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(~10,000 reviews) with restaurant reviews, employing TF-

IDF feature extraction, and adopting Logistic Regression 

over Gaussian Naive Bayes. This study details the 

methodologies, highlights key improvements, and discusses 

the implications for sentiment analysis applications in e-

commerce and restaurant review domains. 
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I. INTRODUCTION 

Sentiment analysis is critical for applications ranging from e-

commerce to social media monitoring and healthcare 

feedback analysis. Gaussian Naive Bayes was selected as the 

baseline due to its computational efficiency and widespread 

use in text classification tasks. The primary objective of this 

study is to enhance the accuracy of sentiment classification. 

This improvement was achieved through refined pre-

processing, advanced feature extraction, and a shift to a more 

robust machine learning algorithm. 

II. LITERATURE REVIEW 

Sentiment analysis is a popular area in Natural Language 

Processing that focuses on identifying emotions and opinions 

from text. Early methods were lexicon-based, using 

predefined word lists to detect sentiment. However, machine 

learning approaches like Naive Bayes and Logistic 

Regression soon gained popularity for better accuracy and 

automation. Gaussian Naive Bayes is known for its simplicity 
and speed, but it assumes feature independence, which may 

not always be accurate. Logistic Regression, on the other 

hand, handles correlated features better and often performs 

more reliably. Studies also highlight the importance of 

preprocessing techniques like tokenization, stopword 

removal, and TF-IDF, which help improve model 

performance.   

Pang and Lee (2008) reported accuracies of 65-70% 

using Naive Bayes on movie reviews, limited by feature 

independence assumptions. TF-IDF has been shown to 

improve performance by 5-10% in text classification tasks 

(Manning et al., 2008). While deep learning methods now 
dominate, traditional models still remain useful for smaller 

datasets and faster predictions. 

III. METHODOLOGY 

A. Initial Approach: Gaussian Naive Bayes Model 

1) Dataset and Pre-processing 

The initial model utilized the dataset, containing 1,000 

restaurant reviews labelled as positive(1) or negative(0). Pre-

processing involved: 

− Removing non-alphabetic characters using regular 

expressions.  

− Converting text to lowercase.  

− Applying Porter Stemming to reduce words to their 

root form. 

− Removing stopwords, except for the word “not” to 

preserve sentiment context. The cleaned text was 

transformed into a Bag-of-Words (BoW) model 

using CountVectorizer with a maximum of 1,500 

features. 

− The CountVectorizer was limited to 1,500 features 

based on initial experiments to balance model 

complexity and performance. Only accuracy was 
reported due to the preliminary nature of the 

baseline model. 

2) Model Training and Performance 

 
Fig. 1.1: flow chart using Naive Bayes 

A Gaussian Naive Bayes classifier was trained on 80% of the 

data, with 20% reserved for testing. The model achieved an 

accuracy of 70%, indicating moderate performance but with 

limitations due to the simplistic feature representation and the 
assumptions of Naive Bayes, which may not capture complex 

relationships in text data. 

B. Improved Approach: Logistic Regression Model 

1) Data Expansion and Pre-processing  

To improve performance, sentiment_analysis.py 

incorporated multiple e-commerce datasets (e.g., Amazon 
product reviews) alongside the restaurant reviews, 

significantly increasing the dataset size. Key pre-processing 

enhancements included:  
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− Converting text to lowercase and removing 
punctuation and numbers. 

− Tokenizing text using NLTK’s word tokenize. 

− Removing stopwords to reduce noise. 

− Applying over sampling to balance the dataset, 

addressing the skew toward positive reviews by 

replicating negative reviews. 

2) Feature Engineering 

The improved model employed a two-step feature extraction 

process:  

a) Count Vectorizer with a maximum of 5,000 features 

to create a BoW representation. 
b) Tfidf Transformer to weigh terms based on their 

importance, reducing the impact of frequently 

occurring but less informative words. This approach 

captured semantic importance more effectively than 

the BoW model alone. 

