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ABSTRACT: This work presents a comprehensive sustainable sentiment analysis system utilizing textual data,
designed within a structured client-server architecture for real-time deployment. The system integrates dual feature
representations Bag-of-Words (BoW) and Term Frequency–Inverse Document Frequency (TF-IDF) whose prediction
scores are combined through a parameter-free score-level fusion strategy. The implementation of the proposed system
consists of five major components. The first component involves the acquisition of textual data from various sources,
followed by rigorous text preprocessing to eliminate noise and enhance data quality. The second component focuses
on feature extraction, ensuring that the extracted features not only reduce computational overhead but also retain
high discriminative capability to effectively represent sentiments. The third component involves the development of
sentiment classification models to categorize textual data based on sentiment polarity. The framework is evaluated
across binary (2-class), ternary (3-class), and fine-grained (13-class) sentiment and emotion datasets. To address class
imbalance in the 13-class setting, LLM-based data augmentation is incorporated during training. Following model
development, the fourth component involves performance optimization, where the best-performing feature models are
selected, and classifier parameters are fine-tuned to maximize accuracy and efficiency. Finally, in the fifth component,
the optimized and scalable sentiment analysis models for both three-class and thirteen-class sentiment categories
are deployed to a server environment for sustainable real-time sentiment classification tasks. Experimental results
demonstrate that the proposed architecture maintains stable predictive performance while supporting controlled
vocabulary sizes for efficient deployment. The system design emphasizes thin-client interaction, stateless REST-based
inference, and centralized model management, ensuring practical applicability in real-world environments, making the
system suitable for large-scale implementation in various domains such as customer feedback analysis, social media
monitoring, and opinion mining.
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1 Introduction
The ability to extract underlying emotions or sentiments from written text has become an essential

application of Natural Language Processing (NLP). This field, known as sentiment analysis, seeks to
understand the emotional tone conveyed in a given piece of text or speech [1]. Traditionally, sentiment
analysis has classified emotions into three broad categories: positive, neutral, and negative. These categories,
however, fail to capture the nuances and complexity of human emotions. This categorization encompassed
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a wide range of emotions within a single class. NLP, or natural language processing, deals particularly
with artificial intelligence. This process aims to enable the computer to process human-written text data
(i.e., natural language) [2]. It is closely related to knowledge representation, information retrieval, and
computational linguistics, a branch of linguistics. In client-server deployments, NLP models are essential and
sustainable because they ensure seamless user interactions through client apps while effectively managing
text processing tasks on the server side [3]. The computational load on client devices is reduced when NLP
models are deployed on the server, enabling efficient processing of complex tasks such as entity recognition,
text summarisation, and sentiment analysis. This centralized method facilitates smooth updates, makes
model maintenance more manageable, and increases scalability by handling several requests simultaneously.
Furthermore, the model’s structure and data are protected when hosted on the server, enhancing security.
Using powerful NLP frameworks like transformers, spaCy, or NLTK further improves speed and delivers
quick, precise results suitable for real-time text analysis applications. A basic client-server architecture related
to the NLP model is illustrated in Fig. 1.

Figure 1: An example of an architectural diagram for the client-server architecture deploying NLP models.

The ‘Bag of words’ is used for the rule-based sentiment analysis. The Bag-of-Words (BoW) method is
one of the most fundamental techniques in sentiment analysis (SA) and natural language processing (NLP).
The core idea behind BoW is to represent the words in a sentence as a collection of words, ignoring grammar,
syntax, context, and word order, while keeping a record of each word’s frequency. The BoW method uses a
corpus of annotated words based on the sentiment or emotion the word represents. In this approach, a text
corpora is preprocessed to create a vocabulary. A list of all unique words found in the dataset. Following
that, individual documents are represented as vectors, with the vector length indicating the vocabulary’s
size and the value at each point denoting the word frequency in the document. Often called a “word count
vector,” this representation is used as the feature set for additional analysis, usually for machine learning tasks
classification [4]. Text corpora is a dataset of many annotated or non-annotated text data in a digital form.
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In sentiment analysis, a text corpus is used to identify patterns of change in word variations and to perform
statistical analysis of words to train a machine learning model that predicts the sentiment or emotion of the
input text data [5]. For sentiment analysis, ‘Bag of words’ extracts important terms indicative of a particular
sentiment or emotion. For example, words like “happy,” “joyful,” or “excited” could be strongly associated
with positive sentiments, while “sad,” “angry,” or “frustrated” might be linked to negative sentiments. By
analyzing the frequencies of such terms across a given set of documents, BoW models can classify texts into
sentiment categories, like positive, negative, or neutral. From the inputted sentence, the words are tokenized,
making it easier to process the data for machine learning (i.e. the sentence is broken down into its word
components). The Tokenized words may be in adjective, continuous or some other grammatical form. Then,
the words are lemmatized; each suffix and prefix of each word is removed, and the word is converted to its
lexical root form according to the context of the sentence [6]. Part-of-speech (POS) labelling is an essential
stage in lemmatization. Each word tag in the phrase is essentially assigned by part of speech to indicate its
contextual meaning.

The processed data is then split into training and test samples. The training samples are used to train
the machine learning (ML) model using logistic regression, support vector machines, and random forests. In
machine learning and deep learning, data is typically gathered from text corpora using rule-based, statistical,
or neural-based methodologies. Natural language Processing (NLP) techniques are used to understand,
generate, classify text, and perform speech recognition using computer algorithms and data processing
pipelines [7]. Logistic regression is a supervised machine learning algorithm that uses statistical methods
for binary classification tasks [8], where the goal is to categorize a given input into one of two possible
outcomes (labelled as 0 or 1, true or false). Unlike linear regression, which predicts continuous values,
logistic regression outputs a probability that the given input belongs to a particular class. It uses the sigmoid
function to transform the linear combination of input variables into a binary value between 0 and 1. This is
used to find the decision boundary representing the relationship between the dependent and independent
variables and to differentiate the variable classes on a scatter plot. A support vector machine (SVM) is another
supervised machine learning algorithm used for classification and regression. However, it is usually used for
classification tasks. This classifier finds the optimal hyperplane that separates samples from multiple classes in
a high-dimensional space. The objective is to maximize the separation between the hyperplane and the closest
support vectors (samples) from either class [9]. A random forest classifier is another supervised learning
technique that uses ensemble methods to classify tasks. Multiple decision trees are combined to improve
the model’s overall accuracy, precision and generalization. The main objective of this approach is to reduce
overfitting, which is quite common with decision trees. Averaging the predictions of multiple decision trees
reduces overfitting and improves the performance of random forest classifiers. The work in [10] uses AI-based
text mining to analyze English and Turkish tweets to investigate how linguistic and cultural variations impact
social media conversations around sustainability and green energy. Significant topic variations influenced
by language and cultural environment show that negative attitudes predominate in both languages. The
Audit Risk Sentiment Value (ARSV), a unique audit risk proxy that uses sentiment analysis to overcome
the shortcomings of conventional audit risk indicators, including audit fees, audit hours, and discretionary
accruals, is introduced by Wang et al. [11]. Compared to traditional quantitative metrics, ARSV provides
a more thorough assessment by capturing subtle aspects of audit risk through qualitative analysis of audit
report narratives.

Sentiment analysis is quite good in extracting the straightforward emotions from the sentence; however,
the predictions of the sentiment analysis fail when the sentence has a sarcastic tone, uses idioms, meaning
negation (Negation in language refers to the process of reversing or denying the meaning of a statement,
typically by using words like “not”, “no”, or “never”. It changes an affirmative statement into its opposite, such
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as turning “She is happy” into “She is happy, no?”) or slang phrases like “bro cooked”, and “bro is cooked”
(“bro cooked” has a positive notion while “bro is cooked” has a negative notion) [12]. This experiment
focuses on determining the amounts of positive, negative, and neutral emotions and the nature of those
emotions. This experiment describes the more nuanced emotions in 13 classes, namely empty, sadness,
enthusiasm, neutral, worry, surprise, love, fun, hate, happiness, boredom, relief and anger from text data [13].
Textual sentiment analysis uses natural language processing techniques, tokenization, lemmatization, and
a rule-based approach to train a machine learning model to predict the sentiment of the input text. The
approach is that the user will enter a message in a text box. The machine learning model will predict
the percentages of positive, negative, and neutral sentiments, and the proportions of those sentiments as
emotions. The study in [14] examines the connection between seasonal fluctuations in PM10 pollution levels
and media sentiment regarding air pollution. Emotion models are the base of emotion detection. However,
the most important emotion detection (ED) models are discrete and dimensional. The discrete emotional
model classifies emotions into six distinct classes. Hence, there is no relation among the other emotions in
the discrete emotion model. However, the dimensional emotional model assumes that no emotion can be
unrelated to any other emotion. Hence, all these classes need to be framed in a two-dimensional space. In the
dimensional emotional model, Plutchik [15] presents a two-dimensional wheel of emotion, with valence on
the vertical axis and arousal on the horizontal axis. The wheel consists of emotions, whereas the outermost
emotions are the derivatives of the eight primary emotions. Fig. 2 shows Plutchik’s Wheel of Emotions, which
contains different emotions. The basic emotions are categorized into three layers, and each emotion has a
corresponding opposite emotion, represented by opposite petals.
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Figure 2: Variations in human emotions illustrated using Plutchik’s wheel of emotions.

Russell [16] presents a two-dimensional circular model where arousal differentiates between activation
and deactivation, and valence differentiates between pleasantness and unpleasantness. Fig. 3 depicts Russell’s
circumplex model of affect.

The main contributions of this work are as follows:

• Design of a thin-client, server-centric architecture for scalable sentiment and emotion analysis.
• Integration of parallel dual feature streams (BoW and TF-IDF) within a unified deployment framework.
• Implementation of a parameter-free score-level fusion strategy optimized for inference efficiency.
• Memory-aware deployment strategy enabling efficient 13-class fine-grained emotion recognition.
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• Empirical validation across 2-class, 3-class, and 13-class datasets with LLM-based augmentation for
class balancing.

