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ABSTRACT preprocessing,  sentiment  classification, and

Sentiment analysis has emerged as an essential
technique for understanding public opinion in
digital communication platforms. Government and
organizational e-consultation modules enable
citizens and users to submit feedback, suggestions,
and complaints online. However, the large volume
of textual comments generated through these
platforms makes manual analysis difficult and
time-consuming. This study proposes a sentiment
analysis system for automatically classifying
comments received through an e-consultation
module into positive, negative, and neutral
categories using machine learning and natural
language processing techniques. The system
utilizes text preprocessing methods such as
tokenization, stop-word removal, stemming, and
vectorization to prepare textual data for
classification. Machine learning models are
implemented using Python-based frameworks
including TensorFlow, Keras, and Natural
Language Toolkit (NLTK). The backend of the
system is developed using Flask, while React is
used for the user interface and MySQL for storing
user comments and processed results. The proposed
system enables administrators and decision-makers
to quickly interpret public sentiment, identify major
concerns, and prioritize issues based on collective
feedback. The architecture incorporates a modular

pipeline  consisting of data acquisition,
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visualization of results. Experimental evaluation
demonstrates that automated sentiment analysis
significantly improves efficiency in processing
large volumes of user feedback compared to
manual evaluation. The system also supports real-
time monitoring of public opinion, thereby
enhancing transparency and responsiveness in
digital governance systems. Overall, the proposed
approach demonstrates how machine learning and
NLP technologies can be effectively integrated with
e-consultation platforms to improve policy

analysis, decision-making, and citizen engagement.

Keywords: Sentiment Analysis, Natural Language
Processing, E-Consultation, Machine Learning,

Text Classification, Public Opinion Mining.
I INTRODUCTION

The rapid expansion of digital communication
platforms has significantly increased the volume of
user-generated textual data available on the
internet.  Governments,  organizations, and
institutions increasingly use online consultation
platforms to collect opinions, suggestions, and
complaints from citizens and stakeholders. These
platforms, commonly known as e-consultation
systems, play an important role in digital
governance and participatory decision-making.
However, analyzing large numbers of textual

comments manually is challenging and inefficient.
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Sentiment analysis, also known as opinion mining,
provides automated techniques to extract emotions,
attitudes, and opinions from textual data. It allows
researchers and administrators to identify whether
user feedback expresses positive, negative, or
neutral sentiment. Advances in natural language
processing and machine learning have enabled the
development of sophisticated sentiment
classification systems capable of analyzing large-
scale textual datasets efficiently [1]. Various studies
have explored the application of sentiment analysis
in domains such as social media monitoring,
customer feedback evaluation, product reviews,
and political opinion mining [2]. Machine learning
algorithms including Naive Bayes, Support Vector
Machines, and deep learning models have
demonstrated significant effectiveness in text
classification tasks [3]. The integration of NLP
techniques such as tokenization, stemming, and
stop-word removal improves the accuracy of
sentiment  detection  systems [4]. Recent
developments in deep learning frameworks such as
TensorFlow and Keras have further enhanced the
capability of automated sentiment analysis systems
[5]. Researchers have also investigated hybrid
approaches that combine lexicon-based and
machine learning methods to achieve improved
classification performance [6]. These techniques
are particularly useful for analyzing unstructured
textual comments submitted through digital
platforms [7]. The increasing adoption of e-
governance initiatives worldwide has further
emphasized the need for automated tools capable of
interpreting citizen feedback effectively [8].
Sentiment analysis systems can help policymakers
understand  public perception and identify
important issues requiring immediate attention [9].
Consequently, integrating sentiment analysis with
e-consultation modules has become a promising

research area in recent years [10].
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In addition to improving administrative efficiency,
sentiment analysis also enhances transparency and
citizen engagement in governance systems. Online
consultation platforms generate diverse opinions
that reflect the perspectives of individuals from
different backgrounds. Extracting meaningful
insights from such data requires robust analytical
tools capable of handling linguistic variability and
contextual nuances. Machine learning techniques
have proven effective in detecting sentiment
patterns within large textual datasets [11].
Traditional statistical approaches rely on feature
extraction methods such as bag-of-words and term
frequency—inverse document frequency
representations [12]. More recent approaches
employ neural networks and deep learning
architectures to capture semantic relationships
between words [13]. Recurrent neural networks and
convolutional neural networks have shown
promising results in sentiment classification tasks
involving large-scale datasets [14]. The availability
of open-source NLP libraries such as NLTK and
spaCy has further facilitated the development of
sentiment analysis systems [15]. These tools enable
developers to perform tasks such as part-of-speech
tagging, lemmatization, and named entity
recognition [16]. Moreover, integrating sentiment
analysis with web-based platforms enables real-
time analysis of incoming comments and feedback
[17]. Visualization dashboards can also be used to
present sentiment trends and analytics to
administrators and policymakers [18]. Such
systems enable quick identification of emerging
issues and public concerns [19]. Furthermore,
automated sentiment analysis reduces the workload
associated with manual data processing and
interpretation  [20]. Researchers have also
highlighted the importance of data preprocessing
techniques in improving classification accuracy

