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Abstract — With the exponential growth of web
technology and the increasing popularity of social
networking sites like Twitter, there has been an
unprecedented volume of user-generated data available
on the internet. The diverse nature of opinions and
sentiments expressed in tweets presents a unique
opportunity for sentiment analysis, where understanding
the emotions and attitudes of users towards various
topics becomes crucial. Sentiment analysis on Twitter is
a challenging task due to the unstructured and
heterogeneous nature of the content, which can be
positive, negative, or neutral in different contexts. In this
paper, we present a comprehensive survey and
comparative analysis of existing techniques for sentiment
analysis, with a focus on utilizing the BERT
(Bidirectional Encoder Representations  from
Transformers) model, a cutting-edge deep learning
approach.

Index Terms— BERT, Sentiment, Twitter, Django, Deep
Learning.

I. INTRODUCTION

There has been a massive increase in the usage of
microblogging sites like Twitter in the past few years.
Businesses and media organizations are increasingly
trying to figure out ways to explore Twitter for
knowledge about what individuals think and feel about
their goods and services, driven by that development.
Companies such as Twitratr, tweetfeel, and Social
Note are only a few that as one of their offerings
promote Twitter sentiment analysis. There exist a
decent content of research for identifying the various
sentiments  that are communicated  across
various domains like online reviews and news stories.
Yet, a few contents of research has been conducted
for identifying the wvarious sentiments are
communicated considering the informal speech and
message-length restrictions of online media. Apps like

1IJIRT 161238

automated element tags and techniques like
sentimental lexicons have proven effective in many
other fields for sentiment analysis, and yet can they
still prove beneficial on Twitter for sentiment
analysis? The enormous range of subject matter
discussed is yet another microblogging issue. Saying
that user’s tweet on everything and anything is not a
misconception. Therefore, one needs a framework for
easily defining details that could be utilized for
learning is required to be allowed to develop a
framework for mining Twitter's feelings on any given
subject. Thus, this report discusses one strategy for
constructing such information utilizing hashtags that
are utilized in Twitter to classify various sentiments
like positive, negative, and neutral and utilize various-
way emotion classifiers for learning.

Sentiment analysis is the automated mechanism for
interpreting a written or spoken thought about a certain
topic. Sentiment analysis has been a crucial method for
interpreting this data in an environment where daily
we produce 2, 5-quintillion bytes of data. It helps
businesses to obtain crucial knowledge and optimize
operations of all sorts [1].

Sentiment Analysis is often referred to as be Opinion
Mining. This builds structures to classify and collect
views inside documents. The research is a field of
natural language processing (NLP) [1].

Networking sites offer an incentive for companies by
offering a forum for ads to communicate with their
clients. For decision-making, users often rely to a
large degree on customer-based content online. For
example, if some user wants to purchase an item or
wishes to utilize some utility, the user would be
looking for the corresponding ratings online, which
follows chat about that on networking sites before
making a decision. For a typical user to examine, the
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volume of information created by users is too large.
There is a big urge to simplify this since different types
of sentiment analysis are commonly utilized.
Analyzing various sentiments advises the customer
whether the goods or the services obtained would be
satisfactory not in advance of buying those
products. aThis type of research information is used
by advertisers and companies to recognize their goods
or services according to the needs of customers
that can be delivered.

Sentiment analyses are actually a matter of
significant concern because they have a range of
functional applications. Because the number of texts
that convey views is continuously growing on the
Internet, which is publicly and privately accessible, are
published on journaling pages, forums, blogs, and
social networking [1].

Sentiment Analysis is the automatic method of
interpretation and sorting of text data into optimistic,
negative, or neutral feelings. Doing a Twitter
Sentiment Study using machine learning will help
companies realize how customers think about their
products [2].

About 80 percent of digital data globally is
unstructured and is no exception to data gathered from
social network outlets. As the knowledge is not pre-
defined, sorting and evaluating are hard. Thanks to
Machine Learning and NLP, we are fortunate that
models can now be developed, learning from
examples and used for processing and organizing text
data [2].

Sentiment analytical systems from Twitter can be used
to arrange broad tweets and automatically determine
the polarity of each message. And, the best thing, is to
save precious hours for staff quick and easy and to
concentrate on activities that will have a larger impact.