• The model’s effectiveness is demonstrated across multiple sentiment classes, showcasing its ability to
reduce deployment costs while improving adaptability to a broader range of emotional categories.
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Figure 3: Variations in human emotions illustrated using the two-dimensional circular model of affect.

However, the primary contribution lies in the design and implementation of a scalable client-server
architecture that integrates dual feature streams with lightweight score-level fusion for real-time sentiment
and emotion analysis. BoW, TF-IDF, and classical supervised learning models are intentionally selected for
their low computational overhead. Thus, the novelty is system-level, deployment-focused, and lightweight,
with a fusion strategy tailored for sustainable real-time sentiment analysis rather than an algorithmic
approach. In addition, we introduce feature-level diversity combined with post-classification score-level
fusion, systematically integrating TF-IDF- and BoW-based models within a unified framework and evaluat-
ing their effectiveness across 2-class, 3-class, and 13-class emotion settings. Unlike many prior studies limited
to binary or coarse-grained sentiment tasks, the proposed framework demonstrates scalable performance
for fine-grained emotion recognition, including robustness under class imbalance and LLM-based data
augmentation. Finally, the exclusive use of lightweight models and parameter-free fusion rules ensures
minimal computational overhead, reinforcing the practical suitability of the approach for real-time, server-
side deployment rather than isolated algorithmic performance. The framework proposes an alternative to
heavy deep-learning or transformer-based models, rather than a replacement for them, in terms of inference
speed, energy efficiency, and maintainability are prioritized over marginal gains in accuracy.

In this article, we are going to organize the paper like: Section 2 refers to the literature reviews and
comparative studies in some of the recent research work in the related domain, Section 3 discusses the
methodology that we are going to follow to conduct the experiment and Section 4 illustrates the experimental
setup, Section 5 follows the result and discussion, followed by conclusion in Section 6 and references at
the end.

2 Literature Review
This section reviews relevant literature about sentiment analysis and related methodologies. It is

estimated that approximately 80% of the world’s data is unstructured and lacks a predefined format,
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posing significant challenges in data processing [17]. Managing unstructured data is particularly complex
in domains such as natural language processing (NLP), sentiment analysis, and text analytics. Various
machine learning algorithms, including Support Vector Machine (SVM), Bayesian Networks (BN), Maxi-
mum Entropy (MaxEnt), Conditional Random Fields (CRF), and Artificial Neural Networks (ANN), have
been explored to enhance classification accuracy and performance [18]. Recurrent Neural Networks (RNNs)
are known to handle sequential textual data effectively; however, their performance tends to degrade when
processing lengthy text sequences. To overcome this constraint, the authors of [19] developed an LSTM-
based sentiment classification model. Their method involves tokenizing raw textual material, which turns it
into integer sequences that are then converted into vector representations through an embedding technique.
Following that, the generated vectors are categorized as either positive or negative attitudes. Furthermore,
the authors presented an adaptive Emolib classifier for expressive text-to-speech scenarios in [20] in 2013.
This model includes the lexical analyzer, sentence splitter, POS tagger, word-sense disambiguation, keyword
spotting, stemming, and other text-processing methods. After processing, the model uses classifiers such
as Multinomial Naive Bayes (MNB), ARN-R, Latent Semantic Analysis (LSA), Maximum Likelihood Ratio
(MLR), and SVM to classify sentiment classes efficiently.

The authors of [21] look at the relationship between human sentiments and emotion detection and
suggests a significant change from sentiment analysis to emotional analysis. This change addresses the
requirement for greater emotional comprehension across various disciplines. The study highlights that
due to marketing strategies, there exists a considerable gap between predictive and diagnostic capabilities
in sentiment analysis models. As demonstrated in [22], machine learning models with strong predictive
performance may sometimes exhibit weaker diagnostic abilities, mainly when influenced by numerical
ratings provided by consumers or users. Several datasets, including ISEAR, SemEval, EmoBank, DailyDialog,
Emotion Stimulus, Grounded Emotion, Tweet, and MELD, are widely utilized for emotion detection and sen-
timent analysis tasks [23]. To improve sentiment extraction from these datasets, the authors in [24] proposed
techniques encompassing lexicon-based, machine-learning-based, and deep-learning-based approaches.
Notably, a hybrid method combining machine learning algorithms with deep learning techniques has been
employed in [25] to improve the accuracy of emotion detection models. Furthermore, a comprehensive
review on emotion mining in [26] identifies twelve distinct emotion classes, although psychologists debate
the precise categorization of emotions. Ekman’s widely adopted six-emotion model remains a standard
reference in emotion detection studies. The work by Zucco in [27] provides an insightful overview of various
methodologies and available software tools for sentiment analysis. However, as noted in [28], analysing
sentiment in lengthy textual data, such as debates or discussions, presents significant challenges, especially
when the text exceeds typical model training limits.

Since sentiments are often intertwined with multiple emotions, analyzing extensive textual content
requires integrating emotional and opinion-based features [29]. To address this challenge, the authors
in [30] proposed a hybrid model combining supervised and unsupervised learning techniques using the
SentiWordNet lexicon. Despite its effectiveness, the model’s performance accuracy demonstrated variability
when applied to identical textual data under different contextual conditions. A detailed comparative analysis
of various sentiment analysis models is presented in Table 1. The choice of a 13-class emotion taxonomy in this
work is motivated by prior evidence that fine-grained emotion representations better capture the diversity of
human affect than a small set of basic emotions. Recent studies have demonstrated the effectiveness of large
emotion inventories, including 26 emotion categories in natural image-based emotion recognition [31], 27
distinct emotions identified through large-scale behavioral analysis [32], and 28 emotion classes for modeling
complex and mixed affective states in sentiment analysis tasks [33]. In this context, the 13-class taxonomy
adopted in this study is not proposed as a new psychological theory, but is inherited from a widely used,



Comput Mater Contin. 2026;88(1):35 7

publicly available benchmark dataset commonly employed in computational sentiment and emotion analysis
research. The primary objective of this work is to design and evaluate a deployable, scalable sentiment
analysis system; therefore, the emotion granularity is application-driven and data-oriented rather than
theoretically prescriptive. Importantly, the selected emotion categories remain consistent with established
emotion models: several classes (e.g., anger, sadness, happiness, and surprise) directly correspond to Ekman’s
basic emotions, others (e.g., love, worry, and relief) align with compound emotions in Plutchik’s wheel,
and low-arousal or neutral states (e.g., empty, boredom, and neutral) are well captured within dimensional
models such as Russell’s circumplex. This grounding situates the proposed taxonomy within established
affective theory while supporting practical, fine-grained emotion recognition.

Table 1: Comparative study on recent research paper on SA.

Sl
No.

Paper Title Model
Used Methodology Database

Used Drawback

1

Text-Based
Sentiment

Analysis Using
LSTM

LSTM

The model processes raw text input by
converting text into integers using a

tokenizer. It employs embedding
techniques to transform these integers

into real-valued vectors. The text
sequence is processed using LSTM,

which subsequently classifies the text
as positive or negative.

IMDB
movie

reviews,
Amazon
product
reviews

Limited
robustness

in the
embedding

system.

2

Sentence-
Based

Sentiment
Analysis for
Expressive

Text-to-
Speech

Emolib
Process-

ing
Pipeline

Emolib utilizes a lexical analyzer,
sentence splitter, POS tagger,

word-sense disambiguator, keyword
spotter, and stemmer to process raw

text. After processing, it employs
classifiers such as MNB, ARN-R, LSA,

MLR, and SVM for sentiment
classification.

SemEval
2007

Dataset,
Twitter
Dataset

Computational
limitations
due to the

large size of
training

data.

3

Text-Based
Emotion

Recognition
Using a Deep

Learning
Approach

Hybrid
(CNN +
Bi-GRU
+ SVM)

The model represents text as vectors
and processes them using a CNN
model. To address the vanishing

gradient issue, a bidirectional GRU is
employed. Finally, an SVM classifier
predicts emotions across six distinct

classes.

ISEAR,
WASSA,
Emotion
Stimulus

Lacks
real-time
emotion
detection

and
ensemble

techniques,
resulting in
increased

computation
time.

(Continued)
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Table 1 (continued)

Sl
No.

Paper Title Model
Used Methodology Database

Used Drawback

4

A Model for
Sentiment and

Emotion
Analysis of

Unstructured
Social Media

Text

Supervised
and

Unsuper-
vised

Learning
Using
Senti-

WordNet
Lexicon

The model combines supervised and
unsupervised learning techniques,
utilizing the SentiWordNet lexicon

and corpus-specific lexicons for
classification.

Emotion,
SMS

The
accuracy of
the model

varies
depending

on the
performance
of the Senti-

WordNet
lexicon.

3 Proposed Methodology
This paper proposes a diversified sentiment analysis model capable of classifying textual sentiments.

The model is initially designed to categorize sentiments into three distinct classes: positive, negative, and
neutral, operating as a stand-alone system. Subsequently, the model is intended for deployment on a server
to facilitate real-time sentiment classification from textual data. The system’s operational framework is
illustrated in Fig. 4, with each component explained in detail in the subsequent subsections. Then, the
further proposed model is extended to thirteen classes of emotional sentiments such as “Sadness”, “Empty”,
“Enthusiasm”, “Neutral”, “Worry”, “Surprise”, “Love”, “Fun”, “Hate”, “Happiness”, “Boredom”, “Relief ”, and
“Anger”.

Figure 4: Block diagram of the proposed system.