[21]. Techniques such as noise removal,
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normalization, and tokenization are critical for
preparing text data for machine learning algorithms
[22]. In addition, supervised learning methods
require labeled datasets for training effective
sentiment classifiers [23]. Recent studies have
explored transfer learning and deep neural
architectures to enhance sentiment prediction
accuracy [24]. These developments demonstrate the
growing importance of artificial intelligence in
analyzing public opinion data [25]. As digital
participation platforms continue to expand, the
need for scalable sentiment analysis solutions
becomes increasingly critical [26]. Implementing
automated systems for analyzing comments
received through e-consultation modules can
therefore significantly improve policy analysis and
decision-making processes [27]. Such systems
provide valuable insights into public sentiment and
enable organizations to respond more effectively to
citizen concerns [28]. Consequently, the integration
of NLP-based sentiment analysis into e-
consultation platforms represents an important
advancement in digital governance and public

engagement [29][30].
Il LITERATURE SURVEY

Sentiment analysis has been extensively studied in
the fields of natural language processing and
machine learning, with researchers proposing
various approaches for extracting opinions from
textual data. Early research primarily focused on
lexicon-based methods, which rely on predefined
sentiment dictionaries to determine the polarity of
text. These methods identify sentiment by
comparing words in a sentence with entries in
sentiment lexicons containing positive and negative
terms [1]. Although lexicon-based techniques are
simple and interpretable, they often struggle with
contextual nuances and domain-specific vocabulary

[2]. To overcome these limitations, researchers
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began exploring machine learning approaches for
sentiment classification [3]. Supervised learning
algorithms such as Naive Bayes, Support Vector
Machines, and decision trees have been widely
applied to text classification tasks [4]. These
algorithms use labeled datasets to learn patterns
associated with different sentiment categories [5].
Feature extraction techniques such as bag-of-
words, n-grams, and TF-IDF representations are
commonly used to convert textual data into
numerical vectors suitable for machine learning
models [6]. Studies have shown that machine
learning-based sentiment classifiers generally
outperform traditional lexicon-based methods in
terms of accuracy and scalability [7]. However,
these models require large annotated datasets for
training and may struggle with complex linguistic
patterns such as sarcasm and irony [8]. With the
rapid growth of social media platforms and online
review systems, sentiment analysis has become
increasingly important for analyzing public opinion
and consumer feedback [9]. Researchers have
applied sentiment analysis techniques to domains
such as product review analysis, movie
recommendation systems, and political opinion
mining [10]. The emergence of deep learning
methods has further revolutionized sentiment
analysis by enabling models to learn hierarchical
representations of text data [11]. Neural network
architectures such as convolutional neural networks
and recurrent neural networks have demonstrated
improved performance in sentiment classification
tasks [12]. These models can capture contextual
relationships between words and phrases more
effectively than traditional algorithms [13].
Furthermore, word embedding techniques such as
Word2Vec and GloVe allow neural networks to
represent words as dense vectors that capture

semantic similarities [14]. As a result, deep
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learning models have become increasingly popular

for large-scale sentiment analysis applications [15].

Recent research has also explored the integration of
sentiment analysis with e-governance and citizen
participation platforms. E-consultation systems
allow citizens to express their opinions regarding
government  policies, public services, and
administrative decisions [16]. Analyzing feedback
collected through such platforms is essential for
improving policy formulation and public service
delivery [17]. Several studies have proposed
automated systems for  processing  citizen
comments and identifying sentiment trends within
large datasets [18]. These systems typically involve
data preprocessing, feature extraction, sentiment
classification, and visualization of results [19].
Natural language processing techniques such as
tokenization, stemming, and lemmatization are
commonly used to prepare textual data for analysis
[20]. Machine learning frameworks such as
TensorFlow and Keras provide powerful tools for
implementing sentiment classification models [21].
Researchers have also utilized open-source libraries
such as NLTK to perform text preprocessing and
linguistic analysis [22]. The integration of
sentiment analysis with web technologies enables
real-time monitoring of public opinion within
digital consultation platforms [23]. Visualization
dashboards can present sentiment trends using
charts, graphs, and summary reports [24]. Such
tools help policymakers quickly identify major
concerns and respond to citizen feedback
effectively [25]. Some studies have also explored
hybrid sentiment analysis approaches that combine
rule-based and machine learning methods to
improve classification accuracy [26]. Additionally,
deep learning models have been applied to
multilingual sentiment analysis tasks involving
diverse  linguistic  datasets  [27].  These

advancements highlight the growing importance of
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artificial intelligence techniques in analyzing large-
scale public opinion data [28]. Despite significant
progress, challenges such as sarcasm detection,
domain adaptation, and data imbalance remain
active research areas [29]. Continued research in
sentiment analysis and NLP technologies will
further enhance the effectiveness of automated
opinion mining systems used in e-consultation
platforms [30].

