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Naive Bayes Classifier 

Naive Bayes is one of the most popular and simple machine learning classification algorithms. 

It is based on, a statistical principle that describes the probability of an event based on prior 

knowledge of conditions related to that event. The algorithm is called "Naive" because it 

assumes that all features are independent of each other, which is a strong and often unrealistic 

assumption. Despite this simplification, Naive Bayes performs remarkably well in many real-

world applications. 

Naive Bayes is widely used for text classification, spam filtering, sentiment analysis, document 

categorization, medical diagnosis, and recommendation systems. It is easy to implement, 

computationally efficient, and works well even with large datasets. 

Bayes' Theorem 

The foundation of the Naive Bayes classifier is Bayes' Theorem. 

Formula 

[P(A|B)=\frac{P(B|A)\times P(A)}{P(B)}] 

Where: 

 (P(A|B)) = Posterior Probability 

 (P(B|A)) = Likelihood Probability 

 (P(A)) = Prior Probability 

 (P(B)) = Evidence Probability 

Explanation 

Bayes' theorem calculates the probability of an event occurring based on prior information 

about related events. 

For example, if we want to determine whether an email is spam, Bayes' theorem helps calculate 

the probability that the email belongs to the spam category based on the words present in the 

email. 
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What is Naive Bayes? 

Naive Bayes is a supervised machine learning algorithm used primarily for classification tasks. 

It predicts the class of a data point by calculating the probability that the data belongs to each 

class and selecting the class with the highest probability. 

The classifier assumes that the features are conditionally independent given the class label. 

For a dataset with features: 

[X=(x_1,x_2,x_3,...,x_n)] 

The probability of class (C) is calculated as: 

[P(C|X)=\frac{P(X|C)P(C)}{P(X)}] 

Using the independence assumption: 

[P(X|C)=P(x_1|C)P(x_2|C)P(x_3|C)...P(x_n|C)] 

Thus, 

[P(C|X)=P(C)\prod_{i=1}^{n}P(x_i|C)] 

The class with the highest probability is selected as the predicted class. 

 

Working of Naive Bayes Classifier 

The working process involves the following steps: 

Step 1: Collect Training Data 

The dataset contains input features and corresponding class labels. 

Step 2: Calculate Prior Probabilities 

Prior probability represents the probability of each class occurring in the dataset. 

[P(Class)=\frac{\text{Number of instances in class}}{\text{Total instances}}] 

Step 3: Calculate Likelihood Probabilities 

Likelihood measures the probability of a feature occurring within a particular class. 
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[P(Feature|Class)] 

Step 4: Apply Bayes' Theorem 

Calculate posterior probabilities for each class. 

Step 5: Select Maximum Probability 

The class with the highest posterior probability becomes the predicted output. 

Example of Naive Bayes Classification 

Consider a simple example of email classification. 

Email Contains "Offer" Class 

Yes Spam 

Yes Spam 

No Not Spam 

Yes Spam 

No Not Spam 

Suppose a new email contains the word "Offer". 

Calculate: 

[P(Spam)=\frac{3}{5}] 

[P(NotSpam)=\frac{2}{5}] 

[P(Offer|Spam)=\frac{3}{3}=1] 

[P(Offer|NotSpam)=\frac{0}{2}=0] 

Using Bayes' theorem, the probability of Spam is greater than Not Spam. 

Therefore, the email is classified as Spam. 
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Types of Naive Bayes Classifiers 

1. Gaussian Naive Bayes 

Gaussian Naive Bayes is used when the features are continuous numerical values. 

It assumes that the feature values follow a normal (Gaussian) distribution. 

Applications 

 Medical diagnosis 

 Weather forecasting 

 Financial analysis 

2. Multinomial Naive Bayes 

Multinomial Naive Bayes is commonly used for text classification problems. 

It works with discrete count data such as word frequencies. 

Applications 

 Spam detection 

 Document classification 

 News categorization 

3. Bernoulli Naive Bayes 

Bernoulli Naive Bayes works with binary features. 

The feature values can only be 0 or 1. 

Applications 

 Presence or absence of words 

 Binary classification tasks 

Advantages of Naive Bayes 

1. Simple and Easy to Implement 

The algorithm is straightforward and requires minimal training. 
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2. Fast Training and Prediction 

Naive Bayes can handle large datasets efficiently. 

3. Works Well with High-Dimensional Data 

It performs effectively when there are many input features. 

4. Requires Less Training Data 

Good results can be achieved even with limited training data. 

5. Effective for Text Classification 

It is widely used in natural language processing applications. 

Disadvantages of Naive Bayes 

1. Independence Assumption 

The assumption that all features are independent is often unrealistic. 

2. Zero Probability Problem 

If a feature does not appear in the training dataset, its probability becomes zero. 

This issue is solved using Laplace Smoothing. 

3. Lower Accuracy for Complex Relationships 

When features are highly dependent on one another, performance may decrease. 

4. Probability Estimates May Be Inaccurate 

Although classification accuracy is often good, probability estimates may not always be 

reliable. 

Applications of Naive Bayes 

Email Spam Filtering 

Classifies emails as spam or non-spam. 

Sentiment Analysis 

Determines whether reviews are positive, negative, or neutral. 
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Text Classification 

Categorizes documents into predefined groups. 

Medical Diagnosis 

Predicts diseases based on symptoms. 

Recommendation Systems 

Suggests products or services to users. 

News Categorization 

Classifies news articles into categories such as sports, politics, and entertainment. 

Comparison with Other Algorithms 

Feature Naive Bayes Decision Tree Logistic Regression 

Speed Very Fast Moderate Fast 

Complexity Low Medium Medium 

Training Time Low Medium Medium 

Text Classification Excellent Good Good 

Large Datasets Excellent Good Good 

 

 