3.1 Text Processing
The initial stage of the proposed system focuses on text preprocessing to enhance the efficiency of

sentiment classification. Each sample (i.e., sentence) from the dataset is first converted to a string and then
converted to lowercase. The sentence is subsequently tokenized, dividing it into individual words. Following
this, common English stopwords, such as articles (e.g., was, a, the, were, etc.) and other non-essential terms
that do not significantly impact the sentence’s meaning are removed using list comprehension. This process
produces a refined token list that retains only the essential words conveying the sentence’s core meaning.
Every word in the filtered list is then lemmatized, transforming it into its base or root form while preserving
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contextual relevance. Lowercase text, filtered words, and lemmatized phrases make up the resultant tokens
combined to form coherent sentences. Following processing, these sentences are saved in a specific dataset
and used to train the machine learning model. Fig. 5 illustrates the general workflow of the text preparation
phases used in the proposed system.

Figure 5: Working flow diagram of text processing employed in the proposed system.

3.2 Feature Extraction Schemes
Raw textual data is inherently unstructured and should be transformed into numerical representations

before being processed by machine learning models. In this work, we incorporated two lightweight and
deployment-efficient vectorization schemes: Bag-of-Words (BoW) [34] and Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) [35,36]. The selection of these representations is based on architectural and
deployment considerations rather than algorithmic novelty. Both techniques are computationally efficient,
memory-controllable, and well-suited for scalable server-side inference. Within the proposed framework,
each representation forms an independent feature stream, enabling parallel prediction and subsequent
score-level fusion.
(A) TF-IDF feature representation scheme ( fT F IDF ): TF-IDF assigns importance to terms based on their
frequency within a document and their distribution across the corpus. For a term s in document z, the term
frequency is defined as:

TF(s, z) = Count of word s in document z
Total number of words in document z

The inverse document frequency over corpus Q is computed as:

IDF(s,Q) = log( ∣Q∣
∣{z ∈ Q ∶ s ∈ z}∣) + 1

The combined TF-IDF score is:

TF-IDF(s, z,Q) = (Frequency of word s in document z
Total words in document z

) log( ∣Q∣
∣{z ∈ Q ∶ s ∈ z}∣) + 1

This produces a feature vector fTFIDF ∈ R1×p for each document. Vocabulary size p is controlled during
training to maintain deployment feasibility and memory efficiency.
Lemmatization: Lemmatization is applied during preprocessing to reduce morphological variations while
preserving semantic meaning. Formally,

F ∶ S × POS → L, F(s, p) = l
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where S is the token set, POS represents part-of-speech tags, and L denotes the set of lemmas. This
preprocessing step improves feature consistency without increasing dimensionality.
(B) BoW feature representation scheme ( fBoW ): The BoW representation encodes term occurrence counts
without considering word order. For a vocabulary V , a document z is represented as:

BoW(z) = [ f1 , f2, . . . , fn]

where fi denotes the frequency of the i-th vocabulary term in z. Similar to TF-IDF, vocabulary size is
constrained to ensure scalable deployment.
(C) Sentence-based feature computation: Each sentence s is transformed into a feature vector using either
fTFIDF or fBoW . These vectors serve as inputs to their respective classifiers, generating prediction scores. The
two independent streams enhance representational diversity while maintaining low computational overhead.
(D) Paragraph-based feature computation: For a paragraph containing n sentences, features are computed
as:

f ti = F(si), i ∈ {1, . . . , n}

Each feature vector f ti is evaluated by classifier C:

sci = C( f ti)

Scores are ranked in non-increasing order:

scr1 ≥ scr2 ≥ ⋅ ⋅ ⋅ ≥ scrn

The paragraph-level prediction ŷ is determined using:

ŷ = arg max
j

k
∑
i=1

I(scri = j)

This aggregation strategy prioritizes highly confident sentence-level predictions while maintaining
computational efficiency within the server environment.

3.3 Classification Approaches
The classification procedure is about arranging the input sentences into sentiment categories, which will

give a sentiment class C and thereafter transform these sentiments into emotion classes E . The sentiment
class C is a parent sentiment class containing the sub-emotion classes E . Various machine learning classifiers
are used for this purpose.

* Logistic Regression: This method of supervised learning forecasts a dependent variable which is y, from
an independent variable x. The sigmoid function computes the probability that an independent variable
x belongs to a class.

* Support Vector Machine (SVM): The SVM constructs a hyperplane to predict the classes of the target
variable. It offers advantages when the dataset is large and has high dimensions regarding the number of
features. The form of the decision function can be written as: f (x) = sign (wT x + b).

* Random Forest Classifier: This method combines many decision trees to eliminate issues with low
stability and high overfitting. Each tree Tm is built using a random sample of the data Dm ⊂ D, and these
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trees are combined into a dataset D, which is the complete dataset. In most cases, combining systems by
majority voting is more favourable for reaching the output.

3.4 Architecture Overview
The architecture is designed to minimize client-side computation, ensure scalability and sustainability

under latency benchmarking, multiple concurrent requests, and enable efficient model maintenance by
itegrating dual feature representation through centralized deployment. The proposed framework adopts
a lightweight client-server architecture designed for real-time sentiment and emotion analysis under
constrained computational resources.

3.4.1 Design Principles
The architecture is guided by the following deployment-oriented principles:

• Thin-client design: We incorporated all computationally intensive operations like preprocessing,
feature extraction, classification, and fusion exclusively on the server. This ensures reduced client-side
resource requirements for input acquisition and visualization without requiring modifications.

• Dual-stream feature processing: Raw input is transformed into two independent feature
representations ( fTFIDF and fBoW ), enabling complementary modeling without increasing
architectural complexity.

• Parallel inference: Each feature stream is processed independently by its respective trained classifier,
allowing modular scalability and controlled computation overhead.

• Stateless REST-based inference mechanism: The architecture employs a RESTful API to handle
prediction requests. Each request is processed independently without retaining session-specific state
information. This stateless design enhances horizontal scalability, simplifies load balancing, and
supports distributed deployment environments.

• Parameter-free fusion: Score-level fusion is applied to combine classifier outputs without introducing
additional trainable components, ensuring minimal inference overhead.

• Memory-aware model serialization and reuse: All trained classifiers and vectorizers are serialized after
the offline training phase and loaded into memory during server initialization. Vocabulary sizes are
explicitly controlled to limit memory consumption, particularly for the 13-class emotion configuration.
This approach ensures predictable resource usage and stable runtime performance.

3.4.2 System Workflow
At first the client submits raw textual input to the server via a REST-based API. Applying preprocessing

steps (tokenization, normalization, lemmatization) in the server side, feature vectors are generated using
serialized vectorizers trained during the offline phase. The independent prediction scores which are produced
from both feature streams undergoes score-level fusion to determine the final sentiment label. Finally the
predicted label is returned to the client interface. The model inference is represented in Algorithm 1.

Algorithm 1: Server-side sentiment inference with score-level fusion
Require: Text query T received from client
Ensure: Final sentiment/emotion label ŷ

1: Receive text input T via API request
2: Preprocess T:

(Continued)
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Algorithm 1 (continued)
3: lowercase conversion, tokenization, stopword removal, lemmatization
4: Generate feature representations:
5: fTFIDF ← TFIDF_Vectorizer(T)
6: fBoW ← BoW_Vectorizer(T)
7: Perform model inference:
8: sTFIDF ← ClassifierTFIDF( fTFIDF)
9: sBoW ← ClassifierBoW( fBoW)

10: Fuse classification scores:
11: sfused ← FusionRule(sTFIDF, sBoW)
12: Predict final label:
13: ŷ ← arg max(sfused)
14: Return ŷ to client

All preprocessing modules and trained models are serialized and reused during inference to ensure
consistency between training and deployment environments.

3.4.3 Modular Deployment Structure
The architecture is organized into the following deployable components:

• Frontend Layer: Provides user interaction through web-based input forms.
• Application Layer: Handles API routing, preprocessing, feature transformation, and prediction logic.
• Model Layer: Contains serialized classifiers and vectorizers.
• Fusion Layer: Implements score-level aggregation without additional learning parameters.

This modular separation enables independent updating of models without modifying client-side
components, improving maintainability and long-term sustainability.

3.4.4 Scalability across Class Configurations
The architecture supports 2-class, 3-class, and 13-class sentiment configurations. While binary and

ternary setups are computationally lightweight, the 13-class setting requires careful control of feature
dimensionality to ensure deployment feasibility. The considered sentiment classes for 13-class settings are:
Empty, Sadness, Enthusiasm, Neutral, Worry, Surprise, Love, Fun, Hate, Happiness, Boredom, Relief, and
Anger. To evaluate scalability, models are trained using feature sizes of 5000, 4000, 3000, 2000, 1000, and
500 terms. This analysis quantifies the trade-off between memory consumption and predictive performance
for fine-grained emotion recognition.

3.4.5 Deployment Efficiency Considerations
During deployment, the trained classifiers and corresponding vectorizers ( fTFIDF and fBoW ) are

serialized and hosted on the server. For each incoming request:

1. Raw text is received via API.
2. Preprocessing (tokenization, lemmatization, stopword removal) is applied.
3. Feature vectors are generated using the stored vectorizers.
4. Independent model predictions are computed.
5. Score-level fusion determines the final sentiment label.
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A minimum server configuration of 1 GB RAM is sufficient to handle inference for all class set-
tings. Dependency consistency is maintained using the requirements.txt configuration to ensure
reproducible deployment. Algorithm 2 outlines the deployment workflow.

Algorithm 2: Model deployment for sentiment analysis
Require: Trained sentiment analysis model, feature vectorizer, frontend, and backend files
Ensure: Deployed model accessible via a domain/subdomain

1: Map domain/subdomain to server IP.
2: Upload model, vectorizer, frontend, and backend files.
3: Configure Python application environment.
4: Install dependencies.
5: Load serialized models in backend.
6: Process user input and generate prediction.
7: Fused prediction to frontend
8: return

The proposed model ensures practical deployment feasibility by incorporating controlled vocabulary
sizes to limit memory footprint, pre-serialized models to eliminate runtime retraining, minimal dependency
overhead and deterministic inference workflow. Sustainability is achieved through thin-client design,
parameter-free score-level fusion, and stateless API-based inference for horizontal scalability. The resulting
system achieves low-latency inference while maintaining robustness across varying sentiment granularities.
The architectural design thus prioritizes operational sustainability, maintainability, and scalability in real-
world environments. Fig. 6 illustrates the overall workflow of the system.

