
 

 
 

ISSN 2394-739X 

IJRSET MAY Volume 12 Issue 5  

4 
 

 

International Journal for Research in Science Engineering & 

Technology (IJRSET) 
 

https://www.doi.org/10.5281/zenodo.15761832 

 

A Comprehensive Empirical study of Deep learning algorithms for the 

Efficient Social Media Data Analytics 
 

1 Dr. M. Hemalatha, 2 Ms B Letheya 
1 Associate Professor, 2 Assistant professor, 

1, 2 PG & Research Department of Computer Science,  
1, 2 Sri Ramakrishna College of Arts and Science,  

1, 2 Avinashi Road,                      Coimbatore, Tamil Nadu-641006, India. 

 

ABSTRACT: Sentiment analysis, the study of emotions 

conveyed in language, holds increasing significance for 

various practical applications. This research undertakes a 
thorough investigation comparing different sentiment 

analysis algorithms, including traditional methods like 

Naïve Bayes and Logistic Regression, alongside modern 

techniques like Recurrent Neural Networks and 

Transformer models. Using a meticulously curated 

dataset encompassing various text types and emotions, 

the research team evaluated the accuracy and efficiency 

of each algorithm, revealing insights into their strengths 

and weaknesses. While both conventional and 

contemporary algorithms demonstrate precision, 

disparities in accuracy were observed. The project's 
overarching goal is to develop a robust sentiment 

analysis system capable of automatically categorizing 

reviews as positive, negative, or neutral based on 

conveyed sentiments, leveraging a dataset comprising 

textual reviews across products, services, and 

experiences. Subsequent stages involve preprocessing 

the text data and feature extraction to enhance system 

performance. 
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1. INTRODUCTION 
Sentiment analysis holds profound significance in 

today's data-driven landscape, permeating various 

domains such as business, finance, healthcare, politics, 

and entertainment. In this digital age, where sentiments 

are prolifically expressed across diverse online 

platforms, understanding these sentiments becomes 

paramount for businesses, governments, and individuals 

alike. Sentiment analysis, categorizing text into positive, 

negative, or neutral sentiments, facilitates the 
transformation of unstructured textual data into 

actionable insights, guiding decision-making processes 

and shaping interactions. This analysis is approached 

through rule-based methods like Lexicon-based and   

Pattern-based approaches, as well as machine learning 

techniques such as Naive Bayes, Logistic Regression, 

and Recurrent Neural Networks (RNN). Moreover, 

deep learning methodologies like Convolutional Neural 

Networks (CNN) and Long Short-Term Memory 

(LSTM) are gaining traction for their prowess in feature 
extraction from textual data. Each method exhibits 

distinct strengths and limitations, necessitating careful 

consideration of specific use cases and available data.The 

subsequent sections of this paper delve into a 

comprehensive exploration of sentiment analysis 

methodologies, including research methodology, data 

collection, preprocessing techniques, and feature 

extraction strategies. Empirical results from a 

comparative analysis shed light on algorithm 

performance, offering insights into accuracy, efficiency, 

and suitability across various applications. The 
significance of sentiment analysis applications across 

diverse sectors is elucidated, ranging from business and 

marketing to healthcare, finance, politics, and 

entertainment. These applications underscore the critical 

role sentiment analysis plays in extracting valuable 

insights from customer feedback, monitoring brand 

reputation, predicting stock market trends, enhancing 

patient experiences, gauging public opinion, crisis 

management, and content recommendation. 

The objectives of this study encompass assessing the 

accuracy and efficiency of multiple sentiment analysis 

algorithms, comparing their performance, exploring real-
world applications through the analysis of a product 

review dataset, contributing to the field of natural 

language processing (NLP) and sentiment analysis, 

fostering informed decision-making, promoting best 

practices, and facilitating continuous learning for 

readers. However, addressing challenges such as 

algorithm selection dilemmas and operating in resource-

constrained environments remains paramount. By 

navigating these challenges, stakeholders across 

industries can harness the power of sentiment analysis to 

make informed decisions, improve user experiences, and 
derive data-driven insights in an increasingly data-centric 

world. 

