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Abstract - This paper presents SentimentPro, an Al system
that analyzes Twitter data in real time to help businesses
track how their brand is perceived. Tweets are collected using
the Twitter API, then cleaned and processed with transformer
models to determine if the sentiment is positive, neutral, or
negative. The results from past analysis are saved in a MySQL
database, and interactive dashboards show these findings
visually to help with making informed business decisions.
SentimentPro uses supervised learning, natural language
processing, and data from outside sources to create a flexible,
real-time solution for monitoring trends in business.
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1.INTRODUCTION

Social media sites, especially Twitter, are important places
where people share their opinions and feedback right away
[1]. Companies use this information to understand how their
brand is seen, check how well their campaigns are working,
and predict what might happen in the market. But tweets are
short, often use casual language, and can be hard to
understand, which makes it tough to accurately figure out
people's feelings from them. SentimentPro helps with this by
using a full process that includes cleaning up text, using
advanced language models, storing data securely, and
showing results through easy-to-use dashboards. Twitter's
tweets are short, use informal language, and vary a lot, which
makes it hard to do sentiment analysis [2]. SentimentPro
tackles these problems by using strong text cleaning, the
best language models, and dashboards that make it easy to
see the results. This study looks to solve these issues by
creating a solid way to analyze emotions in tweets, which
helps businesses understand trends. The main goals are to
correctly categorize tweets about products or services as
positive, negative, or neutral, and to look at how overall
customer feelings change over time. By doing this, the
research hopes to give businesses useful and timely
information that can help shape their marketing plans,
improve how they connect with customers, and gain an edge
in the fast-moving online world [2].

1.1 Literature Review
1.Sentiment Dictionaries:

Sentiment dictionaries build on word lists by adding more
details like how strong a feeling is, the use of emojis, and
phrases made of more than one word [3]. This helps a lot
with platforms like Twitter where people express
themselves in many different and creative ways [4]. Many of
these dictionaries are now kept up to date through group
efforts or using computer programs thatlearn automatically.
This makes them more flexible and better at keeping up with
new ways people use language compared to fixed word lists.

2. Machine Learning Models:

Traditional methods like Naive Bayes, Logistic Regression,
and Support Vector Machines (SVM) learn from examples
that have already been labeled and usually work better than
just using word lists on most tests [5]. As deep learning has
become more popular, models like CNNs, LSTMs, and
transformer-based models such as BERT and RoBERTa have
been developed. These models understand the connections
between words and their surroundings better, making them
very effective at handling short texts like tweets [6], [7].

3. Natural Language Processing (NLP):

NLP techniques rely on machine learning, especially
statistical learning. These methods use a general learning
algorithm along with a large collection of text data, called a
corpus, to understand and learn language rules [5].
Sentiment analysis, which is a part of NLP, has been studied
at different levels. It started as a way to classify whole
documents, then moved to sentences, and now even to
phrases [11]. NLP is a branch of computer science that helps
computers understand and interpret human language,
allowing them to interact with the real world.

4. Support Vector Machine:

SVM is language independent but uses a format that is
familiar to programmers who work with C-family languages
like Python. However, the size of the output depends on how
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long it takes to get tweets from Twitter. Regardless, the
output is divided into two types: encoded and un-encoded.
For security reasons, some outputs are shown as string IDs
[5]. Sentiment analysis involves giving each word in a tweet
a value, and classifying words as positive or negative based
on adictionary. The results are usually saved in formats like
.txt, .csv, or html [4][5].

5. Aspect-Based Sentiment Analysis (ABSA):

Aspect-based sentiment analysis goes beyond just
determining the overall sentiment of text.

It also identifies the specific features or "aspects” that are
being discussed [7]. For example, a tweet might be positive
about delivery speed but negative about customer service
[9]. ABSA is important for brands to understand customer
opinions on specific features, allowing them to make more
effective improvements and marketing decisions. On Twitter,
ABSA helps differentiate between general brand sentiment
and reactions to specific topics, like new product releases or
customer support interactions.

6. Time-Series Tracking of Sentiment:

Time-series tracking brings in a time-based element to
sentiment analysis by showing how sentiment changes over
days, weeks, or months. This helps organizations watch how
events, campaigns, or crises affect public opinion in real time
[10]. For instance, a sudden rise in negative sentiment could
warn a company about a developing issue before it gets
worse [9] [10], while ongoing positive sentiment might show
that marketing efforts or product launches are working well.

1.2 Proposed System
1. User Authentication & Role-Based Access:

The system has a secure way for people to log in using their
own usernames and passwords [13]. Regular users can look
up information and see results, but administrators have
more control, like managing alerts and checking how well
the system is working [10]. This setup helps protect data and
gives each user a personalized experience based on their
role.

2. Twitter Data Integration:

SentimentPro links directly to Twitter’s official API to get
live tweets that match certain words, phrases, or brand
names. This real-time connection lets businesses keep up
with what people are saying right now, instead of using old
or fixed data sets [11]. The system also tracks likes and
retweets, which help explain what people are thinking about
each piece of content.

3. Al-Powered Sentiment Analysis:

At the center of the system is an Al model based on
transformers that can tell if a tweet is positive, negative, or

neutral [14]. Using deep learning and natural language
processing, the model understands slang, emojis, and other
informal language that’s common on Twitter. This makes the
analysis more accurate and better at capturing everyday
conversations [11].

4. Interactive Dashboard:

SentimentPro shows its results in a user-friendly dashboard
with charts, graphs, and filters [10]. Users can quickly see
how many tweets are positive, negative, or neutral, what
topics are becoming popular, and how things change over
time.

