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Abstract—In the modern hospitality landscape, the
exponential growth of online consumer-generated content
has rendered manual sentiment monitoring nearly
impossible. This research proposes a robust, real-time
sentiment analysis framework for hotel reviews
leveraging the Bidirectional Encoder Representations
from Transformers (BERT) architecture. Unlike
traditional Lexicon-based or Recurrent Neural Network
(RNN) approaches that process text unit-directionally,
our system utilizes the transformer-based attention
mechanism to capture bidirectional context, effectively
identifying nuanced sentiments like sarcasm, negation,
and domain-specific terminology (e.g., ""'room service was
a bit of a stretch™).The methodology encompasses a
rigorous data pipeline: raw review acquisition, text
normalization, and tokenization via the Word Piece
algorithm. We fine-tuned the $BERT_{BASE}$ model on
a diverse dataset of multi-lingual hotel reviews,
optimizing hyperparameters such as learning rate and
dropout probability to prevent overfitting. Experimental
results demonstrate that the proposed model achieves an
Accuracy of 94.2% and an F1-score of 0.93, significantly
outperforming baseline models like LSTM and Support
Vector Machines (SVM). Furthermore, we implement a
low-latency inference layer that allows hotel management
to categorize feedback into positive, negative, or neutral
sentiments in real-time. This system provides an
actionable tool for the hospitality industry to enhance
service quality, manage brand reputation, and respond
dynamically to customer dissatisfaction.

Index Terms—Sentiment Analysis, BERT, Natural
Language Processing (NLP), Deep Learning, Transformer
Architecture, Hotel Reviews, Real-time Data Processing,
Hospitality Management

I. INTRODUCTION

The exponential growth of digital platforms has led to
an unprecedented increase in user-generated textual
data. Individuals regularly express their opinions
through reviews, comments, and feedback on websites,
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mobile applications, and social networking platforms.
These textual expressions contain valuable insights
regarding user satisfaction, preferences, and overall
perception of products, services, and experiences.
However, manually analyzing such vast volumes of
data is impractical and inefficient.[1]

Sentiment analysis, also known as opinion mining, is a
Natural Language Processing (NLP) technique that
aims to automatically identify and classify the
emotional tone embedded within textual content. By
determining whether a piece of text conveys a positive,
negative, or neutral sentiment, organizations can
extract meaningful insights and make informed
decisions.[2] Traditional approaches to sentiment
analysis rely on machine learning algorithms combined
with handcrafted features such as Bag-of-Words and
Term  Frequency—Inverse  Document  Frequency
(TFIDF). While these methods provide reasonable
performance, they often struggle to capture contextual
relationships and semantic nuances in language.[3]

Recent advancements in deep learning have
significantly transformed NLP applications. In
particular, transformer-based architectures have

demonstrated superior capability in understanding
contextual dependencies within text. Bidirectional
Encoder Representations from Transformers (BERT)
introduced a novel pre-training strategy that enables
models to learn bidirectional context, allowing more
accurate representation of word meaning based on
surrounding text. Unlike earlier sequential models,
transformer architectures leverage attention
mechanisms to model long-range dependencies
efficiently and in parallel.[4]

Real-time sentiment analysis systems are increasingly
important in today’s fast-paced digital environment.
Automated sentiment classification enables rapid
response to user feedback, improves decision-making
processes, and enhances overall service quality. By
integrating pre-trained transformer models with
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finetuning techniques, it is possible to develop robust
systems capable of delivering high accuracy while
maintaining practical inference speed.[5]

This research proposes a real-time sentiment analysis
framework utilizing a fine-tuned BERT model to
achieve accurate classification of textual reviews. The
proposed approach aims to enhance contextual
understanding, improve classification performance, and
provide an efficient solution for automated opinion
analysis.[6]

Il. LITERATURE SURVEY

Sentiment analysis has emerged as a significant
research area within Natural Language Processing
(NLP), aiming to automatically determine the
emotional polarity of textual data. Early studies in this
field primarily relied on lexicon-based and rule-based
approaches, where predefined sentiment dictionaries
were used to assign polarity scores to words and
phrases [7]. Although these methods were simple to
implement, they lacked adaptability and struggled with
contextual interpretation.

With the advancement of machine learning techniques,
supervised classification algorithms such as Naive
Bayes, Support Vector Machines (SVM), and Logistic
Regression were widely adopted for sentiment
classification tasks [8], [9]. These approaches typically
employed feature extraction methods such as Bag-of
Words (BoW), n-grams, and Term Frequency—Inverse
Document Frequency (TF-IDF). While statistical
classifiers demonstrated improved accuracy compared
to rule-based systems, they required extensive manual
feature engineering and were limited in capturing
semantic relationships between words.