 

2. REVIEW OF LITERATURE 

Sentiment analysis, also known as opinion mining, is a 

field of natural language processing (NLP) that has 

garnered significant attention due to its wide- ranging 
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applications. Various algorithms have been developed 

and applied to sentiment analysis tasks, each with its 

own set of strengths and weaknesses. In this literature 

review, we delve into the existing body of knowledge 

concerning eight prominent sentiment analysis 

algorithms: Naive Bayes, Random Forest, Decision Tree, 
AdaBoost, Logistic Regression, Light- GBM, 

Convoltional Neural Networks (CNN), and Recurrent 

Neural Networks with Long Short-Term Memory (RNN-

LSTM). We analyse the key attributes and comparative 

performance of these algorithms. 

Singh's 2020 study on Twitter sentiment analysis via 

machine learning techniques highlights the pivotal role 

of preprocessing and classification methods like Naïve 

Bayes in determining sentiments. The research 

underscores machine learning's potential to enhance 

sentiment analysis for applications such as market and 

product review analyses. Ahmad, Aftab, and Ali's 2023 
research employs Support Vector Machine (SVM) to 

analyze Twitter sentiments, showcasing SVM's 

effectiveness in distinguishing textual polarities across 

diverse datasets. This study underlines the adaptability of 

SVM in sentiment analysis, pointing towards its 

application in gathering social media feedback. In 2019 

analysis by Fitri et al. on the Anti-LGBT campaign in 

Indonesia using algorithms like Naïve Bayes and 

Decision Tree reveals public sentiments on sensitive 

issues. The study, highlighting Naïve Bayes for its 

superior accuracy, exemplifies sentiment analysis's 
importance in sociopolitical contexts. 

Prabhakar et al.'s 2019 paper introduces an innovative 

AdaBoost approach for sentiment analysis on US airline 

Twitter data, proving its efficiency over other 

algorithms. This research not only aids in customer 

decision-making but also advances sentiment analysis 

techniques in the aviation sector.Tyagi and Sharma's 

2018 work on sentiment analysis using Logistic 

Regression and the Effective Word Score Heuristic 

method offers insights into public opinions on 

microblogging platforms. Their approach, emphasizing 

accuracy in sentiment classification, demonstrates the 
evolving techniques in sentiment analysis. 

Venkata Srinivas et al.'s 2021 paper on utilizing Neural 

Networks and LSTM for Twitter sentiment analysis 

highlights these methods' efficiency in processing social 

media data. This research signifies the advanment in 

understanding brand perceptions and public sentiment 

through innovative AI techniques. A comprehensive 

2019 survey on Sentiment Analysis algorithms 

showcases the evolution of sentiment classification 

techniques and their applications. This review elucidates 

the significance of sentiment analysis across various 
fields, from business decision-making to social media 

monitoring. 

Su's 2022 study on movie reviews using NLP and SVM 

demonstrates sentiment analysis's impact on consumer 

decision-making. By analyzing sentiments towards 

films, this research points to broader applications in 

entertainment and marketing.Ahuja et al.'s 2019 paper on 

the impact of feature extraction methods like TF-IDF in 

Twitter sentiment analysis highlights logistic regression's 

effectiveness. This study contributes to uderstanding the 

best practices in preprocessing and classification 

techniques for sentiment analysis. In 2023 exploration of 

a multimodal sentiment analysis system using CRNN-

SVM underscores the importance of integrating various 

data modes for accurate emotion recognition. This novel 
approach points towards future advancements in 

personalized information filtering based on sentiment 

analysis. 

 

3. DATASET DESCRIPTION 

3.1 Dataset Overview 

The Reviews Dataset utilized in this study encompasses 

textual reviews associated with diverse products’ or 

services, curated specifically for conducting sentiment 

analysis and evaluating the accuracy and efficiency of 

various sentiment analysis algorithms. It comprises 
essential attributes, including unique identifiers, product 

details, user information, review timestamps, and 

sentiment labels categorizing each review as negative, 

neutral, or positive based on user expressions. 

 

3.2 Dataset Preparation 

Before employing the data-set for sentiment analysis, it 

undergoes meticulous preprocessing steps. These steps 

encompass data cleaning to eliminate irrelevant 

characters and formatting issues, text tokenization for 

breaking text into tokens, and labeling reviews with 

sentiment categories based on user ratings or other 
predefined criteria. This ensures that the dataset is 

structured and ready for algorithm training and 

evaluation. 