5. Historical Tracking & Reporting:

The system not only looks at tweets as they happen but also
keeps a record of all results in a MySQL database for future
use. Users can look back at past data, compare how different
campaigns performed, and create reports tailored to their
needs [14] [13].

Table -1: Sample Table format

Stages Description
Input User enters search keyword or
hashtag.

Data Collection Tweets fetched using Twitter
API along with engagement

metrics and timestamps.

Preprocessing Cleaning, tokenization,
lemmatization, and negation
handling.

Sentiment Transformer-based Al model

Analysis classifies each tweet.

Aggregation Percentages of positive, neutral,
and negative sentiments
computed.

Storage Results saved into MySQL
database.

Visualization Interactive dashboard displays

charts and reports.

1.3 Methodology:
The system follows a four- phase methodology

1. Data Acquisition:

Tweets are collected using the Twitter API with controls to
manage the rate of data collection. The process starts by
getting tweets directly from the Twitter API through secure
login. Users can choose specific words, hashtags, or brand
names, and the system gets the relevant tweets as they
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happen [13]. To follow Twitter's rules on how much data can
be collected, the system uses smart methods to group data
and add delays, keeping the data flow going without
interruption. Along with the actual text of the tweets, the
system also gathers information like likes, retweets, and the
time the tweet was posted. This extra information helps in
understanding public opinion more deeply than justlooking
at positive or negative words [12].

2. Preprocessing:

The text is cleaned, split into words, made lowercase, and
adjusted for better understanding. Twitter data is messy,
often including links, mentions, emojis, and slang. In this
step, the system removes unnecessary parts like URLs and
references, changes all text to lowercase to keep things
consistent, and breaks the text into individual words. Words
that don't add much meaning, like “is,” “at,” and “the,” are
taken out. The words are then changed to their base form,
for example, “running” becomes “run.” The system also
handles words that show disagreement, like “not good,” to
make sure the meaning is correct [14]. These steps help
create a cleaner dataset that is ready for use in the Al model.

3. Sentiment Classification:

A Transformer model is used to predict the sentiment of
each tweet. After the text is cleaned, it is sent to a
Transformer-based Al model, such as BERT or RoBERTa,
which identifies if a tweet is positive, negative, or neutral [6].
These models are trained to understand the unique language
of social media, including emojis, shortened words, and
casual expressions [12]. Because they use context to
understand words better, these models are more accurate
than traditional methods, making the sentiment analysis
more reliable for business use.

4. Visualization & Reporting:

The results are put together, stored, and shown through real-
time dashboards. The last step turns the model's findings
into useful information through an interactive dashboard.
The system groups the sentiment results to show general
trends, how different brands perform, or the sentiment
around specific hashtags. The dashboard uses charts, graphs,
and time-based views to help users see changes in sentiment
as they happen. The results are also saved in a MySQL
database, which allows for tracking over time, comparing
different campaigns, and exporting data for reports. This
phase converts the raw analysis into tools that businesses
can use right away [14].

user Input Data Preprocessi Sentiment
P Aquisition P Classification|

Dashboard

Cleaning, Tokenization, Transformer Visualization
Lemmatization Negation Model & Reporting

Handling

My sQL

Twitter API

Chart -1: Workflow OF The Data Processing Pipeline Of
SentimentPro.

1.4 Results:

This part shows the results of analyzing feelings in tweets
aboutbusiness trends on Twitter. The tweets were gathered
using the Twitter API, and they focused on popular hashtags
used in conversations about business and market topics. To
figure out the feelings in the tweets, we used a machine
learning model that was trained [14]. This model sorted the
tweets into three groups: positive, negative, and neutral.

1.Data Collection:

We got the tweets as they came in through the Twitter API-
and-saved-them-in-JSON-format.

From each tweet, we took out the text and cleaned it up by
removing unnecessary parts like URLs, mentions, and special
characters [16]. We also separated the hashtags so we could
look at them for specific sentiment tags.

2.Sentiment Classification:

For sentiment analysis, we used a method that combines a
word list with machine learning models trained on data that
has already been labeled.
Each tweet was given a score based on the feelings of the
words it included [17], and then it was put into one of three
groups:

1) Positive: These are tweets that show hope, growth,
or good opinions about business trends.

2) Negative: These are tweets that show worry,
criticism, or sadness about business situations.

3) Neutral: These are tweets that don’t clearly show any
emotion or are just factual without any feelings.

A sample analysis shows sentiment distributions for
different hashtags.
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Fig. 2. Pie Chart

As shown in Fig. 2, the pie chart is representing of each
percentage positive, negative and neutral sentiment hash
tags in different color.

Sentiment Analysis - BrandY (Bar Graph)
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Fig. 3. Bar Graph

As shown in Fig. 3, the bar graph is representing of each
percentage positive, negative and neutral sentiment hash
tags in different color.

Table 3. Sentiment Distribution for Selected Brands on

1.5 Conclusion

SentimentPro is a real-time and scalable system that helps
businesses analyze Twitter sentiments for valuable insights.
In the future, we plan to add support for multiple languages,
detect sarcasm, and connect the system with other data
sources like Google Trends and stock market data. This
research shows how analyzing Twitter sentiments can help
understand and track business trends. By sorting tweets into
positive, negative, and neutral categories, we were able to
gather opinions that show what people think about products
and how markets are moving. Using machine learning and
natural language processing made the sentiment analysis
more accurate, allowing businesses to get real-time feedback
from customers. Our study shows that watching social media
sentiments can give quick and useful information that helps
companies.
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