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Dear Learner,

It gives me immense pleasure and a deep sense of pride to warmly welcome you to Sreenaraya-
naguru Open University—a vibrant and progressive institution committed to transforming lives 
through inclusive, flexible, and high-quality education.

Established in September 2020 as a forward-looking initiative of the Government of Kerala, the 
University stands as a beacon of opportunity for learners seeking to advance their academic and 
professional aspirations through the open and distance learning mode. Guided by our founda-
tional principle that “access and quality define equity,” we are steadfast in our mission to democ-
ratize education while upholding uncompromising academic standards.

Our university is inspired by the timeless vision and philosophy of Sree Narayana Guru, whose 
ideals of knowledge, equality, and social transformation continue to guide our academic journey. 
His enduring legacy instils in us the responsibility to create an educational environment that em-
powers individuals, nurtures critical thinking, and contributes meaningfully to society.

Understanding the dynamic needs of contemporary learners, we have adopted a robust and 
learner-centric blended learning model, seamlessly integrating Self-Learning Materials, Academic 
Counselling, and Advanced Digital Learning Platforms. This holistic approach ensures flexibility 
without sacrificing academic depth, enabling you to learn at your own pace while remaining 
meaningfully connected to a vibrant academic ecosystem.

The Master of Computer Applications (MCA) programme you are embarking upon is carefully 
designed to position you at the forefront of the digital revolution. It uniquely blends strong 
theoretical foundations with practical, industry-oriented competencies. The curriculum empha-
sizes algorithmic thinking, system design, programming, database management, networking, and 
emerging technologies such as artificial intelligence, data science, and cloud computing.
What sets this programme apart is its forward-thinking design, which offers:

	♦ Opportunities for skill enhancement aligned with industry needs
	♦ Multidisciplinary learning pathways for broader intellectual development
	♦ Exposure to innovative and emerging technology domains
	♦ Multiple specialization options tailored to evolving career landscapes
	♦ A strong focus on employability, entrepreneurship, and global career readiness
	♦

Our Self-Learning Materials are meticulously developed by experts, enriched with contemporary 
case studies, real-world applications, and practical insights to ensure clarity, engagement, and rel-
evance. We are committed to equipping you not just with knowledge, but with the confidence 
and competence to excel in a competitive global environment.

At Sreenarayanaguru Open University, you are never alone in your learning journey. Our dedi-
cated learner support system is designed to provide continuous academic guidance, timely assis-
tance, and effective grievance redressal. We encourage you to actively engage with us, share your 
concerns, and make the most of the resources and support available to you.

As you begin this important phase of your academic journey, I urge you to embrace learning 
with curiosity, discipline, and determination. The world of technology is ever-evolving, and your 
willingness to adapt, innovate, and grow will define your success.

Remember, this is not just a programme—it is a pathway to transforming your future.
I wish you a fulfilling learning experience and a successful, inspiring career ahead.

Warm regards,

Prof. (Dr.) Jagathy Raj V. P.
Vice Chancellor
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Introduction

Introduction
The Machine Learning Lab supports the Machine Learning course through a sequence 
of practical experiments covering data preprocessing, supervised learning, model 
evaluation, and unsupervised learning techniques using Python. The laboratory provides 
learners with hands-on experience in preparing datasets, implementing machine learning 
algorithms, training models, evaluating their performance, and interpreting the results 
obtained from experiments.

Machine learning models depend significantly on the quality and preparation of the data 
provided to them. Therefore, the laboratory begins with fundamental data preprocessing 
techniques such as handling missing values, encoding categorical variables, and feature 
normalization. Learners then implement supervised learning algorithms such as Linear 
Regression, Logistic Regression, Decision Tree, Random Forest, and K-Nearest 
Neighbors. The laboratory also introduces important model evaluation measures such 
as accuracy, confusion matrix, precision, recall, and F1-score.

The laboratory consists of two cycles.

Cycle I – Supervised Learning and Data Preparation introduces the fundamental 
concepts required for developing machine learning models. The experiments begin 
with data preprocessing, followed by Linear Regression and Logistic Regression. The 
cycle then introduces Decision Tree and Random Forest classifiers. These experiments 
help learners understand how data is prepared, how supervised learning models are 
trained, and how different algorithms can be used for prediction and classification tasks.

Cycle II – Advanced Models, Evaluation and Unsupervised Learning focuses on 
K-Nearest Neighbors, classification model evaluation, K-Means clustering, and 
Principal Component Analysis. Learners examine different evaluation measures for 
classification models and explore how unsupervised learning techniques can be used 
to discover patterns in unlabeled data. PCA is introduced as a dimensionality reduction 
technique for simplifying high-dimensional datasets and visualizing data in a lower-
dimensional space.

