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Abstract — The way we communicate has changed a lot because of communication systems and social media platforms like
Twitter, Facebook. These platforms generate an amount of user-generated content every day. This content shows what
people think and feel about things. To get information from this content is a big challenge. We need to analyze this data to
understand what people think about a product or a service. This is important for things like customer feedback analysis,
brand monitoring and decision support systems. But the way people write on media is informal they use slang, abbreviations
and their grammar is not always correct. This makes it hard to analyze the data. Sentiment analysis is a part of Natural
Language Processing (NLP). It is about finding and categorizing opinions, emotions and attitudes in text. We have used
machine learning methods like Naive Bayes, Support Vector Machines (SVM) and Logistic Regression to do sentiment
analysis. These methods use feature extraction techniques like Bag-of-Words (BoW) and Term Frequency-Inverse
Document Frequency (TF-1DF) to convert text into numbers. These methods are not very good at understanding the context
of the text and the relationships between words. Recent advancements in learning, particularly transformer-based
architectures have improved the performance of NLP systems. Transformers can process sequences of text at the same time
and understand the context. Models like BERT, RoBERTa and DistilBERT have shown results in sentiment analysis tasks.
These models create embeddings by looking at the text on both sides of a word. This helps to interpret the text accurately.
In this research we propose a sentiment analysis system that uses transformer-based models. The system is a web-based
application that can predict sentiment in time. The system has stages, such as data preprocessing, tokenization, embedding
generation and model inference. We used a dataset of airline-related tweets to test the system. This dataset is a benchmark
because it is informal and noisy. The results show that ROBERTa is more accurate than BERT and DistilBERT.. Distilbert
is faster and uses less computational power making it good for real-time applications. BERT is a balance between accuracy
and computational complexity. The proposed system is a solution for sentiment analysis in real-world applications. It uses
the strengths of transformer-based models to improve the accuracy and reliability of sentiment classification. It can be used
in domains, like social media monitoring, customer feedback analysis and decision support systems, where understanding
user sentiment is important.. The system can be used to monitor media and understand what people think about a product
or a service, It can be used to analyze customer feedback and improve services. It can be used to make decisions based on
user sentiment. Overall the system is scalable, efficient and practical. It can be applied in domains where understanding
user sentiment is important.

Keywords: Sentiment Analysis, Transformer-Based Models, RoBERTa, BERT, DistilBERT, Natural Language
Processing (NLP), Deep Learning, Text Classification, Self-Attention Mechanism, Real-Time Prediction

Frequency-Inverse Document Frequency (TF-IDF), which
encode textual information in terms of numbers. These
methods are reasonable in performance, but do not give us
the contextual relationships and the word order of text, so
their usefulness in the real world is limited. Recurrent Neural

. Introduction

Artificial Intelligence (Al) has become a disruptive
technology that has had a profound impact on many sectors,

such as healthcare, finance, education, and communication.
Some of its numerous uses include the Natural Language
Processing (NLP) which is significant in making machines
understand, interpret and create human language. Sentiment
analysis, a subset of NLP, is one of the most notable
applications of NLP, and it aims at discerning the emotional
tone or sentiment presented in written information. As social
media networks, including Twitter, Facebook, Instagram,
etc., rapidly expand, every day, users produce enormous
quantities of unstructured textual information. This data is
rich in information on the opinion of the population, customer
satisfaction and trends in the market. Nevertheless, it is
inefficient and impractical to analyze such great amount of
data manually. Sentiment analysis systems that are automated
are thus needed in order to extract meaningful information in
time and in a cost-effective way. The classical methods of
sentiment analysis used machine learning methods including
Naive Bayes, Support Vector Machines (SVM) and Logistic
Regression. These models are based on the feature
engineering methods like Bag-of-Words (BoW) and Term

Networks (RNN) and Long Short-Term Memory (LSTM)
models were introduced, which represented a breakthrough
in the NLP. These models have been created to operate with
sequential data and to obtain associations between words.
Nevertheless, they do it at a word-by-word basis making them
more computationally complex and less able to effectively
capture longer-range dependencies. The latest developments
in transformer-based architectures have radically transformed
NLP. Transformer model is a model that uses self-attention
to process sequences of data simultaneously and allows them
to compute efficiently and understand the context better.
Based on this architecture, other models, including BERT
and RoOBERTa, have demonstrated state-of-the-art
performance on a variety of NLP tasks, including sentiment
analysis. BERT provides a bidirectional encoding that helps
to interpret the context of words in a sentence, whereas
RoBERTa improves the technique and trains more data.
DistilBERT is also more efficient in that it minimizes size
without compromising performance of the model. These
models have shown to be more accurate and robust than
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traditional and deep learning models. This work presents a
transformer-based sentiment analysis system, where BERT,
RoBERTa and DistilBERT models are incorporated into a
web-based program. The system will be engineered to handle
real-world textual data, and will be used to deliver correct
sentiment classification in real time. Using the state-of-the-
art transformer architectures, the proposed system is expected
to break the constraints of the conventional solutions and
enhance the overall performance. Figure 1: Retrieval-
Augmented Generation