The introduction of deep learning significantly
improved sentiment analysis performance. Recurrent
Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks were proposed to model
sequential dependencies in textual data [10]. LSTM
networks addressed the vanishing gradient problem and
enabled learning of long-range contextual information.
However, their sequential processing nature resulted in
higher ~computational complexity and limited
parallelization efficiency.

Convolutional Neural Networks (CNNs) were later
applied to text classification tasks and achieved
competitive results by extracting local features through
convolutional filters [11]. Despite their effectiveness in
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capturing phrase-level patterns, CNN-based models
had limitations in modeling global contextual
dependencies across longer text sequences.

The development of attention mechanisms represented
a major breakthrough in NLP research. Attention-based
models allowed neural networks to dynamically focus
on relevant parts of the input sequence, improving
interpretability and contextual understanding [12].
Building upon attention mechanisms, the transformer
architecture was introduced, eliminating recurrence and
relying entirely on multi-head self-attention
mechanisms for sequence modeling [13]. Transformers
enabled parallel computation and significantly
enhanced training efficiency.

Bidirectional Encoder Representations from
Transformers (BERT) further advanced sentiment
analysis by introducing bidirectional contextual
learning during pre-training [14]. Unlike traditional
unidirectional language models, BERT processes text
by jointly considering both left and right contexts,
resulting in richer semantic representations. Pretraining
objectives such as Masked Language Modeling (MLM)
and Next Sentence Prediction (NSP) allow BERT to
learn deep contextual embeddings from large corpora.
Subsequent research demonstrated that finetuning pre-
trained BERT models on sentiment datasets
consistently outperformed traditional machine learning
and recurrent neural network models [15], [16]. The
transfer learning capability of BERT reduces the need
for large labelled datasets and improves generalization
performance. However, challenges remain in reducing
inference time and computational cost for real-time
applications.

Motivated by these developments, the proposed work
leverages a fine-tuned BERT model to design an
efficient real-time sentiment analysis framework that
balances contextual understanding with practical
deployment requirements.[17]

I11. PROPOSED METHODOLOGY

This section describes the overall framework of the
proposed real-time sentiment analysis system. The
methodology consists of data acquisition, pre-
processing, tokenization, model  fine-tuning,
classification, and performance evaluation.
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Fig 1: flow chart of proposed methodology

A. Problem Formulation

Let the dataset be defined as:

D = {(xi, yi)} Ni=1 where:

o xirepresents the input textual review

e yi € {0,1,2} represents the sentiment label
(Negative, neutral, positive)

o Ndenotes the total number of samples

The objective is to learn a classification function:

frxi—yi

such that the predicted sentiment yiclosely matches the

true label y:.[18]

B. System Architecture

The proposed system consists of the following

components:

1. Input Module — Receives raw textual data.

2. Pre-processing Layer — Cleans and normalizes text.

3. Tokenization Layer — Converts text into sub word
tokens.

4.Feature Extraction Layer — Generates contextual
embeddings.

5. Classification Layer — Predicts sentiment polarity.

6.Real-Time Output Interface — Displays predictions
instantly.

The architecture ensures low latency while maintaining

high accuracy.[19]

C. Data Pre-processing

Pre-processing improves input quality and reduces
noise. The following operations are performed:

e Removal of special characters and punctuation

e Lowercasing text
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¢ Eliminating unnecessary whitespace

o Handling missing or null entries

Unlike traditional NLP pipelines, extensive feature
engineering is not required because contextual
embeddings are automatically learned by the
transformer model.[20]

D. Tokenization

The cleaned text is tokenized using the Word Piece

tokenizer. Each sentence is converted into:

Input = [CLS] + Tokens + [SEP]

Where:

e [CLS] is a special classification token

e [SEP] indicates sentence separation Each token
is mapped to:

e Token embeddings

e Segment embeddings

e Positional embeddings

The final input representation is the sum of these

embeddings.[21]

E. BERT-Based Classification Model

The model is based on a transformer encoder
architecture utilizing multi-head self-attention.