Python is used as the primary implementation platform throughout the laboratory. 
Standard libraries and frameworks such as NumPy, Pandas, Matplotlib, and Scikit-learn 
are used for data preparation, model implementation, visualization, and performance 
evaluation. Each experiment concludes with analysis and interpretation of the results 
obtained during the implementation.

Cycle I: Supervised Learning and Data Preparation
Cycle I introduces the fundamental concepts of data preparation and supervised machine 
learning. The first experiment focuses on data preprocessing, which is an essential step 
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before applying machine learning algorithms. Learners work with missing values, 
categorical variables, and numerical features and learn how preprocessing techniques 
can transform raw data into a suitable format for machine learning.

The second experiment introduces Linear Regression for predicting continuous 
numerical values. Learners implement Linear Regression using Scikit-learn, divide the 
dataset into training and testing sets, train the model, make predictions, and visualize 
the regression relationship between input and output variables.

The third experiment focuses on Logistic Regression, which is used for classification 
problems. Learners implement a classification model, predict class labels, and evaluate 
the model using accuracy. The experiment helps learners understand the difference 
between predicting continuous values and predicting discrete class labels.

The fourth experiment introduces Decision Tree and Random Forest classifiers. 
Learners implement both models using a sample dataset and compare their performance. 
The experiment provides practical understanding of single-tree and ensemble-based 
classification approaches and helps learners observe how different algorithms behave 
on the same dataset.

Cycle II: Advanced Models, Evaluation and 
Unsupervised Learning
Cycle II extends the practical study of machine learning to additional classification, 
model evaluation, clustering, and dimensionality reduction techniques. The first 
experiment introduces the K-Nearest Neighbors (KNN) algorithm. Learners implement 
KNN for classification and examine the effect of different values of K on classification 
performance.

The second experiment focuses specifically on classification model evaluation. Learners 
construct and interpret a confusion matrix and calculate accuracy, precision, recall, and 
F1-score. The experiment emphasizes that a machine learning model should not be 
evaluated using a single measure alone, particularly when different types of prediction 
errors have different implications.

The third experiment introduces K-Means clustering, an unsupervised learning 
technique used to discover groups or patterns in unlabeled data. Learners implement 
K-Means with different values of K, calculate cluster centroids and inertia, visualize the 
resulting clusters, and apply the algorithm to datasets such as the Iris dataset.

The final experiment introduces Principal Component Analysis (PCA) as a 
dimensionality reduction technique. Learners transform high-dimensional data into a 
smaller number of principal components, examine explained variance, and visualize 
the transformed data. The experiment helps learners understand how dimensionality 
reduction can simplify datasets while retaining important information.
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Objectives of the Machine Learning Lab
The objectives of the Machine Learning Lab are to:

	♦ Understand the fundamental concepts and workflow of machine learning.

	♦ Understand the importance of data preprocessing before model development.

	♦ Implement data cleaning and preprocessing techniques using Python.

	♦ Handle missing values and categorical variables in datasets.

	♦ Apply feature normalization and standardization techniques.

	♦ Implement supervised learning algorithms for prediction and classification.

	♦ Develop Linear Regression models for continuous-value prediction.

	♦ Develop Logistic Regression models for classification.

	♦ Implement Decision Tree and Random Forest classifiers.

	♦ Implement K-Nearest Neighbors for classification.

	♦ Understand and apply different classification evaluation measures.

	♦ Construct and interpret confusion matrices.

	♦ Calculate accuracy, precision, recall, and F1-score.

	♦ Understand the basic principles of unsupervised learning.

	♦ Implement K-Means clustering to discover patterns in unlabeled data.

	♦ Analyze the effect of different values of K in K-Means clustering.

	♦ Understand dimensionality reduction using Principal Component Analysis.

	♦ Visualize machine learning results using suitable graphical techniques.

	♦ Interpret and analyze the results produced by machine learning models.

	♦ Develop programming, analytical, and problem-solving skills through 
practical experiments.

Tools and Software Used
The Machine Learning Lab uses Python as the primary programming language. Standard 
Python libraries and the Scikit-learn machine learning framework are used for dataset 
preparation, model implementation, visualization, and evaluation.
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Programming Language

Python

Python is used as the primary programming language for all laboratory experiments. Its 
simple syntax and extensive collection of scientific and machine learning libraries make 
it suitable for implementing and experimenting with machine learning algorithms.

Integrated Development Environments (IDEs)
The laboratory programs can be developed using any suitable Python development 
environment.