ILLITERATURE REVIEW

1) Conventional Sentiment Analysis Methods

Sentiment analysis first depended on rule-based and lexicon-
driven methodologies whereby predefined dictionaries were
employed to establish the polarity of text. These approaches
were easy to use and understand, but they did not have the
power to represent the contextual dependencies and semantic
subtleties in a natural language. The human language is
naturally complicated as explained by Pang and Lee [1], and
sometimes rule-based systems cannot interpret sarcasm,
ambiguity, and informal expressions encountered in real-life
text in a way that is correct. In order to address these
shortcomings, machine learning algorithms like Naive Bayes,
Support Vector Machines (SVM), and Logistic Regression
were developed. These models are based on such feature
extraction methods like Bag-of-Words (BoW) and Term
Frequency-Inverse Document Frequency (TF-IDF) which
transforms the text into the form of numbers. Liu [2]
highlighted that these methods enhanced classification
performance over and above rule-based systems, but still had
serious limitations, such as loss of word order and the failure
to formulate contextual dependencies. Consequently, they do
not work well with complicated data including social media
text, where meaning in most cases is contextually dependent.

2) Deep Learning Model and Word Embeddings
Distributed word representations were a big breakthrough in
Natural Language Processing. The use of techniques like
Word2Vec [3] and GloVe [4] facilitated the representation of
words as dense vectors in a continuous vector space, which
captured semantic relationships between words. These
embeddings enabled the models to learn similarities and
relationships among words which enhanced them to perform
better in sentiment analysis tasks. Nevertheless, these
methods still give each word a predetermined representation,
irrespective of how it is used in various sentences. Deep
learning models also enhanced sentiment analysis by
allowing automatic feature extraction and improved
sequential data processing. Recurrent Neural Networks
(RNN) were developed to work with sequences by keeping a
hidden state which stores information about past inputs.
RNNs are however affected by the vanishing gradient
problem, which restricts their learning of long term
dependencies [5]. To overcome this, Long Short-Term
Memory (LSTM) networks have been proposed, which have
memory cells and gating to store significant information in a
longer sequence [6]. On the same note, Gated Recurrent Units
(GRU) offer a computationally efficient variant, with a
similar performance [7]. Although these advances have been
made, sequential models like RNN, LSTM, and GRU have
their limitations. They work stepwise through the text,
making their computational processes more complex and
limiting the ability to process information in parallel.
Moreover, their capabilities of capturing long range
dependencies are finite especially in large and complex data
sets.

3) Transformer-Based Models

The shortcomings of the sequential models gave rise to the
invention of transformer-based architectures, which have
revolutionized the NLP field immensely. Transformer model,
proposed by Vaswani et al. [8], is a model that makes use of
self-attention mechanisms to analyze the relationships
between words in a sentence, irrespective of the position of
the words. This allows the model to take into consideration
both local dependencies and global dependencies and also to
enable parallel computation. On the basis of this architecture,
Bidirectional Encoder Representations of Transformers
(BERT) was proposed by Devlin and others [9]. BERT works
in both directions, i.e. it takes into consideration the left and
the right context at the same time. This results in context-
aware embeddings, which significantly improve performance
in sentiment analysis tasks. Studies have demonstrated that
BERT-based models are more effective compared to the
traditional machine learning and deep learning models
because they can comprehend the more complex linguistic
structures. ROBERTa, which is a suggestion by Liu et al. [10],
is an extension of BERT where the training process is
optimized. It eliminates the following sentence prediction
task, employs dynamic masking and is trained on larger data
sets. These enhancements result in increased generalization
and accuracy. Comparative studies [11], [12] show that
RoBERTa is always better than BERT, especially when it is
used on unstructured and noisy data like social media text.
DistilBERT is a small size version of BERT that employs
knowledge distillation methods to achieve small model size
without compromising on its performance [13]. This is
especially applicable in real-time applications due to the
limitation of computational resources.  Altogether,
transformer-based models are the latest state-of-art in
sentiment analysis because they can better represent the
contextual relationships and complex language patterns.

