such as product quality, are highlighted to
encourage businesses to emphasize these strengths in marketing campaigns and product development initiatives.
In scenarios where the sentiment distribution is balanced or moderately positive, the application suggests
maintaining current strategies while identifying opportunities for further enhancements based on positive
feedback trends.

4.3. Analyze E-commerce product Reviews
This sentiment analysis tool includes a dedicated module designed specifically for analyzing e-commerce product
reviews as shown in Figure 12. This module enables users to evaluate customer feedback from online stores by
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processing and categorizing reviews based on sentiment polarity (positive, negative, or neutral). Instead of relying
on third-party platforms, we have created our own fake e-commerce store, which serves as a controlled
environment for collecting, storing, and analyzing product reviews.By having our own e-commerce platform, we
can generate, simulate, and fetch customer reviews directly from the store’s database.

Sentiment Analysis of
Al lGTEE Analyze E-commerce Reviews

Choose a section

Analyze E-commerce Reviews - Please select an e-commerce website to proceed.

Choose E-commerce Website:

Select Website
Select Website
Fake Store

Amazon(Future Enhancement)

Fig. 12 User Interface For Analyzing E-commerce Product Reviews

The reviews collected from the fake store undergo preprocessing and NLP-based sentiment analysis, helping us
assess customer opinions about different products. This approach mimics the way businesses analyze real
customer feedback from e-commerce platforms like Amazon, Flipkart, or eBay, making it an effective model for
understanding and improving user satisfaction.

) ) Analyze E-commerce Reviews
Sentiment Analysis of

Brand Reviews Product Name: Apple Magic Keyboard
Choose a section Fetched Reviews:
Analyze E-commerce Reviews v

Choose E-commerce Website: This product is amazing! | love it.

Fake Store v 1 Connectivity is fast and reliable.

2 Not works as expected.
Search by Product ID or Name (Start typing

for suggestions): This product is amazing! | love it.

Feels durable and well-built.

Apple Magic Keyboard

5 Customer support was unresponsive and unhelpful.
Design is sleek and modern.
User interface is simple and easy to navigate.
Feels durable and well-built.

Offers great value for the price.

Fig. 13 E-commerce Product Searching and Fetching Reviews Section

Upon selecting an e-commerce website it fetches reviews for the selected product and displays them in a table as
shown in the Figure 13. Sentiment classification of e-commerce product reviews follows a similar approach to
the analysis of CSV-based review datasets. The resulting visualizations typically include diagrams such as
Sentiment Classification for a Given Set of Reviews, Polarity Distribution for the Classified Reviews, Aspect-
Based Sentiment Analysis of the Reviews Dataset, and Insights and Recommendations Based on Classified
Reviews.
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4.3. A Comparative Analysis of Traditional Sentiment Analysis vs. the TextBlob-Based Approach
Sentiment analysis has evolved as a crucial tool in extracting meaningful insights from textual data, especially in
customer feedback and social media monitoring. Traditional sentiment analysis methods, such as TextBlob and
VADER, have been widely adopted for their simplicity and effectiveness in classifying text into broad sentiment
categories like positive, negative, or neutral. While these tools are valuable for quick sentiment classification,
they often fall short in offering detailed insights or handling complex, domain-specific datasets. For instance,
VADER is designed to work best with short, informal texts, primarily in English, and doesn't consider
subjectivity, limiting its application in more nuanced scenarios.

In contrast to these traditional methods, the approach employed in this study using TextBlob offers a more refined
and flexible framework for sentiment analysis. By integrating aspect-based sentiment analysis, this approach is
capable of not only determining the overall sentiment of a text but also identifying sentiment trends linked to
specific aspects, such as product quality, customer service, and pricing. This level of granularity enables
businesses to better understand customer opinions and address specific areas of concern. Moreover, the inclusion
of Streamlit as an interactive user interface enhances usability, allowing users to easily switch between analyzing
individual reviews and processing larger datasets, such as those provided in CSV file formats. This user-friendly
interface simplifies the analysis process, making it accessible to a wider range of users, including those with
limited technical expertise.