Jupyter Notebook

	♦ Interactive environment for writing and executing Python programs.

	♦ Supports step-by-step execution of machine learning programs.

	♦ Suitable for data preprocessing, model implementation, visualization, and 
result analysis.

	♦ Supports Markdown for documenting experiments.

Google Colab

	♦ Cloud-based Jupyter Notebook environment.

	♦ Allows Python programs to be executed through a web browser.

	♦ No local installation is required.

	♦ Provides convenient access to commonly used Python libraries.

	♦ Supports easy sharing and collaboration.

Visual Studio Code (VS Code)

	♦ Lightweight code editor with Python support.

	♦ Suitable for developing and debugging machine learning programs.

	♦ Supports Python extensions and virtual environments.

	♦ Can be used for managing laboratory source-code files.

PyCharm

	♦ Integrated Development Environment for Python programming.

	♦ Provides facilities for coding, debugging, and project management.

	♦ Suitable for organizing larger machine learning projects.
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Machine Learning Framework and Libraries
The following libraries are used in the laboratory.

NumPy

NumPy provides support for numerical computation and array operations. It is useful for 
creating and manipulating numerical datasets and performing mathematical operations 
required in machine learning experiments.

Pandas

Pandas is used for loading, creating, organizing, and preprocessing datasets. It provides 
DataFrame and Series structures that make tabular data manipulation convenient.

Matplotlib

Matplotlib is used for creating graphs and visualizing machine learning results. It can 
be used to display regression lines, clusters, data distributions, and other experimental 
results.

Scikit-learn

Scikit-learn is the primary machine learning library used in this laboratory. It provides 
implementations of algorithms and utilities for:

	♦ Data preprocessing

	♦ Train-test splitting

	♦ Linear Regression

	♦ Logistic Regression

	♦ Decision Tree

	♦ Random Forest

	♦ K-Nearest Neighbors

	♦ K-Means clustering

	♦ Principal Component Analysis

	♦ Model evaluation

Hardware Requirements
A computer system with the following minimum configuration is suitable for performing 
the laboratory experiments:

	♦ Processor: Dual-core processor or better
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	♦ RAM: Minimum 4 GB

	♦ Storage: Sufficient free space for Python, libraries, datasets, and laboratory 
programs

	♦ Internet Connection: Required when using Google Colab or downloading 
datasets and libraries

The experiments in this laboratory generally involve small and medium-sized datasets 
and do not require specialized hardware.

Software Installation and Configuration

Step 1: Install Python

Download and install Python from the official Python website.

Python Official Website

During installation, enable the option to add Python to the system PATH.

Step 2: Verify Python Installation

Open Command Prompt or Terminal and execute:

python --version

If Python is installed correctly, the installed Python version will be displayed.

Step 3: Install Required Libraries

The major libraries required for the laboratory can be installed using:

pip install numpy pandas matplotlib scikit-learn jupyter

If Jupyter Notebook is required, it can also be installed separately using:

pip install notebook

Step 4: Verify Library Installation

Open Python or Jupyter Notebook and execute:

import numpy

import pandas

import matplotlib

import sklearn

If no error is displayed, the required libraries have been successfully installed.
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Datasets Used in the Machine Learning Lab
Datasets are an essential component of machine learning experiments. A machine 
learning model learns patterns and relationships from data. Therefore, the quality, 
structure, and suitability of the dataset have a direct influence on the learning process 
and the results obtained from the model.

The laboratory uses small sample datasets as well as standard datasets available through 
Scikit-learn and other commonly used sources. Different datasets are selected according 
to the requirements of each experiment.

Types of Datasets

The experiments use different types of datasets, including:

	♦ Tabular datasets

	♦ Numerical datasets

	♦ Categorical datasets

	♦ Classification datasets

	♦ Regression datasets

	♦ Unlabeled datasets for clustering

Commonly Used Datasets

Iris Dataset

The Iris dataset contains measurements of iris flowers and is commonly used for 
classification and clustering experiments. It contains four numerical features and three 
flower classes:

	♦ Setosa

	♦ Versicolor

	♦ Virginica

The dataset is used in experiments involving Decision Tree, Random Forest, KNN, 
classification evaluation, and K-Means/PCA demonstrations.

Wine Dataset

The Wine dataset contains chemical measurements of wine samples belonging to 
different classes. It can be used for classification experiments and for comparing 
machine learning algorithms.
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Breast Cancer Wisconsin Dataset

The Breast Cancer Wisconsin dataset is a binary classification dataset containing 
numerical features derived from breast-cancer-related observations. It can be used for 
demonstrating classification algorithms and model evaluation.

