Unit-IV
Linear Discriminant Analysis in Machine Learning:

Linear Discriminant Analysis (LDA) also known as Normal Discriminant Analysis is supervised
classification problem that helps separate two or more classes by converting higher-dimensional
data space into a lower-dimensional space. It is used to identify a linear combination of features

that best separates classes within a dataset.
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Linear Discriminant Analysis (LDA) is a supervised machine learning algorithm used for
classification and dimensionality reduction that maximizes class separability. It projects high-
dimensional data onto a lower-dimensional space by maximizing between-class variance and
minimizing within-class variance, making it effective for preprocessing in pattern recognition.

Key Assumptions of LDA
For LDA to perform effectively, certain assumptions are made:

e Gaussian Distribution: The data in each class should follow a normal bell-shaped

distribution.

e Equal Covariance Matrices: All classes should have the same covariance structure.

o Linear Separability: The data should be separable using a straight line or plane.

LDA performs two key roles:

1. Classification: It finds a linear combination of features that best separates multiple
classes.

2. Dimensionality Reduction: It reduces the number of input features while preserving the
information necessary for classification

Advantages:
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1. Simplicity: LDA is easy to implement and understand, making it suitable for beginners.

2. Interpretability: It provides clear insight into how features contribute to the classification
task.

3. Computational Efficiency: LDA is computationally less intensive, making it useful for large
datasets.

4. Works Well with Linearly Separable Data: It performs effectively when the classes are
linearly separable.

Disadvantages:

1. Sensitive to Assumptions: LDA assumes that features follow a Gaussian distribution,
which may not always hold.

2. Struggles with Non-linear Relationships: It may not perform well if the data contains
complex, non-linear relationships.

3. Affected by Class Imbalance: LDA can be biased toward the majority class if the class
distribution is imbalanced.

4. Impact of Outliers: It is sensitive to outliers, which can affect the model’s performance.
Applications :

» Face Recognition

Disease Diagnosis in Healthcare
Customer Identification in Marketing
Credit Risk Assessment in Finance
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Quality Control in Manufacturing
Campaign Optimization in Marketing
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Limitations Due to These Assumptions:
e Sensitivity to Data Distribution:
e Impact of Multicollinearity
e Limited Use with Complex Data
Common Use Cases
o Image Recognition: Extracting features for better facial recognition.
e Marketing: Predicting customer trends and segmenting customers.

o Finance: Assisting in bank loan approvals.



Perceptron Classifier

A Perceptron is the simplest form of a neural network that makes decisions by combining
inputs with weights and applying an activation function. It is mainly used for binary
classification problems. It forms the basic building block of many deep learning models.

o Takes multiple inputs and assigns weights
e Computes a weighted sum and applies a threshold
e Outputs either 0 or 1 (binary outcome)

o Forms the foundation of larger neural networks

Weighted Activation
Sum Function

Inputs

1. Inputs (x1,x2,...,xn)

These are the features or measurable attributes of a data point that the perceptron uses to make a
decision. Each input provides a signal that contributes to the final output.

o Example: For an OR gate, the inputs are binary: (x1,x2)€{0,1}2(x1,x2)€{0,1}2
o Inputs themselves have no inherent influence unless multiplied by weights.
2. Weights (w1,w2,...,wn)

Weights determine how strongly each input contributes to the prediction. A larger weight means
the corresponding input has a higher impact.

e Weights are learned during training, adjusting based on errors.
o They act like importance scores for each feature.
3. Bias (bb)
The bias is a constant value added to the weighted sum to shift the decision boundary.

o It allows the perceptron to classify correctly even when all input features are zero.



e Bias ensures the model is not forced to pass the decision boundary through the origin.
Difference Between Weights and Bias
e Weights control how much each input influences the output.
e Bias controls when the perceptron activates, independent of any input.
o Mathematically, Weights tilt the line and Bias shifts the line up/down or left/right.
4. Net Input (Weighted Sum)
This is the combined effect of all inputs and their weights:
z=) i=Inwixi+b
o Represents the activation strength before passing through the activation function.
e If zz is high or low enough, it determines the final class.
5. Activation Function (Step Function)
The activation function converts the numerical input into a binary output:
y*={1if z>00otherwise

o It introduces non-linearity in the decision-making, although the decision boundary
remains linear.

e Output is always 0 or 1 making perceptrons suitable for binary classification.
Fundamentals of Neural Network
A neural network extends the perceptron by connecting many neurons across multiple layers.
1. Input layer: The input layer provides the network with the raw feature vector:
x=(x1,x2,...,xn)

e No computation happens here.

o It simply passes the input values to the next layer.

