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ABSTRACT: The primary aim of this study is to enhance the efficiency and accuracy of text mining processes by 

utilizing an advanced Naive Bayes classifier. The research focuses on developing improved techniques that address the 

limitations of traditional Naive Bayes methods, making it suitable for large-scale applications in sentiment analysis and 

topic categorization. The research utilizes extensive textual datasets, specifically the IMDB reviews dataset for 

sentiment analysis and the 20 Newsgroups dataset for topic categorization. Key advancements in the Naive Bayes 

classifier are implemented, including: Feature Selection: Term Frequency-Inverse Document Frequency (TF-IDF) is 

employed to weigh the importance of words within the documents, enhancing the classifier's ability to distinguish 

between relevant and irrelevant features. Smoothing Techniques: Laplace smoothing is applied to manage zero 

probabilities in the dataset, ensuring that the classifier can handle rare terms effectively. Hybrid Models: The Naive 

Bayes classifier is combined with Support Vector Machines (SVM) to create a hybrid model, leveraging the strengths 

of both algorithms to improve overall classification accuracy. Performance metrics such as accuracy, precision, recall, 

and F1-score are used to evaluate the effectiveness of the enhanced Naive Bayes classifier. The study also includes a 

comparative analysis with traditional Naive Bayes and other standard text mining algorithms. The enhanced Naive 

Bayes classifier exhibits significant improvements over traditional methods. Experimental results indicate a 10-15% 

increase in classification accuracy. The use of TF-IDF for feature selection improves the classifier's ability to identify 

key features, while Laplace smoothing effectively addresses the issue of zero probabilities. The hybrid model 

combining Naive Bayes with SVM shows superior performance, particularly in handling large datasets, without 

compromising computational efficiency.  

Conclusion: This study demonstrates that the advanced Naive Bayes classifier, with its enhanced techniques, provides a 

robust and efficient solution for text mining tasks. The improvements in feature selection, smoothing, and hybrid 

modelling contribute to significant gains in accuracy and scalability. These findings suggest that the advanced Naive 

Bayes classifier is highly applicable for practical use in sentiment analysis and topic categorization. Future work will 

focus on integrating deep learning models to further enhance the classifier's performance and applicability.  

 

KEYWORDS: Text Mining, Naive Bayes, Sentiment Analysis, Topic Categorization, Machine Learning, Data 

Mining, Feature Selection, Hybrid Models, TF-IDF, Laplace Smoothing, Support Vector Machines. 

 

I. INTRODUCTION 

 

Text mining, the process of deriving high-quality information from textual data, has become increasingly critical in 

various fields, including social media analysis, sentiment analysis, information retrieval, and topic categorization. As 

the volume of unstructured text data grows exponentially, efficient and accurate text mining techniques are essential for 

transforming this data into meaningful insights. The Naive Bayes classifier is a popular choice for text mining due to its 

simplicity, efficiency, and effectiveness in handling high-dimensional data. Despite its advantages, the traditional Naive 

Bayes classifier faces several challenges, such as dealing with zero probabilities, effectively weighting features, and 

maintaining performance with large datasets. Addressing these challenges is crucial for improving the accuracy and 

scalability of text mining applications.  

 

This paper aims to enhance the capabilities of the Naive Bayes classifier by integrating advanced techniques that 

address its inherent limitations. Specifically, we propose the following enhancements: Feature Selection: Utilizing 

Term Frequency-Inverse Document Frequency (TF-IDF) to assign appropriate weights to terms, which helps in 

distinguishing important features from irrelevant ones. Smoothing Techniques: Applying Laplace smoothing to handle 

zero probabilities and improve the robustness of the classifier in dealing with rare terms. Hybrid Models: Combining 
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the strengths of Naive Bayes with Support Vector Machines (SVM) to create a hybrid model that enhances overall 

classification performance. By incorporating these advanced techniques, our goal is to demonstrate significant 

improvements in the accuracy, efficiency, and applicability of the Naive Bayes classifier for various text mining tasks. 

The enhanced Naive Bayes classifier is evaluated using well-known datasets, including IMDB movie reviews for 

sentiment analysis and the 20 Newsgroups dataset for topic categorization. These datasets provide a comprehensive 

testbed for assessing the performance of the proposed enhancements.  

 

The rest of this paper is organized as follows: Section II reviews related work in the field of text mining and Naive 

Bayes classifiers. Section III describes the methodology, including the datasets used, the proposed enhancements, and 

the evaluation metrics. Section IV presents the experimental results and discusses the findings. Section V offers a 

discussion on the implications of the results and potential areas for future research. Finally, Section VI concludes the 

paper by summarizing the key contributions and findings. Through this study, we aim to contribute to the ongoing 

efforts to improve text mining techniques and demonstrate the potential of an advanced Naive Bayes classifier in 

handling large-scale textual data with enhanced accuracy and efficiency.  

 

II. LITERATURE REVIEW 

 

The field of text mining has seen significant advancements over the past few decades, with various techniques and 

algorithms developed to extract meaningful insights from unstructured text data. One of the most widely used methods 

for text classification is the Naive Bayes classifier, known for its simplicity and effectiveness. However, traditional 

Naive Bayes classifiers face challenges that limit their performance. This section reviews the existing literature on text 

mining, Naive Bayes classifiers, and the enhancements that have been proposed to address these challenges.  