4) Research Gap and Motivation

Judging by the available literature, it is clear that the
traditional machine learning and deep learning models are
characterized by a number of limitations, such as the inability
to capture the contextual dependencies, the sequential
processing restrictions and the lower performance on the
noisy data. Models like LSTM or GRU are also more
effective, but they still work in a sequential manner, which
restricts scalability and efficiency. Transformer-based
models like BERT and RoBERTa, however, overcome these
shortcomings through the self-attention mechanism, which
processes whole sequences at a time. This will enable them
to capture short and long-term dependencies. Moreover,
report [9], [10], [11] show that transformer-based models are
much more accurate than traditional methods, especially
when applied to real-world data. Driven by these
developments, this paper embraces transformer-based
models, such as BERT, RoBERTa, and DistilBERT, to come
up with a powerful sentiment analysis system. The practical
applicability of these models is further improved by the fact
that they are implemented on a web-based application and are
therefore able to predict sentiments in real time and be more
efficient in real-world conditions.

I1l. METHODOLOGY

The suggested system is a sentiment analysis web application
that is implemented as a transformer that can categorize
textual data into such sentiment categories as positive,
negative, and neutral. It combines Natural Language
Processing (NLP) algorithms, pre-trained transformer
networks, and Web-based deployment architecture to offer
real-time sentiment prediction. The proposed system, in
contrast to conventional machine learning and sequential

IJRTI2604142

International Journal for Research Trends and Innovation (www.ijrti.org)

b57



http://www.ijrti.org/

© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315

deep learning models, leverages the power of sophisticated
transformer-based models, which can effectively model
contextual correlations and semantic dependencies. The
system adheres to a defined pipeline made up of several steps,
such as input processing, preprocessing, tokenizing, model
inference, and output generation. The general workflow starts
with user input whereby a user can enter textual data using a
web interface. This input is sent to the back endpoint server,
which preprocesses and transforms it and sends it to the
transformer models to classify it.

1  System Architecture

The system architecture is designed to ensure efficient
processing and real-time prediction. It consists of multiple
interconnected components, including the user interface,
backend server, preprocessing module, transformer-based
models, and output layer.

The user interacts with the system through a web interface,
where textual input is provided. The input is then sent to the
Flask backend through an API request. The backend
processes the input and applies preprocessing techniques
before passing it to the transformer models for sentiment
prediction. The final output is returned to the user interface
and displayed in real time.

The overall system architecture of the proposed model is
illustrated in Fig. 1, which shows the interaction between the
frontend, backend, and transformer-based models.

User

Web Interface

Flask Backend API

Preprocessing Module

|

Tokenization

/

RoBERTa Model

S

Prediction Layer

l

Final Output

T

DistiiBERT Model

7

BERT Model

Fig.1 System Architecture

2 Data Preprocessing

Data preprocessing is significant in the sentiment analysis
pipeline: raw textual data usually include noise,
inconsistencies, and irrelevant data. The preprocessing step
makes sure that the input text is cleaned and normalized and
sent to the model. The preprocessing involves the elimination
of URLs, special characters and redundant symbols. The text
is made lower case to make it consistent and limit the
vocabulary size. These procedures are useful in enhancing the
performance of the model to minimize the noise and
consistency of the input data.

3 Tokenization and Representation of Input.

The text is first preprocessed and then tokenized into a format
that can be used by transformer models. Transformer libraries
contain tokenizers that a tokenize the text using pre-trained
tokenizers. These tokens are then mapped into embeddings
which capture the semantic meaning of words in context.
Transformer-based embeddings (as opposed to traditional
word embeddings) are also context-aware, i.e. the meaning of
a word is represented by its context (i.e. the surrounding
words).

4  Transformer-Based Model Implementation

The suggested system employs a variety of transformer-based
sentiment classification models, such as BERT, RoBERTa,
and DistilBERT. The models are trained with large-scale
datasets, and they can learn to capture more complex
linguistic patterns and contextual associations. The BERT
applies the concept of bidirectional encoding to comprehend
the right and left context of words in a sentence, which leads
to a better context comprehension. ROBERTa improves the
performance of BERT through optimization of training
strategies like dynamic masking and training larger datasets.
DistilBERT is a smaller variant of BERT, achieved through
the use of compression, to ensure that the model is small but
performs well, thus it can be used in real-time applications.

Each sentiment class probability is calculated with the help
of the softmax function:

Zi

e
P(y) = m

The most likely class is chosen as the final predicted
sentiment.

