International Journal of Research Publication and Reviews, Vol 5, no 11, pp 4239-4246 November 2024

International Journal of Research Publication and Reviews

Journal homepage: www.ijrpr.com ISSN 2582-7421

WWW.IJRPR.COM

A Comprehensive Review of Sentiment Analysis Techniques: From
Naive Bayes to LSTM -A Review

Lucky Joy Tutika

Computer Science & Engineering, GMR Institute of Technology
Rajam, luckyjoytutika@gmail.com,

ABSTRACT

Sentiment analysis, also known as opinion mining, has become essential for understanding the emotions and opinions expressed in textual data, especially with the
rise of social media and online reviews. This paper studies the effectiveness of different machine learning algorithms in sentiment analysis, with a special focus on
improving accuracy in sentiment classification. We build upon existing research that covers traditional methods like Naive Bayes and advanced deep learning
models like LSTM. By comparing these approaches, we aim to identify which techniques are most suitable for different types of data and applications. The study
also considers recent trends and challenges in the field, as discussed in several surveys and research papers. We explore how sentiment analysis is applied in various
domains, such as social media monitoring, customer feedback, and opinion mining, and discuss the practical implications of our findings. Through this study, we
hope to contribute to the ongoing development of more effective and reliable sentiment analysis techniques, which can be used to better understand public opinion
and improve decision-making in various industries.
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1. INTRODUCTION

Sentiment analysis, also referred to as opinion mining, is a critical component of natural language processing (NLP) that enables systems to interpret and
categorize emotions expressed in textual data. With the exponential growth of user-generated content on platforms like social media, blogs, and e-
commerce reviews, sentiment analysis has emerged as an indispensable tool for deriving actionable insights. Its applications span diverse domains,
including customer service, healthcare, marketing, and finance, enhancing decision-making processes and user experiences. For instance, organizations
use sentiment analysis to gauge public opinion, monitor brand perception, and predict market trends.

However, the field presents significant challenges. Variability in linguistic expressions, cultural differences, and the presence of sarcasm or idiomatic
language often make sentiment classification complex. Textual data, unlike structured inputs, is prone to ambiguity and context dependency, complicating
the extraction of accurate sentiment. Moreover, handling multilingual datasets and integrating domain-specific vocabularies remain persistent hurdles.

To address these challenges, machine learning and deep learning algorithms have revolutionized sentiment analysis. Traditional models like Naive Bayes
and SVM provide robust foundations for classification, while advanced architectures like LSTM and BERT excel in understanding contextual and
sequential data. Despite these advancements, there is a growing need for innovative methods to improve accuracy, efficiency, and scalability, paving the
way for hybrid and multimodal approaches.

2. LITERATURE SURVEY

Sentiment analysis is a prominent area of natural language processing and machine learning, which focuses on extracting subjective opinions and emotions
from textual data. It has evolved significantly with the advent of machine learning and deep learning algorithms, leading to improved accuracy and
adaptability in varied applications. This literature review discusses the methodologies and models used for sentiment analysis, emphasizing their strengths,
limitations, and applicability.

2.1 Naive Bayes in Sentiment Analysis

Naive Bayes is one of the earliest models used for sentiment analysis. This probabilistic classifier predicts sentiment by calculating the likelihood of
words in a given text belonging to positive or negative categories. Despite its computational efficiency and simplicity, Naive Bayes struggles with
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handling context-dependent words and complex linguistic structures. For instance, phrases with sarcasm or double negatives can lead to misclassification,
making it unsuitable for nuanced tasks. However, its efficiency makes it a popular choice for applications with large datasets where simplicity is a priority.

2.2 Support Vector Machines (SVM)

SVM constructs a hyperplane to classify text into distinct sentiment categories. Its ability to work in high-dimensional feature spaces makes it effective
for text classification tasks. Research studies have demonstrated its success in datasets with clearly defined labels and binary sentiment classification.
However, SVM faces challenges when applied to tasks requiring context understanding or dealing with overlapping classes in large datasets. Kernel

functions such as RBF and polynomial kernels have been introduced to enhance SVM’s performance on non-linear data.
2.3 Long Short-Term Memory (LSTM)

LSTM, a variant of recurrent neural networks, has become a cornerstone in sentiment analysis due to its ability to retain long-term dependencies in
sequential data. By maintaining an internal memory, LSTM captures context and temporal dependencies within text, making it particularly effective in
applications like product reviews and opinion mining. While LSTM significantly outperforms traditional models in accuracy, its training process is
computationally intensive, requiring considerable resources.