2. Hidden layers: Hidden layers contain multiple perceptrons (neurons) that learn intermediate
representations of the data.

Hidden Layer Computation:
z(1)=W(1)x+b(1)
a(1)=o(z(1))

where:



e W(1): weight matrix for hidden layer

e b(1): bias vector

e o: non-linear activation function (ReL U, Sigmoid, Tanh, etc.)

o Hidden layers identify complex patterns not visible from raw input alone.
e Adding more hidden layers improves model expressiveness.

3. Output layer: The output layer produces the final prediction, which may be binary, multi-
class or a continuous value.

Output Layer Computation:
z(2)=W(2)a(1)+b(2)
y"=0(z(2))
Output activation depends on the task:
e Sigmoid: binary classification
e Softmax: multi-class classification
e Linear: regression
Applications

o Binary Classification: Used for simple yes/no decision problems such as spam detection
or basic quality checks.

e Logic Gate Modelling: Implements linearly separable gates like AND or NAND with
perfect accuracy.

o Pattern Recognition Basics: Helps identify simple patterns where classes can be
separated with a straight line.

o Feature Importance Insight: Weight values indicate which features influence the output
more strongly.

o Educational Tool: Commonly used to teach foundations of machine learning and neural
networks.

Advantages

o Simple Architecture: Easy to understand, implement and visualize as a basic neural
model.

e Fast Training: Lightweight computations make learning very quick even on small
devices.



Works on Linearly Separable Data: Achieves perfect performance when a straight-line
boundary exists.

Low Resource Requirement: Requires minimal memory and computation, suitable for
tiny datasets.

Foundation for Deep Learning: Forms the conceptual basis for multilayer perceptrons
and complex networks.

Limitations

No Non-Linear Learning: Fails on problems like XOR where a curved or complex
boundary is needed.

Binary Output Only: Cannot handle multi-class or probabilistic outcomes without
extensions.

No Hidden Layers: Lacks depth, making it unable to learn hierarchical or abstract
patterns.

Sensitive to Data Scale: Performance drops if features are not normalized or scaled
properly.

Not Suitable for Real-World ML: Too simplistic for modern tasks like vision, NLP or
sequence modeling.

Types of Perceptron Models

Single-Layer Perceptron Model

The single-layer Perceptron is the most basic form of the Perceptron algorithm. It consists
of only one layer of output neurons that are directly connected to input features. This
model can only handle linearly separable data, meaning it can draw a straight line to

classify data points into two categories. The mathematical formulation for the single-
layer Perceptron involves computing the weighted sum of inputs and applying an
activation function to determine the output. However, it cannot solve more complex
problems that involve non-linear data, such as the XOR problem.

Multi-Layer Perceptron (MLP):

+Multi-Layer Perceptron (MLP) is an extension of the Perceptron model, introducing
one or more hidden layers between the input and output layers. These hidden layers allow
MLPs to handle non-linear data by using more complex activation functions like

the sigmoid or ReLU (Rectified Linear Unit). The MLP employs backpropagation, a
learning algorithm that adjusts weights across all layers to minimize prediction errors.
MLPs are the foundation for modern deep learning models and are capable of solving
more complex classification and regression tasks.



Characteristics of Perceptron

Single layer perceptron Multi-layer perceptron

The Perceptron model possesses several notable characteristics:

o Simplicity: The model is easy to understand and implement, making it an excellent
starting point for learning about neural networks.

o Efficiency: It is efficient when working with linearly separable data, as it quickly

converges to a solution.

o Limitations: The Perceptron can only solve problems with linear decision boundaries,
making it unsuitable for more complex tasks.

o Applications: Perceptrons are used in various fields such as binary classification, image

recognition, and speech processing.