Table 2 highlights the key differences between traditional sentiment analysis tools like TextBlob and VADER,
and the enhanced approach used in this project.

Table 2: Traditional Sentiment Analysis vs. the TextBlob-Based Approach

Traditional Sentiment Analysis )
Feature Tools (TextBlob, VADER) TextBlob-based Approach (Project)
Sentiment Broad categories (positive, negative, | Aspect-based analysis (quality, price, customer
Categories neutral) service, etc.)
Subjectivity VADER IaCkS.SUbJeC“.V'ty an alys!s; Advanced subjectivity analysis integrated with
. TextBlob provides basic subjectivity . .
Detection sentiment polarity
score
. o Basic visualizations (e.g., bar charts, Adv_anced \{lsuallza_tlons using Plotly,
Visualization ie charts) showcasing sentiment distributions and aspect-
P specific trends
Limited customizability (e.g., polarity Customizable sentiment thresholds,
Customizability threshold, basic sentiment aspectspecific analysis, and flexible handling of
classification) complex datasets
Interactive ] e interf Interactive Ul using Streamlit, allowing for
Interface No interactive interface seamless review and bulk dataset analysis
. Actionable insights for business strategy, such
Actionable L . . . .
Insights Basic insights on overall sentiment as improving customer_ service and brand
perception
General sentiment classification for Tailored sentiment anegS|s for customer
Use Case . . . feedback, reviews, and industry-specific use
social media, news, reviews cases

This comparison demonstrates how the TextBlob-based approach in this study enhances traditional sentiment
analysis tools by offering more detailed, customizable, and actionable insights. The use of advanced
visualizations, multilingual support, and aspect-based analysis ensures that businesses and researchers can extract
deeper insights from customer feedback, thus improving decision-making and overall service quality.
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5. Conclusion

This project effectively showcases the application of sentiment analysis using TextBlob and Streamlit to process
and analyze brand reviews. By automating the classification of sentiments, businesses can derive valuable insights
into customer emotions, which can significantly enhance their decision-making processes. The integration of
advanced text preprocessing technigues not only boosts the accuracy of sentiment predictions but also ensures
reliable and precise analysis, making the system highly effective for real-world applications [47].

The simplicity and versatility of the tool make it accessible to both technical and non-technical users. With its
intuitive interface, users can easily input or upload customer reviews, perform sentiment analysis, and download
the processed results for further evaluation. This streamlined workflow adds immense value to the tool,
transforming it into a practical and scalable solution suitable for businesses of any size and across industries.
Beyond its current capabilities, this project emphasizes the growing importance of sentiment analysis in modern
business strategies. With broader applications in fields like customer experience, marketing, and product
management, this project highlights the potential of data-driven decision-making, setting the stage for future
innovations in sentiment analysis and natural language processing [48].

While the current sentiment analysis system is robust and capable of delivering valuable insights, several
additional features could significantly enhance its functionality and provide deeper analytical capabilities. One
such feature is Sentiment Trends Over Time, which would involve implementing a time-series analysis to track
how customer sentiment evolves over weeks or months. This would allow businesses to observe patterns in
customer feedback, such as how sentiment changes after a product update or a promotional campaign, helping
them make timely and informed decisions.

Another enhancement is Keyword Analysis, which involves identifying the most frequently used words in
positive, negative, or neutral reviews. This feature would help businesses pinpoint specific aspects of their
products or services that customers appreciate or dislike. For example, if "durable™ frequently appears in positive
reviews, the company can highlight this in their marketing. Conversely, if "delay" is a recurring term in negative
reviews, it may signal issues with shipping or service delivery that need to be addressed. Finally, comparison
across products would enable users to analyze sentiment scores for multiple products or services within a single
interface. This feature would be especially useful for companies offering a wide range of products, as it would
allow them to quickly identify which products are performing well and which ones require improvement. By
integrating these features, the system would provide even deeper insights, making it an indispensable tool for
businesses seeking to improve customer satisfaction, refine their offerings, and gain a competitive edge in their
industry.
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