Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 44 No. 2 (2023)

Sentiment Analysis of Textual Reviews
Using Deep Learning Techniques

Mohd Danish!, Dr. Mohammad Amjad?
L2 Jamia Millia Islamia, India

Abstract: Opinion mining, another name for sentiment analysis, is a computer strategy that seeks to automatically
extract and categorize sentiment from textual data. With the exponential growth of online platforms and social
media, analyzing and understanding user sentiments expressed in reviews has become increasingly important for
businesses and researchers. Deep learning techniques, specifically neural networks, have shown remarkable
success in natural language processing tasks, including sentiment analysis. This study explores multiple
methodologies, datasets, and assessment criteria to provide a thorough examination of sentiment analysis utilizing
deep learning algorithms. The paper presents an overview of deep learning architectures commonly employed for
sentiment analysis, such as recurrent neural networks (RNNs), convolutional neural networks (CNNSs), and
transformers. Furthermore, it discusses pre-processing techniques, feature representation methods, and the impact
of data imbalance on sentiment classification performance. The paper also investigates different approaches for
model training, including supervised, semi-supervised, and transfer learning. The study analyzes current
benchmarks, performance evaluation criteria, and future perspectives for deep learning-based sentiment analysis
research.
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1. Introduction

The objective of sentiment analysis, also known as opinion mining, is to gather and classify the emotions
expressed in textual data [1]. In today's digital era, where millions of users actively engage in online platforms,
social media, and e-commerce websites, analyzing the sentiment behind textual reviews has become essential for
organizations and businesses. Sentiment analysis empowers companies to increase valuable intuitions into
customer opinions, likings, and satisfaction levels, leading to improved decision-making processes, targeted
marketing strategies, and enhanced customer experiences.

2. Sentiment Analysis: An Overview

2.1 Definition and Scope

Sentiment analysis, also known as opinion mining, is a computational approach that involves the extraction,
classification, and analysis of sentiments, emotions, and subjective information from textual data. It aims to
understand and interpret the attitudes, opinions, and emotions expressed by individuals or groups of people
towards specific topics, products, services, or events. Sentiment analysis offers useful insights into societal
perception, customer happiness, market trends, and brand reputation by utilizing natural language processing
techniques and machine learning algorithms [3].The scope of sentiment analysis extends beyond simply
identifying positive, negative, or neutral sentiments. It strives to capture the nuances and intricacies of human
language by categorizing sentiments into fine-grained categories such as joy, sadness, anger, surprise, trust, and
more. Moreover, sentiment analysis can encompass diverse forms of textual data, including social media posts,
customer reviews, news articles, blog posts, forum discussions, and online comments [4].

2.2 Applications

Sentiment analysis finds applications in various domains and industries:

a) Business and Marketing: Companies utilize sentiment analysis to gain insights into customer opinions and
sentiments towards their products or services. It helps in brand monitoring, reputation management, product
feedback analysis, market research, and targeted advertising campaigns.
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b) Customer Service: Sentiment analysis enables organizations to analyze customer support interactions,
identify customer satisfaction levels, detect complaints or issues, and provide timely and personalized
responses to improve customer experiences.

c) Social Media Analysis: Sentiment analysis plays a crucial role in monitoring social media platforms to gauge
public opinion on political campaigns, social movements, product launches, or events. It helps in
understanding user sentiment trends, identifying influencers, and managing online crises.

d) Financial Markets: To forecast stock market trends, investor sentiment, and sentiment-driven trading
methods, sentiment analysis is used to examine news items, social network posts, and financial reports [11].

e) Healthcare: Sentiment analysis can aid in monitoring patient sentiments and experiences through feedback
analysis, social media discussions, and online health forums. It assists healthcare providers in improving
patient satisfaction and identifying potential issues.

f) Political Analysis: Sentiment analysis helps in analyzing public sentiment towards political candidates,
parties, policies, and issues. It enables political campaigns to gauge public opinions, understand sentiment
dynamics, and adjust their strategies accordingly [22].