Important Differences Between Single Layer and Multilayer Perceptron

Single Layer

Multilayer

1 A single layer perceptron only
learns linear boundaries

A multi layer perceptron learns both
linear and non linear boundaries

simple activation functions.

2 A single layer perceptron cannot | A multilayer perceptron can solve
solve XOR. XOR ceasily.

3 A single layer perceptron has no A multilayer perceptron has one or
hidden layers. more hidden layers.

4 A single layer perceptron uses A multilayer perceptron uses non

linear functions such as ReL.U,
sigmoid, and tanh.




A single layer perceptron handles | A multilayer perceptron handles
only simple tasks. complex real world tasks.

perceptron learning algorithm in machine learning:

The perceptron learning algorithm is a foundational supervised machine learning method used
for binary classification tasks. It works by finding a linear decision boundary (a straight line or
hyperplane) that separates data points into two distinct classes

What is the Perceptron Learning Algorithm?

There are four significant steps in a perceptron learning algorithm:

1.

First, multiply all input values with corresponding weight values and then add them to
determine the weighted sum. Mathematically, we can calculate the weighted sum as
follows: > wixxi=xI*w1+x2xw2+...+wnx*xn . Add another essential term called bias 'b' to
the weighted sum to improve the model performance. ) wi*xi+b

Next, an activation function is applied to this weighed sum, producing a binary or a
continuous-valued output. Y=f(3 wi*xi+b)

Next, the difference between this output and the actual target value is computed to get the
error term, E, generally in terms of mean squared error. The steps up to this form the
forward propagation part of the algorithm. E=(Y—Yactual)"2

We optimize this error (loss function) using an optimization algorithm. Generally, some
form of gradient descent algorithm is used to find the optimal values of the
hyperparameters like learning rate, weight, Bias, etc. This step forms the backward
propagation part of the algorithm.

An overview of this algorithm is illustrated in the following Figure:
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Basic Components of Perceptron

Frank Rosenblatt invented the perceptron learning algorithm.
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1. Input Nodes or Input Layer: Primary component of Perceptron learning algorithm,
which accepts the initial input data into the model. Each input node contains an actual
value.

2. Weight and Bias: The weight parameter represents the strength of the connection
between units. Bias can be considered as the line of intercept in a linear equation.

3. Activation Function: Final and essential components help determine whether the neuron
will fire. The activation function can be primarily considered a step function. There are
various types of activation functions used in a perceptron learning algorithm. Some of
them are the sign function, step function, sigmoid function, etc.

Support Vector Machines (SVM):

Support Vector Machine (SVM) is a supervised machine learning algorithm used for
classification and regression tasks. It tries to find the best boundary known as hyperplane that
separates different classes in the data. It is useful when you want to do binary classification like
spam vs. not spam or cat vs. dog.

The main goal of SVM is to maximize the margin between the two classes. The larger the margin
the better the model performs on new and unseen data.



Support
Wectors

Key Concepts of Support Vector Machine

Hyperplane: A decision boundary separating different classes in feature space and is
represented by the equation wx + b = 0 in linear classification.

Support Vectors: The closest data points to the hyperplane, crucial for determining the
hyperplane and margin in SVM.

Margin: The distance between the hyperplane and the support vectors. SVM aims to
maximize this margin for better classification performance.

Kernel: A function that maps data to a higher-dimensional space enabling SVM to handle
non-linearly separable data.

Hard Margin: A maximum-margin hyperplane that perfectly separates the data without
misclassifications.

Soft Margin: Allows some misclassifications by introducing slack variables, balancing
margin maximization and misclassification penalties when data is not perfectly separable.

C: A regularization term balancing margin maximization and misclassification penalties.
A higher C value forces stricter penalty for misclassifications.

Hinge Loss: A loss function penalizing misclassified points or margin violations and is
combined with regularization in SVM.

Dual Problem: Involves solving for Lagrange multipliers associated with support
vectors, facilitating the kernel trick and efficient computation.

