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ML | Linear Discriminant Analysis

◼ It is a supervised learning algorithm used for classification tasks in 
machine learning. It is a technique used to find a linear combination 
of features that best separates the classes in a dataset.

◼ LDA works by projecting the data onto a lower-dimensional space 
that maximizes the separation between the classes. It does this by 
finding a set of linear discriminants that maximize the ratio of 
between-class variance to within-class variance. In other words, it 
finds the directions in the feature space that best separates the 
different classes of data.

◼ LDA assumes that the data has a Gaussian distribution and that the 
covariance matrices of the different classes are equal. It also assumes 
that the data is linearly separable, meaning that a linear decision 
boundary can accurately classify the different classes.



LDA has several advantages, including:

◼ It is a simple and computationally efficient algorithm.
It can work well even when the number of features is much larger 
than the number of training samples.
It can handle multicollinearity (correlation between features) in the 
data.

However, LDA also has some limitations, including:

◼ It assumes that the data has a Gaussian distribution, which may not 
always be the case.
It assumes that the covariance matrices of the different classes are 
equal, which may not be true in some datasets.
It assumes that the data is linearly separable, which may not be the 
case for some datasets.
It may not perform well in high-dimensional feature spaces.



Difference between Linear Discriminant 
Analysis and PCA

• PCA is an unsupervised algorithm that does not care
about classes and labels and only aims to find the
principal components to maximize the variance in the
given dataset. At the same time, LDA is a supervised
algorithm that aims to find the linear discriminants to
represent the axes that maximize separation between
different classes of data.

• LDA is much more suitable for multi-class classification
tasks compared to PCA. However, PCA is assumed to be
an as good performer for a comparatively small sample
size.

• Both LDA and PCA are used as dimensionality reduction
techniques, where PCA is first followed by LDA



Goal

Assumptions

Multivariate Normal Distribution 

• variables are distributed normally within the 
classes/groups.

Similar Group Covariances

• Correlations between and the variances within 
each group should be similar.

To classify observations into 2 or more groups based on k 
discriminant functions 

(Dependent variable Y is categorical with k classes.)



Dependent Variable

If there are only 2 classes, the discriminant 
analysis procedure will give the same result 

as the multiple regression procedure.

Must be categorical with 2 or more classes 
(groups).



Independent Variables

Continuous or categorical 
independent variables

If categorical, they are 
converted into binary 
(dummy) variables as in 
multiple linear regression



Example 1





Step 4: Final Step









This is the LDA projection direction, i.e., the vector onto which the data should be projected for 
maximum class separability.





Final Projected Dataset



Example 2



Step 1: Calculate Scatter Matrix



Calculate Mean Correct





Now, Between Class Scatter



Step 2: Calculate SB



Step 3: Find Best LDA Projection 









Question

Sub 1 Sub2 Status

7 9 Qualified

6 8 Qualified

2 4 Fail

3 1 Fail



Customer ID Age Income (USD) Class

1 30 40 A

2 22 25 B

3 45 80 A

4 52 65 A

5 18 18 B

6 38 50 B

7 60 10 A

Question
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