2.4 Bidirectional Encoder Representations from Transformers (BERT)

BERT represents a significant leap forward in sentiment analysis, leveraging transformers and attention mechanisms to understand bidirectional context
in text. Unlike LSTM, which processes text sequentially, BERT captures relationships between words in both forward and backward directions. This
makes it ideal for complex tasks such as sarcasm detection, multilingual sentiment analysis, and domain-specific applications. However, the high
computational cost and requirement for extensive labeled data are notable limitations.

2.5 Feature Extraction Techniques in Sentiment Analysis

Effective feature extraction is critical for sentiment analysis. Techniques commonly used include:

e  TF-IDF (Term Frequency-Inverse Document Frequency): Measures word importance in a document relative to a corpus, aiding in sentiment
classification.

e  Word2Vec and GloVe: Word embedding techniques that map words to vector spaces, preserving semantic relationships.
e  Transformer-Based Embeddings: BERT’s embeddings provide deep contextual understanding, outperforming traditional methods in feature
extraction.

2.6 Datasets for Sentiment Analysis

Several benchmark datasets are used for training and evaluating sentiment analysis models:
. IMDB Movie Reviews Dataset: Provides binary sentiment labels for movie reviews.
. Stanford Sentiment Treebank (SST2): Includes fine-grained sentiment annotations.
e  Twitter Sentiment Dataset: Contains real-world social media posts with noisy and context-rich text.

e Amazon Product Reviews: Offers multi-domain sentiment data with detailed product feedback.

3. DESIGN

The design of sentiment analysis systems involves carefully structured steps that ensure effective data processing, feature extraction, and classification.
These steps vary depending on the model used, such as Naive Bayes, SVM, LSTM, or BERT. Below is a detailed framework for designing sentiment
analysis systems:

Step 1: Data Preprocessing: Preprocessing is a critical first step in sentiment analysis to ensure the data is clean and ready for model input. The process
includes:

e  Text Normalization: Converting all text to lowercase and removing punctuation, URLs, and special characters.
e Tokenization: Breaking text into individual words or phrases for processing.
e  Stop-Word Removal: Eliminating common but non-informative words (e.g., "and," "the").

e  Stemming and Lemmatization: Reducing words to their base forms to unify similar terms.
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Step 2: Feature Extraction: Feature extraction transforms raw textual data into structured formats that models can interpret. Techniques include:
e  TF-IDF (Term Frequency-Inverse Document Frequency): Highlights important words in a document relative to a corpus.
e  Word Embeddings: Embedding methods like Word2Vec and GloVe create dense vector representations of words.
e  Transformer-Based Features: Models like BERT extract deep contextual relationships between words.
Step3: Model Selection: The choice of the model depends on the dataset size, computational resources, and performance goals:
. Naive Bayes: Best for small datasets with limited complexity.
. SVM: Effective for high-dimensional data but requires well-labelled datasets.
. LSTM: Ideal for sequential data and tasks involving context retention.
. BERT: Preferred for complex, multilingual datasets requiring contextual understanding.
Step4: System Architecture:
Each model employs distinct architectures to process data:
. Naive Bayes: Utilizes conditional probabilities to classify text based on word frequencies.
. SVM: Constructs a hyperplane that separates data into sentiment classes with maximum margin.
. LSTM: Sequentially processes text, using memory cells and gates to capture long-term dependencies.

e  BERT: Leverages attention mechanisms to analyze bidirectional context within text.

4. METHODOLOGY

The methodology for sentiment analysis encompasses data preprocessing, feature extraction, and model-specific architectures, training processes, and

outputs. Below, we provide a concise explanation of the models used—Naive Bayes, SVM, LSTM, and BERT—alongside their relevant formulas and
steps.

4.1 Naive Bayes
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Figure 1: Naive Bayes

https://www.researchgate.net/figure/Flow-chart-for-Naive-Bayesian-classification_fig2_330922872

Naive Bayes is a probabilistic classifier based on Bayes’ theorem, assuming independence between predictors. It calculates the probability of a given text
belonging to a sentiment class based on word frequencies.
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Data Preprocessing:

e  Convert text to lowercase and remove special characters, punctuation, and stop-words.

e  Tokenize text into individual words for analysis.
Feature Extraction and Model Architecture:
Feature Extraction: Use Bag-of-Words or TF-1DF to represent text numerically by counting word occurrences or calculating word importance.
Model Architecture: The model assumes conditional independence of features and calculates class probabilities using Bayes’ theorem.
Training: Learns prior and likelihood probabilities from training data to associate words with sentiment classes.

Output: Predicts the sentiment class with the highest posterior probability based on given text.

4.2 Support Vector Machine (SVM)
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Figure 2: Support Vector Machine (SVM)

https://www.researchgate.net/profile/Alfadhl-Alkhaled/publication/341219357/figure/fig2/AS:888632600694784@ 158887793061 7/The-workflow-of-
support-vector-machine-SVM.jpg
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SVM constructs a hyperplane to separate data points into distinct classes, maximizing the margin between the nearest data points of different classes.
Formula:

wX+b=0
Where: w: Weight vector.; x: Input vector.; b: Bias.