Figure 6: The proposed client server architectural designed for deploying textual sentiment analysis models.
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4 The Experiment
This section outlines the experiments, dataset preprocessing, data augmentation, performance with

respect to multiple ML classifier, results and discussion pertaining to the proposed model. The experimental
evaluation is conducted using two datasets. Initially, the total number of samples in each sentiment class
is determined, followed by an equal division of samples within each class. Based on this partitioning,
three datasets, denoted as Z1, Z2, and Z3, are created, each comprising 50% of the samples from every
sentiment class. These datasets are used as the training and test sets. The proposed sentiment analysis system
is developed in Python and runs on an Ubuntu operating system with 32 GB RAM and an Intel Core i7
processor (3.20 GHz). The implementation uses various Python libraries, including the Natural Language
Toolkit (NLTK) and machine learning tools from scikit-learn, such as SVM, SVC, RandomForestClassifier,
LogisticRegression, and TfidfVectorizer, as well as multiple evaluation metrics. Machine learning models
are trained using a 50-50 dataset split, and sentiment classification is performed based on written text.
The following subsections describe the datasets used and how augmentation has been applied for training
the model.

4.1 Dataset Z1: Binary Sentiment Classification (2-Class)
The first dataset, denoted as Z1, is used for binary sentiment classification and contains 150,001

tweet samples annotated with two sentiment labels: positive and negative. This dataset is sourced from
a publicly available Kaggle repository commonly used for sentiment analysis benchmarking. The dataset
distribution comprises 79,085 positive and 70,916 negative samples. For experimental evaluation, the dataset
is randomly partitioned into 50:50 train-test splits, yielding 75,000 samples per subset while preserving class
balance. This dataset is primarily used to evaluate baseline sentiment classification performance and classifier
robustness in a low-granularity setting. The dataset is obtained from the tweet global warming, a subset of
the Crowdflower dataset. Link to dataset: https://huggingface.co/datasets/tasksource/crowdflower/viewer/
tweet%20global%20warming. The number of samples from dataset Z1 is presented in Table 2.

Table 2: The Dataset 1 (Z1) has annotated data of tweets labelled with two classes. Positive and negative are shown.

Item Data Quantity 50% of Data
Total Number of Data 150,001 75,000

Label 1 (positive) 79,085 39,542
Label 0 (negative) 70,916 35,458

4.2 Dataset Z2: Ternary Sentiment Classification (3-Class)
The second dataset, referred to as Z2, is designed for three-class sentiment classification with the

labels positive, negative, and neutral. This dataset is compiled from standard sentiment analysis teaching
resources and lecture materials that are widely used in academic research and instructional settings. The
dataset contains 27,481 samples per class, ensuring a balanced class distribution. Similar to Dataset Z1, a
50:50 split is applied to divide the data into training and testing subsets. Dataset Z2 enables evaluation of
the proposed system’s ability to distinguish neutral sentiment in addition to positive and negative polarities,
which is more challenging than binary classification. This dataset is obtained from the subset of CrowdFlower
dataset on airline-sentiment from HuggingFace. Link to dataset: https://huggingface.co/datasets/tasksource/
crowdflower/viewer/airline-sentiment. The number of samples from dataset Z2 is shown in Table 3.

https://huggingface.co/datasets/tasksource/crowdflower/viewer/tweet%20global%20warming
https://huggingface.co/datasets/tasksource/crowdflower/viewer/airline-sentiment
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Table 3: The Dataset 2 (Z2) has annotated data of tweets labelled with three classes. Positive, negative and neutral are
shown.

Class Samples 50% of samples Total samples
Positive class 8582 4291 27,481
Negative class 7781 3890 27,481

Neutral labeled data 11,118 5559 27,481

4.3 Dataset Z3: Fine-Grained Emotion Classification (13-Class)
The third dataset, denoted as Z3, supports fine-grained sentiment and emotion recognition across

13 distinct emotion categories: empty, sadness, enthusiasm, neutral, worry, surprise, love, fun, hate,
happiness, boredom, relief, and anger. This dataset is obtained from the CrowdFlower emotion dataset
on HuggingFace, a widely used benchmark in emotion-aware sentiment analysis. Initially, the dataset
exhibited significant class imbalance, with underrepresented classes such as empty, enthusiasm, boredom,
and anger. To mitigate this issue and improve model generalization, synthetic data augmentation was
performed by generating additional samples for minority classes using a generative large language model
(LLaMA 3:8B). After augmentation, each emotion class was standardized to 44,000 samples, resulting in
a balanced dataset. As with the previous datasets, a 50:50 train-test split was employed. Dataset Z3 is
used to evaluate the scalability and robustness of the proposed model under high-granularity emotion
classification scenarios. Link to dataset: https://huggingface.co/datasets/tasksource/crowdflower/viewer/
textemotion?views%5B%5D=textemotion. It was observed that certain classes, specifically empty, anger,
enthusiasm, and boredom, had significantly fewer samples compared to other classes. Such class imbalance
can negatively impact the model’s ability to learn generalizable patterns, potentially leading to biased
predictions. To mitigate this issue and ensure a more balanced representation of all sentiment categories,
1000 additional samples were synthetically generated for each underrepresented class using generative AI.
Llama 3:8B was the model utilized to augment the data. Table 4 summarizes the final distribution of samples
in Z3.

Table 4: Emotion data distribution (Z3).

Class Data Quantity 50% of Samples Total Samples
Sadness 5165 2582 44,000
Empty 1827 913 44,000

Enthusiasm 1759 879 44,000
Neutral 8638 4319 44,000
Worry 8459 4229 44,000

Surprise 2187 1093 44,000
Love 3842 1921 44,000
Fun 1776 888 44,000
Hate 1323 661 44,000

Happiness 5209 2604 44,000
Boredom 1179 589 44,000

Relief 1526 763 44,000
Anger 1110 555 44,000

https://huggingface.co/datasets/tasksource/crowdflower/viewer/textemotion?views%5B%5D=textemotion
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4.4 LLM Based Data Augmentation
To address class imbalance in the 13-class emotion dataset, we employ LLaMA-3 (8B), an open-

weight, decoder-only transformer language model developed by Meta, as a prompt-driven text generation
module for class-conditional data augmentation. The moderate model size enables scalable synthetic data
generation with low computational overhead, supporting reproducibility in server-side sentiment analysis
pipelines. Synthetic samples are generated for underrepresented emotion classes (empty, anger, enthusiasm,
and boredom) using structured class-conditional prompts that explicitly specify the target emotion, first-
person narration, informal social-media style, and sentence-length constraints. Temperature controls the
randomness of token selection. Low temperature generates more deterministic and repetitive output while
high temperature generates more diverse, creative outputs. To maintain the balance between these two we
have selected a balanced temperature of 0.7. The generated tokens need sampling, so instead of sampling all
tokens, we focused on a balanced yet diversified sampling. To achieve this, we set top-p to 0.9. Thus, text
generation is performed with fixed decoding parameters to ensure consistency across classes: temperature
= 0.7, top-p = 0.9, and maximum tokens = 40, using nucleus sampling. These settings balance lexical
diversity and semantic coherence while avoiding overly deterministic or noisy outputs. To ensure data quality,
an automatic filtering step removes duplicate and semantically irrelevant samples, followed by manual
inspection of a randomly selected subset. All synthetic data are used exclusively for training to mitigate
class imbalance and are strictly excluded from validation and test sets. Model evaluation is conducted solely
on human-annotated samples, ensuring unbiased performance assessment. Table 5 shows the example of
generated samples to reduce class imbalance. The method used to generate and validate this augmentation
is as follows in the Algorithm 3.

Table 5: Examples of annotated data using LLama-3 8B.

Emotion Class Example Synthetic Sentences
Empty (1) “Just staring at the screen with nothing really going on in my head.”

(2) “Today feels blank, like I’m moving but not feeling anything.”
Anger (1) “I’m so tired of being ignored, this is absolutely frustrating.”

(2) “Nothing worked today and honestly I’m furious about it.”
Enthusiasm (1) “I can’t wait for tomorrow, everything feels exciting right now!”

(2) “This project is finally coming together and I’m loving every bit of it.”
Boredom (1) “I’ve been scrolling for hours and there’s still nothing interesting.”

(2) “This day is dragging on forever with absolutely nothing to do.”

Algorithm 3: LLM-based data augmentation with quality control
Require: Original training dataset D, underrepresented emotion classes Cu, LLM model M (LLaMA-3, 8B),

target sample count N
Ensure: Augmented training dataset D′

1: Initialize D′ ← D
2: for each emotion class c ∈ Cu do
3: Define class-conditional prompt Pc specifying:
4: target emotion label c, informal style, first-person narration, sentence length constraint
5: Generate N candidate samples using M with fixed parameters:

(Continued)
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Algorithm 3 (continued)
6: temperature = 0.7, top-p = 0.9, max tokens = 40, nucleus sampling
7: Store generated samples in temporary set Gc
8: end for
9: Quality Control:

10: for each Gc do
11: Remove duplicate and near-duplicate samples using cosine similarity on TF-IDF vectors
12: Discard incomplete, off-topic, or emotionally ambiguous samples
13: Perform manual inspection on a random subset of retained samples
14: Add validated samples from Gc to D′ with label c
15: end for
16: return D′

4.5 Statistical Robustness and Evaluation Stability
To address statistical robustness, we conducted multiple experimental runs with different random

initializations while preserving the same train-test split. For each task (2-class, 3-class, and 13-class), exper-
iments were repeated across multiple independent runs, and performance metrics are reported as: Mean ±
Standard Deviation. This approach captures both central performance tendency and variability arising from
stochastic elements such as model initialization and training dynamics. The observed standard deviation
across repeated runs remains low, indicating stable convergence behavior and consistent generalization
performance. These findings confirm that the reported improvements, especially those obtained via score-
level Product fusion, are not example of a single experimental instance but demonstrate reproducible and
statistically stable behavior.