Twitter helps companies to enter a wide market
and communicate with consumers without any
intermediaries and more than 321 million active users
posting a regular total of 500 million Messages. At the
drawback, marketers can consider controversial news
more easily because if it goes viral, they may wind up
facing an unwanted Marketing problem. This is one of
the factors that social listening — the monitoring of
social network messages and input — has been a critical
mechanism for promoting social networks [2].
Monitoring Twitter allows companies to understand
their audience, keep on top of what’s being said about
their brand and their competitors, and discover new
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trends in the industry. Are users talking positively or
negatively about a product? Well, that’s exactly what
sentiment analysis determines [2].

Twitter monitoring helps businesses to consider
their customers, keep current with their products and
competition, and identify emerging  market
developments. Are consumers concerned about a
commaodity as good or negative? Yeah, that's what the
study of emotions decides [2].

Il PROPOSED METHODOLOGY

Proposed Methodology of Twitter Sentiment Analysis
using BERT has following stages

Data Collection: The first step in any sentiment
analysis project is to gather relevant data. In this case,
a dataset of Twitter tweets is required, where each
tweet is labeled with its corresponding sentiment
(positive, negative, or neutral). There are publicly
available datasets specifically designed for sentiment
analysis tasks, or you can create a custom dataset by
manually annotating tweets with sentiment labels.
Data Preprocessing: Twitter data often contains noise
in the form of hashtags, mentions, URLS, and special
characters. Preprocessing is crucial to remove these
elements and ensure that the data is cleaned and ready
for analysis. Additionally, tokenization is applied to
split the tweets into individual words or sub words for
further processing.

Fine-tuning BERT Model: BERT, a transformer-based
language model, has shown exceptional performance
in various NLP tasks, including sentiment analysis.
However, pre-trained BERT models are not directly
suitable for sentiment classification on Twitter data.
Therefore, the BERT model needs to be fine-tuned
using the labeled Twitter dataset.

Tokenization: It is a critical step to convert the
preprocessed text into tokens that the BERT model can
understand. Each token is associated with a unique
numerical representation, and the tokens are combined
to form input sequences for the model.

Building the Classification Model: After fine-tuning
the BERT model, it is combined with additional layers
to create a sentiment classification model. Typically, a
few dense layers are added on top of BERT to adapt it
to the specific sentiment analysis task. The last layer
of the model is a softmax layer that provides
probabilities for each sentiment class.
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Training the Model: The model is trained using the
labeled Twitter dataset. During training, the model
learns to map input tweet sequences to their respective
sentiment classes by minimizing a suitable loss
function, such as cross-entropy loss.

Model Evaluation: After training, the model's
performance is evaluated using a separate validation
dataset. Common evaluation metrics include accuracy,
precision, recall, F1-score, and AUC-ROC. The goal
is to assess how well the model generalizes to new,
unseen data.

Hyperparameter Tuning: Hyperparameters, such as
learning rate, batch size, and number of training
epochs, play a crucial role in the performance of the
model. Iterative hyperparameter tuning is performed
to optimize the model's performance on the validation
dataset.

Sentiment Analysis on New Tweets: Once the model
is trained and evaluated, it can be used for sentiment
analysis on new, unlabeled tweets. The preprocessing
steps applied during training are also applied to the
new data, and the fine-tuned BERT model predicts the
sentiment for each tweet.

Interpretation and Application: Finally, the sentiment
analysis results can be interpreted and applied for
various purposes, such as understanding public
opinion, tracking sentiment trends, brand reputation
management, and real-time monitoring during events.
Nevertheless, the utilization of BERT in sentiment
analysis has demonstrated promising results and has
become a widely adopted approach in the NLP
community

11 SYSTEM IMPLEMENTATION

The complete implementation of the proposed
framework can be implemented in various steps as
mentioned in figure-1. These steps were mentioned as
follows:
1.Gathered Data:
2.Data pre-processing:

a. Tokenization:

b. Stop Words Removal:

c. Stemming and Lemming:
3.Extraction of features:
4.1dentifying the keywords and classifying the movie
ratings according to the recognized sentiments.
5.The training dataset and testing dataset need to pass
into the proposed model and evaluate the model.
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6.Now, the validation dataset will be passed on to the
trained and tested model to attain the prediction or
identification of polarized sentiments as positive or
negative.