 

3.3 Dataset Sources and Variability 

The Reviews Dataset can be sourced from various 

platforms such as e-commerce websites, social media 

platforms, or publicly available sentiment analysis 

datasets. It is imperative to choose a dataset source 

aligned with the project objectives and domain interests. 

Additionally, datasets may exhibit variability in 
sentiment label distributions, ranging from balanced to 

skewed distributions across sentiment categories, 

necessitating careful consideration during algorithm 

evaluation. 

 

3.4 Dataset Usage and Consideration 

During the study, the dataset serves as input for training 

and testing selected sentiment analysis algorithms. It is 

split into training and testing subsets to facilitate 

algorithm training and evaluation while maintaining 

representative sentiment distributions in both subsets. 

Factors like data quality, representativeness, and 
potential biases must be considered to ensure meaningful 

conclusions are drawn from the comparative study. 

 

4. METHODOLOGY 

4.1 Methodology Overview 

The methodology encompasses a systematic approach, 

beginning with data collection and preprocessing, 

followed by algorithm selection, data splitting, feature 

extraction, and vectorization. Subsequently, selected 
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algorithms are trained and evaluated using standardized 

metrics such as accuracy, precision, recall, and F1-score, 

along with confusion matrices for performance 

assessment. Statistical analysis and visualization 

techniques are employed for algorithm comparison and 

analysis, identifying strengths, weaknesses, and suitable 
application domains. Recommendations and insights are 

generated based on specific use cases or resource 

constraints, with comprehensive documentation and 

reporting of the entire methodology, including code, 

experimental setup, and results. Optional steps such as 

hyperparameter tuning and cross-validation techniques 

are also considered to optimize algorithm performance 

and assess model robustness. 

 

4.2 Data Collection 

The primary objective is to obtain a diverse and 

representative dataset consisting of textual reviews 
paired with sentiment labels categorizing them as 

negative, neutral, or positive. It is essential to curate a 

dataset that encompasses a wide range of domains or 

contexts to ensure the study's generalizability and 

applicability across different scenarios. By including 

varied sources of textual reviews with corresponding 

sentiment labels, the study aims to capture a 

comprehensive understanding of sentiment analysis and 

enhance the robustness of the models evaluated during 

the research process. 

 

4.3 Data Preprocessing 

The initial step involves performing data cleaning to 

eliminate any irrelevant characters, symbols, or 

formatting inconsistencies present in the text data. 

Subsequently, the text is tokenized to break it down into 

individual words or tokens, facilitating further analysis. 

Stop-words, common words that carry little semantic 

meaning, are removed to focus on the essential content, 

and stemming or lemmatization techniques are applied 

as required to standardize words to their root forms. 

Additionally, reviews are categorized with sentiment 

labels based on user ratings or predefined criteria, 
allowing for the classification of sentiments as negative, 

neutral, or positive. This systematic approach to data 

preprocessing ensures that the text data is optimized for 

sentiment analysis tasks and enhances the effectiveness 

of subsequent machine learning algorithms applied 

during the study. 

 

4.4 Algorithm Selection 

A diverse set of sentiment analysis algorithms is chosen 

for comparative analysis, encompassing popular models 

such as Naive Bayes, Random Forest, Decision Tree, 
AdaBoost, Logistic Regression, Light-GBM, as well as 

deep learning models like CNN and RNN-LSTM. By 

including a mix of traditional and advanced algorithms, 

the study aims to evaluate their performance across 

various metrics to identify the most effective approach 

for sentiment analysis tasks. To maintain fairness and 

reliability in the comparison process, a controlled 

experimental environment is established. This setup 

ensures that each algorithm is tested under consistent 

conditions, allowing for a systematic evaluation of their 

strengths and weaknesses in sentiment analysis 

applications. 

 

4.5 Data Splitting 

The pre-processed dataset is divided into two distinct 
subsets: a training set utilized for algorithm training and 

a testing set designated for algorithm evaluation. It is 

crucial to ensure that the sentiment distribution within 

both sets accurately reflects the sentiment distribution of 

the complete dataset. By maintaining a representative 

sentiment distribution in both the training and testing 

sets, the study aims to ensure that the sentiment analysis 

models are trained and tested on a balanced dataset. This 

approach is vital for assessing the generalizability and 

performance of the algorithms on unseen data, thereby 

enhancing the reliability and validity of the sentiment 

analysis study's outcomes. 