Sample Regression Dataset

Small sample datasets containing independent and dependent numerical variables can 
be created using Python and Pandas for demonstrating Linear Regression.

Sample Classification Dataset

Small datasets containing input features and class labels can be created for demonstrating 
Logistic Regression and other classification algorithms.

Dataset Collection and Preparation
Before applying a machine learning algorithm, the dataset should be examined and 
prepared appropriately. The preparation process depends on the type of data and the 
requirements of the selected algorithm.

Steps in Dataset Preparation

	♦ Select a suitable dataset for the experiment.

	♦ Load or create the dataset using Python.

	♦ Examine the structure and attributes of the dataset.

	♦ Identify input features and target variables where applicable.

	♦ Check for missing values.

	♦ Identify categorical and numerical variables.

	♦ Apply suitable preprocessing techniques.

	♦ Scale or normalize features when required.

	♦ Divide the dataset into training and testing sets for supervised learning.

	♦ Verify the prepared dataset before model training.

Data Preprocessing Techniques
Data preprocessing is performed to transform raw data into a suitable form for machine 
learning algorithms.
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The major preprocessing techniques covered in this laboratory include:

Handling Missing Values

Missing observations can be handled by deleting selected records or replacing missing 
values using suitable statistical measures such as mean, median, or mode.

Encoding Categorical Variables

Categorical values such as gender, city, or product type can be converted into numerical 
representations using techniques such as label encoding and one-hot encoding.

Feature Scaling

Features having different numerical ranges can be transformed to comparable scales. 
The laboratory introduces:

	♦ Min-Max Normalization

	♦ Standardization

Feature scaling is particularly useful for algorithms such as KNN and K-Means that 
depend on distances.

Training and Testing of Machine Learning Models
Supervised machine learning models generally require labeled data for learning. The 
dataset is divided into training and testing portions.

Training Dataset

The training dataset is used by the algorithm to learn the relationship between input 
features and target values.

Testing Dataset

The testing dataset contains observations that were not used during training. It is used 
to evaluate how well the trained model performs on unseen data.

A typical workflow is:

Dataset → Preprocessing → Train-Test Split → Model Training → Prediction → 
Evaluation

The proportion of data allocated to training and testing depends on the size and nature 
of the dataset.
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Structure of Machine Learning Programs
Each laboratory program should follow a systematic structure. A common structure 
helps learners understand the machine learning workflow and makes programs easier to 
develop, execute, verify, and document.

General Program Structure

1.	 Import the required Python libraries.

2.	 Load or create the dataset.

3.	 Examine the dataset.

4.	 Perform necessary preprocessing.

5.	 Define input features and target variables.

6.	 Split the dataset into training and testing sets, where applicable.

7.	 Create the machine learning model.

8.	 Train the model using the training data.

9.	 Generate predictions using the trained model.

10.	Evaluate the model using suitable performance measures.

11.	Visualize the results where applicable.

12.	Record the observations and final result.

Program Development Guidelines
Learners should follow the following guidelines while developing laboratory programs:

	♦ Use meaningful variable and function names.

	♦ Organize the program into logical sections.

	♦ Add comments where necessary.

	♦ Use appropriate datasets for each experiment.

	♦ Verify the input data before model training.

	♦ Use suitable preprocessing techniques.

	♦ Record important model parameters.

	♦ Execute the program and verify the output.

	♦ Save the source code and notebook regularly.
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	♦ Interpret the output rather than simply recording numerical values.

	♦ Maintain originality in program development.

Model Evaluation
Model evaluation is an important stage of machine learning. A model should be 
evaluated using data that was not used during training.

The laboratory introduces the following classification evaluation measures:

Accuracy

Accuracy represents the proportion of correctly classified observations among all 
observations.

Confusion Matrix

A confusion matrix summarizes the actual and predicted class labels and helps identify 
correct predictions and different types of classification errors.

Precision

Precision indicates the proportion of correctly predicted positive observations among 
all observations predicted as positive.

Recall

Recall indicates the proportion of actual positive observations that are correctly 
identified by the model.

F1-Score

F1-score provides a balance between precision and recall and is useful when both types 
of errors need to be considered.

The appropriate evaluation measure depends on the type of machine learning problem 
and the characteristics of the dataset.

Visualization of Machine Learning Results
Visualization helps learners understand the behaviour of machine learning models and 
interpret experimental results.

