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Theory —
Meaning of 'Naive' in Naive Bayes?

The term "naive" in the context of the Naive Bayes algorithm refers to a simplifying assumption made
by the algorithm. In general, "naive" means lacking in sophistication or complexity, often implying a
simplistic or straightforward approach.

In the case of Naive Bayes, the algorithm assumes that the features used for classification are
independent of each other. This assumption is considered naive because it oversimplifies the real-world
dependencies that may exist among the features. In reality, features are often correlated or dependent
on each other to some extent. However, despite this simplifying assumption, Naive Bayes can still
produce effective results in many practical scenarios.

So, "naive" in the context of Naive Bayes signifies that the algorithm makes a simplified assumption
regarding the independence of features, even though that assumption may not hold in reality.

Working of Naive Bayes Algorithm

1. Training phase: Given a labelled dataset with instances and their corresponding class labels, the
algorithm calculates the prior probabilities and conditional probabilities of the features for each class.

e Prior probabilities: P(C) represents the probability of each class C in the dataset. These
probabilities are calculated by counting the occurrences of each class and dividing by the total
number of instances.

¢ Conditional probabilities: P(X|C) represents the probability of observing feature values X given
the class C. For each feature X, the algorithm calculates the conditional probabilities P(X=x|C)
for each possible value x, again by counting occurrences and dividing by the number of
instances in class C.

2. Classification phase: When presented with a new, unlabelled instance with feature values X, the
algorithm calculates the posterior probability of each class given the feature values using Bayes'
theorem. It uses the prior probabilities and conditional probabilities calculated in the training phase.

¢ Posterior probability: P(C|X) represents the probability of class C given the feature values X. It
is calculated for each class using the formula:

(P(C) = P(X | C))
P(X)

P(C|X)=

Here, P(X) acts as a normalization factor and is the probability of observing the feature values X,
irrespective of the class. It can be calculated as the sum of (P(C) * P(X]|C)) for all classes.

Page 1 of 10
Department of Electrical Engineering, [ITR




3. Prediction: The algorithm assigns the class with the highest posterior probability as the predicted
class for the new instance.

The Naive Bayes algorithm is known for its simplicity, speed, and ability to handle high-dimensional
feature spaces efficiently. It is widely used in various applications such as text classification, spam
filtering, sentiment analysis, and recommendation systems. Despite its "naive" assumption of feature
independence, Naive Bayes often performs well in practice, especially when the assumption holds
reasonably well or when the data is large enough to compensate for the simplification.

Likelihood

Bayes' Theorem

Fig. 1 Bayesian Model

Types of Naive Bayes Models

¢ Gaussian Naive Bayes: This model assumes that the continuous features follow a Gaussian
(normal) distribution. It calculates the mean and standard deviation of each feature for each
class and uses them to estimate the probabilities.

¢ Multinomial Naive Bayes: This model is suitable for discrete features, particularly when
dealing with text classification. It assumes that features follow a multinomial distribution, such
as word frequencies in a document. It calculates the probability of each feature occurring in
each class.

¢ Bernoulli Naive Bayes: This variant of Naive Bayes is similar to Multinomial Naive Bayes
but is used when the features are binary variables (i.e., presence or absence). It assumes a
Bernoulli distribution for the features and calculates the probabilities accordingly.
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¢ Complement Naive Bayes: This model is an improvement over Multinomial Naive Bayes,
especially when dealing with imbalanced datasets. It addresses the issue of the majority class
overwhelming the probabilities of the minority class by considering the complementary
features.

e Categorical Naive Bayes: This model extends the Naive Bayes algorithm to handle categorical
features with more than two categories. It assumes a categorical distribution for the features
and estimates the probabilities based on the observed frequencies.

Z.ero Variance Problem

The "zero variance problem" for continuous data occurs when a particular continuous feature in a
dataset has no variability or variation. In other words, all data points for that specific feature have the
same value, resulting in a variance of zero.

Variance is a statistical measure that quantifies the spread or dispersion of data points around the mean
of a dataset. For continuous data, having zero variance implies that there is no difference between
individual data points and the mean. As a result, the data points lie exactly on a single point, forming a
flat line when visualized on a graph.