 

4.6 Feature Extraction and Vectorization 

Relevant features are extracted from the pre- processed 

text data using techniques like TF-IDF (Term 

Frequency-Inverse Document Frequency) or word 

embeddings. These methods help in capturing the 

semantic meaning and context of the text, enabling the 

representation of words in a numerical format. By 

transforming the text data into numerical vectors that are 

compatible with machine learning models, the study 

aims to create a structured input format that facilitates the 
training and evaluation of sentiment analysis algorithms. 

This process of feature extraction and vectorization plays 

a crucial role in translating textual information into a 

format that can be effectively processed by machine 

learning algorithms, enhancing the accuracy and 

efficiency of sentiment analysis tasks. 

 

4.7 Algorithm Training and Evaluation 

Each chosen sentiment analysis algorithm is trained on 

the training dataset using the vectorized features derived 

from the pre-processed text data. Following training, the 

performance of each algorithm is assessed on the testing 
dataset using standard evaluation metrics such as 

accuracy, precision, recall, F1-score, and confusion 

matrices. These metrics provide insights into the 

algorithm's effectiveness in correctly predicting 

sentiment labels. Additionally, the execution time and 

resource utilization are recorded to evaluate the 

efficiency of each algorithm. By analyzing both 

performance metrics and efficiency indicators, the study 

aims to comprehensively assess the suitability and 

effectiveness of the sentiment analysis algorithms in 

accurately classifying sentiments within textual data. 
 

4.8 Comparison and Analysis 

The accuracy and efficiency of each sentiment analysis 

algorithm are evaluated through statistical analysis and 

visualization techniques. By conducting a 

comprehensive comparison, the study aims to identify 

the strengths and weaknesses of each algorithm based on 

the evaluation metrics obtained during the testing phase. 

Through this analysis, insights can be gained into the 
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performance of each algorithm in different scenarios and 

application domains. By determining the specific 

strengths of each algorithm, the study aims to highlight 

scenarios where particular algorithms excel, providing 

valuable guidance for selecting the most suitable 

sentiment analysis approach based on the requirements 
of a given task or application domain. 

 

4.9 Recommendations and Insights 

Recommendations for algorithm selection are generated 

based on specific use cases or resource constraints. These 

recommendations aim to guide decision-makers in 

choosing the most appropriate sentiment analysis 

algorithm for their particular requirements. Insights into 

the trade-offs between accuracy and efficiency for 

different algorithms are provided, shedding light on the 

balance that needs to be struck when selecting an 

algorithm. By discussing these trade-offs, the study aims 
to offer a nuanced understanding of the implications for 

real-world applications and decision-making processes. 

This discussion serves to bridge the gap between 

theoretical evaluation and practical implementation, 

enabling stakeholders to make informed decisions 

regarding sentiment analysis algorithm selection in 

diverse real- world scenarios. 

 

4.10 Documentation and Reporting 

The comprehensive documentation of the entire 

methodology encompasses detailing the code, 
experimental setup, and results obtained throughout the 

study. This documentation serves as a crucial reference 

point for understanding the processes involved in the 

comparative analysis of sentiment analysis algorithms. 

Following the methodology documentation, a detailed 

report is prepared to summarize the comparative study, 

emphasizing key findings and presenting conclusive 

insights drawn from the evaluation. Visualizations, 

tables, and charts are incorporated into the report to 

provide visual support for the analysis, enhancing the 

clarity and interpretability of the results. By combining 

detailed methodology documentation with a 
comprehensive report enriched with visual aids, the study 

aims to offer a thorough and insightful exploration of 

sentiment analysis algorithm performance, facilitating a 

deeper understanding of the outcomes and implications 

derived from the research. 

 

4.11 Hyperparameter Tuning and Optimization 

In the optimization phase, hyperparameter tuning is 

considered for machine learning algorithms such as 

Random Forest and Light-GBM to enhance 

performance. By fine-tuning the hyperparameters of 
these algorithms, the study aims to optimize their 

effectiveness in sentiment analysis tasks. Any parameter 

optimization processes undertaken are meticulously 

documented to ensure transparency and fairness in the 

evaluation of algorithm performance. Through 

systematic hyperparameter tuning, the study seeks to 

maximize the accuracy and efficiency of the sentiment 

analysis models, thereby improving the overall quality 

and reliability of the results obtained. 