Data Preprocessing:
Normalize text by converting to lowercase, removing stop-words, and tokenizing words.
Feature Extraction and Model Architecture:
Feature Extraction: Apply TF-IDF or n-grams to capture textual patterns and structure for input into the model.
Model Architecture:
. Constructs a hyperplane in a high-dimensional space to separate sentiment classes.
. Uses kernel functions (linear, polynomial, RBF) for handling non-linear data.
Training: Optimizes the hyperplane to maximize the margin between sentiment classes using labelled training data.
Output: Classifies the input text based on the side of the hyperplane it falls, predicting its sentiment.

4.3 Long Short-Term Memory (LSTM)
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Figure 3: Long Short-Term Memory (LSTM)
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LSTM is a recurrent neural network (RNN) variant that captures long-term dependencies in sequential data using memory cells and gates to control
information flow.

Formula:
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f: Forget gate
i Input gate
o Output gate
ce: Current cell state
he: Hidden state
x¢: Current input
o: Activation function
W: Weight matrices
Data Preprocessing:
e  Convert text into sequences using embedding layers like Word2Vec or GloVe.
. Padding or truncating sequences ensures consistent input length.
Feature Extraction and Model Architecture:
Feature Extraction: Use embedded word vectors that encode semantic relationships and capture word context.
Model Architecture:
. Employ memory cells with forget, input, and output gates to capture long-term dependencies in sequential data.
e  Stacked LSTM layers allow for deeper context understanding.
Training: Trains the model using backpropagation through time (BPTT), minimizing classification loss.

Output: Generates class probabilities for each sentiment through a softmax layer.

4.4 Bidirectional Encoder Representations from Transformers (BERT)
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Figure 4: Bidirectional Encoder Representations from Transformers (BERT)
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BERT leverages transformer architecture to process text bidirectionally, capturing context from both previous and next words in a sentence.

Formula:
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Data Preprocessing:
e Tokenize text into subwords using BERT's tokenizer and add special tokens like [CLS] and [SEP].
. Convert tokens into input embeddings including positional and segment embeddings.
Feature Extraction and Model Architecture:
Feature Extraction: Contextual embeddings are derived from pre-trained BERT layers, capturing both left and right context.
Model Architecture: Utilizes multi-layer transformer encoders with self-attention mechanisms to analyze bidirectional relationships between words.
Training: Fine-tunes the model on specific datasets by adjusting pre-trained weights for sentiment classification tasks.

Output: Outputs sentiment class probabilities using a final softmax layer on the classification token [CLS].

5. RESULTS
SNO | Reference Model(s) Used Dataset(s) Used Accuracy F1 Recall | Precision
No. (%) Score | (%) (%)
(%)
1 1 Bi-LSTM IMDB 91.2 88.5 89.7 87.6
2 2 Naive Bayes SST2 85.3 82.7 84.0 81.5
3 3 SVM Amazon Product Reviews 89.0 86.3 87.2 85.0
4 4 BERT Twitter Sentiment Dataset 94.5 93.8 94.2 934
5 5 Hybrid (Naive Bayes + SVM) IMDB 88.0 85.6 86.7 84.4
6 6 Bi-LSTM SST2 90.5 89.0 89.9 88.2
7 7 CNN Twitter Sentiment Dataset 92.3 91.0 91.7 90.5
8 8 BERT Amazon Product Reviews 96.0 95.3 95.7 94.8
9 9 LSTM IMDB 89.7 88.4 88.9 87.8
10 10 BERT SST2 95.2 94.7 94.9 94.5
11 11 CNN IMDB 915 90.0 90.8 89.5

6. CONCLUSION

This paper extensively analyzed sentiment analysis methodologies and their applications, focusing on machine learning models like Naive Bayes, SVM,
LSTM, and BERT. By examining various datasets, preprocessing techniques, feature extraction methods, and model architectures, we provided a
comprehensive overview of how these approaches contribute to the field. The study highlighted the performance metrics of each model, such as accuracy,
precision, recall, and F1 scores, revealing their strengths and limitations. While Naive Bayes demonstrated efficiency in handling smaller datasets, models
like LSTM and BERT showcased superior performance with sequential and contextual data, making them more suitable for complex tasks.

The findings emphasize the importance of robust preprocessing and high-quality datasets for achieving accurate sentiment classification. Despite
significant advancements, challenges like handling diverse linguistic nuances and improving real-time performance persist. Future research should
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address these gaps, exploring multimodal data integration, cultural adaptability, and advanced deep learning techniques to create more versatile and
effective sentiment analysis systems.
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