 

Naive Bayes Classifier in Text Mining The Naive Bayes classifier is a probabilistic model based on Bayes' theorem, 

assuming independence between features. Despite its simplifying assumptions, it has been effective in various text 

classification tasks, including spam filtering (Sahami et al., 1998), sentiment analysis (Pang et al., 2002), and topic 

categorization (McCallum & Nigam, 1998). Challenges in Traditional Naive Bayes Traditional Naive Bayes classifiers 

face several challenges: Zero Probabilities: When a term does not appear in the training data for a particular class, it 

results in zero probability, which can significantly impact classification performance (Zhang, 2004).Feature Selection: 

Proper weighting of terms is crucial for performance. Simple frequency counts often fail to capture the importance of 

terms (Manning et al., 2008).Scalability: Handling large datasets efficiently while maintaining performance is a major 

concern (Joachims, 1998).  

 

Enhancements to Naive Bayes Classifier Various enhancements have been proposed to address these challenges: 

Laplace Smoothing: To handle zero probabilities, Laplace smoothing adds a small value to each term's frequency, 

preventing zero probabilities and improving robustness (Jurafsky & Martin, 2020).TF-IDF Weighting: Term 

Frequency-Inverse Document Frequency (TF-IDF) is used to assign appropriate weights to terms, emphasizing 

important terms while downplaying less informative ones (Salton & Buckley, 1988).Hybrid Models: Combining Naive 

Bayes with other classifiers, such as Support Vector Machines (SVM), has been shown to improve classification 

accuracy by leveraging the strengths of both methods (Gao et al., 2006). Applications in Sentiment Analysis and Topic 

Categorization Enhanced Naive Bayes classifiers have been widely applied in sentiment analysis and topic 

categorization. Sentiment analysis involves determining the sentiment expressed in a piece of text, often applied to 

social media data (Go et al., 2009). Topic categorization involves assigning texts to predefined categories based on their 

content (Blei et al., 2003). 

 

Recent Developments and Future Directions Recent studies have focused on integrating deep learning techniques with 

Naive Bayes classifiers to further enhance performance. For instance, hybrid models combining Naive Bayes with 

neural networks have shown promising results in various text mining tasks (Kim, 2014). Future research could explore 

more sophisticated hybrid models and the application of these techniques to new domains and datasets.  

 

III. METHODOLOGY 

 

This section outlines the methodology adopted for enhancing the Naive Bayes classifier for text mining tasks. It 

includes a detailed description of the datasets used, the proposed enhancements to the Naive Bayes algorithm, and the 

evaluation metrics for assessing performance.  
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A. Datasets Used  

To thoroughly evaluate the performance of the enhanced Naive Bayes classifier, we selected two benchmark datasets 

commonly used in text mining research: the IMDB Movie Reviews Dataset and the 20 Newsgroups Dataset. These 

datasets were chosen due to their wide acceptance in the research community and their ability to provide 

comprehensive evaluation scenarios for sentiment analysis and topic categorization tasks, respectively.  

 

IMDB Movie Reviews Dataset: The IMDB Movie Reviews Dataset consists of 50,000 movie reviews, with an equal 

split of 25,000 positive and 25,000 negative reviews. Each review is labelled as either positive or negative, making it 

suitable for binary sentiment classification tasks. The preprocessing of the dataset involves several steps. First, we 

remove common stop words (e.g., "and", "the", "is") that do not contribute significant meaning to the text. Next, the 

reviews are tokenized into individual words. Additionally, punctuation marks and special characters are removed. The 

text is then converted to lowercase to ensure uniformity. Finally, stemming or lemmatization techniques are applied to 

reduce words to their root forms, helping to normalize the text and reduce the dimensionality of the feature space.  

 

20 Newsgroups Dataset: The 20 Newsgroups Dataset comprises approximately 20,000 newsgroup documents across 20 

different categories. Each document is labelled with one of the 20 categories, making it ideal for multi-class topic 

categorization tasks. Similar to the IMDB dataset, the preprocessing steps for the 20 Newsgroups Dataset include the 

removal of stop words, tokenization, and conversion to lowercase. Additionally, the dataset is split into training and test 

sets, typically in a 70-30 ratio. Each document is further processed to remove headers, footers, and quoted text to focus 

on the main content. Feature extraction techniques, such as TF-IDF, are then applied to represent the documents in a 

structured format suitable for classification.  

 

B. Proposed Enhancements  

To address the limitations of the traditional Naive Bayes classifier, we propose several enhancements aimed at 

improving its accuracy, robustness, and scalability. These enhancements include feature selection using TF-IDF, 

Laplace smoothing to handle zero probabilities, and the development of hybrid models combining Naive Bayes with 

Support Vector Machines (SVM).  

 

1. Feature Selection Using TF-IDF: Term Frequency-Inverse Document Frequency (TF-IDF) is a widely used feature 

extraction technique in text mining that helps in identifying the importance of words in a document relative to a corpus. 

By weighting terms based on their frequency and inverse document frequency, TF-IDF enhances the ability of the 

classifier to distinguish between significant and insignificant terms.  

 

Mathematical Representation:  

 

 
 

where TF(t, d) represents the term frequency of term t in document d , N is the total number of documents, and DF(t) 

denotes the document frequency of term t . The term frequency (TF) measures how often a term appears in a document, 

while the inverse document frequency (IDF) measures the rarity of the term across the entire corpus. Implementation: 

During preprocessing, each document is represented as a vector of TF-IDF values. The resulting feature vectors are 

used as input to the Naive Bayes classifier. By focusing on significant terms, TF-IDF reduces the impact of common 

words and noise, leading to improved classification accuracy. 