11 METHODOLOGY

The proposed sentiment analysis system for
comments received through the e-consultation
module follows a structured methodology
consisting of data collection, preprocessing, feature
extraction, model training, sentiment classification,
and result visualization. Initially, textual comments
submitted by users through the e-consultation
interface are stored in a MySQL database. These
comments represent raw textual data that may
contain noise, punctuation, special characters, and
irrelevant words. Therefore, a data preprocessing
stage is performed to clean and normalize the text.
Preprocessing techniques include tokenization,
which divides text into individual words or tokens,
removal of stop words such as common
grammatical terms, and stemming or lemmatization
to reduce words to their root forms. After
preprocessing, the cleaned text data is converted
into numerical representations suitable for machine
learning algorithms using feature extraction
techniques such as bag-of-words or term
frequency—inverse document frequency (TF-IDF).
The processed features are then used to train
sentiment classification models implemented using
Python machine learning libraries. Deep learning
frameworks such as TensorFlow and Keras are
employed to develop neural network models
capable of learning sentiment patterns from labeled

training data. The Natural Language Toolkit
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(NLTK) library is used for performing text
preprocessing and linguistic analysis. The trained
model is integrated into a Flask-based backend
system that receives user comments through a
React-based web interface. When a new comment
is submitted, it is processed through the trained
sentiment classifier, which predicts whether the
comment expresses positive, negative, or neutral
sentiment. The predicted sentiment is stored in the
database and displayed in an analytics dashboard
for administrators. Visualization techniques such as
charts and graphs are used to summarize sentiment
distribution across all comments. This methodology
enables automated and scalable analysis of large
volumes of user feedback collected through the e-

consultation module.
IV SYSTEM DESIGN

The system design for the sentiment analysis
application focuses on creating an efficient
architecture capable of collecting, processing, and
analyzing comments submitted through the e-
consultation module. The system follows a modular
architecture consisting of frontend, backend,
database, and machine learning components. The
frontend interface is developed using React, which
provides an interactive and responsive environment
for users to submit their comments and feedback.
The backend of the system is implemented using
the Flask web framework in Python, which acts as
the communication layer between the user
interface, database, and machine learning modules.
The database component is implemented using
MySQL to store user comments, processed results,
and administrative data. Within the system
architecture, a sentiment analysis engine is
integrated to process textual comments. This engine
performs natural language processing tasks
including  tokenization, stop-word  removal,

stemming, and feature extraction using the NLTK
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library. After preprocessing, the text data is passed
to machine learning models developed using
TensorFlow and Keras frameworks. These models
classify the sentiment of each comment into
positive, negative, or neutral categories. The
classification results are then stored in the database
and made available for visualization and reporting.
The system design also incorporates security and
authentication mechanisms to ensure that only
authorized administrators can access the analytics

dashboard and manage the consultation platform.
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To support effective development and visualization
of the system architecture, Unified Modeling

Language (UML) diagrams are used to represent

https://ijerst.org/index.php/ijerst 1590



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

%mmummumaw

the structural and behavioral aspects of the
application. UML diagrams provide a standardized
method for modeling software systems and help
developers understand system components and
interactions. The system design includes use case
diagrams that illustrate the interaction between
users and the system, class diagrams that describe
the structure of data objects and relationships, and
sequence diagrams that represent the flow of
operations during comment submission and
sentiment classification. The use case diagram
identifies two primary actors: the user and the
administrator. Users interact with the system by
submitting comments through the e-consultation
interface, while administrators analyze the
sentiment results and monitor public opinion
trends. The class diagram defines entities such as
user, comment, sentiment result, and database
manager, along with their attributes and
relationships. Sequence diagrams illustrate the
process flow in which a comment is submitted,
stored in the database, processed by the sentiment
analysis module, and displayed in the administrator
dashboard. This system design ensures a well-
structured architecture that supports scalability,
maintainability, and efficient processing of user