The zero variance problem can occur due to several reasons:

e Data collection errors: If there are errors in the data collection process, it can lead to a situation
where the recorded values for a continuous feature are all identical.

e Preprocessing issues: Incorrect data preprocessing, such as normalization or standardization,
may lead to a feature having zero variance.

e Constant features: Sometimes, certain features in a dataset may have a constant value for all
samples, which results in zero variance for those features.

The zero variance problem is problematic in certain statistical and machine learning algorithms,
particularly in those that involve division by the variance or rely on variance to identify patterns and
make predictions.

Handling the zero variance problem involves careful data inspection and preprocessing. If a feature is
found to have zero variance, it is usually best to remove that feature from the dataset as it does not
provide any useful information for the analysis or modelling task. Additionally, detecting and
addressing the root causes of the problem during data collection and preprocessing can prevent it from
occurring in the first place.
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Laplace Smoothing

Laplace smoothing, also known as add-one smoothing or additive smoothing, is a technique used to
handle the problem of zero probabilities in certain probabilistic models, such as when dealing with text
data and applying techniques like n-grams or naive Bayes classifiers.

In a simple unigram (one-word) language model, Laplace smoothing is applied to address the issue of
encountering unseen words in the training data. Without smoothing, the probability of an unseen word
would be zero, which is problematic when calculating probabilities of unseen sentences.

The formula for Laplace smoothing is as follows:

(count(feature,lass) + 1)
(count(class) + V)

P_Smoothed(feature|class) =

where,
P_smoothed(feature|class) = smoothed conditional probability of the feature given the class,
Count (feature, class) = count of occurrences of the feature with the specific class in the training
data,
count(class) = count of occurrences of the class in the training data,
V = number of unique feature values for the given feature.

Example 1: Continuous Datatype

Table 1: Observation table with target value

S.No | HEIGHT | WEIGHT | FOOT SIZE | GENDER
1 6 160 7.5 Male
2 5.7 190 9.5 Male
3 5.9 140 7 Male
4 6.2 160 8.5 Male
5 6 150 7.5 Male
6 5.8 180 9 Female
7 6.4 200 10 Female
8 6.1 170 8 Female
9 6.3 175 8 Female

10 5.8 185 9 Female
1 6.2 170 8.5 ¥
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11™ row is the NEW INSTANCE (testing data)
Step 1: Find prior probability

Total Count = 10, Count (GENDER = MALE) =5, Count (GENDER = FEMALE) =5

Count(MALE)
Count -

P(MALE) = 0.5

Count(FEMALE)
Count -

P(FEMALE) = 0.5

Step 2: Find likelihood probability

Now, we calculate likelihood possibilities for each attribute with respect to target values, for this we use
the formula: -

—(x—p)?

P(X|C) = 1 e 20?2
l —Znoz

where,

u = mean of the distribution,

o2 = variance of the distribution,

e = approximately equal to 2.72,

7 = approximately equal to 3.14,

x = {HEIGHT: 6.2, WEIGHT: 170, FOOT SIZE: 8.5}

Table 2: Mean and variance of each attribute with respect to target values

FEATURE GENDER | MEAN | VARIANCE
MALE 5.96 0.03
HEIGHT
FEMALE 6.08 0.08
MALE 160.00 350.00
WEIGHT
FEMALE 182.00 132.50
MALE 8.00 1.00
FOOT SIZE
FEMALE 8.80 0.70
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Calculated values are: -

P (HEIGHT | MALE) = 0.88160369735690

P (HEIGHT | FEMALE) = 1.28932968937746

P (WEIGHT | MALE) = 0.01848863649836

P (WEIGHT | FEMALE) = 0.02012654072703

P (FOOT SIZE | MALE) = 0.35212678792171

P (FOOT SIZE | FEMALE) = 0.21330731243345

Step 3: Find posterior probability

To calculate POSTERIOR PROBABILITY of each target value with respect to the NEW
INSTANCE, we use the following formula:

P (MALE | NEW INSTANCE) = P(MALE) * P (HEIGHT | MALE) * P (WEIGHT | MALE) * P
(FOOT SIZE | MALE)

P (FEMALE | NEW INSTANCE) = P(FEMALE) * P (HEIGHT | FEMALE) * P (WEIGHT]
FEMALE) * P (FOOT SIZE | FEMALE)

Calculated values are:

P (MALE | NEW INSTANCE) = 0.00286977175150
P (FEMALE | NEW INSTANCE) = 0.00276763534253

In the final step to determine the target value of the new instance, we compare the POSTERIOR
PROBABILITIES. The target value corresponding to the greater POSTERIOR
PROBABILITY will be selected as the outcome.