4.6 Effect of Performance with Multiple ML Classifiers
Here experiment starts with considering 2-class sentiment Dataset Z1, where randomly 4000 text sam-

ples have been considered to check the performance of the proposed system with multiple machine learning
classifiers. These performance have been reported in Table 6. From this Table it has been observed that the
performance metrics of various machine learning models evaluated on a binary sentiment classification
task. The metrics considered include Accuracy, Precision, F1 Score, Receiver Operating Characteristic (ROC)
curve, Area Under the Curve (AUC), and Testing Time (in seconds). The models compared are Logistic
Regression, Random Forest, Support Vector Machine (SVM), K-Nearest Neighbors, Naïve Bayes, Gradient
Boosting, Decision Tree, and AdaBoost. Among these, SVM achieves the highest accuracy (87.55%) and
F1 score (87.47), demonstrating strong performance in distinguishing between the two sentiment classes.
Logistic Regression also performs competitively with an accuracy of 86.50% and a comparable precision of
86.96. In contrast, K-Nearest Neighbors shows the lowest F1 Score (47.60), suggesting that it struggles to
generalize well for this dataset. Moreover, the ROC AUC scores reinforce these findings, with SVM (94.07)
and Logistic Regression (94.06) exhibiting the best classification capability, whereas K-Nearest Neighbors
has the lowest ROC AUC of 61.11.

The distribution of classes in the training and testing datasets is also shown in the Table 6. There are
925 positive and 1075 negative samples in the training set and 930 positive and 1070 negative samples in
the testing set. The models can effectively generalize because of the nearly balanced distribution, which
ensures that there is no discernible bias toward any specific class. SVM requires the longest inference
time (0.41 s), whereas Logistic Regression, Naïve Bayes, and Decision Trees exhibit nearly instantaneous
execution times. The testing time demonstrates the computational efficiency of each model. This is an
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essential factor for real-time applications where inference speed is a top concern. Overall, the findings
point to SVM and Logistic Regression as the best sentiment classification models because they balance
computational efficiency and predictive performance. Logistic Regression, Random Forest, and Support
Vector Machine (SVM) were chosen for additional experiments based on their superior performance across
important evaluation metrics. Computational efficiency is another important factor affecting this choice.
Even though SVM has the longest inference time (0.41 s), its higher predictive capacity makes it worthy of
being used in additional research. Conversely, logistic regression runs nearly instantly, which makes it perfect
for real-time applications. Random Forest provides a useful trade-off between complexity and efficiency by
balancing execution speed and performance. Furthermore, these models—Random Forest, an ensemble-
based technique; SVM, a kernel-based classifier; and Logistic Regression, a linear model—represent a variety
of learning methodologies. Because of this diversity, a thorough investigation of various machine learning
paradigms is ensured, enabling additional development and optimization by the particular demands of the
sentiment analysis task.

Table 6: Performance metrics and class distribution with multiple machine learning classifiers applied on dataset Z1.

Model Accuracy Precision F1-Score ROC AUC Testing Time (s) Training Set Testing Set
Logistic Regression 86.50 86.96 86.39 94.06 0.00

Positive Samples:
925 Negative
Samples: 1075

Positive Samples:
930 Negative
Samples: 1070

Random Forest 84.45 84.85 84.32 92.60 0.09
SVM 87.55 87.88 87.47 94.07 0.41

K-Nearest Neighbors 58.25 73.23 47.60 61.11 0.16
Naive Bayes 77.50 77.66 77.45 74.84 0.00

Gradient Boosting 77.25 80.91 76.15 87.68 0.00
Decision Tree 75.85 75.85 75.83 77.32 0.00

AdaBoost 71.65 76.65 69.53 75.34 0.03

4.7 Effect of Performance with Selective ML Classifiers
• For 2-class problem: The performance of different machine learning models for sentiment analysis using

Dataset 1 (Z1) is evaluated in Table 7 using accuracy, F1 score, precision, and recall. Logistic Regression
achieves an accuracy of 94.49%, an F1 score of 94.67, a precision of 94.8, and a recall of 98.62. Support
Vector Machine (SVM) attains an accuracy of 94.07%, an F1 score of 95.07, a precision of 94.35, and
a recall of 98.57. Random Forest demonstrates an accuracy of 94.61%, an F1 score of 94.9, a precision
of 94.91, and a recall of 98.67. These results indicate that all three models perform competitively, with
minor variations in evaluation metrics. The corresponding performance measures for these classifiers
are summarized with a visual representation of the performance is depicted in Fig. 7.

• For 3-class problem: The performance of different machine learning models for sentiment analysis using
Dataset 2 (Z2) is assessed based on accuracy, F1 score, precision, and recall. Logistic Regression achieves
an accuracy of 73.11%, an F1 score of 72.86, a precision of 72.76, and a recall of 84.38. Support Vector
Machine (SVM) attains an accuracy of 76.09%, an F1 score of 75.29, a precision of 75.93, and a recall of
88.31. Random Forest demonstrates an accuracy of 77.69%, an F1 score of 77.31, a precision of 77.35, and
a recall of 88.35. These results indicate that Random Forest outperforms the other models in terms of
accuracy and F1 score, while SVM also performs well, with slightly lower accuracy but comparable recall.
The corresponding performance measures for these classifiers are summarized in Table 8, while a visual
representation of the performance is depicted in Fig. 8.
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Table 7: Performance comparison of different classifiers applied for Dataset 1 (Z1).

Using fT F IDF

Classifier Accuracy F1 Score Precision Recall
LR 94.49 94.67 94.81 98.62

SVM 94.07 95.07 94.35 98.57
RF 94.61 94.90 94.91 98.67

Using fBoW

Classifier Accuracy F1 Score Precision Recall

LR 95.21 95.13 95.61 98.62
SVM 95.22 95.45 95.31 98.57

RF 95.35 95.67 95.25 98.67

(a) Using (b) Using

Figure 7: Performance comparison visualization due to different classifier models applied for Dataset 1 (Z1).
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Table 8: Performance comparison of different classifiers applied for Dataset 2 (Z2).

Using fT F IDF

Classifier Accuracy F1 Score Precision Recall
LR 73.11 72.86 72.76 84.38

SVM 76.09 75.29 75.93 88.31
RF 77.69 77.31 77.35 88.35

Using fBoW

Classifier Accuracy F1 Score Precision Recall

LR 75.45 74.58 80.42 89.95
SVM 75.85 74.92 80.75 90.23

RF 76.22 75.36 81.19 90.78

Figure 8: Performance comparison visualization due to different classifier models applied for Dataset 2 (Z2).

The confusion matrix for Dataset Z2, using the Random Forest Classifier, is shown in Table 9. This is
the best-performing classifier for sentiment analysis in this experiment is the Random Forest Classifier.

Table 9: Confusion matrix for 3-class sentiment analysis.

Predicted labels

Actual Positive Negative Neutral
Positive 2826 116 1349
Negative 190 2015 1685
Neutral 668 1064 611

The results presented in Table 10 highlight the impact of ensemble techniques on the performance of
the proposed 3-class sentiment analysis system using two distinct feature representation schemes: fTFIDF
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and fBoW . Random Forest (RF) classifiers trained independently on fBoW and fTFIDF achieved accuracy
rates of 76.22% and 74.44%, respectively. We also employ sum, max, product, and average score-level fusion
rules due to their low computational cost, widespread use, and suitability for real-time server-side sentiment
analysis [13]. These methods require no additional trainable parameters, aligning with the objective of a
lightweight and deployable client–server architecture. While these individual models demonstrated reason-
able performance, combining their outputs via various fusion strategies further improved performance. The
fusion rules capture complementary aggregation behaviors: sum and average smooth model variations, max
selects the most confident prediction, and product reinforces inter-model agreement [37]. For comparison,
single Random Forest classifiers trained on TF–IDF and BoW features are used as baselines. As shown
in Table 10, all fusion methods consistently outperform the single-model baselines in the 3-class tasks.
Here, it is seen that the score-Level fusion methods consistently enhanced model performance by utilizing
complementary information captured by both feature extraction techniques. Among the fusion strategies,
the Product Rule achieved the highest performance across all metrics, with 76.58% accuracy, 75.72% F1
score, 83.61% precision, and 76.58% recall. This superior performance indicates that combining model scores
multiplicatively effectively emphasizes stronger predictions while suppressing weaker ones. The Sum Rule,
Average Rule, and Max Rule fusion methods also demonstrated comparable performance, each achieving
75.58% accuracy, highlighting their robustness in combining the complementary features extracted by
fTFIDF and fBoW . The Decision-Level Fusion method yielded slightly lower accuracy of 75.03%, suggesting
that score-level fusion techniques are generally more effective for combining post-classification outputs.
Overall, the results demonstrate that ensemble methods, particularly the Product Rule, offer a promising
approach to improving sentiment analysis performance in multi-class scenarios by integrating diverse feature
representation strategies without added architectural complexity.

• For 13-class problem: For thirteen class sentiment analysis system (‘empty’, ‘sadness’, ‘enthusiasm’,
‘neutral’, ‘worry’, ‘surprise’, ‘love’, ‘fun’, ‘hate’, ‘happiness’, ‘boredom’, ‘relief ’, ‘anger’), initially area under
the curve (AUC) has been performed for Dataset 3 (Z3) before data augmentation with class imbalance
at Fig. 9, and after data augmentation with class balance in Fig. 10. Fig. 9 shows that the ROC curves
compare the classification performance of Logistic Regression, SVM, and Random Forest across different
emotions. The SVM model demonstrates the best performance overall, with relatively higher AUC values
(e.g., empty = 0.73, sadness = 0.61), indicating better separability. Logistic Regression and Random Forest
show moderate to poor performance, with some emotions (e.g., love, worry, hate) exhibiting very low
AUC values, suggesting difficulty in distinguishing these classes. These results highlight the importance
of model selection and the need for better feature representations to improve classification.