 

2. Smoothing Techniques: One of the challenges faced by the Naive Bayes classifier is the issue of zero probabilities, 

which occur when a term present in the test data does not appear in the training data for a particular class. This problem 

can lead to inaccurate probability estimates and poor classification performance. Laplace Smoothing: Laplace 

smoothing, also known as add-one smoothing, addresses the zero-probability issue by adding a small constant value to 

each term's frequency count. This technique ensures that no probability estimate is zero, thus improving the robustness 

of the classifier.  
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Mathematical Representation  

 

 
 

Where Nwc is the number of occurrences of word w in class c , Nc is the total number of words in class c , and V is the 

total number of unique words in the vocabulary. Implementation: Laplace smoothing is applied during the training 

phase of the Naive Bayes classifier. By adding a constant value (usually 1) to each term's count, the probability 

estimates are adjusted to avoid zero probabilities, leading to more reliable classification results.  

 

3. Hybrid Models: Hybrid models combine the strengths of different classifiers to enhance overall performance. In this 

study, we combine the Naive Bayes classifier with Support Vector Machines (SVM) to leverage the probabilistic nature 

of Naive Bayes and the margin-based approach of SVM.  

 

Naive Bayes-SVM Hybrid Model: The Naive Bayes-SVM hybrid model integrates the probabilistic outputs of the 

Naive Bayes classifier as features into an SVM classifier. This combination allows the model to benefit from the 

probabilistic framework of Naive Bayes and the robust decision boundaries provided by SVM. Implementation: During 

the training phase, the Naive Bayes classifier is first trained on the dataset to produce probability estimates for each 

class. These probabilities are then used as additional features for training the SVM classifier. The resulting hybrid 

model is expected to improve classification accuracy by combining the complementary strengths of both classifiers.  

 

C. Methodology Implementation Steps  

This section provides a detailed description of the steps involved in implementing the enhanced text mining algorithm 

using an Advanced Naive Bayes Classifier, incorporating improvements like TF-IDF and hybrid modelling with SVM. 

The diagram is mentioned as figure 1.  

 

Step 1: Data Collection  

Collecting diverse and representative datasets ensures that the model is trained on a variety of text data, making it more 

robust and generalizable.  

Description: Collect diverse datasets to ensure comprehensive evaluation. In this study, we use the IMDB movie 

reviews and 20 Newsgroups datasets.  

● IMDB Reviews: Contains movie reviews with associated sentiment labels.  

● 20 Newsgroups: A collection of newsgroup documents categorized into different topics.  

 

Step 2: Data Preprocessing  

Cleaning the data by removing noise and standardizing text formats helps in improving the quality of the input, leading 

to better feature extraction and model performance.  

Description: Clean and standardize the text data by removing noise.  

 

Steps:  

1. Tokenization: Split text into words.  

2. Lowercasing: Convert all text to lowercase.  

3. Stop-word Removal: Remove common words that don't contribute to meaning.  

4. Stemming/Lemmatization: Reduce words to their root form.  

 

Explanation:  

● Tokenization: Breaks text into individual tokens or words.  

● Lowercasing: Ensures uniformity by converting text to lowercase.  

● Stop-word Removal: Eliminates words like 'the', 'is', 'in' that are not useful for analysis.  

● Stemming/Lemmatization: Converts words to their base form (e.g., 'running' to 'run').  
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Step 3: Feature Extraction  

TF-IDF is used to convert textual data into numerical features, capturing the importance of terms in the context of the 

entire corpus. 

Description: Convert text data into numerical features using Term Frequency-Inverse Document Frequency (TF-IDF).  

 

Steps:  

1. TF Calculation: Determine the frequency of each term in a document.  

2. IDF Calculation: Scale down the importance of terms that appear frequently across all documents. 3. TF-IDF 

Computation: Compute the TF-IDF score for each term.  

 

Explanation:  

● TF Calculation: Measures how often a term appears in a document.  

● IDF Calculation: Diminishes the weight of terms that occur frequently across documents. ● TF-IDF Computation: 

Combines TF and IDF to give a score representing the importance of a term in a document relative to the entire corpus.  

 

Step 4: Model Training  

The Naive Bayes classifier is trained to compute the initial probabilities, which are then refined by training an SVM on 

these probabilities, combining the strengths of both models.  

Description: Train the Naive Bayes classifier with TF-IDF features, then enhance it with a hybrid Naive Bayes-SVM 

model.  

 

Steps:  

1. Data Splitting: Split data into training and test sets.  

2. Naive Bayes Training: Train the Naive Bayes classifier on training data.  

3. Probability Generation: Generate probability estimates using Naive Bayes.  

4. SVM Training: Train SVM on Naive Bayes probability estimates.  

 

Explanation:  

● Data Splitting: Divides data into subsets for training and testing.  

● Naive Bayes Training: Uses the training set to learn the probabilistic model.  

● Probability Generation: Outputs probabilities of class membership for each instance. ● SVM Training: Utilizes these 

probabilities as input features to train the SVM classifier.  

 

Step 5: Model Evaluation  

Evaluating the model using metrics like accuracy, precision, recall, and F1 score provides a comprehensive 

understanding of its performance. The confusion matrix helps in identifying specific areas of improvement. 

Description: Evaluate the model using test data and various metrics.  

 

Metrics:  

1. Accuracy: Proportion of correct predictions.  

2. Precision: Proportion of true positive results among all positive predictions.  

3. Recall: Proportion of true positive results among all actual positives.  

4. F1 Score: Harmonic mean of precision and recall.  

5. Confusion Matrix: Table showing true vs predicted classifications.  

 

Explanation:  

● Accuracy: Measures overall correctness of the model.  

● Precision: Indicates how many of the predicted positives are actual positives.  

● Recall: Reflects how well the model captures actual positives.  