Stages of Work Flow in proposed system
Login Page

Login Here

Usemame

Fig 1 Login Page
Once the user registers themselves, they enter the
login panel. The Login panel takes two parameter
that is username and password credential from user
.Once the password is matched it takes to home
page of user.
Login Panel Takes into two dashboard that is user
and admin.
User home page consist of various features
Admin dashboard has privilege to access the user
data

Registration Page

Register Here

Fig 2 Registration Page

The user who does not have login id have to register
themselves to get accessed through application. The
registration page consists of various information
like name of the person, contact number, email and
password of the login. Once the registration is
successfully then only, he can login. Once the
registration is done registration successful message
is displayed.

The email ID and password are required for login.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 13



© August 2023| IJIRT | Volume 10 Issue 3 | ISSN: 2349-6002

Home Page

W TWITTER SENTIMENT ANALYSIS

WELCOME TO

Fig 3 Home Page

The home page module of the user panel in a twitter
sentiment analysis can provide a centralized and
user-friendly interface for users to access relevant
information and features. The home page module in
a user-centric manner, keeping the interface
intuitive, visually appealing, and responsive across
different devices and screen sizes. Conducting user
testing and gathering feedback during the
development process can help refine the design and
ensure it meets the users' needs effectively.

About Us Module

W TWITTER SENTIMENT ANALYSIS

About Us

Fig 4 About Us Module

The "About Us" module in the user panel of a twitter
sentiment analysis provides information about the
system, its purpose, and the team or organization
behind it. Here are some key components to include in
the "About Us" module:

Provide a brief overview of the stress detection
system, explaining its purpose, goals, and how it can
benefit users. Describe the main features and
functionalities of the system, highlighting how it can
help users monitor and manage their stress levels
effectively.

Clearly articulate the mission and vision of the
organization or team behind the stress detection
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system. Explain the driving force behind the
development of the system and the broader goals or
social impact the team aims to achieve.

Input Text Module

HOME ABOUT

¥ TWITTER SENTIMENT ANALYSIS

Sentiment Analysis

Fig 5 Input Text Module

Our stress detection system utilizes cutting-edge
natural language processing and sentiment analysis
algorithms to analyze tweets and other textual data
from Twitter users. By analyzing the language patterns
and sentiments expressed in tweets, we can identify
indicators of stress and emotional distress. This
enables us to provide valuable insights and support to
users who may be experiencing heightened stress
levels.

Splitting Sentence Module

o () L) ° 8 ]

TWITTER SENTIMENT ANALYSIS

Sentiment Analysis

Original Input Text:
Modi is good Leader. He is also good person

Splitting Sentence

#o duoedes¢@am ~Geam o

Fig 6 Splitting Sentence Module
The "Splitting Sentence Module” refers to a
component or function that is designed to break down
a given text or paragraph into individual sentences.
The purpose of this module is to facilitate further
analysis and processing of the text at a more granular
level.
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Tokenization Module

Sentiment Analysis

Original Input Text:

Modiis good Leader. e Is also good persen

Tokenized Words: LMT%I'.ﬂ.JQM. ‘Leader’,
Tokenized Words: ['He', Is', ‘also’, ‘good’,
‘person’]

S10p Word Sermoval

Fig 7: Tokenization Module

Internally, the module utilizes a technique called
"sentence tokenization" to split the text into sentences.
Tokenization is the process of dividing a text into
smaller units, such as words or sentences. In our case,
we focus on sentence tokenization. It involves
identifying sentence boundaries based on punctuation
marks (e.g., periods, question marks, exclamation
marks) and other linguistic rules. The module
leverages existing libraries or custom algorithms to
perform this tokenization effectively.