Table 10: Effect of ensemble of trained models of fTFIDF and fBoW using different post-classification fusion methods
on the performance of the proposed 3-class sentiment analysis system.

Model Accuracy (%) F1 Score (%) Precision (%) Recall (%)
RF ( fBoW ) 76.22 75.36 81.19 76.22

RF ( fTFIDF) 74.44 73.48 80.97 74.44
Decision-Level Fusion 75.03 73.62 81.12 75.03

Score-Level Fusion (Sum Rule) 75.58 74.73 81.60 75.58
Score-Level Fusion (Product Rule) 76.58 75.72 83.61 76.58

Score-Level Fusion (Max Rule) 75.58 74.71 81.55 75.58
Score-Level Fusion (Min Rule) 75.58 74.73 81.55 75.58

Score-Level Fusion (Average Rule) 75.58 74.73 81.60 75.58
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Logistic Regression RoC AuC SVM RoC AuC

Random Forest RoC AuC

Figure 9: Multiple comparison of AUC vs. Feature vector size for logistic regression, SVM, random forest model for
Dataset 3 (Z3) before data augmentation with class imbalance.

Fig. 10 shows that the ROC curves illustrate the comparative performance of Logistic Regression, SVM,
and Random Forest classifiers across various emotion classes. SVM achieves the highest AUC values for most
emotions (e.g., empty = 0.84, sadness = 0.63), indicating better classification capability. Logistic Regression
performs moderately well, but some emotions (e.g., love, worry, hate) show poor separability. Random Forest
demonstrates the lowest AUC values overall, signifying weaker classification performance. These results
suggest that SVM is the most effective model in this setup, while Random Forest struggles, likely due to the
complexity of feature interactions.

Hence, comparing the pre-augmentation and post-augmentation ROC curves shows that data aug-
mentation improves classification performance across all models. Before augmentation, the AUC values for
most classes were lower, indicating weaker separability of emotions. Models like Random Forest struggled
significantly, and even SVM showed suboptimal performance in certain classes. After augmentation, there is
a notable increase in AUC scores, particularly for SVM and Logistic Regression, suggesting that the models
benefit from the increased variability and robustness in training data. For instance, emotions like empty and
sadness exhibit higher AUC values in all classifiers post-augmentation. The improvement is most significant
in SVM, reinforcing its strength in high-dimensional feature spaces. Random Forest also improves, but it still
lags behind the other models. Overall, data augmentation enhances generalization, leading to better class
separability and improved classification performance across all models. The balanced 13-sentiment analysis
dataset has now been employed for further experiments.
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Logistic Regression RoC AuC SVM RoC AuC

Random Forest RoC AuC

Figure 10: Multiple comparison of AUC vs. Feature vector size for logistic regression, SVM, random forest model for
Dataset 3 (Z3) after data augmentation with class balance.

The performance of different machine learning models for sentiment analysis is evaluated on Dataset
3 (Z3) using accuracy, F1 score, precision, and recall in Table 11. The performance metrics presented in this
Table illustrate the effectiveness of different classifiers using two distinct feature extraction methods: TF-
IDF ( fTFIDF) and Bag-of-Words ( fBoW ). For TF-IDF, the Random Forest (RF) classifier achieves the highest
accuracy (95.83%) and F1 Score (95.85%), significantly outperforming Logistic Regression (LR) and Support
Vector Machine (SVM), which exhibit lower performance across all metrics. Conversely, using the BoW
feature extraction method, RF again demonstrates superior performance with 94.91% accuracy and 94.94%
F1 Score, followed by SVM with 85.42% accuracy and LR with 80.17% accuracy. The improved results for
RF in both feature extraction approaches highlight its robustness and reliability in text classification tasks,
while SVM performs moderately well with BoW features but lags behind with TF-IDF. LR consistently
underperforms compared to the other models, demonstrating limited effectiveness across both feature
extraction techniques. These comparisons among Logistic Regression, Support Vector Machine (SVM),
and Random Forest Classifier for sentiment analysis across thirteen classes—empty, sadness, enthusiasm,
neutral, worry, surprise, love, fun, hate, happiness, boredom, relief, and anger—is presented in Table 11. The
corresponding performance measures are visually depicted in Fig. 11.
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Table 11: Performance comparison of different classifiers applied for Dataset 3 (Z3).

Using fT F IDF

Classifier Accuracy F1 Score Precision Recall
LR 58.77 56.45 61.82 41.32

SVM 78.02 76.32 81.67 37.27
RF 95.83 95.85 95.97 99.69

Using fBoW

Model Accuracy F1 Score Precision ROC AUC
SVM 85.42 85.45 85.82 89.63

LR 80.17 80.20 80.62 84.66
RF 94.91 94.94 95.13 99.59

Figure 11: Performance comparison visualization due to different classifier models applied for Dataset 3 (Z3).

The thirteen sentiment classes are grouped into three broader sentiment categories: Positive Emotions:
Enthusiasm, Love, Fun, Happiness, Relief; Negative Emotions: Sadness, Worry, Hate, Anger, Boredom;
Neutral Emotions: Empty, Neutral, Surprise. Here, the derived model for Random Forest Classifier for
sentiment analysis across thirteen classes have been employed to build the confusion matrix which is shown
in Table 12. The computed performance metrics from the given confusion matrix are as follows: the average
precision is 95.25%, the average recall is 94.63%, the average F1-score is 94.92%, and the overall accuracy is
96.12%. These metrics demonstrate a strong classification performance across all sentiment categories. The
high precision value indicates that the model makes few false positive errors, while the high recall suggests it
correctly identifies most actual instances of each sentiment. The F1-score, which balances precision and recall,
remains consistently high, reinforcing the model’s robustness. Moreover, the overall accuracy of 96.12%
highlights that the classifier is correctly predicting sentiment labels for the majority of instances, confirming
its effectiveness in sentiment analysis.

Table 13 presents a comprehensive performance comparison of the proposed 13-class sentiment analysis
system using different feature representations and post-classification fusion strategies. The evaluation
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includes Accuracy, Macro-F1, Weighted-F1 (W-F1), Weighted Precision, and Weighted Recall, reported in
percentage terms to enable consistent comparison across models. The models considered include Random
Forest classifiers trained using two distinct feature representation techniques, namely fBoW and fTFIDF ,
along with multiple ensemble techniques that combine these models using different post-classification fusion
strategies. The evaluation metrics include Accuracy, F1 Score, Precision, and Recall, expressed as percentages
to facilitate performance comparison.

Table 12: Confusion matrix for 13-class sentiment analysis.

Actual Predicted labels

Empty Sadness Enthusiam Neutral Worry Suprise Love Fun Hate Happiness Boredom Relief Anger

Empty 910 1 0 3 0 0 0 0 0 0 0 0 0
Sadness 0 2551 2 38 19 2 2 0 4 1 0 0 0

Enthusiam 0 0 877 3 0 0 0 0 0 0 0 0 0
Neutral 0 6 0 4240 12 6 33 1 2 16 0 3 0
Worry 0 13 0 85 4105 5 15 2 1 4 0 0 0

Suprise 0 3 0 31 5 1036 14 0 0 5 0 0 0
Love 0 0 0 31 4 0 1864 7 0 15 0 0 0
Fun 0 1 0 9 2 0 2 864 5 4 0 1 0
Hate 0 3 0 5 2 0 0 0 645 7 0 0 0

Happiness 0 0 0 73 4 1 46 2 0 2472 6 1 0
Boredom 0 0 0 0 0 0 0 0 0 0 585 5 0

Relief 0 1 0 27 3 0 5 0 0 6 0 713 8
Anger 0 0 0 0 0 0 0 0 0 0 0 0 555

Table 13: Effect of ensemble of trained models of fTFIDF and fBoW using different post-classification fusion methods
on the performance of the proposed 13-class sentiment analysis system.

Model Acc. Macro-F1 W-F1 Prec. (W) Rec. (W)
RF ( fBoW ) 94.91 94.59 94.94 95.13 94.91

RF ( fTFIDF) 95.83 95.47 95.85 95.97 95.83
Decision-Level Fusion 94.85 94.91 95.14 95.67 94.85

Score-Level Fusion (Sum) 95.86 95.83 95.88 96.01 95.86
Score-Level Fusion (Product) 95.97 95.87 95.91 95.95 95.97

Score-Level Fusion (Max) 95.84 94.29 95.86 95.98 95.84
Score-Level Fusion (Min) 95.72 94.97 95.75 95.89 95.72

Score-Level Fusion (Average) 95.86 95.11 95.88 96.01 95.86

From the results presented in Table 13, it has been observed that the Random Forest model trained
with fTFIDF achieves the highest accuracy (95.83%), demonstrating its superior ability to handle complex
text data through improved feature representation. The Decision-Level Fusion method also demonstrates
strong performance, achieving an F1 Score of 95.14%, indicating robust precision-recall balance. Among
the score-level fusion techniques, the Product Rule achieves the best accuracy (95.97%) and maintains
competitive scores across other metrics, making it the most effective fusion strategy in this evaluation. Other
score-level fusion methods, including the Sum and Average rules, also deliver competitive results, achieving
accuracies above 95.8%. However, their Macro-F1 scores are slightly lower than those of the Product Rule,
suggesting comparatively weaker performance on minority classes. The Max and Min rules show marginally
reduced Macro-F1 values, particularly the Max rule (94.29%), indicating reduced stability in balanced class
performance despite maintaining high overall accuracy. We have also evaluated the model performance
based on per-class F1 score for product fusion, which is illustrated in Fig. 12.
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Figure 12: Per-class F1 score for 13-class emotion for product fusion.