The best hyperplane also known as the "hard margin" is the one that maximizes the distance
between the hyperplane and the nearest data points from both classes

A kernel is a function that maps data points into a higher-dimensional space without explicitly
computing the coordinates in that space. This allows SVM to work efficiently with non-linear



data by implicitly performing the mapping. For example consider data points that are not linearly
separable. By applying a kernel function SVM transforms the data points into a higher-
dimensional space where they become linearly separable.

o Linear Kernel: For linear separability.
e Polynomial Kernel: Maps data into a polynomial space.

o Radial Basis Function (RBF) Kernel: Transforms data into a space based on distances
between data points.

Types of Support Vector Machine

Based on the nature of the decision boundary, Support Vector Machines (SVM) can be divided
into two main parts:

e Linear SVM: Linear SVMs use a linear decision boundary to separate the data points of
different classes. When the data can be precisely linearly separated, linear SVMs are very
suitable. This means that a single straight line (in 2D) or a hyperplane (in higher
dimensions) can entirely divide the data points into their respective classes. A hyperplane
that maximizes the margin between the classes is the decision boundary.

e Non-Linear SVM:Non-Linear SVM can be used to classify data when it cannot be
separated into two classes by a straight line (in the case of 2D). By using kernel
functions, nonlinear SVMs can handle nonlinearly separable data. The original input data
is transformed by these kernel functions into a higher-dimensional feature space where
the data points can be linearly separated.

Advantages of Support Vector Machine (SVM)

o High-Dimensional Performance: SVM excels in high-dimensional spaces, making it
suitable for image classification and gene expression analysis.

e Nonlinear Capability: Utilizing kernel functions like RBF and polynomial SVM
effectively handles nonlinear relationships.

e Outlier Resilience: The soft margin feature allows SVM to ignore outliers, enhancing
robustness in spam detection and anomaly detection.

e Binary and Multiclass Support: SVM is effective for both binary classification and
multiclass classification suitable for applications in text classification.

e Memory Efficiency: It focuses on support vectors making it memory efficient compared
to other algorithms.

Disadvantages of Support Vector Machine (SVM)


https://www.geeksforgeeks.org/machine-learning/ml-non-linear-svm/

Slow Training: SVM can be slow for large datasets, affecting performance in SVM in
data mining tasks.

Parameter Tuning Difficulty: Selecting the right kernel and adjusting parameters like C
requires careful tuning, impacting SVM algorithms.

Noise Sensitivity: SVM struggles with noisy datasets and overlapping classes, limiting
effectiveness in real-world scenarios.

Limited Interpretability: The complexity of the hyperplane in higher dimensions makes
SVM less interpretable than other models.

Feature Scaling Sensitivity: Proper feature scaling is essential, otherwise SVM models
may perform poorly

Real-World Applications

SVMs are used in:

Image Classification: Object detection and medical imaging.
Text Classification: Spam detection and sentiment analysis.
Bioinformatics: Protein classification.

Anomaly and Fraud Detection: Identifying unusual patterns

Handwriting recognition

Regression in machine learning:

Regression in machine learning is a supervised learning technique used to predict
continuous numerical values by learning relationships between input variables (features)
and an output variable (target). It helps understand how changes in one or more factors
influence a measurable outcome and is widely used in forecasting, risk analysis, decision-
making and trend estimation.

Works with real-valued output variables

Helps to identify strengths and the type of relationships

Supports both simple and complex predictive models.

Used for tasks like price prediction, trend forecasting and risk scoring.
Types of Regression Techniques

Linear Regression

Polynomial Regression

Stepwise Regression

Decision Tree Regression

Random Forest Regression

Support Vector Regression

Ridge Regression
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o Lasso Regression

o ElasticNet Regression

e Bayesian Linear Regression
e Linear Regression:

Linear regression is a type of supervised machine-learning algorithm that learns from the
labelled datasets and maps the data points with most optimized linear functions which
can be used for prediction on new datasets. It assumes that there is a linear relationship
between the input and output, meaning the output changes at a constant rate as the input
changes. This relationship is represented by a straight line.

For example we want to predict a student's exam score based on how many hours they studied.
We observe that as students study more hours, their scores go up. In the example of predicting
exam scores based on hours studied. Here

o Independent variable (input): Hours studied because it's the factor we control or
observe.

o Dependent variable (output): Exam score because it depends on hobw many hours were
studied.