feedback within the e-consultation module.
V PROPOSED SYSTEM

The proposed system introduces an automated
sentiment analysis framework designed specifically
for analyzing comments received through an e-
consultation module. Traditional feedback analysis
methods rely heavily on manual review of user
comments, which is time-consuming and prone to
human bias. The proposed system addresses these
limitations by integrating machine learning and
natural language processing techniques into the
consultation platform. The system allows users to

submit comments through an online interface
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developed using React, ensuring a user-friendly and
interactive experience. Once the comment is
submitted, it is transmitted to the backend server
developed using Flask, where it is stored in a
MySQL database. The system then processes the
comment using a sentiment analysis pipeline
consisting of preprocessing, feature extraction, and
classification  stages. During  preprocessing,
unnecessary characters, punctuation marks, and
stop words are removed from the text to improve
data quality. Tokenization divides the text into
meaningful ~ words,  while  stemming or
lemmatization reduces words to their base forms.
These preprocessing steps ensure that the input data
is suitable for machine learning algorithms and
improves the overall accuracy of sentiment
classification.

After preprocessing, the cleaned text is converted
into numerical feature vectors using technigques
such as TF-IDF or bag-of-words representation.
These feature vectors are then passed to machine
learning models implemented using TensorFlow
and Keras frameworks. The trained model predicts
the sentiment of the comment as positive, negative,
or neutral. The predicted sentiment label is stored
in the database and used to generate analytical
reports for administrators. The proposed system
also includes a visualization dashboard that
displays sentiment distribution using graphical
representations such as bar charts and pie charts.
This enables administrators to quickly identify
trends and patterns in user feedback. For example,
a large number of negative comments may indicate
dissatisfaction with a particular service or policy,
prompting administrators to investigate and address
the issue. The system also supports scalability,
allowing it to process thousands of comments
efficiently. By automating the sentiment analysis
process, the proposed system significantly reduces

manual effort and improves the speed and accuracy
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of feedback analysis. Furthermore, integrating
sentiment analysis with e-consultation platforms
enhances transparency, promotes citizen
engagement, and supports data-driven decision-

making in governance systems.

VI RESULTS & DISCUSSION

The implementation of the sentiment analysis
system demonstrated the effectiveness of machine
learning techniques in analyzing comments
received through the e-consultation module. The
developed system successfully classified user
comments into positive, negative, and neutral =
categories using natural language processing and —
deep learning frameworks. Experimental results
showed that the automated classification model
achieved satisfactory accuracy in identifying

sentiment polarity within textual feedback. The use

of preprocessing techniques such as tokenization,

stop-word removal, and stemming significantly

improved the quality of the input data and — S
enhanced model performance. Visualization [ ——

dashboards enabled administrators to quickly

interpret sentiment trends and identify major public S
concerns. The results indicate that automated =

sentiment analysis reduces the time and effort

required for manual evaluation of large volumes of

comments. Overall, the system demonstrates the - S ethet
potential of integrating machine learning and NLP 3

techniques into e-consultation platforms for
efficient public opinion analysis and improved

decision-making processes.
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VII CONCLUSION

This  study presented the design and
implementation of a sentiment analysis system for
analyzing comments received through an e-
consultation module. With the rapid growth of
digital participation platforms, organizations and

governments increasingly rely on online feedback

Vol. 22, No. 1, 2026

to understand public opinion and improve service
delivery. However, manually analyzing large
volumes of textual comments is inefficient and
time-consuming. The proposed system addresses
this challenge by integrating natural language
processing and machine learning techniques to
automatically classify comments based on
sentiment polarity. The system architecture
incorporates modern web technologies including
React for the frontend interface, Flask for backend
processing, and MySQL for database management.
The sentiment classification component utilizes
machine learning frameworks such as TensorFlow
and Keras along with the NLTK library for text
preprocessing and analysis. By implementing a
structured pipeline consisting of data collection,
preprocessing, feature extraction, classification,
and visualization, the system enables efficient
analysis of user feedback. Experimental evaluation
demonstrates that automated sentiment analysis
significantly improves the speed and accuracy of
comment analysis compared to manual methods.
Furthermore, the system provides administrators
with valuable insights into public opinion through
visual analytics dashboards. These insights can
assist policymakers and decision-makers in
identifying critical issues, understanding user
concerns, and improving governance processes.
The integration of sentiment analysis with e-
consultation platforms also enhances transparency
and citizen engagement by enabling more
responsive decision-making. Future research may
focus on improving model accuracy through
advanced deep learning architectures, incorporating
multilingual sentiment analysis capabilities, and
addressing challenges such as sarcasm detection
and contextual sentiment interpretation. Overall,
the proposed system demonstrates the practical

application of artificial intelligence technologies in
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analyzing large-scale textual feedback within 11. Kim, Y. (2014). Convolutional neural

digital governance environments. networks for sentence classification.
EMNLP.
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