3) Model Training and Evaluation  

A Logistic Regression model was trained with a maximum of 

1,000 iterations, using an 80-20 train-test split. The model 

achieved an accuracy of 88%, a significant improvement over 

the initial 70%. Additional evaluation metrics, including 

precision, recall, F1-score, and the ROC curve (AUC = 0.92), 

confirmed the model’s robustness. 
The model was trained on a preprocessed dataset 

where feature scaling was applied using StandardScaler to 

ensure optimal convergence. Regularization was used to 

prevent overfitting, and hyperparameters were fine-tuned 

through GridSearchCV. The confusion matrix revealed a 

balanced performance across all classes, with minimal false 

positives and false negatives. 

C. Logistic Regression 

 
Logistic Regression is a statistical model used for binary 

classification tasks, where it predicts the probability of an 

outcome belonging to one of two classes. It applies the 

logistic function (sigmoid) to the linear combination of input 

features to produce a value between 0 and 1, which can then 
be mapped to class labels (e.g., positive, neutral or negative). 

The sigmoid function is referred to as an activation function 

for logistic regression and is defined as  

where, 

 
− e = base of natural logarithms 

− value = numerical value one wishes to transform 

The following equation represents logistic regression: 

here  

 
− x = input value 

− y = predicted output 

− b0 = bias or intercept term 

− b1 = coefficient for input (x)This equation is 

similar to linear regression, where the input values 

are combined linearly to predict an output value 

using weights or coefficient values.  

− However, unlike linear regression, the output value 
modeled here is a binary value (0 or 1) rather than a 

numeric value. 

 
Fig. 1.2: Key Assumptions for Implementing Logistic 

Regression 

D. ROC Curve for Logistic Regression Model 
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IV. KEY IMPROVEMENTS AND THEIR IMPACT 

 
Sentiment Distribution Comparison 

The 18%accuracy increase can be attributed to several 
factors:  

− Data Volume and Diversity: Combining e-commerce and 

restaurant datasets increased the training data size and 

introduced varied linguistic patterns, enhancing model 

generalizability. 

− Class Balancing: Oversampling negative reviews 

mitigated class imbalance, allowing the model to learn 

negative sentiment patterns more effectively. 

− Feature Engineering: TF-IDF transformation provided a 

more nuanced representation of text compared to the 

BoW model, capturing term importance. 

− Algorithm Choice: Logistic Regression, which models 

linear relationships between features and outcomes, 

outperformed Gaussian Naïve Bayes, which assumes 

feature independence. 

A. Technical Comparison of Gaussian Naive Bayes and 

Logistic Regression 

 
The performance metrics provide a clear contrast between the 

two models. GNB achieved an accuracy of 70% on the 

restaurant review dataset, with no additional metrics reported 

due to its baseline nature. 

B. Classification report Difference between Naive Byes and 

Logistic Regression 

A Classification Report is a summary of key metrics used to 

evaluate the performance of a classification model. 

 
The classification reports from the research paper 

reveal key insights into Gaussian Naive Bayes (GNB) and 

Logistic Regression (LR) for sentiment analysis. LR achieves 
88% accuracy, with precision (0.89), recall (0.87), and F1-

score (0.88), excelling in identifying both positive and 

negative sentiments due to TF-IDF feature extraction and 

independence assumption. GNB, with 70% accuracy, 

struggles with lower precision (0.70), recall (0.70), and F1-

score (0.70), particularly missing positive reviews (recall 

0.66), due to its feature independence assumption and basic 

BoW features. LR’s balanced performance and robustness 

(AUC 0.92) make it more reliable for practical applications 

in e-commerce and restaurant review analysis. 

V. DISCUSSION 

The improved sentiment analysis model demonstrates 

substantial advancements, particularly in its application to 

customer feedback analysis within sectors like e-commerce 

and the hospitality industry. By integrating a broader 

dataset—including both restaurant and e-commerce 

reviews—the model benefits from increased linguistic 

diversity and context, which contributes to its enhanced 

accuracy. The use of TF-IDF for feature extraction, combined 
with the Logistic Regression algorithm, offers a more 

nuanced understanding of term importance and improves 

classification performance significantly when compared to 

the baseline Gaussian Naive Bayes model. 
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Despite these achievements, the model has certain 
limitations. One major concern is the potential for overfitting 

due to the oversampling method used to balance class 

distribution. While this improves performance on 

underrepresented classes, it may compromise generalization 

when applied to unseen data. Another key limitation is the 

model’s dependence on English-language datasets, which 

restricts its applicability in multilingual environments. As 

sentiment analysis becomes increasingly important for global 

applications, overcoming language barriers becomes 

essential. 