We use the independent variable to predict the dependent variable.
Best Fit Line in Linear Regression

In linear regression, the best-fit line is the straight line that most accurately represents the
relationship between the independent variable (input) and the dependent variable (output). It is
the line that minimizes the difference between the actual data points and the predicted values
from the model.

1. Goal of the Best-Fit Line

The goal of linear regression is to find a straight line that minimizes the error (the difference)
between the observed data points and the predicted values. This line helps us predict the
dependent variable for new, unseen data.
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Here Y is called a dependent or target variable and X is called an independent variable
also known as the predictor of Y.

e 01 represents the intercept, which is the value of Y when X =0

e 02 represents the slope, which shows how much Y changes for a unit change in X
There are many types of functions or modules that can be used for regression. A linear
function is the simplest type of function. Here, X may be a single feature or multiple
features representing the problem.
2. Equation of the Best-Fit Line
For simple linear regression (with one independent variable), the best-fit line is
represented by the equation
y=mx+by=mx+bSum of squared errors (SSE) = y=mx+b
Where:

e yis the predicted value (dependent variable)

e x is the input (independent variable)

e m is the slope of the line (how much y changes when x changes)

e b is the intercept (the value of y when x = 0)
The best-fit line will be the one that optimizes the values of m (slope) and b (intercept) so
that the predicted y values are as close as possible to the actual data points.
Types of Linear Regression
When there is only one independent feature it is known as Simple Linear Regression
or Univariate Linear Regression and when there are more than one feature it is known as

Multiple Linear Regression or Multivariate Regression.

1. Simple Linear Regression

Simple linear regression is used when we want to predict a target value (dependent
variable) using only one input feature (independent variable). It assumes a straight-line

relationship between the two.
Formula
y"=00+01x
Where:
e y”is the predicted value
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x is the input (independent variable)

00s the intercept (value of y* when x=0)

01 is the slope or coefficient (how much y” changes with one unit of x)
Example:

Predicting a person’s salary (y) based on their years of experience (x).
2. Multiple Linear Regression

Multiple linear regression involves more than one independent variable and one
dependent variable. The equation for multiple linear regression is:
y*=00+01x1+02x2+---+0nxn

where:

y”is the predicted value

x1,x2,...,xnare the independent variables

01,02,...,0n are the coefficients (weights) corresponding to each predictor.

00is the intercept.

The goal is to find the best-fit line that predicts Y accurately for given inputs X.

Use Cases

Real Estate: Predict property prices using location, size and other factors.

Finance: Forecast stock prices using interest rates and inflation data.

Agriculture: Estimate crop yield from rainfall, temperature and soil quality.
E-commerce: Analyze how price, promotions and seasons affect sales.

Once you understand linear regression and its types, the next step is building the model in
practice.

Cost function for Linear Regression

In Linear Regression, the cost function measures how far the predicted values (Y*Y") are
from the actual values (Y). It helps identify and reduce errors to find the best-fit line. The
most common cost function used is Mean Squared Error (MSE), which calculates the
average of squared differences between actual and predicted values:

Cost function(J)=In) ni(yi"—yi)"2

Here,

yi"=01+02xi1

To minimize this cost, we use Gradient Descent, which iteratively updates 61 and 62 until
the MSE reaches its lowest value. This ensures the line fits the data as accurately as
possible.

2. Polynomial Regression

This is an extension of linear regression and is used to model a non-linear relationship
between the dependent variable and independent variables. Here as well syntax remains
the same but now in the input variables we include some polynomial or higher degree
terms of some already existing features as well. Linear regression was only able to fit a
linear model to the data at hand but with polynomial features, we can easily fit some non-
linear relationship between the target as well as input features.
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Decision Tree Regression

A Decision Tree is the most powerful and popular tool for classification and prediction.
A Decision tree is a flowchart-like tree structure, where each internal node denotes a test
on an attribute, each branch represents an outcome of the test, and each leaf node
(terminal node) holds a class label. There is a non-parametric method used to model a
decision tree to predict a continuous outcome.

Random Forest Regression

Random Forest is an ensemble technique capable of performing both regression and
classification tasks with the use of multiple decision trees and a technique called
Bootstrap and Aggregation, commonly known as bagging. The basic idea behind this is
to combine multiple decision trees in determining the final output rather than relying on
individual decision trees.