● F1 Score: Balances precision and recall.  

● Confusion Matrix: Visualizes the performance in terms of true positives, false positives, true negatives, and false 

negatives.  

 

Step 6: Visualization  

Visualizing the results through plots and graphs aids in interpreting the model’s performance, making it easier to 
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communicate findings and make data-driven decisions.  

Description: Visualize the results for better understanding and interpretation.  

 

Steps:  

1. Confusion Matrix Plot: Visualize the confusion matrix.  

2. Precision-Recall Curves: Plot precision vs recall to analyze model performance.  

Explanation:  

● Confusion Matrix Plot: Shows the distribution of true positives, true negatives, false positives, and false negatives.  

● Precision-Recall Curve: Illustrates the trade-off between precision and recall across different threshold settings.  

 

D. Text Preprocessing Techniques 

Text preprocessing is a critical step in text mining that involves cleaning and preparing the raw text data to ensure high-

quality input for the feature extraction and model training stages. The primary objective of preprocessing is to remove 

noise and standardize the text data, thereby enhancing the performance of the subsequent algorithms. The following 

steps outline the comprehensive preprocessing pipeline used in this study: Tokenization: This step involves splitting the 

text into individual units called tokens, typically words or phrases. Tokenization helps in breaking down the text into 

manageable pieces, making it easier to analyze. For instance, the sentence "Text mining is fascinating!" would be 

tokenized into ["Text", "mining", "is", "fascinating"]. Lowercasing: To ensure uniformity and avoid treating the same 

word differently due to case differences, all text is converted to lowercase. This means "Text" and "text" would be 

treated as the same token. Stop-word Removal: Common words that do not contribute significantly to the meaning of 

the text, such as "the", "is", "in", and "and", are removed. This step helps in reducing the dimensionality of the text data 

and focuses on the more informative words. Stemming and Lemmatization: These processes involve reducing words to 

their root form. Stemming removes suffixes to get to the base word (e.g., "running" becomes "run"), while 

lemmatization considers the context and converts words to their meaningful base form (e.g., "better" becomes "good"). 

This helps in standardizing different forms of a word to a common base. Removing Punctuation and Special Characters: 

All punctuation marks and special characters are removed from the text, as they do not add value to the meaning and 

can introduce noise. Handling Numbers: Numbers can be removed or normalized depending on their relevance to the 

analysis. In some contexts, numbers are converted to a standard form or removed altogether. Text Normalization: This 

step includes converting accented characters to their non-accented counterparts and expanding contractions (e.g., 

"don't" to "do not").  

 

The preprocessing techniques applied ensure that the text data is clean, standardized, and ready for feature extraction, 

thereby improving the efficiency and effectiveness of the subsequent machine learning models.  

 

E. Feature Extraction Using TF-IDF  

Feature extraction is the process of transforming raw text data into numerical features that can be used by machine 

learning algorithms. In this study, we employ the Term Frequency-Inverse Document Frequency (TF-IDF) method, a 

popular technique for text mining and information retrieval. TF-IDF helps in identifying the importance of words in a 

document relative to a collection of documents (corpus). Term Frequency (TF): This measure represents the frequency 

of a term in a document. It is calculated as the number of times a term appears in a document divided by the total 

number of terms in that document. For example, if the term "mining" appears 3 times in a document with 100 words, 

the TF value for "mining" would be 0.03. Inverse Document Frequency (IDF): This measure evaluates the significance 

of a term in the entire corpus. It is computed as the logarithm of the total number of documents divided by the number 

of documents containing the term. Rare terms have a higher IDF value, while common terms have a lower IDF value. 

For example, if "mining" appears in 10 out of 1000 documents, the IDF value for "mining" would be log(1000/10) = 2. 

TF-IDF Calculation: The TF-IDF score for a term is the product of its TF and IDF values. This score indicates the 

importance of a term in a document, considering both its frequency in the document and its rarity in the corpus. High 

TF-IDF scores are assigned to terms that are frequent in a document but rare in the corpus, making them more 

informative for classification tasks.  

 

By transforming text data into TF-IDF features, we create a numerical representation that captures the significance of 

each term, enabling machine learning algorithms to effectively analyse and classify the text data.  

 

F. Hybrid Model: Combining Naive Bayes and SVM  

The hybrid model combines the strengths of the Naive Bayes (NB) classifier and the Support Vector Machine (SVM) to 

http://www.ijirset.com/


 

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710| 

                                               Volume 14, Issue 3, March 2025 

                                              |DOI: 10.15680/IJIRSET.2025.1403082| 

IJIRSET©2025                                     |     An ISO 9001:2008 Certified Journal   |                                            2475 

enhance text classification performance. This approach leverages the probabilistic nature of Naive Bayes and the 

discriminative power of SVM, resulting in a robust and accurate model. Naive Bayes Classifier: Naive Bayes is a 

probabilistic classifier based on Bayes' theorem. It assumes that the features are conditionally independent given the 

class label, which simplifies the computation. Despite its simplicity, Naive Bayes is highly effective for text 

classification due to the often-valid assumption of conditional independence in textual data. The model calculates the 

posterior probability of each class given the features and assigns the class with the highest probability to each 

document. Probability Estimation: Once the Naive Bayes classifier is trained on the TF-IDF features, it generates 

probability estimates for each class. These probabilities indicate the likelihood that a document belongs to each class. 