The results emphasize that fusion strategies improve performance by utilizing the strengths of both
fBoW and fTFIDF feature representations. Notably, the Product Rule surpasses individual models in overall
accuracy, demonstrating the benefits of combining multiple decision outputs. Consequently, ensemble
methods are effective for improving the predictive performance of sentiment analysis models, especially
in multi-class classification tasks. These results highlight the importance of incorporating diverse fusion
strategies to achieve optimal model robustness and accuracy in text classification systems.

4.7.1 Ablation Analysis of Fusion Strategies
To systematically evaluate the contribution of the fusion mechanism, we conducted a structured

ablation study comparing individual feature-stream models and multiple fusion strategies. The objective is
to quantify the performance gain introduced by score-level fusion relative to standalone classifiers. Table 14
presents the structured ablation analysis comparing single-stream baselines and multiple fusion strategies
based on accuracy. The results clearly indicate that score-level fusion consistently outperforms standalone
models across all classification settings. Among the evaluated strategies, the Product rule achieves the
highest performance. Compared to the best individual model over multiple independent run, the observed
performance gain (Δ) in Table 15 confirms that the dual feature streams provide complementary predictive
information rather than redundant signals.

4.7.2 Analytical Justification of Product Rule Fusion
Among the evaluated score-level fusion strategies, the Product rule consistently achieves the highest

performance across multiple classification settings. This behavior can be theoretically explained through its
emphasis on inter-model agreement. Let P1(c) and P2(c) denote the posterior class probabilities predicted by
the classifiers trained on fBoW and fTFIDF , respectively. The Product fusion strategy computes the combined
confidence as: Pf usion(c) = P1(c) × P2(c). This multiplicative formulation has two important properties:

1. Amplification of consensus: When both models assign high confidence to the same class, the product
increases disproportionately, strengthening agreement-based predictions.
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2. Suppression of disagreement: If one model assigns a low confidence to a class, the resulting product
remains low, effectively penalizing inconsistent predictions.

Table 14: Ablation study: comparison of single models and fusion strategies. Results are reported as Mean ± Standard
deviation over multiple independent runs.

Method 2-Class 3-Class 13-Class
RF (BoW) 95.35 ± 0.12 76.22 ± 0.18 94.91 ± 0.15

RF (TF-IDF) 94.61 ± 0.14 74.44 ± 0.21 95.83 ± 0.10
Decision-Level Fusion 94.15 ± 0.20 75.03 ± 0.19 94.85 ± 0.17

Score Fusion (Sum) 95.29 ± 0.11 75.58 ± 0.16 95.86 ± 0.09
Score Fusion (Product) 95.67 ± 0.10 76.58 ± 0.15 95.97 ± 0.07
Score Fusion (Average) 95.35 ± 0.11 75.58 ± 0.16 95.86 ± 0.09

Score Fusion (Max) 94.51 ± 0.18 75.58 ± 0.17 95.84 ± 0.11
Score Fusion (Min) 94.49 ± 0.19 75.58 ± 0.17 95.72 ± 0.12

Table 15: Ablation study with performance gain over best single model (Accuracy). All values are reported as Mean ±
Standard Deviation over multiple independent runs.

Method 2C 3C 13C
Best Single Model 95.35 ± 0.12 76.22 ± 0.18 95.83 ± 0.09

Score Fusion (Product) 95.67 ± 0.10 76.58 ± 0.15 95.97 ± 0.07
Δ (Mean Improvement) +0.32 +0.36 +0.14

Compared to additive strategies such as the Sum or Average rules, the Product rule is more selective
because it does not allow a single high-confidence prediction to dominate the final decision when the other
model is uncertain. Instead, it favors classes that receive consistently strong support from both feature
streams. This consensus-driven behavior is particularly beneficial in multi-class emotion recognition tasks,
where class boundaries are often overlapping and misclassification risk increases due to semantic similarity.
By reinforcing agreement and attenuating conflicting signals, Product fusion improves discriminative
robustness without introducing additional trainable parameters.

4.7.3 Quantitative Validation of LLM-Based Data Augmentation
To rigorously assess the contribution of LLM-based synthetic data augmentation, we conducted a

controlled ablation study isolating its effect on model performance. The comparison includes model perfor-
mance trained on (i) the original human-annotated dataset and (ii) the augmented dataset incorporating
synthetic samples. All this evaluation was done for multiple run for consistency. Importantly, synthetic data
were used exclusively during training, while test sets contained only human-annotated samples to prevent
data leakage. Table 16 presents the overall performance comparison before and after augmentation. The
results show a consistent improvement across all evaluation metrics.

Specifically, the augmented model demonstrates an increase in Macro-F1, indicating improved balanced
multi-class performance. It also shows an improvement in Macro-AUC, reflecting enhanced class separabil-
ity. The gains in Weighted-F1 and Accuracy, confirming that augmentation does not adversely affect majority
classes. The observed Δ improvements confirm that the performance gain is attributable to training-time
augmentation rather than evaluation bias.
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Table 16: Impact of LLM-based data augmentation on overall performance.

Metric Before Aug. After Aug. Δ Improvement
Macro-F1 0.9469 0.9587 +0.0118

Weighted-F1 0.9579 0.9591 +0.0012
AUC (Macro) 0.7179 0.7439 +0.026

Accuracy 93.89 95.97 +2.08

4.8 Sustainable Model Deployment to Server
In this work, the obtained 3-class and 13-class sentiment analysis model deployment has been performed

in the Salesforce-licensed cloud service. A Salesforce-licensed cloud service has been acquired exclusively
for academic research to deploy the sustainable sentiment analysis model for real-time processing. While
Salesforce primarily offers cloud solutions for business and commercialization, it is utilized here solely for
research deployment. The sentiment analysis application features a user-friendly graphical interface where
users can input text for analysis. Upon clicking the “Analyze” button, the entered text is processed and
forwarded to the sentiment analysis model developed using the previously described methodology. The
model evaluates the sentiment and generates a classification result displayed within the GUI, providing users
with immediate feedback.

For deploying the models to the server, the trained models fTFIDF and fBoW are further examined to
determine the optimal dimensionality of the feature vectors. A vector quantizer is applied to both models
to identify the minimum feature vector dimension that remains effective for sentiment classification. If a
lower-dimensional feature vector proves sufficient, that model will be deployed to the busy server to reduce
both space requirements and computational complexity, ensuring efficient resource utilization. The Table 17
presents the performance metrics for different feature vector sizes of fBoW applied to Dataset 3 (Z3),
demonstrating the impact of dimensionality reduction on classification effectiveness. As the feature vector
size decreases from 2000 to 500, there is a gradual decline in accuracy, F1 score, precision, and recall. This
reflects the inherent trade-off between computational efficiency and model performance. While higher-
dimensional feature representations capture more intricate details, lower-dimensional ones are more efficient
for real-world deployment, ensuring a balance between accuracy and resource constraints.

Table 17: Performance metrics for different feature vector sizes of fBoW applied on Dataset 3 (Z3).

Feature Vector Size Accuracy (%) F1 Score (%) Precision (%) Recall (%)
2000 94.91 94.94 95.13 94.91
1500 93.82 93.79 94.07 93.80
1000 92.68 92.76 92.98 92.70
700 91.59 91.63 91.78 91.60
600 90.44 90.50 90.66 90.42
500 89.29 89.35 89.51 89.27

The performance metrics for various feature vector sizes of fTFIDF are shown in Table 18, which is
characterized by a distinct trend in accuracy, F1 score, precision, and recall as the feature dimension increases.
Achieving 95.83% accuracy at 2000 dimensions yields the best performance, with performance gradually
declining as feature size decreases. This decrease is anticipated because lower-dimensional representations
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lose information, resulting in a slight reduction in classification performance. Nevertheless, the model
performs reasonably well at 500 dimensions, with an accuracy of 89.25%, suggesting that the TF-IDF-based
model remains reliable even with reduced computational complexity.

Table 18: Performance metrics for different feature vector sizes of fTFIDF applied on Dataset 3 (Z3).

Feature Vector Size Accuracy (%) F1 Score (%) Precision (%) Recall (%)
2000 95.83 95.85 95.97 95.83
1500 94.68 94.70 94.82 94.66
1000 93.27 93.25 93.37 93.21
700 91.98 91.95 92.07 91.91
600 90.68 90.65 90.77 90.61
500 89.25 89.24 89.36 89.20

For model deployment to the server, selecting an optimal feature vector size requires balancing
computational efficiency and model performance. The results indicate that both fBoW and fTFIDF achieve the
highest accuracy at 2000 dimensions, but as the feature size decreases, a slight performance drop is observed.
While reducing the feature dimension to 500 significantly reduces computational costs, it still maintains a
reasonable accuracy of 89.29% for fBoW and 89.25% for fTFIDF . Given this trend, a feature vector size of 1000
appears to be a suitable choice for deployment, as it offers a balance between accuracy (92.68% for fBoW
and 93.27% for fTFIDF) and reduced memory footprint, ensuring efficient real-time processing without a
substantial loss in sentiment classification effectiveness.

The sustainable sentiment analysis model has been deployed on the Ultimate Coder platform
(sa.ultimatecoder.in), which is currently hosted by Salesforce Consulting Company. This deploy-
ment includes both the 3-class and 13-class sentiment analysis models. Fig. 13 presents real-time testing
snapshots of the Graphical User Interface (GUI), illustrating an example of 3-class sentiment analy-
sis performed using the deployed model. Similarly, Fig. 14 showcases real-time sample text evaluations
demonstrating the performance of the 13-class sentiment analysis model.

Figure 13: Graphical User Interface (GUI) implementation with an example showcasing 3-class sentiment analysis
tested on the applied model.



30 Comput Mater Contin. 2026;88(1):35

Figure 14: Graphical User Interface (GUI) implementation with an example showcasing 13-class sentiment analysis
tested on the applied model.