Random Forest has multiple decision trees as base learning models. We randomly
perform row sampling and feature sampling from the dataset forming sample datasets for

every model. This part is called Bootstrap.

Support Vector Regression (SVR)

Support vector regression (SVR) is a type of support vector machine (SVM) that is used
for regression tasks. It tries to find a function that best predicts the continuous output

value for a given input value.

SVR can use both linear and non-linear kernels. A linear kernel is a simple dot product
between two input vectors, while a non-linear kernel is a more complex function that can
capture more intricate patterns in the data. The choice of kernel depends on the data’s
characteristics and the task’s complexity.

Ridge Regression

Ridge regression is a technique for analyzing multiple regression data. When
multicollinearity occurs, least squares estimates are unbiased. This is a regularized linear
regression model, it tries to reduce the model complexity by adding a penalty term to the
cost function. A degree of bias is added to the regression estimates, and as a result, ridge
regression reduces the standard errors.

Lasso Regression

Lasso regression is a regression analysis method that performs both variable selection

and regularization. Lasso regression uses soft thresholding. Lasso regression selects only
a subset of the provided covariates for use in the final model.
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back propagation for training in mip:

Backpropagation, short for Backward Propagation of Errors, is a key algorithm used to
train neural networks by minimizing the difference between predicted and actual outputs.
It works by propagating errors backward through the network, using the chain rule of
calculus to compute gradients and then iteratively updating the weights and biases.
Combined with optimization techniques like gradient descent, backpropagation enables
the model to reduce loss across epochs and effectively learn complex patterns from data.
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Back Propagation plays a critical role in how neural networks improve over time. Here's
why:

Efficient Weight Update: It computes the gradient of the loss function with respect to
each weight using the chain rule making it possible to update weights efficiently.
Scalability: The Back Propagation algorithm scales well to networks with multiple layers
and complex architectures making deep learning feasible.

Automated Learning: With Back Propagation the learning process becomes automated
and the model can adjust itself to optimize its performance



Working of back Propagation Algorithm
The Back Propagation algorithm involves two main steps: the Forward Pass and the Backward
Pass.

1. Forward Pass Work

In forward pass the input data is fed into the input layer. These inputs combined with their
respective weights are passed to hidden layers. For example in a network with two hidden
layers (h1 and h2) the output from hl serves as the input to h2. Before applying an activation
function, a bias is added to the weighted inputs.

Each hidden layer computes the weighted sum (*a’) of the inputs then applies an activation
function like ReLU (Rectified Linear Unit) to obtain the output ("0). The output is passed to
the next layer where an activation function such as softmax converts the weighted outputs into
probabilities for classification.

Input Layer Hidden Layer Output Layer

. Backward Pass
In the backward pass the error (the difference between the predicted and actual output) is
propagated back through the network to adjust the weights and biases. One common
method for error calculation is the Mean Squared Error (MSE) given by:
MSE=(Predicted Output—Actual Output)2
Once the error is calculated the network adjusts weights using gradients which are
computed with the chain rule. These gradients indicate how much each weight and bias
should be adjusted to minimize the error in the next iteration

Advantages

The key benefits of using the Back Propagation algorithm are:

o Ease of Implementation: Back Propagation is beginner-friendly requiring no prior
neural network knowledge and simplifies programming by adjusting weights with error
derivatives.
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Simplicity and Flexibility: Its straightforward design suits a range of tasks from basic
feedforward to complex convolutional or recurrent networks.

Efficiency: Back Propagation accelerates learning by directly updating weights based on
error especially in deep networks.

Generalization: It helps models generalize well to new data improving prediction
accuracy on unseen examples.

Scalability: The algorithm scales efficiently with larger datasets and more complex
networks making it ideal for large-scale tasks.

Challenges
While Back Propagation is useful it does face some challenges:

Vanishing Gradient Problem: In deep networks the gradients can become very small
during Back Propagation making it difficult for the network to learn. This is common
when using activation functions like sigmoid or tanh.

Exploding Gradients: The gradients can also become excessively large causing the
network to diverge during training.

Overfitting: If the network is too complex it might memorize the training data instead of
learning general patterns.
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