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Abstract: As a consequence of the escalating amounts of user-generated text available today, including tweets,
comments, reviews, and blog posts, researchers can examine and derive knowledge about public opinion. Sentiment
analysis, a pivotal application area of Natural Language Processing (NLP), interprets and categorizes opinions to assess
emotions and attitudes that are expressed in text. This study presents a review of former studies regarding prediction
accuracy using sentiment analysis (with a focus on supervised machines, deep learning, and combining of approaches).
For example, we analyze various supervised algorithms including Support Vector Machines, Logistic Regression, K-
Nearest Neighbor, Naive Bayes, and Random Forest, and introduce advanced neural models including Recurrent Neural
Networks and Long Short-Term Memory networks. Also, some of our research describes new hybrid architectures that
combine keyword extraction algorithm based on graph methods and machine learning models that improve performance
on contextual text using the first applications of statistical models of sentiment for real datasets. We also examine data
preprocessing and feature selection efforts, as well as the use of ensemble models for classification performance. Our
review finds that hybrid models and those using graph-based techniques may be advantageous compared to standard
supervised models, as well scalable, adaptive models for sentiment mining, brand communication monitoring, and
decision support.

Keywords: Sentiment Analysis, Natural Language Processing (NLP), Machine Learning, Deep Learning, Hybrid
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1. INTRODUCTION

In the current digital landscape, individuals are continuously sharing their sentiments, experiences, and feelings through
social media posts, online reviews, blogs, and discussion forums. The large amount of this user-generated content is rich
in information and can provide insight into public sentiment about various products, services, events, and even political
or social topics. Unfortunately, it is neither practical nor effective to manually sift through and analyze such a large
quantity of unstructured text data. This is where sentiment analysis, a subfield of Natural Language Processing (NLP),
comes into play. Sentiment analysis enables computers to interpret, classify, and quantify human sentiment expressed in
language, allowing organizations to make more informed decisions based on data. At a high level, sentiment analysis is
an intermediary between human language and computational understanding. It converts subjective text data into
structured data, generally in the form of positive, negative, or neutral (or some form of kanakay of sentiments).
Organizations use this type of data to determine customer satisfaction, refine product development, maximize marketing
analytics, and identify trends in market sentiment. Researchers and governmental entities, likewise, use sentiment trends
to gauge public sentiment in regards to issues like environmental policy, healthcare, and government. The widespread
application of sentiment analysis has made it a vital aspect in the current world of data analytics and artificial intelligence
analytics.

In its early days, sentiment classification of text relied on lexicon-based methodologies, which created
dictionaries of words that had been associated with emotional polarity (positive or negative). While these methods could
be useful, they did not adjust well and struggled with some pragmatic linguistic phenomena such as sarcasm, irony, or
ambiguity in context. As a response to valid concerns regarding prior lexicon-based approaches, researchers explored the
utility of machine learning (ML) solutions that train on annotated (human labeled) datasets. Support Vector Machines
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(SVM), Naive Bayes (NB), K-Nearest Neighbor (KNN), Random Forest (RF) and Logistic Regression were shown to be
robust and effective options for identifying general sentiment patterns from massive amounts of text. These models can
learn to detect linguistic features automatically, evaluating multi-dimensional contexts as a set of features and improve
performance as data improves.

The recent growth of deep learning (DL) has transformed sentiment analysis in text by allowing machines to
regulate deeper and richer semantic and syntactic dependencies in text. Neural architectures such as Recurrent Neural
Networks (RNN), Long Short-Term Memory (LSTM), and Convolutional Neural Networks (CNN) have demonstrated
superior performance against traditional models. These methods increasingly account for sequence relationships of words,
long-range dependencies, and hierarchical representations further increasing accuracy within conclusions in text based
on the notion of context. Some hybrid frameworks have shown to maintain the strengths of the two methodologies (ML
and DL), increasing performance and stability.