4.12 Cross-validation 

Implement cross-validation techniques such as k- fold 

cross-validation to assess model robustness and 

generalization. 

 

 
Figure. 1.Proposed  Modeling for efficient SMA 

 

5. RESULT AND DISCUSSION 

5.1. Result 

In the results section of the documentation, the 

performance of various sentiment analysis algorithms is 

presented. Naive Bayes achieved an accuracy of 81.08%, 

followed by Logistic Regression with 86.77% accuracy. 

Decision Tree exhibited an accuracy of 85.17%, while 

Light-GBM closely followed with 85.64%. Notably, 

Random Forest attained an accuracy of 89.55%, 

showcasing its robust performance. Convolutional 
Neural Networks (CNN) and Recurrent Neural Networks 

with Long Short-Term Memory (RNN-LSTM) 

demonstrated even higher accuracies, reaching 90.10% 

and 90.45%, respectively. AdaBoost exhibited an 

accuracy of 81.57%. Each algorithm's performance is 

further elucidated through confusion matrices, providing 

insights into classification outcomes. These results 

underscore the effectiveness of deep learning techniques, 

particularly CNN and RNN-LSTM, in sentiment analysis 

tasks, while also highlighting the competitive 

performance of traditional machine learning algorithms 

such as Random Forest and Logistic Regression. 
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5.2 Discussion  

Ensuring accuracy in sentiment analysis tasks is crucial 

for reliable and effective analysis outcomes. The 

precision of sentiment analysis algorithms directly 

influences the ability to identify and interpret sentiments 

within text data accurately, leading to more trustworthy 
insights and decision-making processes. Algorithms such 

as Convolutional Neural Networks (CNN) and Recurrent 

Neural Networks with Long Short-Term Memory (RNN-

LSTM) demonstrated high accuracies, emphasizing the 

importance of precision in sentiment analysis for 

deriving meaningful insights. While CNNs excel in 

capturing spatial relationships but require significant 

computational resources, RNN-LSTMs are adept at 

handling sequential dependencies but may have longer 

training times. Traditional machine learning algorithms 

like Random Forest and Logistic Regression, though less 

computationally demanding, also showed competitive 
accuracies. Deep learning models are effective in 

handling unstructured data, while traditional machine 

learning algorithms are more interpretable and faster to 

train. By understanding the strengths and weaknesses of 

each algorithm in terms of computational complexity, 

training time, and scalability, researchers can make 

informed decisions on selecting the most suitable 

approach based on the specific requirements of 

sentiment analysis tasks. 

 

 
Figure. 2. Comparison of algorithms in terms of 

accuracy 

 

 
Figure. 2. Comparison of the neutral, negative, and 

positive in terms of precision and Recall 

 
Figure. 3. Chart showing performance in terms of  

accuracy 

CONCLUSION 

In this project, we conducted a comprehensive analysis 

of sentiment classification using a variety  

of machine learning algorithms on a provided dataset. 

Our aim was to evaluate the−se algorithms' 

performance in accurately classifying sentiments as 
positive, negative, or neutral and to gain insights into the 

sentiment composition of the text data. We evaluated 

eight different algorithms, including Naive Bayes, 

Decision Tree, Radom Forest, Convolutional Neural 

Networks (CNN), Recurrent Neural Networks with Long 

Short- Term Memory (RNN-LSTM), Logistic 

Regression (LR), Light GBM, and AdaBoost, using 

various performance metrics. RNNLSTM demonstrated 

the highest accuracy at 90.45%, closely followed by 

CNN at 90.10%, with Random Forest also performing 

impressively at 89.55%. These models excelled in 
accurately classifying sentiments. Additionally, each 

algorithm provided predictions for the proportion of 

neutral, negative, and positive words in the dataset, 

aiding in understanding the sentiment distribution. Word 

cloud visualizations showcased the most frequently 

occurring words in each sentiment category, offering 

insights into dominant sentiments, while confusion 

matrices assessed classification performance. Although 

RNN-LSTM and CNN achieved the highest accuracy, 

selecting the best- performing algorithm should consider 

project-specific requirements, computational resources, 

interpretability, and implementation ease. 
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