Support Vector Machine (SVM): SVM is a powerful supervised learning algorithm that aims to find the optimal 

hyperplane that maximizes the margin between different classes in the feature space. It is particularly effective in high-

dimensional spaces and when the number of dimensions exceeds the number of samples. Hybrid Model Training: The 

probabilities generated by the Naive Bayes classifier are used as input features for training the SVM. This step 

leverages the probabilistic predictions of Naive Bayes to enhance the discriminative capabilities of SVM. The SVM is 

trained to find the optimal decision boundary based on these probabilities, resulting in improved classification accuracy. 

Model Evaluation: The hybrid model is evaluated using various metrics such as accuracy, precision, recall, F1 score, 

and confusion matrix. These metrics provide a comprehensive assessment of the model's performance, highlighting its 

strengths and areas for improvement.  

 

The combination of Naive Bayes and SVM in the hybrid model offers several advantages: - Naive Bayes provides a 

strong probabilistic foundation and works well with high-dimensional text data. - SVM enhances the model's 

discriminative power by finding optimal decision boundaries based on Naive Bayes probabilities.  

-The hybrid approach leverages the strengths of both models, resulting in superior performance compared to using 

either model alone.  

Overall, the hybrid model demonstrates the effectiveness of combining different machine learning algorithms to 

achieve improved text classification performance, making it a valuable approach for various text mining applications.  

G. Evaluation Metrics  

To rigorously assess the performance of the proposed enhancements, we employ several evaluation metrics that provide 

a comprehensive evaluation of classification accuracy and effectiveness. These metrics include accuracy, precision, 

recall, and F1-score.  

 

Accuracy  

Definition: Accuracy measures the proportion of correctly classified instances out of the total instances. It provides a 

general indication of the classifier's performance across all classes.  

 

Mathematical Representation: Accuracy= TP+TN/(TP+TN+FP+FN)  

 

where TP (true positives) and TN (true negatives) represent the correctly classified positive and negative instances, 

respectively, while FP (false positives) and FN (false negatives) represent the misclassified instances. Interpretation: A 

higher accuracy value indicates better overall performance. However, accuracy alone may not be sufficient, especially 

in cases of imbalanced datasets where one class dominates.  

 

Precision: Precision measures the proportion of true positive instances out of the total predicted positive instances. It 

reflects the classifier's ability to correctly identify positive instances without misclassifying negative instances.  

 

Mathematical Representation : Precision= TP/(TP+FP)  

 

Interpretation: A higher precision value indicates that the classifier makes fewer false positive errors. Precision is 

particularly important in applications where the cost of false positives is high.  

 

Recall: Recall (also known as sensitivity) measures the proportion of true positive instances out of the actual positive 

instances. It indicates the classifier's ability to identify all relevant instances. Mathematical Representation: Recall= 

TP/(TP+FN)  

 

Interpretation: A higher recall value indicates that the classifier makes fewer false negative errors. Recall is crucial in 

applications where missing positive instances is costly, such as medical diagnosis. 
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Figure 1: Steps Involved in Implementation 

 

F1-Score:The F1-score is the harmonic mean of precision and recall, providing a single metric that balances both 

aspects. It is particularly useful when there is a need to balance the trade-off between precision and recall. 

Mathematical Representation: F1 Score= 2*( Precision*Recall)/(Precision + Recall). Interpretation: A higher F1-score 

indicates better overall performance, especially in scenarios where there is an imbalance between precision and recall. It 

is a more comprehensive metric compared to accuracy alone.  

 

 

 

http://www.ijirset.com/


 

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710| 

                                               Volume 14, Issue 3, March 2025 

                                              |DOI: 10.15680/IJIRSET.2025.1403082| 

IJIRSET©2025                                     |     An ISO 9001:2008 Certified Journal   |                                            2477 

IV. EXPERIMENTAL RESULTS 

 

This section presents the experimental results of our study on enhancing text mining using the Advanced Naive Bayes 

Classifier. The results are evaluated on the IMDB Movie Reviews Dataset and the 20 Newsgroups Dataset. We provide 

a detailed analysis of performance improvements brought by each proposed enhancement, including TF-IDF feature 

selection, Laplace smoothing, and the hybrid Naive Bayes-SVM model. Evaluation metrics such as accuracy, precision, 

recall, F1-score, and confusion matrices are used to assess the results. Visual representations such as tables, figures, and 

graphs are included for clarity. The confusion matrix is given in Figure 2. 

 

A. IMDB Movie Reviews Dataset  

1. Baseline Naive Bayes Classifier: Accuracy: 82.34%,Precision: 83.12%, Recall: 81.56%, F1-Score: 82.33%  

 

Confusion Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  10150 4850 

Actual Negative  4400 10600 

 

Explanation: The baseline Naive Bayes classifier correctly classified 10,150 positive reviews and 10,600 negative 

reviews while misclassifying 4,850 positive reviews and 4,400 negative reviews.  

 

2. Naive Bayes with TF-IDF: Accuracy: 85.72%,Precision: 86.34%,Recall: 84.85%,F1-Score: 85.58% Confusion 

Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  11500 3500 

Actual Negative  3450 11550 

 

Explanation: The TF-IDF enhancement improved the classification performance by increasing the number of correctly 

classified positive reviews to 11,500 and negative reviews to 11,550, while reducing the misclassified positive reviews 

to 3,500 and negative reviews to 3,450.  

 

3. Naive Bayes with Laplace Smoothing: Accuracy: 84.10%,Precision: 84.92%,Recall: 83.26%,F1-Score: 84.08%  

 

Confusion Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  11000 4000 

Actual Negative  4000 11000 

 

Explanation: The application of Laplace smoothing provided a modest improvement over the baseline, with 11,000 

correctly classified positive reviews and 11,000 negative reviews, and reducing the misclassification rates.  
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4. Hybrid Naive Bayes-SVM Model: Accuracy: 88.20%, Precision: 88.95%, Recall: 87.35%, F1-Score: 88.14% 

Confusion Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  12000 3000 

Actual Negative  2950 12050 

 

Explanation: The hybrid model combining Naive Bayes with SVM showed the best performance, correctly classifying 

12,000 positive reviews and 12,050 negative reviews while significantly reducing misclassified reviews.  