2.3 Challenges and Limitations

Sentiment analysis poses several challenges and limitations:

a) Subjectivity and Context: Interpreting sentiments accurately requires understanding the context, sarcasm,
irony, and cultural nuances embedded in human language. Sentences with negations, idioms, or ambiguous
expressions can pose challenges to sentiment classification.

b) Domain and Language Dependence: Sentiment analysis methods practiced on one domain or language may
not employed well to other realms or languages due to differences in vocabulary, cultural influences, and
linguistic variations.

c) Data Noise and Bias: Sentiment analysis models heavily rely on training data, which may contain noise,
biased opinions, or unrepresentative samples. Biases in the training data can lead to biased predictions and
inaccurate sentiment analysis results.

d) Fine-Grained Analysis: Assigning sentiments to fine-grained categories requires more labeled training data
and complex models, making fine-grained sentiment analysis more challenging than binary or ternary
sentiment classification.

e) Aspect-Based Analysis: Sentiment analysis often needs to go beyond overall sentiment classification and
analyze sentiments towards specific aspects or entities mentioned in the text. Aspect-based sentiment analysis
involves identifying sentiments for individual features, attributes, or topics within a given context [5].

3. Deep Learning Techniques for Sentiment Analysis

Deep learning techniques, particularly neural networks, have emerged as powerful tools for sentiment analysis.
These approaches leverage the ability of neural networks to automatically learn representations from raw textual
data and capture intricate patterns and dependencies in the data. This section provides an overview of three
commonly used deep learning architectures for sentiment analysis: recurrent neural networks (RNNS),
convolutional neural networks (CNNSs), and transformers.

3.1 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are widely used in sentiment analysis tasks due to their ability to capture
sequential dependencies in textual data. RNNs process sequential input by maintaining a hidden state that
incorporates information from previous time steps. This allows them to model context and capture long-term
dependencies.

The LSTM stands for long short term memory architecture is a well-liked RNN version. The vanishing gradient
issue is addressed by LSTMs by including memory cells that can keep track of data over longer sequences. The
Gated Recurrent Unit (GRU), a different variation, streamlines the LSTM architecture while still effectively
capturing long-term dependencies [9].

In sentiment analysis, RNNs process textual data at the word or character level, producing hidden representations
at each time step. The final hidden state is then used for sentiment classification. By considering the order and
context of words, RNNs can capture the sentiment expressed throughout the text.

3.2 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNSs) are primarily known for their effectiveness in computer vision tasks, but
they have also demonstrated strong performance in sentiment analysis. CNNs use filters or kernels to convolve
over the input text, capturing local patterns and features [21].
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In sentiment analysis, CNNSs are applied to learn representations of word or character n-grams, where each n-gram
acts as a local feature. Multiple convolutional filters are used to extract different features at varying scales. Pooling
layers are then applied to reduce the dimensionality of the feature maps and capture the most salient information.
CNNs excel at capturing local context and identifying important features within the text. They can effectively
capture sentiment-relevant patterns and are computationally efficient, making them suitable for sentiment analysis
tasks.

3.3 Transformers

Transformers have revolutionized the field of natural language processing and have shown significant success in
sentiment analysis. Transformers employ a self-attention mechanism, allowing them to capture global
dependencies and relationships between words in a text.

The transformer architecture consists of an encoder and a decoder. The encoder processes the input text by
attending to all words simultaneously and generating contextualized word representations. The model can
differentiate the importance of various words based on how well they relate to a given feeling thanks to this
attention mechanism[20].

The transformer's attention mechanism allows it to capture long-range dependencies and understand the context
in a more holistic manner. This makes transformers highly effective for sentiment analysis tasks, especially in
scenarios where understanding the relationship between distant words is crucial.

Transformers, particularly large-scale models such as BERT (Bidirectional Encoder Representations from
Transformers) and GPT (Generative Pre-trained Transformer), have achieved state-of-the-art performance on
various sentiment analysis benchmarks [2].

4. Pre-processing and Feature Representation

Pre-processing and feature representation are crucial steps in sentiment analysis as they involve transforming raw
textual data into a format suitable for deep learning models. These steps aim to reduce noise, handle variations in
text, and extract meaningful features that capture sentiment-related information. This section discusses common
pre-processing techniques and feature representation methods used in sentiment analysis.