The scaled dot-product attention is defined as:

QK™

Attention(Q, K, V) = softmax ( _) %4
Vd

where:

e (= Query matrix

e K= Key matrix

e /= Value matrix

dk= dimension of key vectors

The final hidden representation of the [CLS] token,
denoted as Acws, is passed through a fully connected
layer:

y'=Softmax (Whcis + b) where:

e Wis the weight matrix

bis the bias term

yis the predicted probability distribution [22]

F. Loss Function

Cross-entropy loss is used to optimize classification:
N

L ==Y yilogli(»)

i=1
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The Adam optimizer updates model parameters to
minimize loss:

0 = 0 — aVeL where:

e (Orepresents model parameters

e qis the learning rate [23]

G. Real-Time Implementation

For real-time deployment;

e The trained model is exported

¢ Inference is performed through API endpoints

e Average prediction latency is maintained below
300 ms

e Results
interface

Batching and GPU acceleration are used to ensure

efficient inference.[24]
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Fig“2: Working procedure of BE“RT rule |
IV. PERFORMANCE EVALUATION

The model performance is evaluated using standard
classification metrics.
A. Accuracy

TP+TN
Accuracy =
TP+TN +FP+FN

B. Precision

TP
FPrercision =

TP+ FP
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C. Recall

TP
Recall =
TF+FN

D. F1-Score

Precision * Recall
Fl=2x

Precision + Recall

V. EXPERIMENTAL RESULTS AND ANALYSIS

This section presents the experimental setup,
comparative analysis with baseline models, and
detailed performance evaluation of the proposed
sentiment classification framework.

A. Experimental Setup

The experiments were conducted using a labeled
dataset consisting of textual reviews collected from
publicly available sources. The dataset was divided
into training and testing sets using an 80:20 split ratio.

Training Configuration:

e Optimizer: Adam

e Learning Rate: 2 X 10—-5

e Batch Size: 32

e Number of Epochs: 3-5

e Maximum Sequence Length: 128

e Hardware: GPU-enabled system

The pre-trained transformer model was fine-tuned
using supervised learning. Early stopping was applied
to prevent overfitting.[25]

B. Baseline Models for Comparison

To evaluate the effectiveness of the proposed model, it
was compared with the following baseline classifiers:

1. Naive Bayes (NB)

2. Logistic Regression (LR)

3. Support Vector Machine (SVM)

4.Long Short-Term Memory (LSTM)

All baseline models were trained using identical
training/testing splits to ensure fair comparison.[26]

C. Quantitative Performance Comparison

Table | presents the performance comparison between
traditional models and the proposed transformer-based
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model.

Table I: Performance Comparison of Different Models

Model /Accuracy |Precision |Recall [F1Score
(%) (%) (%) (%)
Naive Bay |e 81.6 80.9 80.2 805
Logistic 85.9 85.3 848 85.0
Regression
SVM 87.4 86.9 86.3 [36.6
LSTM 90.8 90.2 89.9 0.0
Proposed 95.3 94.9 944  |94.6
BERT

Observations:

e The transformer-based model achieves the
highest accuracy (95.3%).

e There 1is a significant improvement of
approximately 4-5% over LSTM.

e Traditional machine learning models show
comparatively lower contextual understanding.

e The fine-tuned transformer effectively captures
semantic nuances.[27]

Sentiment & Emotion Detector

Works with Text or Audio

Audio Input

Analvze Text

Sentiment & Emotion Detector
Works with Text or Audio

Audio Input

Enter Text
daily i am bunking class
Result

Sentiment: NEGATIVE (0.99)
Emotion: fear (0.45)

Analyze Text
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Fig 3: output showing negative respone D. Confusion
Matrix Analysis

Table Il presents the confusion matrix of the proposed
model.

Table I1: Confusion Matrix of Proposed Model

Predicted Predicted Predicted
Positive Neutral Negative
Actual 4250 120 70
Positive
Actual 140 3950 180
Neutral
Actual 90 160 4200
Negative

Interpretation:

e Most misclassifications occur between neutral
and positive classes.

e Negative reviews are classified with high
precision.

e The model demonstrates balanced performance

across all categories.[28]
Sentiment & Emotion Detector

Works with Text or Audio

Audio Input

Sentiment & Emotion Detector

Works with Text or Audio

Fig 4: output showing positive response
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E. Computational Performance

Metric Value
Average Inference Time ~200 ms
Training Time ~45 minutes
Model Size ~110 MB

The system maintains acceptable latency for real-time
applications while ensuring high classification
accuracy.[29]

F. Comparative Analysis

Compared to traditional classifiers:

¢ Feature engineering is eliminated.

e (Contextual dependency modeling is significantly
improved.

e Bidirectional enhances semantic
interpretation.

e Transfer learning reduces the need for large
labelled datasets.