Table 19 presents the model complexity analysis for deploying a sentiment classification model with
a 1000-dimensional feature vector, considering Bag-of-Words (BoW) and Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) representations. The total parameters represent the number of trainable and
non-trainable elements in the model, influencing its storage and computational efficiency. The memory
footprint (in megabytes, MB) indicates the storage required to load the model into memory, with both
BoW (180 MB) and TF-IDF (190 MB) being relatively lightweight for deployment. The computational
cost, measured in floating point operations per second (FLOPs), quantifies the number of arithmetic
operations needed for inference, with BoW requiring approximately 4.2 GFLOPs (giga floating point
operations) and TF-IDF needing 4.5 GFLOPs, making both computationally feasible. Given these factors,
a 1000-dimensional feature vector offers a balance between performance and efficiency, ensuring a suitable
trade-off for server deployment, minimizing storage and computational overhead while maintaining high
classification accuracy.
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Table 19: Model complexity analysis for server deployment with a 1000-dimensional feature vector.

Feature Model Total Parameters Memory
Footprint (MB)

Computational
Cost (FLOPs)

Suitability for
Deployment

fBoW Moderate 180 MB 4.2 GFLOPs Suitable trade-off
fT FIDF Moderate 190 MB 4.5 GFLOPs Suitable trade-off

5 Results and Discussion
The system classifies individual text inputs and reports the corresponding results. To improve per-

formance, the sentiment analysis is extended to a second level, following a two-tier approach. The first
level categorizes sentiment into three broad groups, forming the basis for a more detailed classification
into thirteen sentiment classes. The subsequent section provides an in-depth discussion of the text-based
sentiment analysis. To study the performance of our proposed model with the existing client-server model,
we have fixed metrics like inference location, inference time, end-to-end latency, network overhead, latency
variability and sentiment class. The existing models are categorized into three types: client-side (Edge) model,
traditional cloud server model and hybrid (split-inference) model. Each of the models are generalised with
empirical data for each evaluation metrics. Table 20 represents the analysis of each model.

Table 20: Performance comparison of existing client–server architectures.

Metric Client-Side (Edge) Traditional Cloud
Server

Hybrid
(Split-Inference)

Inference Location User device
(phone/PC) Remote data center Edge (pre-processing)

+ cloud

Inference Time ∼10–50 ms (device
dependent)

∼5–20 ms
(high-performance

GPU)

∼15–30 ms
(distributed inference)

End-to-End Latency Low (<60 ms) High (>150–500 ms) Moderate (80–120 ms)

Network Overhead Negligible (local
processing)

High (uploads raw
data/video)

Low (transmits only
features/vectors)

Latency Variability Minimal (stable local
environment)

High (network
congestion risk)

Moderate
(synchronization

overhead)

Sentiment Classes 3–5 basic (e.g., happy,
sad, angry)

7–20+ complex (e.g.,
joy, awe, irony)

5–10 nuanced
(scalable)

The in-depth study of existing models suggests a need for substantial computational resources to host
the model, due to latency and network overhead, which diverges from our research aim. To maintain the
integrity and novelty of our research we opt for light weight client-server model. The resource utilization by
the server when the random forest model is hosted and when a sentiment analysis prediction is made by
the model are illustrated in Table 21. From the server physical memory usage of 2 GB RAM, 5̃00 MB and
1̃350 MB are utilized for running flask and other processes, the remaining 8̃50 MB is used by the proposed
model for prediction process.
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Table 21: System resource usage: hosting vs prediction phases.

Description Phase Usage Limit Fault

CPU Usage Hosting 2.4% 200% 0
Prediction 0 200% 0

I/O Usage Hosting 162.4 KB/s 48.83 MB/s 0
Prediction 0 48.83 MB/s 0

IOPS Hosting 7 2048 0
Prediction 0 2048 0

NPROC Hosting 0 100 0
Prediction 6 100 0

Entry Processes Hosting 0 30 0
Prediction 2 30 0

Physical Memory Usage Hosting 500.15 MB 2 GB 0
Prediction 1.35 GB 2 GB 0

We used the traditional machine learning approach to keep the computational cost for prediction
as minimum as possible. To compare the performance of our model, we chose VADER (Valence Aware
Dictionary and sEntiment Reasoner), one of the most poplular lexicon-based sentiment analysis model
for informal text sentiment analysis. VADER is a three-class sentiment analyzer, while our model can
support emotions upto thirteen classes. So, to evaluate the performance, we limit our model to three classes,
i.e, positive, negative and neutral and test the performance based on metrics, that are used to evaluate
client-server architecture model, which is illustrated in Table 22.

Table 22: Comparison of VADER and proposed 13-class sentiment model with respect to different metrics.

Metric VADER Proposed 13-Class Model
Inference Location Client-side Server-side

Inference Time ∼0.2–1.0 ms ∼10–25 ms
End-to-End Latency ∼0.3–1.5 ms ∼30–70 ms
Network Overhead None Present
Latency Variability High Low
Sentiment Classes 3 13

A comparison of Random Forest and VADER in terms of system memory usage and processing time is
illustrated in Fig. 15.

Random Forest exhibits significantly higher memory usage, while VADER achieves lower inference time
with minimal resource overhead and latency. We futhermore, hosted the model in the given environment
and performed a deep analysis on these models, which is shown in Table 23.
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Figure 15: Comparison of Random Forest and VADER in terms of memory consumption and average prediction time.

Table 23: Client–server–level comparison of VADER and proposed 13-class sentiment model.

Parameter VADER Sentiment Analyzer Proposed Server-Based
Sentiment Model

Inference Location Client-side Server-side

Architecture Type Standalone library REST-based client–server
architecture

Sentiment Granularity 3-class sentiment with compound score 13-class fine-grained sentiment
classification

Supported Output Labels Positive, Neutral, Negative 13 sentiment/emotion labels

Response Format Local dictionary output {pos: 0.62,
neg: 0.08, neu: 0.30} Structured JSON response

Output Metadata Not available Confidence score, inference
latency, model information

Multi-Class Support Limited Native multi-class (13-class)
support

Inference Latency Very low (rule-based processing) Optimized and predictable
server-side latency

Network Overhead None Present due to API communication

Scalability Limited (dependent on client hardware) High (supports multiple
concurrent client requests)

The models are additionally compared based on their response format and interface design, where the
proposed system employs a structured JSON-based API response enabling richer sentiment representation,
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confidence reporting, and latency measurement, unlike VADER’s local dictionary output. Table 24 illustrates
the JSON format output.

Table 24: Comparison of output responses for VADER and proposed sentiment models.

Category Model Output Response Details

3-Class Sentiment
Output

VADER
• Input Text: “The product quality is excellent except the color”
• neg: 0.05, neu: 0.25, pos: 0.70
• compound: 0.86

Proposed Model

• Request ID: REQ_1042
• Input Text: “The product quality is excellent except the color”
• Predicted Sentiment: Positive
• Confidence: 0.94
• Model: TF-IDF + RF (fusion)
• Latency: 38 ms

13-Class Sentiment
Output Proposed Model

• Request ID: REQ_1297
• Input Text: “I feel extremely frustrated with the service”
• Predicted Label: Anger
• Confidence: 0.91
• Class Scores:

– happiness (0.01), sadness (0.03), anger (0.91), hate
(0.08), love (0.02), fun (0.01), surprise (0.01), empty
(0.01), enthusiasm (0.01), relief (0.00), neutral (0.01),
worry (0.01), boredom (0.00)

• Model: TF-IDF + RF (score-level fusion)
• Latency: 42 ms

Unlike VADER, which is limited to coarse-grained polarity estimation, the proposed system performs
fine-grained 13-class sentiment classification within a client–server architecture. The server returns struc-
tured JSON responses containing the predicted sentiment label, confidence score, class-wise probabilities,
and latency metrics. Although the multi-class inference introduces additional computational overhead, cen-
tralized server-side processing ensures predictable latency while enabling richer emotional understanding
and scalability.

6 Conclusions
This work presents a sustainable sentiment analysis system utilizing textual data, designed for real-

time deployment within a client-server architecture. The system is structured into five key components: text
preprocessing, feature extraction, sentiment classification, model optimization, and server deployment. Two
feature representation techniques, Bag-of-Words (BoW) and Term Frequency-Inverse Document Frequency
(TF-IDF), are evaluated for their effectiveness in sentiment classification. The models are trained and
tested on three benchmark datasets corresponding to two-class, three-class, and thirteen-class sentiment
categories. For model deployment to the server, selecting an optimal feature vector size requires balancing
computational efficiency and classification performance. The results indicate that both fBoW and fTFIDF
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achieve peak accuracy at 2000 dimensions, but a gradual decline is observed as the feature size decreases.
While reducing the feature dimension to 500 significantly lowers computational costs, it still maintains
reasonable accuracy—89.29% for fBoW and 89.25% for fTFIDF . Given this trade-off, a feature vector size
of 1000 is identified as the optimal choice for deployment, achieving a balance between accuracy (92.68%
for fBoW and 93.27% for fTFIDF) and reduced memory footprint, ensuring efficient real-time sentiment
classification with minimal computational overhead. However the proposed framework achieves competitive
accuracy with low computational overhead, it has several limitations. First, the reliance on classical feature
representations (BoW and TF-IDF) limits the model’s ability to capture long-range semantic dependencies
and contextual nuances present in complex or figurative language. Second, the system is currently evaluated
on monolingual, benchmark datasets, which may restrict its generalization to multilingual or domain-shifted
real-world scenarios. Third, although feature dimensionality is optimized for efficiency, the static feature
size does not adapt dynamically to evolving data distributions or sentiment drift. Future work will address
these limitations by incorporating context-aware deep learning representations, extending the framework
to multilingual and cross-domain sentiment analysis, and exploring adaptive and incremental learning
strategies for dynamic environments. These directions aim to enhance the robustness and scalability of the
proposed system while preserving its emphasis on efficient, real-time deployment.
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