Stop Word Removal Module
[ U |

Sentiment Analysis

Original Input Text
Modi is good Leader. He is also geod persen
Stop Word
Stop Word Removal: ['also’, ‘good’, ‘person’]

Fig 8: Stop Word Removal Module

The "Stop Word Removal Module" is a crucial part of
the preprocessing pipeline in natural language
processing (NLP) and text analysis tasks. Its primary
purpose is to eliminate common words, known as stop
words, from the input text. Stop words are words that
appear frequently in a language but do not carry
significant meaning and are often used to form the
grammatical structure of sentences. Examples of stop
words in English include "the," "is," "and, a,
"to," etc.

in,

Sentiment Analysis Module

B TWITTER SENTIMENT ANALYSIS

Sentiment Analysis

sentiment Prediction: positive

Fig 9 Sentiment Analysis Module
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The Sentiment Analysis Module is a crucial
component of our Twitter Sentiment Analysis project,
which aims to analyze the emotions and sentiments
expressed in tweets from Twitter users. This module
plays a pivotal role in extracting insights from textual
data, enabling us to understand the overall sentiment
of tweets and providing valuable information for
various applications.

View History Module

¥ TWITTER SENTIMENT ANALYSIS

View History

Fig 10 View History Module

The "View History" module is an important
component of our Twitter Sentiment Analysis project.
This module allows users to access and review their
past sentiment analysis results and view the historical
sentiment trends related to specific hashtags, events,
or their own tweets. The View History module
enhances the user experience by providing a
comprehensive overview of their engagement and
emotional patterns on Twitter over time.

My Profile Module

M TWITTER SENTIMENT ANALYSIS

My Info

Name: Samruddhi Mahalle

Phone: 8767387769

Email:abc@gmail.com

Fig 11 : My Profile Module
The "My Profile" module in the user panel of a
stress detection system provides users with the
ability to view and manage their personal
information and preferences. "My Profile" module
with a user-friendly interface that is easy to navigate
and understand. Provide clear instructions and
guidance throughout the profile management
process to assist users in updating their information
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effectively. Regularly update and enhance the
module based on user feedback to improve the
overall user experience.

Admin Dashboard Module

W TWITTER SENTIMENT ANALYSIS

WELCOME TO

0 -
e o

Fig 12 :Admin Dashboard Module

The admin dashboard module in a twitter sentiment
analysis serves as a centralized interface for
administrators or system managers to monitor and
manage the system’s functionality and user data.
The admin dashboard module with a user-friendly
interface, allowing administrators to navigate and
access relevant information easily. Incorporate data
visualization techniques to present information in a
clear and concise manner, enabling administrators
to make informed decisions and effectively manage
the stress detection system.

View User Profile Module

I TWITTER SENTIMENT ANALYSIS

View all User

Fig 13 View User Profile Module

The "View User Profile" module allows
administrators to access and view detailed
information about individual user profiles. It
provides a comprehensive overview of the user's
account and activity within the stress detection
system.

Administrators can access and review specific
details related to the user's account settings. This
may include information such as account status
(active or inactive), role or permissions assigned to
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the user, and preferences related to notifications or
system configurations.

View All Analysis Module

M TWITTER SENTIMENT ANALYSIS HoMe ABOUT

View History

Fig 14 View All Analysis Module

The "View All Analysis" module is a significant
component of our Twitter Sentiment Analysis
project, providing users with a comprehensive and
centralized view of sentiment analysis results for a
wide range of tweets. This module is designed to
cater to users who seek a broader understanding of
sentiment trends, want to explore sentiment patterns
across various hashtags, or analyze sentiments
related to specific events or topics.

IV RESULT ANALYSIS & APPLICATION
TESTING

Result analysis of Twitter sentiment analysis using the
BERT model is aimed at evaluating the performance
and effectiveness of the sentiment classification
model. It involves measuring how well the model
predicts sentiments (positive, negative, or neutral) for
the given tweets.

The model's generalization ability is of paramount
importance. Ensuring that the BERT model can
effectively handle new, unseen Twitter data is vital for
its practical application. The generalization
assessment allows researchers to ascertain whether the
model can be deployed in real-world scenarios and
reliably analyze sentiments across diverse Twitter
datasets.

By following this data flow and comprehensive
analysis, researchers and practitioners can develop
robust sentiment analysis models using the BERT
architecture, providing valuable insights into public
opinion, sentiment trends, and brand perception in the
dynamic world of Twitter

Training loss, also known as training error or training
cost, is a measure of how well the model is fitting the
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training data. During the training phase, the model
learns from the training data and tries to minimize the
difference between its predictions and the actual target
labels. The training loss quantifies this difference.
Common loss functions used for training loss include
mean squared error (MSE) for regression problems
and cross-entropy loss for classification problems.