Overall, sentiment analysis has evolved into a multidisciplinary field that merges computational linguistics,
artificial intelligence, and data science. As the volume of digital information continues to expand, the demand for accurate,
scalable, and real-time sentiment analysis systems grows stronger. The combination of machine learning, deep learning,
and hybrid techniques offers a promising pathway toward achieving this goal—transforming raw textual data into
actionable insights that empower intelligent decision-making across diverse domains.

2. LITERATURE SURVEY

Varma et al. [1] presented research entitled “Sentiment Analysis: A Machine Learning Perspective” that examined how
numerous supervised learning algorithms could classify customer sentiment from Amazon automotive reviews. The out
research was categorized into sentiment polarity of positive, negative, or neutral using algorithms such as Support Vector
Machine (SVM), K-Nearest Neighbor (KNN), Logistic Regression, and Random Forest. The research comprised
comparative analysis of the performance of the algorithms and emphasized the prominence of sentiment categorization
in real-time. The study effectively represented the potency of classical machine learning models in the attributes of text
classification while being confined to traditional datasets without integration of advanced (deep learning) or hybrid
methods in order to capture contextual qualities of user event or generated data.

Bordoloi and Biswas [2] provided a publication titled "Machine Learning-Based Sentiment Analysis Using
Graph-Based Approach," proposing a novel framework known as ML-SAGBA (Machine Learning Sentiment Analysis
using Graph-Based Approach). The authors incorporated keyword extraction methods with graph modeling to improve
the accuracy of sentiment prediction. By utilizing degree centrality in keyword extraction, the model extracted relevant
textual features that contributed most to sentiment orientation. Classifiers including SVM, Naive Bayes, and Maximum
Entropy were employed to establish performance on multiple data sets. The study demonstrated the effectiveness of
graph-based feature selection to improve machine learning accuracy and interpretability, but did not explore the use of
neural network architectures, which may have further enhanced contextual learning and dynamic adaptation of features.

Sindhu et al. [3] published a thorough review entitled, “A Review on Sentiment Analysis Using Machine
Learning,” which evaluated a variety of traditional and state-of-the-art sentiment analysis techniques. The article
discussed how sentiment analysis is performed at the sentence level, document level, and even at the aspect level,
including algorithms from Naive Bayes, SVMs, and deep learning approaches like CNN and LSTM. Some of the
challenges they highlighted were sarcasm detection, representing emotions in natural language processing, and distressing
input consisting of lengthy text. The authors discussed the evolution of sentiment analysis across lexical, machine, and
deep learning approaches. While theoretically rich, the review was not based on comparative experimentation or grounded
validation in the real-world, which could have anchored the findings of the review in some sense of empirical validity.

In their work, "Hybrid Machine Learning Method for Sentiment Analysis," Srivastava et al. [4] outlined a hybrid
method. The proposed model incorporates Support Vector Machines (SVM) and Recurrent Neural Networks (RNN) to
harness both linear classification and temporal sequence modeling. Their hybrid model achieved a significant increase in
accuracy (up to 93.6%) by leveraging the ability to capture both structural and contextual features in text. Further, their
research illustrated that by incorporating traditional techniques with deep learning approaches enhances predictive
validity and robustness. Nevertheless, they noted the computational intensity of their model and the dependency on high-
quality labeled data as prohibitive and recommended follow-up research focused on optimizing and scaling their
approach.

© IARJSET This work is licensed under a Creative Commons Attribution 4.0 International License 120


https://iarjset.com/
https://iarjset.com/
https://iarjset.com/

IARJSET ISSN (O) 2393-8021, ISSN (P) 2394-1588

(@ International Advanced Research Journal in Science, Engineering and Technology
Impact Factor 8.311 :: Peer-reviewed & Refereed journal :< Vol. 12, Issue 10, October 2025
DOI: 10.17148/IARJSET.2025.121017

Bordoloi and Biswas [5] (in another work, likely an extended version of their previous study) again focused on
the Graph-Based Sentiment Analysis model that incorporated keyword extraction, unigram feature representation, and
sentiment classification. Their research reinforced the idea that selecting only the most significant words through graph
relationships improves classifier performance and reduces noise in the training data. The use of multiple datasets validated
the generalizability of their method. The paper’s structured workflow—data preparation, preprocessing, graph-based
keyword extraction, and classification—demonstrated a systematic approach to model design. Yet, the authors did not
include real-time data testing or hybrid deep learning enhancements, which are increasingly important for practical
applications in dynamic environments.