5 Inference and decision Process Model

The input text in the proposed system is fed to several
transformer models at the same time which are ROBERTa,
BERT, and DistilBERT. The models produce their own
prediction on the input text. All the models are then compared
in their predictions and the ultimate sentiment is decided on
the basis of the maximum probability score. The multi-model
approach enhances the robustness and accuracy as it makes
use of the strengths of various models.

Fig. 2 shows the stepwise process of the system working,
starting with input processing and ending with the final
sentiment prediction.
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Fig. 2: Flow Chart

6 Implementation Details

The suggested system is written in Python programming
language. Transformer based models such as BERT,
RoBERTa and DistilBERT are loaded via the Hugging Face
Transformers library where pre-trained models and
tokenizers are available to complete NLP tasks. The system
back-end is created with the Flask framework, which
provides communication via APl and model inference. The
frontend interface would accept user input and show
sentiment predictions on-the-fly. The system is implemented
in a local setting and it is optimized in order to have efficient
processing and low latency.

7  System Workflow

The general flow of the system is as follows:
e The web interface allows the user to enter text.
e Input is sent to the Flask backend.
e Preprocessing of text is done.

e The text
tokenization.

is converted into numbers using

e Transformer  models  (RoBERTa,
DistilBERT) are fed with input.

e Predictions are produced by each model.

BERT,

e Sentiment is selected and
predictions are made.

comparisons  of

e The output is shown to the user.

This pipeline provides efficient and correct sentiment
classification and therefore the system can be used in
real-life application like customer feedback analysis and
monitoring the social media.

IV. RESULT.

Transformer-based models, such as BERT, RoBERTa, and
DistilBERT are used to examine the performance of the
proposed sentiment analysis system. The analysis is done on
the dataset of airline tweets, which consists of real-world
textual data that is informal in language, contains
abbreviations and noises. This renders it an appropriate
standard to measure the strength of the models. Standard
evaluation metrics, including accuracy, precision, recall, and
F1-score are used to test the models. These metrics give a
detailed account on the performance of the model in
classification tasks.

1. Performance Evaluation
Table 1 Model Predictions and Confidence Score

Text

Prediction RoBERTa DistilBERT BERT
The service
was Positive  0.9654  0.9812 0.6953
excellent
The —flight \ o ative 09234 09605  0.7180
was terrible
It was okay Positive  0.6654 0.3893 0.0000
Amazing - pocive 09639 09332 0.8169
experience
Very bad \ioative 08446 08600  0.8763
service
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Fig. 3: Model Comparison Based on Confidence Scores

2. Comparative Analysis of Models

The trade-off in the accuracy, computational complexity and
inference speed is pointed out by the comparative analysis of
the transformer-based models. As can be seen in Table 2 and
Fig. 3, DistilBERT has the best confidence score, which
means that it performs well in sentiment classification
activities. ROBERTa is also highly accurate because of its
well-optimized training techniques, such as dynamic masking
and training on massive data. It offers strong contextual
knowledge and reliable predictions with various types of
input. BERT is characterized by high reliability as a result of
being based on bidirectional contextual encoding which
enables the model to learn the relationships between words.
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Its performance is however a little less than the ROBERTa
and DistilBERT because of training optimization differences.
As a compressed version of BERT, DistilBERT is much
lower in terms of parameter count, but it retains high
performance. This renders it efficient and accurate as shown
in the results.

3. Detailed Performance Analysis

It is possible to attribute superior performance of
transformer-based models to their capability to learn
contextual relationships through self-attention mechanisms.
Transformer models do not use feature extraction algorithms
like Bag-of-Words and TF-IDF like traditional machine
learning models but instead learn contextual embeddings by
directly looking at data. ROBERTa exhibits a high level of
performance because it has an improved training procedure
such as dropping the next sentence prediction task and the
utilization of bigger datasets. This enables it to acquire
stronger language representations. DistilBERT offers a good
balance between performance and efficiency. Although a
lightweight model, it scores high on confidence, so it can be
useful in real-time applications when the computational
resources are limited. BERT, though a little less efficient,
provides stable performance and can be used in the
comparative study of models.

4. System Performance and Latency

The system will be able to offer real time sentiment prediction
via web-based interface. The preprocessing and model
inference are part of the entire response time of the system.
The mean response time is found as follows:

e Preprocessing Time: around 100 ms,

e Time of Inference: around 200 ms,

e Total Response Time: about 300 ms,

These outputs suggest that the system can provide predictions
effectively with minimum latency. Transformer models have

been integrated with the Flask backend, which guarantees a
smooth and responsive performance.

Confusion Matrix

positive

neutral

True label

negative

neutral
Predicted label

positive negative

Fig, 4: Confusion Matrix for Sentiment Classification

The confusion table also confirms the system performance,
indicating that the model is able to identify most of the
positive and negative samples correctly with slight
misclassifications in neutral cases.