As the model undergoes multiple iterations
(epochs) of training, the training loss ideally
decreases. This indicates that the model is improving
its ability to capture patterns in the training data and is
becoming more accurate in predicting the target labels.

The training and testing loss should decrease and
converge to a similar value as the model learns from
the data. However, if the testing loss starts to increase
while the training loss keeps decreasing, it indicates
overfitting, and regularization techniques may be
necessary to improve generalization

Parameters Values

Accuracy: 83.27931428485229
Precision: 95.21

F1 Score: 80.2

Table 1: Values for result analysis

Training and Testing Loss

(T duoBDe=6¢@ a GO N0

Fig 15 Obtained results

The proposed framework was implemented and
attained the confusion matrix as well as the accuracy,
precision, recall, and F1-score. The confusion matrix
can be represented as mentioned in figure-2.
Depending on this confusion matrix, the accuracy,
precision, recall, and F1-score can be evaluated and
can be compared with the obtained values. The various
terms that are used in the confusion matrix can be
defined as follows:
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1. TP: The full form of TP is true positive which
refers to the number of cases that are classified as
positive in the actual scenario also represents
positive.

2. FN: The full form of FN is false negative which
refers to the number of cases that are classified as
positive in the actual scenario represents negative.

3. FP: The full form of FP is false positive which
refers to the number of cases that are classified as
negative in the actual scenario represents positive.

4. TN: The full form of TN is true negative which
refers to the number of cases that are classified as
negative in the actual scenario also represents
negative.

From this confusion matrix, we can evaluate the

various metrics as mentioned as follows:
TP +TN

1. Accuracy =———— 1)
TP+FP+FN+TN
2. Precision = —— @)
TP+FP
3. Recall = —2 3)
TP+FN
4. F1 — score = 2:Recall=precision @)

Recall+Precision
The obtained confusion matrix can be represented as

mentioned in figure with consideration of 1000
instances for the validation aspects.

The graph is color-coded, with different shades of blue
used to indicate the number of instances for each
combination of true and predicted labels. The color
intensity reflects the count of data points falling into
each category.

The diagonal elements of the confusion matrix
represent correct predictions (true positives and true
negatives). For example, the top-left cell (row=0,
column=0) shows the count of instances where the true
label and the predicted label are both in class 0 (True
Negative). The bottom-right cell (row=n, column=n)
shows the count of instances where the true label and
the predicted label are both in class n (True Positive).
The off-diagonal elements represent incorrect
predictions (false positives and false negatives). For
example, the cell (row=0, column=1) shows the count
of instances where the true label is in class 1, but the
model predicted it as class O (False Negative). The cell
(row=1, column=0) shows the count of instances
where the true label is in class 0, but the model
predicted it as class 1 (False Positive).
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Fig 16 Obtained confusion matrix from the proposed
framework

The obtained evaluation metrics obtained from
evaluating the proposed model with 1000 validation
instances as follows:

1. Accuracy = 0.959

2. Precision = 0.965

3. Recall =0.956

4. F1l-score =0.960
From the above metrics, one can conclude that the
efficiency of the model is better and in the majority of
the cases, we able to identify the accurate sentiment
based on movie reviews. From this framework, there
are possibilities of about 4.4% for the false negatives
and 3.5% for the false positives. If we comprise both
the scenarios, there is a possibility of a
misclassification rate of 4.1% which is very nominal
in the case of sentimental analysis. In this project, we
have used the deep learning techniques to train our
model. We got some good accuracy in our training
results. This project will help us to understand the
process of deep learning techniques for twitter
sentiment analysis.

CONCLUSION

In conclusion, Twitter sentiment analysis using the
BERT model has proven to be a powerful and effective
approach for understanding public sentiment and
opinions expressed on the social media platform. The
utilization of the BERT model, a state-of-the-art
transformer-based deep learning architecture, has
significantly improved the accuracy and contextual
understanding of sentiments present in tweets.

As advancements in deep learning and NLP continue,
further research and development in this area hold
great potential for enhancing the accuracy and
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applicability of Twitter sentiment analysis using the
BERT model. With ongoing improvements, sentiment
analysis on social media platforms like Twitter will
continue to play a pivotal role in shaping the way we
understand and interact with public opinions in the
digital age.
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