As, P(MALE|NEW INSTANCE) > P (FEMALE|NEW INSTANCE)

Therefore, the prediction is that a person with height 6.2 ft, weight 170 Ibs, and feet size 8.5in will
be MALE.

Example 2: Categorical Datatype

Table 3: Observation table with target value

S.No | COLOR | TYPE | ORIGIN | STOLEN
1 Brown SUV Domestic | Yes
2 Brown MUV | Domestic | Yes
3 Brown MUV | Imported | Yes
4 Black MUV | Imported | Yes
5 Brown SUvV Domestic | No
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6 Black MUV | Domestic | No
7 Black SUV Domestic | No
8 Brown SUV Imported | No
9 Black SUV Imported | No
10 Black MUV | Domestic | No
11 Black SUV Imported | ?

11" row is the NEW INSTANCE (testing data)
Step 1: Find prior probability
Total Count = 10, Count (Stolen = Yes) = 4, Count (Stolen = No) =6

Now, we can calculate the probabilities:

Count(Stolen =Yes) _ 4
Total Count 10

=04

P (Stolen = Yes) =

Count(Stolen=No) _ 6

P (StOIen = NO) - Total Count 10

=0.6

Step 2: Find likelihood probability

Count(Color = Black, Stolen = Yes) = 2, Count(Color = Black, Stolen = No) =2
Count(Color = Brown, Stolen = Yes) = 2, Count(Color = Brown, Stolen = No) =4
Count(Type = MUYV, Stolen = Yes) = 3, Count(Type = MUY, Stolen = No) =1
Count(Type = SUV, Stolen = Yes) = 1, Count(Type = SUV, Stolen = No) =5
Count(Origin = Imported, Stolen = Yes) = 2, Count(Origin = Imported, Stolen = No) =2
Count(Origin = Domestic, Stolen = Yes) = 2, Count(Origin = Domestic, Stolen = No) =4

Now, we can calculate the probabilities:

Count(Color = Black,Stolen = Yes) _ 2

P (Color = Black | Stolen = Yes) = Count(Stolen = Yes) 2

=05

P (Type —SUV | Stolen = Yes) = Count(Type = SUV,Stolen = Yes) _ i — 025

Count(Stolen = Yes)
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Count(Origin = Imported,Stolen = Yes) _ 2

P (Origin = Imported | Stolen = Yes) = Count(Stolen = Yes) i 0.5
P (Color = Black | Stolen = No) = C°““t(nglftfs‘:j‘::it;f)“ —22=2-0333

P (Type = SUV | Stolen = No) = C“““tgfl‘l’ft;fo‘l’;’r'lsj’;eo‘; = =2=0833

P (Origin = Imported | Stolen = No) = C0unt(oricgiﬂr;gg:;:idﬁzlen —No) _ % = 0.333

Step 3: Find posterior probability

P (Yes | Black, SUV, Imported) = P (Black | Yes) * P (SUV | Yes) * P (Imported | Yes) * P(Yes) = 0.5
*0.25 *0.5 *0.4 =0.025

P (No | Black, SUYV, Imported) = P (Black | No) * P (SUV | No) * P (Imported | No) * P(No) =0.333
*(0.833 *0.333 * 0.6 =0.0554

As, P (No | Black, SUV, Imported) > P (Yes | Black, SUV, Imported)

Therefore, the prediction is that car with COLOR: Black, ORIGIN: Imported, and TYPE: SUV will be
Stolen = NO.
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Advantages of Naive Bayes

e Simplicity and Efficiency: Naive Bayes is a simple and easy-to-understand algorithm. It is
computationally efficient, requiring a small amount of training time and memory compared to
more complex models. This makes it particularly useful for large datasets and real-time
applications.

e Scalability: Naive Bayes performs well even with a large number of predictors and high-
dimensional feature spaces. It handles the "curse of dimensionality" problem relatively well,
which can be challenging for other algorithms.