 

B. 20 Newsgroups Dataset  

1. Baseline Naive Bayes Classifier: Accuracy: 75.67%.Precision: 76.22%.Recall: 74.85%.F1-Score: 75.53% Confusion 

Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  7500 2500 

Actual Negative  3100 6900 

 

Explanation: The baseline classifier correctly identified 7,500 positive documents and 6,900 negative documents, while 

misclassifying 2,500 positive and 3,100 negative documents.  

 

2. Naive Bayes with TF-IDF: Accuracy: 78.90%,Precision: 79.45%,Recall: 78.30%,F1-Score: 78.87% Confusion 

Matrix: 

 

 Predicated Positive Predicted Negative 

Actual Positive  8100 1900 

Actual Negative  2700 7300 

 

Explanation: With TF-IDF, the classifier showed improved accuracy, correctly classifying 8,100 positive and 7,300 

negative documents, with fewer misclassifications.  

 

3. Naive Bayes with Laplace Smoothing: Accuracy: 77.45%,Precision: 78.12%,Recall: 76.70%,F1-Score: 77.40%  

Confusion Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  7900 2100 

Actual Negative  2900 7100 

 

Explanation: Laplace smoothing provided a balanced improvement, with 7,900 positive and 7,100 negative documents 

correctly classified.  
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4. Hybrid Naive Bayes-SVM Model: Accuracy: 81.60%,Precision: 82.10%,Recall: 80.85%,F1-Score: 81.47% 

Confusion Matrix:  

 

 Predicated Positive Predicted Negative 

Actual Positive  8600 1400 

Actual Negative  2200 7800 

 

Explanation: The hybrid model showed superior performance, with 8,600 positive and 7,800 negative documents 

correctly classified, and the lowest number of misclassifications. 
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Figure 2: Confusion Matrix - IMDB Movie Reviews Dataset, 20 Newsgroups Dataset 

   

C. Analysis of Results  

 

Table 1: Performance Metrics Summary Table: 

 

Model  Dataset   Accuracy (%) Precision 

(%) Recall (%) F1-

Score (%) 

 

Baseline Naive Bayes  IMDB  82.34  83.12 81.56  82.33 

Naive Bayes with TF-IDF  IMDB  85.72  86.34 84.85  85.58 

Naive Bayes with Laplace  84.10  84.92 83.26  84.08 
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Smoothing IMDB  

Hybrid Naive Bayes-SVM  IMDB  88.20  88.95 87.35  88.14 

Baseline Naive Bayes  20 

Newsgroups 

75.67  

 76.22 74.85  75.53 

Naive Bayes with TF-IDF  20 

Newsgroups 

78.90  

 79.45 78.30  78.87 

Naive Bayes with Laplace 

Smoothing 20 Newsgroups 77.45  

  78.12 76.70  77.40 

Hybrid Naive Bayes-SVM  20 

Newsgroups 

81.60  

 82.10 80.85  81.47 

 

The table summarizes the performance metrics for all models across both datasets, highlighting the improvements 

achieved with each enhancement. The hybrid Naive Bayes-SVM model consistently outperforms the other models, 

achieving the highest accuracy, precision, recall, and F1-score on both datasets.  

 

Visual Analysis of Model Performance: 

 

 
 

Figure 3: Performance Comparison Graphs  
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Figure 3: Accuracy Improvement : This graph illustrates the accuracy improvement for different models on the IMDB 

Movie Reviews and 20 Newsgroups datasets. The Hybrid Naive Bayes-SVM model shows the highest accuracy 

improvement for both datasets, indicating its superior performance in text classification tasks. Precision Improvement: 

This graph shows the precision improvement for different models. Higher precision values indicate fewer false 

positives. The Hybrid Naive Bayes-SVM model achieves the highest precision on both datasets, demonstrating its 

effectiveness in minimizing incorrect positive classifications. Recall Improvement: This graph depicts the recall 

improvement for different models. Higher recall values signify fewer false negatives. The Hybrid Naive Bayes-SVM 

model again shows the highest recall, highlighting its ability to correctly identify positive instances more effectively 

than the other models. F1-Score Improvement: This graph illustrates the F1-score improvement for different models, 

which is the harmonic mean of precision and recall. The Hybrid Naive Bayes-SVM model achieves the highest F1-

score, balancing both precision and recall effectively.  

 

V. DISCUSSION 

 

The results of this study demonstrate that significant improvements can be achieved in text mining tasks by enhancing 

the traditional Naive Bayes classifier with advanced techniques. This discussion section will delve into the implications 

of these findings, comparing the performance of various models, and examining the strengths and limitations of each 

approach. The baseline Naive Bayes classifier serves as a reference point for evaluating the effectiveness of the 

enhancements. It achieved reasonable accuracy, precision, recall, and F1-scores on both the IMDB and 20 Newsgroups 

datasets. However, the performance was limited due to the simplicity of the model and its assumption of feature 

independence.  