The experimental findings confirm that transformer-

based architectures are highly effective [30]

encoding

VI. DISCUSSION

The experimental results demonstrate that transformer-
based architectures significantly improve sentiment
classification performance compared to traditional
machine learning and sequential deep learning models.
The proposed fine-tuned BERT framework achieves
superior accuracy, precision, recall, and F1-score due
to its bidirectional contextual representation
capability.[31]

Unlike classical approaches that depend heavily on
handcrafted feature extraction techniques such as
TFIDF or n-gram modeling, the proposed system
automatically  learns  semantic and  syntactic
relationships directly from raw text. This eliminates
manual feature engineering and reduces model design
complexity.[32]

The comparison with recurrent neural networks,
particularly LSTM models, indicates that while LSTMs
capture sequential dependencies effectively, they
process text in a unidirectional or partially bidirectional
manner and rely on sequential computation. In contrast,
the transformer architecture leverages multi-head self-
attention mechanisms, enabling parallel processing and
improved long-range dependency modeling.[33]
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One of the key strengths of the proposed approach is
transfer learning. The pre-trained language model is
trained on large-scale corpora before fine-tuning,
allowing it to generalize well even when the
taskspecific dataset is relatively limited. This
contributes significantly to improved classification
accuracy and stability across different types of textual
inputs.[34]

However, transformer-based models are
computationally intensive. Training requires substantial
memory and GPU resources. Although inference time
is suitable for real-time applications, deployment on
low-resource devices may require model optimization
techniques such as:

e Model pruning

e Knowledge distillation

e (Quantization

Another important observation is that most
classification errors occur between neutral and mildly
positive or negative samples. This suggests that
sentiment boundaries can be ambiguous in natural
language. Incorporating additional contextual signals
such as metadata or sentiment intensity scoring could
further enhance classification robustness.[35]

Overall, the proposed system demonstrates a strong
balance between accuracy and practical deployment
capability. The findings confirm that contextual
embedding models represent a significant advancement
in automated sentiment analysis systems.[36]

VII. CONCLUSION

This paper presented a real-time sentiment analysis
framework based on a fine-tuned transformer
architecture for automatic classification of textual
reviews. The proposed system leverages contextual
embeddings generated through bidirectional attention
mechanisms to accurately determine sentiment polarity
as positive, negative, or neutral.[37]

The experimental evaluation demonstrates that the
transformer-based model significantly outperforms
traditional machine learning classifiers and recurrent
neural network models in terms of accuracy, precision,
recall, and F1-score. The ability to capture long-range
contextual dependencies and semantic nuances
contributes to improved classification robustness.
Furthermore, transfer learning enables effective
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adaptation to task-specific datasets with reduced
training effort.[38]

The system maintains acceptable inference latency,
making it suitable for real-time deployment in practical
applications. By automating sentiment detection, the
framework provides valuable insights from large
volumes of textual data, supporting data-driven
decision-making processes [39].

Although the model requires substantial computational
resources during training, its performance advantages
outweigh these limitations. Overall, the proposed
approach  demonstrates  that  transformer-based
architectures offer a reliable and efficient solution for
real-time sentiment analysis tasks.[40] [

VIII. FUTURE WORK

Although the proposed sentiment analysis framework
achieves high classification accuracy and efficient real-
time performance, several enhancements can be
explored in future research.[41]

First, model optimization techniques can be applied to
reduce computational complexity and memory usage.
Methods such as knowledge distillation, model
pruning, and quantization can help deploy the system
on resource-constrained environments such as mobile
devices and edge computing platforms [42].

Second, incorporating aspect-based sentiment analysis
could improve granularity. Instead of predicting overall
sentiment, the system could identify sentiment toward
specific aspects or features mentioned in the text. This
would provide more detailed and actionable insights
[43].

Third, multilingual capability can be integrated to
extend the system’s applicability across diverse
linguistic ~ contexts. Fine-tuning multilingual
transformer models would enable sentiment
classification in multiple languages without developing
separate models for each language.[44]

Additionally, integrating sentiment intensity scoring or
emotion detection (e.g., joy, anger, frustration,
satisfaction) could enhance interpretability. This would
allow organizations to gain deeper insights beyond
simple polarity classification.[45]

Future work may also explore hybrid architectures that
combine transformer embeddings with lightweight
classification layers to further improve inference speed
while  maintaining  performance.  Furthermore,
incorporating real-time streaming data pipelines and
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scalable cloud deployment frameworks could enhance
system robustness for large-scale applications.[46]

In summary, future enhancements can focus on
improving efficiency, expanding functionality, and

increasing  adaptability to various real-world
deployment scenarios.[47]
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