4.1 Text Cleaning and Normalization

Text cleaning and normalization involve removing irrelevant information and standardizing the text to enhance

the worth of input data [12]. Common pre-processing steps include:

a) Removing punctuation marks and special characters: Punctuation marks and special characters often carry
little sentiment-related information and can be safely removed from the text.

b) Tokenization: Tokenization involves splitting the text into individual words or subwords. This step is
important as it establishes the basic units for analysis and representation.

c) Stop word removal: Stop words are commonly occurring words that carry little sentiment information, such
as "and," "the," or "is." Removing stop words can reduce noise and improve computational efficiency.

d) Lowercasing: Converting all text to lowercase can help in standardizing the text and reducing vocabulary
size. However, this step should be used with caution as it can also affect the sentiment conveyed by capitalized
words.

e) Spell checking and correction: Correcting spelling errors can help improve the accuracy of sentiment analysis
models. This can be achieved using pre-built spell-checking libraries or language-specific dictionaries.

4.2 Tokenization and Word Embeddings

After pre-processing, the text needs to be represented in a numerical format suitable for deep learning models.

Tokenization, mentioned earlier, involves splitting the text into individual words or subwords. Tokenization helps

create a sequence of tokens that can be used as input to deep learning models.

Word embeddings are widely used to represent words in a distributed vector space, capturing semantic and

contextual information. They aim to represent words with similar meanings closer together in the embedding

space. Common word embedding techniques include:

a) Word2Vec: Word2Vec models, such as Skip-gram and Continuous Bag-of-Words (CBOW) learn dense
vector illustrations by predicting the context or target words based on surrounding words in a large
corpus[15].

b) GloVe: Global Vectors for Word Representation (GloVe) is an unsupervised learning algorithm that learns
word vectors by factorizing word co-occurrence statistics[14].

c) FastText: FastText extends word embeddings by considering subword information. It represents words as a
sum of their character n-gram embeddings, allowing it to handle out-of-vocabulary words[13].
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4.3 Feature Engineering and Selection

In addition to word embeddings, other features can be derived from the text to capture sentiment-related

information [16]. Feature engineering involves designing and extracting additional features that may enhance

sentiment analysis performance. Some common features used in sentiment analysis include:

a) N-grams: N-grams represent contiguous sequences of n words. By considering word sequences, n-grams
capture local contextual information that might influence sentiment.

b) Part-of-Speech (POS) Tags: POS tags provide grammatical information about words in a text, such as nouns,
verbs, adjectives, etc. These tags can capture syntactic structures that might be relevant to sentiment analysis.

c) Sentiment Lexicons: Sentiment lexicons contain words or phrases annotated with sentiment scores. By
matching words in the text to sentiment lexicons, sentiment information can be extracted as features.

5. Addressing Data Imbalance in Sentiment Analysis

Data imbalance is a mutual challenge in sentiment analysis, where the distribution of sentiment classes in the
dataset is highly skewed. For instance, in a sentiment analysis task, the number of positive reviews may greatly
outnumber the negative or neutral reviews. Data imbalance can lead to biased model predictions, poor
generalization, and decreased performance on minority classes. Therefore, it is crucial to address data imbalance
to ensure a balanced and accurate sentiment analysis system. This section discusses several strategies to mitigate
data imbalance in sentiment analysis.

5.1 Data Augmentation

Data augmentation techniques involve generating synthetic samples to balance the distribution of sentiment

classes. These techniques can be applied to minority classes to increase their representation in the dataset.

Common data augmentation methods for text data include:

a) Textual Synonym Replacement: Synonyms of words in the minority class can be substituted to create new
instances while preserving the sentiment label[19].

b) Back Translation: The text of minority class samples can be translated into another language and then
translated back to the original language. This process introduces variations in the text and increases the
number of samples.

c) Textual Transformation: Applying text transformations such as shuffling, insertion, or deletion of words can
generate new instances while maintaining the sentiment label[18].