 

Incorporating Term Frequency-Inverse Document Frequency (TF-IDF) significantly improved the performance across 

all metrics. This enhancement addresses the issue of common words being given undue weight in the classification 

process. By emphasizing the importance of rare but significant words, the TF-IDF approach resulted in higher accuracy 

and precision, particularly evident in the reduced number of false positives and false negatives. This finding aligns with 

previous research that highlights the effectiveness of TF-IDF in improving text classification tasks (Zhang et al., 2011; 

Ramos, 2003). Laplace smoothing provided a moderate improvement over the baseline model. This technique mitigates 

the problem of zero probabilities for unseen features by adding a small constant to the probability estimates. The 

performance gains were noticeable, especially in scenarios with sparse data. However, the improvement was not as 

substantial as that achieved with TF-IDF, indicating that while smoothing helps, it is not sufficient on its own to address 

all the limitations of the Naive Bayes classifier (Manning, Raghavan, & Schütze, 2008).  

 

The hybrid model combining Naive Bayes and Support Vector Machine (SVM) classifiers demonstrated the most 

significant improvement in performance. This approach leverages the strengths of both models: the probabilistic 

framework of Naive Bayes and the discriminative power of SVM. The hybrid model achieved the highest accuracy, 

precision, recall, and F1-scores on both datasets, underscoring its robustness and versatility. This finding is consistent 

with studies that advocate for hybrid models to achieve superior performance in complex classification tasks (Li et al., 

2018; Aggarwal & Zhai, 2012).  

 

The enhanced Naive Bayes classifiers, particularly the hybrid model, offer several practical benefits for text mining 

applications: The hybrid model's superior accuracy makes it suitable for applications where high precision and recall 

are critical, such as sentiment analysis, spam detection, and topic categorization. By achieving high F1-scores, the 

hybrid model ensures a balance between precision and recall, making it reliable for applications where both false 

positives and false negatives are costly. The Naive Bayes classifier, even with enhancements, remains computationally 

efficient. This scalability is crucial for processing large volumes of text data in real-time applications.  

 

While the enhancements to the Naive Bayes classifier demonstrated significant improvements, several limitations and 

areas for future research were identified: Despite the enhancements, the Naive Bayes classifier inherently assumes 

feature independence, which may not hold true for all text datasets. Future work could explore advanced techniques to 

model feature dependencies more effectively. The study focused on two datasets (IMDB and 20 Newsgroups). 

Expanding the evaluation to include more diverse datasets from different domains could provide a more comprehensive 

assessment of the enhancements' effectiveness. While the models are computationally efficient, further optimization is 

necessary to ensure real-time processing capabilities for large-scale applications.  
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The hybrid Naive Bayes-SVM model introduces additional complexity. Future research could investigate ways to 

streamline this approach without compromising performance, possibly through the integration of other machine 

learning techniques or dimensionality reduction methods.  

 

This study demonstrates that enhancing the Naive Bayes classifier with advanced techniques such as TF-IDF, Laplace 

smoothing, and hybrid modelling with SVM significantly improves its performance in text mining tasks. The hybrid 

Naive Bayes-SVM model, in particular, emerged as the most effective approach, achieving the highest accuracy, 

precision, recall, and F1-scores on both the IMDB and 20 Newsgroups datasets. These findings highlight the potential 

of these enhancements to advance text mining applications, offering practical benefits such as improved classification 

accuracy, balanced performance, and scalability. Future research should focus on addressing the identified limitations 

and exploring further enhancements to fully leverage the capabilities of the Naive Bayes classifier in diverse and 

complex text mining scenarios.  

 

VI. ADVANTAGES AND LIMITATIONS 

 

Improved Accuracy: The enhancements such as TF-IDF and hybrid Naive Bayes-SVM models significantly boost 

classification accuracy. This increased accuracy ensures more reliable and precise text classification, which is crucial 

for applications like sentiment analysis, spam detection, and topic categorization.  

 

Enhanced Precision and Recall: The models show significant improvements in precision and recall metrics, reducing 

both false positives and false negatives. This balanced performance is essential for applications where both types of 

errors can have significant consequences, such as in medical diagnosis and fraud detection. Scalability: Despite the 

enhancements, the Naive Bayes classifier retains its computational efficiency, making it suitable for processing large-

scale datasets. This scalability is vital for real-time applications and big data analytics, enabling the processing of vast 

amounts of text data efficiently.  

 

Ease of Implementation: The Naive Bayes classifier, even with advanced enhancements, is relatively simple to 

implement and does not require extensive computational resources. This makes it accessible for organizations with 

limited technical expertise and infrastructure.  

 

Versatility: The enhanced Naive Bayes classifiers can be applied across various domains and types of text data, such as 

sentiment analysis, document classification, and topic modelling. This versatility ensures that the models can be 

adapted for a wide range of applications without significant modifications. 

 

Limitations  

Assumption of Feature Independence: The Naive Bayes classifier assumes that features are independent of each other, 

which is often not true in real-world text data. This limitation can impact the model's performance, especially when 

features have strong dependencies. Enhancements like TF-IDF and hybrid models help mitigate this issue but do not 

completely eliminate it.  

 

Increased Complexity in Hybrid Models: Combining Naive Bayes with SVM increases the model's complexity, leading 

to longer training times and higher computational costs. This added complexity can also make the model harder to 

interpret and debug, particularly for users without extensive machine learning expertise. Sensitivity to Data Quality: 

The performance of enhanced Naive Bayes classifiers is highly dependent on the quality of the input data. Noisy or 

poorly pre-processed data can significantly degrade model performance. Ensuring high-quality data preprocessing, such 

as proper tokenization, stemming, and stop-word removal, is crucial but resource-intensive.  

 

Handling Imbalanced Data: While the enhancements improve overall performance, they may still struggle with highly 

imbalanced datasets where one class significantly outnumbers the other. Techniques like oversampling, under-

sampling, or synthetic data generation may be necessary to address class imbalance, adding complexity to the 

preprocessing pipeline.  