To address these issues, future work could explore 

advanced deep learning models such as Long Short-Term 
Memory (LSTM) networks or transformer-based 

architectures like BERT. These models are capable of 

capturing deeper semantic relationships and contextual 

dependencies, making them well-suited for more robust and 

multilingual sentiment classification tasks 

VI. CONCLUSION 

This study successfully increased sentiment analysis 
accuracy from 70% to 88% by adopting a Logistic Regression 

model, enhancing pre-processing, and leveraging advanced 

feature engineering. These improvements highlight the 

importance of data diversity, balanced classes, and robust 

algorithms in NLP tasks. Future research could integrate 

contextual embeddings and explore cross-domain 

applications to further enhance performance. 

VII. FUTURE WORK 

Future enhancements to the system could include: 

Multi-language Support: Currently, the model is limited to 

English-language datasets, which restricts its applicability in 

global and multicultural contexts. Extending the system to 

handle multiple languages would enable broader usage across 

various regions and user bases. Leveraging multilingual 

datasets and pre-trained language models like mBERT 

(Multilingual BERT) could significantly improve the model’s 

linguistic versatility and cross-lingual performance. 

Emotional Sentiment Classification: Traditional 

sentiment analysis generally classifies text into basic 
categories like positive, negative, or neutral. However, 

customer reviews often contain deeper emotional nuances. 

Future work can involve building models that detect specific 

emotions such as joy, sadness, anger, fear, or surprise. 

Emotion classification enhances the granularity of analysis. 

REFERENCES 

[1] Bird, S., Klein, E., & Loper, E. (2009). Natural 

Language Processing with Python: Analyzing Text with 
the Natural Language Toolkit. O'Reilly Media. 

[2] Manning, C. D., Raghavan, P., & Schütze, H. (2008). 

Introduction to Information Retrieval. Cambridge 

University Press. 

[3] Genkin, A., Lewis, D. D., & Madigan, D. (2007). Large-

scale Bayesian logistic regression for text categorization. 

Technometrics, 49(3), 291–304. 

[4] Liu, B. (2012). Sentiment Analysis and Opinion Mining. 

Morgan & Claypool Publishers. 

[5] Sokolova, M., & Lapalme, G. (2009). A systematic 
analysis of performance measures for classification 

tasks. Information Processing & Management, 45(4), 

427–437. 

[6] Chawla, N. V., Bowyer, K. W., Hall, L. O., & 

Kegelmeyer, W. P. (2002). SMOTE: Synthetic Minority 

Over-sampling Technique. Journal of Artificial 

Intelligence Research, 16, 321–357. 

[7] Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., 

Thirion, B., Grisel, O., ... & Duchesnay, É. (2011). 

Scikit-learn: Machine Learning in Python. Journal of 

Machine Learning Research, 12, 2825–2830. 

[8] Pang, B., & Lee, L. (2008). Opinion mining and 
sentiment analysis. Foundations and Trends in 

Information Retrieval, 2(1–2), 1–135. 

[9] Cambria, E., Schuller, B., Xia, Y., & Havasi, C. (2013). 

New avenues in opinion mining and sentiment analysis. 

IEEE Intelligent Systems, 28(2), 15–21. 

[10] Medhat, W., Hassan, A., & Korashy, H. (2014). 

Sentiment analysis algorithms and applications: A 

survey. Ain Shams Engineering Journal, 5(4), 1093–

1113. 

[11] Pak, A., & Paroubek, P. (2010). Twitter as a corpus for 

sentiment analysis and opinion mining. In Proceedings 
of the Seventh International Conference on Language 

Resources and Evaluation (LREC'10) (pp. 1320–1326). 