5.2 Oversampling and Undersampling

Oversampling and undersampling techniques aim to balance the distribution of sentiment classes by either

increasing the number of minority class samples or reducing the number of majority class samples.

a) Oversampling: Oversampling involves replicating or generating new samples from the minority class to
match the number of samples in the majority class. Techniques such as random oversampling, SMOTE
(Synthetic Minority Over-sampling Technique), or ADASYN (Adaptive Synthetic Sampling) can be used to
create synthetic minority samples.

b) Undersampling: Undersampling reduces the number of majority class samples to match the number of
samples in the minority class. Random undersampling, cluster-based undersampling, or Tomek links are
common undersampling techniques.

Both oversampling and undersampling methods have their advantages and considerations. Oversampling can lead
to overfitting and may introduce synthetic samples that are too similar to existing minority samples.
Undersampling may discard valuable information from the majority class, potentially leading to the loss of
important sentiment patterns. Careful evaluation and experimentation are required to determine the most suitable
approach.

5.3 Class Weighting

Class weighting is a technique where diverse weights are allocated to each class during the training model process.
By giving more importance to minority class samples, class weighting allows the model to focus on correctly
predicting the minority class instances. Class weights can be computed inversely proportional to the class
frequencies or using more sophisticated techniques like inverse class frequency times the median frequency.
During training, the loss function is weighted according to the class weights, ensuring that the model is penalized
more for misclassifying minority class samples[17]. This approach helps the model learn to give equal
consideration to all sentiment classes, even in imbalanced datasets.
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5.4 Ensemble Methods

Ensemble methods combine multiple sentiment analysis models to make predictions. Ensemble methods can be
beneficial in addressing data imbalance by leveraging the diversity of individual models. By training multiple
models on different subsets of the data or using different architectures, ensemble methods can improve overall
performance and reduce the impact of data imbalance.

Popular ensemble techniques include bagging, boosting, and stacking. Bagging syndicates forecasts from multiple
models competent on different subsets of the dataset. Boosting assigns higher weights to misclassified samples,
allowing subsequent models to focus on challenging instances. Stacking combines predictions from multiple
models using another model (meta-learner) to make the final prediction.

5.5 Performance Evaluation Metrics

When dealing with imbalanced sentiment analysis datasets, accuracy alone might not be an appropriate evaluation

metric. Additional metrics that provide insights into model performance on different sentiment classes are

required. Some evaluation metrics suitable for imbalanced datasets include:

a) Precision, Recall, and F1-score: Precision measures the proportion of correctly predicted instances for a
specific class, while recall measures the proportion of actual instances correctly predicted for that class. The
F1-score syndicates recall and precision into one metric to deliver a fair evaluation of the model's
performance.

b) AUC-ROC: AUC-ROC stands for area under curve/receiver operating characteristics evaluates the model's
ability to distinguish between positive and negative sentiment classes by measuring the trade-off between
true positive rate and false positive rate.

c) Confusion Matrix: A confusion matrix provides a detailed breakdown of the model's predictions for each
sentiment class, including true positives, true negatives, false positives, and false negatives. It offers a
inclusive view of the model performance diagonally all sentiment classes.

6. Experimental Results and Discussion

In this section, we present the experimental results of applying deep learning techniques to sentiment analysis
using the methods discussed earlier. We conducted a series of experiments on a benchmark dataset and analyzed
the performance of the models based on various evaluation metrics.

6.1 Experimental Setup

For our experiments, we selected the IMDB Movie Review dataset, which consists of 50,000 movie reviews
labeled as positive or negative. We randomly split the dataset into training, validation, and test set, with a
proportion of 80:10:10, respectively.

We implemented three deep learning models: a Long Short-Term Memory (LSTM) network, a Convolutional
Neural Network (CNN), and a Transformer-based model. Each model was trained using the Adam optimizer with
a learning rate of 0.001. We applied early stopping based on the validation loss and set the maximum number of
epochs to 20. The batch size was set to 32.

For pre-processing, we performed tokenization, lowercasing, and removal of stopwords and punctuation. We used
pre-trained word embeddings to initialize the word representations for the LSTM and CNN models. For the
Transformer-based model, we utilized the BERT pre-trained model with fine-tuning.

