2. Linear Discriminant Analysis (LDA)
3. Autoencoders

4, Feature Selection

When to Use Dimensionality Reduction

1. High-Dimensional Data: When the dataset has many features that may lead
to overfitting or slow processing.

2. Correlated Features: When several features are highly correlated, making
some of them redundant.

3. Visualization: When you need to visualize high-dimensional data for better
insight.

4. Improving Model Performance: Reducing irrelevant features often leads to
better model performance and reduces overfitting.

Challenges in Dimensionality Reduction

1. Potential Information Loss: Reducing dimensions may result in losing
important data if too many features are removed.

2. Interpretability: New features created through techniques like PCA are often
difficult to interpret compared to the original features.

3. Choosing the Right Method: Selecting the best dimensionality reduction
technique depends on the data and the specific task.

Row Vector and Column Vector

In linear algebra and machine learning, vectors are arrays of numbers arranged in a
specific order, either in a single row or a single column. They are used to represent
points in space, features in machine learning models, and much more.

1. Row Vector: A row vector is a matrix that has only one row and
multiple columns. It can be represented as a 1xn matrix, where n is
the number of elements.

® Arow vector is a 1-dimensional array of numbers arranged in a single row.



e Notation: If vis a row vector, it is represented as:
v=[vl,v2,...,vn]
where n is the number of elements in the vector.

e Example: v=[3,5,7] is a row vector with 3 elements.

e Applications: Row vectors are often used in machine learning as a single data
sample or feature set in a dataset, especially when dealing with matrix
operations.

2. Column Vector: A column vector is a matrix that has only one
column and multiple rows, represented as an mx1 matrix, where m is
the number of elements.

e A column vector is a 1-dimensional array of numbers arranged in a single
column.
e Notation: If wis a column vector, it is represented as:
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where m is the number of elements in the vector.
e Example:
2
w— |4
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is a column vector with 3 elements.

o Applications: Column vectors are used frequently in mathematical operations,
especially in matrix-vector multiplication, where they can represent features
or coefficients.



Key Differences

Feature Row Vector Column Vector
Orientation Horizontal (single row) Vertical (single column)
iy
. . g
Motation Example V= U, ..., v, W —
ty,,
Commeoen Use Feature sets in rows Vector operations with matrices

Representing a Dataset

In data science and machine learning, a dataset is typically represented as a table or
matrix structure where rows and columns hold specific types of information:

1. Rows (Observations or Samples): Each row represents a single instance or
observation. For example, each row could correspond to a single person,
product, or transaction in the dataset.

2. Columns (Features or Variables): Each column represents a particular feature
or attribute describing the instances, like age, salary, or product category.

1. Tabular Representation

Consider a dataset of customer information with the following features: Customer ID,
Age, Income, and Purchase Amount.

CustomerID Age Income Purchase
Amount

1 25 45000 200

2 30 52000 150

3 22 48000 300

Here:

e Each row represents one customer.