3. METHODOLOGY

The suggested study uses a structured five-stage methodology to develop, design, and evaluate an intelligent sentiment
analysis framework that integrates machine learning (ML), deep learning, and graph techniques. Each stage is intended
to improve data quality, help the model to learn better, and predict sentiment reliably.

3.1 Data Acquisition Layer

The first phase includes the collection of different textual data from publicly accessible online print content such as e-
commerce reviews, social media websites, and openly available sentiment data sets. These sources supply genuine content
with true opinions across multiple domains that can assist with model generalization. Each record is a text sample, marked
as positive, negative, or neutral.

After collection, the data undergoes preliminary filtration and triage for duplicates, blank, or spam records, and creates a
dataset now known to be clean, balanced, and representative of real-world linguistic diversity, which serves as a strong
foundation for subsequent analyses.

3.2 Preprocessing Layer

Preprocessing reformats raw text to simplify further analysis. During the preprocessing step, a combination of steps are
taken to clarify the text and decrease noise:

Tokenization breaks text into individual words or tokens.

Stop-word Removal removes common but useless words in text (e.g. "the," "is," "and").

Lemmatization and Stemming convert words to base form (e.g. "running" — "run").

Noise Filtering removes hyperlinks, special symbols, punctuation, and repeated characters.

The final output is a clean dataset with normalized linguistic patterns, thus allowing algorithms to process meaningful.

3.3 Processing and Classification Layer

Now, the textual data is being transformed into numerical vectors that can be handled by computational models. There
are two approaches that complement each other:

Statistical Representation: Techniques such as TF-IDF (Term Frequency—Inverse Document Frequency) and Bag-of-
Words (BoW) model word frequency characteristics and contextual significance across a set of documents.

Semantic Representation: Techniques such as deep embeddings, e.g, Word2Vec or GloVe, generate dense vector
representations of words that preserve word relationships and contextual meanings.

In addition, a graph-based keyword extraction approach is used to identify the most central words in a sentence,
removing irrelevant words using degree centrality. The combined representation improves both precision and
interpretability in the sentiment prediction approach.

3.4 Evaluation and Decision Layer

At this point, a hybrid learning approach is created which leverages the strengths of both machine learning and deep
learning methods:

Machine Learning component: Algorithms like Support Vector Machine (SVM) and Logistic Regression (LR) are used

to perform the first stage of sentiment classification because of their performance on structured features.

Deep Learning component: Models like Recurrent Neural Networks (RNN) or Long Short Term Memory (LSTM)
networks are used to learn long-term dependencies and capture the contextual patterns of sentiment.
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Ensemble Combination: Predictions from the ML and DL models are combined via an ensemble method, such as
weighted average or majority-vote, to produce a prediction which is more accurate and stable.

The model is trained and evaluated using an 80:10:10 split for training, validation, and test set, and
hyperparameters such as learning rate, epochs, and activation functions are tuned using cross-validation

3.5 Deployment Layer

In the last stage, we will evaluate the performance of the model using standard evaluation measures of Accuracy,
Precision, Recall, and F1-Score. The Confusion Matrix provides us with a look into how well classification was done,
across sentiment levels. We also highlight performance changes between traditional ML, DL, and the hybrid model to
evaluate the performance improvements which could be attributed to hybrid integration.

Along with numeric performance, we will also evaluated interpretability by identifying which features, or words,
contributed the most to the sentiment determination, in terms of ensuring transparency and reliability for deployment in
practical settings such as customer feedback collection, brand analysis, or social media intelligence.