5.  Output Analysis
To evaluate the effectiveness of the system, sample inputs are
tested. For example:

e The service was good and the staff very helpful.

e The system identifies the sentiment as positive correctly,
indicating that it has contextual meaning.

Likewise, in the case of negative inputs:

e The service was awful and the flight was delayed.

e The system identifies the sentiment accurately as
negative, which means that it can capture negative
expressions and contextual cues.

e The neutral inputs are also categorized but with a little
less accuracy which concurs with the findings of the
confusion matrix.

6. Evaluation Metrics Analysis
Precision, recall, and F1-score are also used to assess the
performance of the system as shown in Fig. 5.

F
Precision, Recall, F1-score Comparison
1.0
B precision
recall
B fl-score
0.8
0.6
o
[=]
I
0.4
0.2
0.0 -

T
positive negative neutral

Sentiment Class

Fig. 5: Precision, Recall, and F1-score Comparison

Based on the metrics of assessment, it can be seen that:

e The negative category has a perfect precision, recall and
F1-score, which represent a very high accuracy.

e The positive class is well performing, and the recall is
good along with good F1-score.

e The neutral category is worse performing, because it is
predicted less often by the model, which is a typical
problem in sentiment analysis.

These findings indicate that the model is effective when
dealing with clearly defined sentiments but poorly in dealing
with ambiguous or neutral phrases.

V. DISCUSSION

The findings clearly show that transformer-based models are
effective in the sentiment analysis tasks. Transformer
architectures offer better performance compared to the
traditional machine learning and deep learning models
because of their capability to embrace the bidirectional
context and long-range dependencies in textual data. These
models can also understand the intricate linguistic patterns by
the use of self-attention mechanisms that allow them to
concentrate on relevant elements of the input sequence. This
is especially vital in social media data where the texts can be
informal, have abbreviations and sarcasm. ROBERTa is better
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than BERT because it has better training strategies such as
larger training datasets and dynamic masking. Such
improvements enable ROBERTa to generalize more and be
more accurate. DistilBERT is slightly less accurate, but
provides a good tradeoff between performance and
efficiency, which makes it appropriate to use in real-time.
The implementation of these models as a Flask-based web
application shows that transformer-based NLP systems are
practically applicable. The system can also make real-time
predictions of sentiment and is thus applicable in other
applications like customer feedback analysis and social
media monitoring. Nevertheless, there are still some
limitations. The system might not cope with very ambiguous
text, sarcasm, and domain specific language. Also, the
transformer models are very expensive to train, but inference
is fairly fast. In general, the suggested system presents a
strong and scalable sentiment analysis solution, which proves
the superiority of transformer-based methods over the
conventional ones.

VI. CONCLUSION

It is a research that gives a break down of the design and
implementation of a transformer based sentiment analysis
system that is incorporated in a web application to achieve
real time prediction. The proposed study aims at using the
best Natural Language Processing methods and pre-trained
transformer models, such as BERT, RoBERTa, and
DistilBERT, to categorize textual data into sentiment classes.
As can be seen in the results of the experiment, transformer-
based models are far more effective than traditional machine
learning and previous deep learning methods. Of the models
considered, ROBERTa has the best performance because of
its optimization of training strategy and capacity to establish
contextual relationships in text. BERT also has good
performance based on bidirectional encoding and
DistilBERT offers an efficient option with lower cost of
computation which can be used in real time application.

The fact that these models can be integrated into a Flask-
based web application underlines the practical applicability
of the proposed system. The system can handle real-life,
unstructured textual information and make accurate
sentiment predictions with low latency. This is why it is very
applicable in the customer feedback analysis, social media
monitoring, and decision support systems.

Moreover, the paper highlights that contextual knowledge is
crucial to sentiment analysis and illustrates that transformer
design could be effectively used to overcome the
shortcomings of sequential models. The fact that these
models are capable of dealing with complex linguistic
patterns, such as ambiguity and informal expressions,
contributes to a significant improvement in their performance
in real-life situations.

Although the results are promising, there are still some
challenges, including the management of sarcasm, domain
specific language, and the needs of computations during
training. Such limitations will give a chance to go further and
conduct research.

To sum up, the suggested system has proven the efficiency of
transformer-based solutions to sentiment analysis and offers
a scalable, efficient, and practical solution in the context of
real-time applications. The results of this paper add to the
existing literature in the field of NLP and to the possibilities
of transformer models to evolve the intelligent text analysis
systems.
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