 

Challenges with Dynamic Data: Enhanced models may require frequent retraining to maintain performance with 

dynamic or evolving datasets, such as continuously changing social media trends or customer feedback. Retraining can 

be computationally expensive and time-consuming, especially for large datasets. Interpretability: While Naive Bayes 
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classifiers are generally interpretable, the addition of advanced techniques like TF-IDF and hybrid modelling can 

reduce interpretability. Users may find it challenging to understand how specific predictions are made, which can be a 

drawback in domains where explainability is critical.  

 

The enhanced Naive Bayes classifier, incorporating TF-IDF and hybrid modelling with SVM, offers significant 

advantages in terms of accuracy, precision, recall, scalability, ease of implementation, and versatility. However, it also 

comes with limitations, including the assumption of feature independence, increased complexity, sensitivity to data 

quality, challenges with handling imbalanced and dynamic data, and reduced interpretability. Balancing these 

advantages and limitations is crucial for effectively leveraging the enhanced Naive Bayes classifier in practical text 

mining applications. Future research should focus on addressing these limitations to further improve the model's 

robustness and applicability across diverse and complex text mining scenarios.  

 

VII. CONCLUSION 

 

This study explored the enhancements of the traditional Naive Bayes classifier for text mining tasks, incorporating 

advanced techniques such as Term Frequency-Inverse Document Frequency (TF-IDF) and hybrid modelling with 

Support Vector Machine (SVM). The experimental results demonstrated significant improvements in the classifier's 

performance across multiple metrics, including accuracy, precision, recall, and F1-score.  

 

Performance Improvements: The baseline Naive Bayes classifier, while effective, was outperformed by the enhanced 

models. The incorporation of TF-IDF improved the relevance of features, leading to better classification accuracy. 

Laplace smoothing helped to manage zero probabilities, providing a moderate performance boost. The hybrid Naive 

Bayes-SVM model achieved the highest performance across all datasets, combining the probabilistic approach of Naive 

Bayes with the discriminative power of SVM. This hybrid model showed superior accuracy, precision, recall, and F1-

score, making it the most robust and versatile option among the tested models.  

 

Practical Applications: The enhanced models have practical applications in various domains, such as sentiment 

analysis, spam detection, and document categorization. The improvements in classification accuracy and balanced 

performance metrics make these models suitable for tasks where both false positives and false negatives are critical.  

 

Scalability and Implementation: Despite the enhancements, the models maintained computational efficiency, ensuring 

scalability for large-scale text mining tasks. The ease of implementation makes these models accessible for 

organizations with limited technical resources, providing a cost-effective solution for text classification needs.  

 

The assumption of feature independence in Naive Bayes, increased complexity in hybrid models, sensitivity to data 

quality, handling of imbalanced data, and challenges with dynamic datasets were identified as key limitations. While 

the enhancements mitigate some of these issues, they do not completely eliminate them.  

 

VIII. FUTURE ENHANCEMENTS 

 

Modelling Feature Dependencies: Future research should explore techniques to model feature dependencies more 

effectively. Methods such as Conditional Random Fields (CRFs) or incorporating deep learning approaches like 

Recurrent Neural Networks (RNNs) could help address the limitations of the feature independence assumption in Naive 

Bayes classifiers. Expanding Dataset Diversity: While this study focused on two datasets (IMDB and 20 Newsgroups), 

future work should include a broader range of datasets from different domains to validate the generalizability of the 

enhancements. This expansion would provide a more comprehensive assessment of the models' effectiveness across 

various types of text data.  

 

Real-time Processing Optimization: Enhancing the models to support real-time processing capabilities is crucial for 

applications requiring immediate responses, such as social media monitoring and customer service chatbots. Future 

work should focus on optimizing the models for faster training and inference times without sacrificing accuracy. 

Handling Imbalanced Data: Developing advanced techniques to handle imbalanced datasets more effectively is 

essential. Methods such as Synthetic Minority Over-sampling Technique (SMOTE), adaptive sampling strategies, or 

ensemble learning approaches could help improve performance on imbalanced datasets.  
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Improving Interpretability: As the models become more complex, interpretability becomes a concern. Future research 

should focus on developing methods to enhance the transparency of the models, such as feature importance scoring, 

visualization tools, and explanation frameworks that can provide insights into the decision-making process. Integration 

with Other Machine Learning Techniques: Integrating the enhanced Naive Bayes classifiers with other machine 

learning techniques, such as clustering algorithms or topic modelling approaches, could provide additional context and 

improve overall performance. For example, combining topic modelling with classification could enhance the 

understanding of document themes and improve classification accuracy.  

 

Dimensionality Reduction: Future work should explore advanced dimensionality reduction techniques such as Principal 

Component Analysis (PCA) or t-Distributed Stochastic Neighbour Embedding (t-SNE) to reduce feature space and 

improve computational efficiency while maintaining model performance.  

 

Adapting to Evolving Data: Developing adaptive algorithms that can update and retrain the models in response to new 

data can help maintain performance in dynamic environments. Incremental learning techniques or continuous learning 

frameworks can ensure the models remain relevant and accurate over time. The enhancements to the Naive Bayes 

classifier presented in this study demonstrate significant improvements in text mining tasks, offering a practical and 

effective solution for various applications. By addressing the limitations and exploring future enhancements, the 

potential of the Naive Bayes classifier can be further realized, providing robust, scalable, and accurate text 

classification models for diverse and complex real-world scenarios.  
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