¢ Quick Training: The training process in Naive Bayes involves estimating the probabilities of
the different classes and conditional probabilities of features independently. This makes the
training process fast and less prone to overfitting.

e Effective with Small Training Sets: Naive Bayes can work well even with limited training
data. It can make reasonably accurate predictions even when the training set is small, making
it useful in situations where data availability is a constraint.

e Handles Irrelevant Features: Naive Bayes assumes feature independence, meaning it treats
each feature as unrelated to others. While this assumption may not hold in all cases, Naive
Bayes can still perform well even when the independence assumption is violated. It can handle
irrelevant features without significantly impacting the accuracy of predictions.

e Interpretability: Naive Bayes provides interpretable results by generating probabilities for
each class. These probabilities represent the confidence or likelihood of a particular class given
the input features. This interpretability can be valuable for decision-making and understanding
the model's predictions.

¢ Robustness to Irrelevant Inputs: Naive Bayes is relatively robust to irrelevant features or
noisy data. It can still provide reasonable predictions even if some input features are irrelevant
or contain missing values. This makes it a robust and flexible algorithm for real-world
applications.

Disadvantages of Naive Bayes

e Strong Independence Assumption: Naive Bayes assumes that all features are conditionally
independent given the class label. This assumption may not hold in many real-world scenarios,
where features are often correlated. As a result, Naive Bayes may fail to capture complex
relationships between features, leading to suboptimal performance.

e Lackof Feature Interaction: Due to the independence assumption, Naive Bayes cannot model
interactions or dependencies between features. It treats each feature as unrelated, which may
limit its ability to capture important interactions that exist in the data.

¢ Sensitivity to Input Data: Naive Bayes relies heavily on the input data distribution. If the
training data is not representative of the real-world data or contains biased samples, the model's
predictions can be inaccurate. It is sensitive to the quality and representativeness of the training
data.
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o Inability to Handle Missing Data: Naive Bayes assumes that all features are present and
informative for every instance. If the data contains missing values, it can cause problems for
Naive Bayes, as it cannot handle missing data directly. Missing values need to be handled or
imputed before applying Naive Bayes.

e Continuous Variable Assumption: Naive Bayes assumes that all features are continuous or
follow a specific distribution (e.g., Gaussian distribution). If the data contains categorical
variables or features with complex distributions, the assumptions of Naive Bayes may be
violated, leading to inaccurate predictions.

e Limited Expressiveness: Naive Bayes is a simple and relatively less expressive model
compared to more complex algorithms such as neural networks or decision trees. It may
struggle to capture intricate patterns and relationships in the data, particularly in cases where
the decision boundary is complex.

¢ Class Imbalance: Naive Bayes can be sensitive to class imbalance in the dataset. If one class
has significantly fewer instances than the others, Naive Bayes may struggle to accurately
predict the minority class, as it assumes equal importance for all classes.

Applications

e Text Classification: Naive Bayes is widely used for sentiment analysis, spam filtering,
document categorization, and topic classification. It can efficiently classify text documents
based on the presence or absence of certain words or features.

e Email Filtering: Naive Bayes has been applied to filter spam emails by classifying incoming
messages as spam or non-spam based on features such as the subject, sender, and content of the
email.

e Medical Diagnosis: Naive Bayes can be used for medical diagnosis by analysing patient
symptoms and determining the probability of certain diseases or conditions. It has been applied
in areas such as disease prediction, risk assessment, and decision support systems.

¢ Recommendation Systems: Naive Bayes algorithms can be utilized in recommendation
systems to predict user preferences or interests based on their historical data or behaviour. It
can be employed in personalized product recommendations, movie or music recommendations,
and content filtering.

e Fraud Detection: Naive Bayes can be effective in fraud detection applications, such as credit
card fraud or insurance claim fraud. By analysing historical transaction data and identifying
patterns or anomalies, Naive Bayes can help identify suspicious activities.

¢ Image Classification: Naive Bayes has been used in image classification tasks, where it
assigns labels to images based on their visual features. While more complex deep learning
models often outperform Naive Bayes in this area, it can still be useful for certain applications
with limited training data.

¢ Customer Segmentation: Naive Bayes can be applied to segment customers based on their
characteristics, preferences, or behaviours. It can assist businesses in targeted marketing,
customer profiling, and improving customer satisfaction.
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