[12] Zhang, L., Wang, S., & Liu, B. (2018). Deep learning for 

sentiment analysis: A survey. Wiley Interdisciplinary 

Reviews: Data Mining and Knowledge Discovery, 8(4), 

e1253. 

[13] Go, A., Bhayani, R., & Huang, L. (2009). Twitter 

sentiment classification using distant supervision. 

CS224N Project Report, Stanford, 1(12), 1–6. 

[14] Sebastiani, F. (2002). Machine learning in automated 

text categorization. ACM Computing Surveys, 34(1), 1–

47. 
[15] Howard, J., & Gugger, S. (2020). Deep Learning for 

Coders with fastai and PyTorch: AI Applications 

Without a PhD. O'Reilly Media. 

[16] Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. 

(2019). BERT: Pre-training of deep bidirectional 

transformers for language understanding. In Proceedings 

of NAACL-HLT, pp. 4171–4186. 

[17] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., 

Jones, L., Gomez, A. N., ... & Polosukhin, I. (2017). 

Attention is all you need. In Advances in Neural 

Information Processing Systems (NeurIPS), pp. 5998–
6008. 

[18] Zhou, X., & Chen, L. (2015). Event detection over 

Twitter social media streams. The VLDB Journal, 24(3), 

381–400. 

[19] Liu, P., Qiu, X., & Huang, X. (2016). Recurrent neural 

network for text classification with multi-task learning. 

In Proceedings of the 25th International Joint Conference 

on Artificial Intelligence (IJCAI), pp. 2873–2879. 

[20] Mohammad, S. M., & Turney, P. D. (2013). 

Crowdsourcing a word–emotion association lexicon. 

Computational Intelligence, 29(3), 436–465. 
[21] Tang, D., Qin, B., & Liu, T. (2015). Document modeling 

with gated recurrent neural network for sentiment 



Improving Sentiment Analysis Accuracy: A Comparative Study of Machine Learning Approaches 

 (IJSRD/Vol. 13/Issue 3/2025/057) 

 

 All rights reserved by www.ijsrd.com 259 

classification. In Proceedings of EMNLP, pp. 1422–
1432. 

[22] Yang, Z., Yang, D., Dyer, C., He, X., Smola, A., & Hovy, 

E. (2016). Hierarchical attention networks for document 

classification. In Proceedings of NAACL-HLT, pp. 

1480–1489. 

[23] Zhang, Y., Jin, R., & Zhou, Z. H. (2010). Understanding 

bag-of-words model: A statistical framework. 

International Journal of Machine Learning and 

Cybernetics, 1(1-4), 43–52. 

[24] Socher, R., Perelygin, A., Wu, J., Chuang, J., Manning, 

C. D., Ng, A. Y., & Potts, C. (2013). Recursive deep 

models for semantic compositionality over a sentiment 
treebank. In Proceedings of EMNLP, pp. 1631–1642. 

[25] Ruder, S., Ghaffari, P., & Breslin, J. G. (2016). A 

hierarchical model of reviews for aspect-based sentiment 

analysis. In Proceedings of EMNLP, pp. 999–1005. 

[26] Arvind Dagur, Karan Singh, Pawan Singh Mehra, 

Dhirendra Kumar Shukla. "Intelligent Computing and 

Communication Techniques - Volume 2", CRC Press, 

2025 

[27] Rahul Dev, Yashwant Kashyap, Kirti Tewari, Piyush 

Pal. "Chapter 8 Solar Distillation and Water Heating 

Systems Integration with Photovoltaic Technology", 
Springer Science and Business Media LLC, 2024 

[28] R. N. V. Jagan Mohan, B. H. V. S. Rama Krishnam Raju, 

V. Chandra Sekhar, T. V. K. P. Prasad. "Algorithms in 

Advanced Artificial Intelligence - Proceedings of 

International Conference on Algorithms in Advanced 

Artificial Intelligence (ICAAAI-2024)", CRC Press, 

2025 

[29] Ira S. Hofer, Christine Lee, Eilon Gabel, Pierre Baldi, 

Maxime Cannesson. "Development and validation of a 

deep neural network model to predict postoperative 

mortality, acute kidney injury, and reintubation using a 

single feature set", npj Digital Medicine, 2020 