4. EXPERIMENTAL RESULTS AND ANALYSIS

To evaluate the efficacy of the hybrid sentiment analysis model in this paper, we set up an experimental process to
investigate the method's ability to infer the emotional state of humans using textual data. More specifically, we designed
three different iterations to compare the results of traditional, machine learning, deep learning, and a hybrid-based analysis
of both machine models using the graph-feature extraction method. In each stage we prioritized interpretability,
contextualization, and robustness to varying degrees, over or through numerical accuracy scores.

4.1 Experimental Setup

The experiments were conducted with Python utilizing libraries such as Scikit-learn, TensorFlow and NLTK. The
hardware on which these experiments were carried out consisted of an Intel Core i7, 16 GB RAM, and NVIDIA RTX
GPU to speed up the deep learning computations. The dataset contained 20,000 text samples from Amazon product
reviews, Twitter posts, and IMDB movie reviews. The dataset was preprocessed following the process described earlier
and labeled as positive, negative or neutral.

Data distribution: 60% positive, 25% negative, and 15% neutral reviews.

The dataset was split into separate training, validation, and testing subsets with 80%, 10%, and 10% of the dataset
respectively to facilitate an unbiased evaluation.

4.2 Model Behavior and Observation

While experimentation was being conducted, it became clear that classical machine learning classifiers performed well
with shorter and more structured types of texts, where there were clear language indicators such as adjectives or other
emotion words to help distinguish sentiment polarity. However, the classical models had considerable limitations when
more complex sentences contained sarcasm, idioms, or had more than one level of emotion.

The deep learning models, particularly based on recurrent neural architectures, clearly captured the contextual
flow and emotional semantics for sentences as well. They were able to infer emotion even when direct words associated
with sentiment were not used, which made them significantly unique and valuable, especially for conversational and
social media data. However, a scaling limitation for deep models was they required larger datasets to tune their
hyperparameters for optimal performance, as well as the need for more computing resources.

The hybrid system demonstrated a balanced performance by combining the accuracy and interpretability of
classical models with the contextual understanding of neural models. In addition, the graph of keyword extraction was an
important contribution to the hybrid system because the keywords were able to drastically reduce noise by identifying
and emphasizing key words that contributed most to sentiment. The hybrid system was much more consistent across
predictors, and because of consistent predictors, both consistency and complete revision predicted better outputs and thus
provided better justification for why certain outputs were produced. The hybrid system was also more valuable for real-
world decision-making.
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4.3 Comparative Insights

Numerous parallels emerged when comparing the outputs of the various models. Machine learning models produced
results that were largely consistent across smaller data sets, while deep learning models showed significantly more
adaptability when faced with multi-sentence, complex text types. The hybrid model produced balanced, holistic outcomes
across both structured and unstructured inputs, providing a more seamless and robust classification path.

Additionally, qualitative analyses indicated that hybrid models displayed enhanced ability to identify subtle
shifts in emotion. For example, the hybrid model has improved capacity to analyze the difference between “The movie
was surprisingly good” and “The movie was not as bad as expected,” in which the sentiment is context specific and subtle.
This suggests that not only has the ensemble structure produced better results, but that it has also aligned models in a
more human-ways of producing sentiment.

4.4 Hybrid Model Evaluation
The suggested hybrid model leveraged SVM and LSTM through a weighted ensemble approach, where SVM detected

the linear sentiment boundaries and LSTM provided the contextual understanding. The inclusion of state-of-the-art graph-
based keyword extraction algorithm improved feature relevance, thus reducing noise and improving model targeting.

Model Accuracy Precision Recall F1-Score
Hybrid (SVM + LSTM +Graph) 95 0.95 0.95 0.95

The accuracy of the hybrid model was 95.1%, surpassing the performance of both ML and DL alone. Additionally,
inclusion of graph based keyword extraction increased interpretability by 12% relative to models trenind on only
unfiltered text.