6.2 Experimental Results

Table 1: Performance results of Movie Review dataset

| Model || Accuracy || Precision || Recall || F1-Score |
| LSTM I 0.864 | 0.865 | o083 | 0.864 |
| CNN I 0.875 | 0.876 | o875 | 0.875 |
| Transformer I 0.892 | 0.892 | 0892 | 0.892 |
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Figure 1: Performance results

As shown in the table, all three models achieved high accuracyy on sentiment classification. The Transformer-
based model outperformed the LSTM and CNN models, achieving the highest accuracy of 0.892. This indicates
the effectiveness of leveraging transformer architectures and pre-training techniques for sentiment analysis tasks.
Regarding precision, recall, and F1-score, all models achieved similar performance, with small variations. This
indicates that the models were able to maintain a balance between correctly predicting positive and negative
sentiment instances.

6.3 Discussion

The experimental findings show that deep learning approaches are beneficial for sentiment analysis. The models
achieved high accurateness in classifying sentiment on the IMDB Movie Review dataset. The Transformer-based
model, leveraging pre-training and contextualized representations, outperformed the LSTM and CNN models.
This highlights the importance of capturing global dependencies and context in sentiment analysis.

The results also indicate that pre-processing techniques, such as tokenization and removal of stopwords and
punctuation, contribute to the models' performance by reducing noise and standardizing the input.

It is worth noting that the choice of dataset and task greatly influences the model performance. The IMDB Movie
Review dataset focuses on sentiment classification of movie reviews. The models' performance might vary on
different datasets or sentiment analysis tasks related to different domains or languages.

Furthermore, the experimental results highlight the importance of hyperparameter tuning and architecture
selection. Further experimentation and fine-tuning can potentially enhance the performance of the models.
Overall, the experimental results confirm that deep learning techniques, including LSTM, CNN, and Transformer-
based models, are effective for sentiment analysis engagement. The choice of pre-processing techniques , model
architecture, and hyperparameter tuning significantly impact the performance. The Transformer-based model,
with its ability to capture contextualized representations, demonstrated superior performance in sentiment
analysis.

7. Conclusion

Sentiment analysis is essential for comprehending and gaining important insights from textual data. In this study,
we investigated the use of deep learning methods for sentiment analysis.. Author discussed various aspects,
including pre-processing and feature representation, addressing data imbalance, model training approaches,
evaluation metrics and benchmarks, as well as experimental results and future directions.

convolutional neural networks (CNNs), Recurrent neural networks (RNNs), and transformers are examples of
deep learning approaches that have demonstrated impressive effectiveness in sentiment analysis tasks [7]. These
models excel in capturing contextual dependencies, local features, and global relationships within the text. Pre-
processing techniques, such as tokenization and removal of stopwords and punctuation, help to refine the input
data and improve model performance.
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Addressing data imbalance in sentiment analysis is crucial, as it ensures that the models can generalize well across
different sentiment classes. Techniques such as oversampling, undersampling, or the use of cost-sensitive learning
algorithms can help mitigate the effects of imbalanced datasets [8].

When training sentiment analysis models, careful consideration must be given to architecture selection,
optimization algorithms, regularization techniques, and hyperparameter tuning. These factors significantly impact
the model's performance and generalization capabilities.

Evaluation metrics, such as accuracy, precision, recall, F1-score, AUC-ROC, MAE, and RMSE, provide
quantitative measures to assess the performance of sentiment analysis models. Benchmark datasets, such as the
IMDB Movie Review dataset, product review datasets, social media datasets, and SemEval datasets, serve as
standardized resources for evaluating model performance and facilitating comparisons between different
approaches.

Experimental results demonstrated the effectiveness of deep learning techniques in sentiment analysis, with the
transformer-based models achieving superior performance. However, challenges remain, such as aspect-based
sentiment analysis, handling sarcasm and irony, ethical considerations, and interpretability of models. Future
studies should concentrate on solving these problems and investigating topics like multimodal sentiment analysis,
domain adaptation, fairness, and explainability.
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