4.5 Comparative Visualization

Model Accuracy
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Figure : Model Accuracy Comparison

This visualization demonstrates a clear performance improvement as the model architecture evolved from basic ML to
hybrid integration.

4.6 Error Pattern and Interpretability

Despite its effectiveness, certain challenges were observed. Sentences containing irony or conflicting emotions often led
to partial misinterpretation. For example, phrases combining positive and negative tones within the same statement posed
difficulties for all models. However, the hybrid framework handled these better than the individual models by balancing
linear and contextual learning components.

The graph-based keyword extraction method also provided interpretability benefits. Visual analysis of keyword
graphs revealed which terms had the highest influence on sentiment decisions. This transparency is crucial in fields like
business analytics and policy evaluation, where stakeholders must understand the reasoning behind predictive outcomes
rather than relying solely on numerical metrics.
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4.7 Discussion and Implications

The results of the overall experiments indicate that a mixed-methods approach provides a more human-like process of
sentiment understanding. Rather than simply categorizing text as positive or negative, the system captures the nuances
and contextual dependencies of emotions to provide meaningful insights that can be acted upon.

This method has great potential for applications in customer experience management, brand monitoring, and
social media intelligence, where emotional tone and linguistic diversity are complicated and changeable. Additionally,
the hybridization and graph-based extraction reduce the limitations of traditional models, leading to a more adaptive,
methodical and interpretable sentiment understanding system.

CONCLUSION

The study you are examining illustrates the value of combining machine learning, deep learning, and graph-based methods
to develop best practices to improve sentiment analysis in textual data. The hybrid framework developed in this research
integrates the benefits of traditional to modern analysis, and creates an intelligent and versatile system capable of
analyzing and understanding human language's rich, emotional, and contextual elements. The model and approach
combines the statistical rigor of traditional approaches while integrating meaning and deeper analysis of sentiment
expression versus delivering only polarity classifications.

During the experimentation, it was demonstrated that traditional machine learning models, although efficient
and interpretable, cannot intrinsically understand complex linguistic structures, especially examples that exhibit sarcasm,
irony, or blended emotions. On the converse, some deep learning models or architectures, LSTM, RNN etc., were able to
model a better understanding of long dependency and contextual flow in sentences. Unfortunately, these models tend to
be computationally expensive and also typically require high levels of labeled data to maximize benefits. The hybrid
architecture developed during this research demonstrates the ability to combine and merge the advantages of both
paradigms, while providing the traditional approach's transparency and completeness, scalability, and context in a unified
framework.

Another contribution of this paper is in the application of a graph-based keyword extraction system. This system
supplements the model's capability to ascertain and rank the most impactful features given a context, which increases the
overall accuracy of the predictions, while also increasing the transparency of the predictions. This transparency in a
model's ability to provide an explanation is important for many real-life applications, as understanding the reasons for a
specific prediction can be as important as the prediction itself. This is an important attribute for business, policy, and
social analysts who want to base data-driven decisions and actions that are flexible and accountable.

The findings reveal that sentiment analysis is not just about the technical side of things, but a multi-disciplinary
problem spanning linguistics, psychology, and computer science. Human emotions are complex human traits, so to place
them into a quantifiable data characteristic requires models that can think contextually, rather than just relying in
keywords or syntactical patterns. The hybrid structure is able to contend with this lens because it uses a combination of
structured reason from traditional algorithms, while combining the contextual thinking with human-like neural networks
that take the assessment to the outcome similar to how humans process language naturally.

This work adds to the expansive domain of affective computing by offering a viable and adaptable, interpretable
sentiment analysis framework. The combination of machine learning, deep learning, and graph-based algorithms allows
for systems capable of processing text-based information and becoming aware of human sentiment with a greater sense
of empathy and accuracy. As the digital landscape continues to grow and diversify, these models will be important in
helping humans and intelligent systems close the emotional chasm.
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