Graphs can be used to represent:

	♦ Regression relationships

	♦ Predicted and actual values

	♦ Classification results
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	♦ Confusion matrices

	♦ K-Means clusters

	♦ Cluster centroids

	♦ K-value versus accuracy

	♦ PCA-transformed data

	♦ Explained variance

Learners should use suitable graphical representations wherever visualization 
contributes to understanding the experiment.

Use of Jupyter Notebook
Jupyter Notebook is a suitable environment for conducting Machine Learning Lab 
experiments. It allows Python programs to be executed in individual cells and provides 
an interactive environment for experimentation and analysis.

Advantages

	♦ Interactive program execution

	♦ Step-by-step execution of code

	♦ Easy visualization of results

	♦ Convenient debugging and experimentation

	♦ Markdown support for documentation

	♦ Easy integration of code, output, graphs, and explanations

	♦ Suitable for data preprocessing and machine learning experiments

Use of Google Colab Notebook
Google Colab (Collaboratory) is a cloud-based Jupyter Notebook environment that 
allows Python programs to be written and executed through a web browser. It can be 
used as an alternative to a locally installed Python environment.

Advantages of Google Colab

	♦ No local installation is required

	♦ Accessible through a web browser

	♦ Provides a ready-to-use Python environment

	♦ Supports commonly used machine learning libraries
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	♦ Easy sharing and collaboration

	♦ Notebooks can be stored in Google Drive

	♦ Suitable for conducting laboratory experiments remotely

Additional Python libraries can be installed using:

pip install library_name

Expectations from Learners
Learners are expected to:

	♦ Actively participate in all laboratory sessions.

	♦ Read the relevant theory before performing each experiment.

	♦ Understand the purpose of each program rather than merely copying the 
code.

	♦ Complete and submit laboratory records on time.

	♦ Execute programs and verify the generated outputs.

	♦ Analyze and interpret experimental results.

	♦ Maintain originality in program development.

	♦ Follow ethical practices while using datasets and source code.

	♦ Collaborate constructively with peers while maintaining individual 
understanding.

	♦ Be prepared to explain programs during viva examinations.

Lab Guidelines and Code of Conduct
Learners should follow the instructions provided in the laboratory manual and by the 
instructor.

	♦ Use authorized software, datasets, and computing resources.

	♦ Maintain originality in laboratory work.

	♦ Avoid plagiarism and unauthorized copying of programs.

	♦ Maintain proper discipline during laboratory sessions.

	♦ Save programs and notebooks regularly.

	♦ Maintain backup copies of important work.
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	♦ Do not modify or delete another learner's files.

	♦ Use computing resources responsibly.

	♦ Seek assistance from the instructor when difficulties arise.

	♦ Maintain respectful communication with instructors, lab assistants, and 
peers.

	♦ Violation of Lab Rules

Depending on the nature and seriousness of the violation, appropriate academic or 
disciplinary action may be taken. This may include:

	♦ Warning

	♦ Deduction of marks

	♦ Requirement to repeat an experiment

	♦ Restriction from a laboratory session in serious cases

Learners should use the laboratory as an environment for developing programming 
ability, analytical thinking, problem-solving skills, and practical understanding of 
machine learning concepts.

Result Documentation
Each laboratory experiment should be properly documented. The record should 
generally contain the following components:

1.	 Experiment Number and Title

2.	 Objective

3.	 Theory

4.	 Dataset Used

5.	 Tools and Libraries Required

6.	 Algorithm / Procedure

7.	 Python Program

8.	 Output

9.	 Result

10.	Observation
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The output should be verified before it is included in the laboratory record. When the 
output depends on random train-test splitting, initialization, or other variable conditions, 
the actual output obtained during execution should be recorded.

Overall Machine Learning Workflow
The experiments in this laboratory collectively demonstrate the major stages of a basic 
machine learning workflow:

Data Collection 
↓ 

Data Preprocessing 
↓ 

Feature Preparation 
↓ 

Training and Testing 
↓ 

Model Development 
↓ 

Prediction / Clustering 
↓ 

Performance Evaluation 
↓ 

Visualization 
↓ 

Result Interpretation

Through these experiments, learners progressively move from preparing raw data to 
implementing machine learning algorithms and analyzing their results. The laboratory 
therefore provides a practical foundation for applying machine learning techniques to 
real-world datasets and developing the computational skills required for further study 
in artificial intelligence and data science.
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Experiment 1

Implement data preprocessing techniques: handle 
missing values, encode categorical variables, and 

normalize features.

Objectives

1.1.1 Theory

1.1.1.1 Introduction to Data Preprocessing

In real-world applications, data is rarely available in a form that can be directly used for 
analysis or machine learning. Datasets may contain missing values, duplicate records, 
inconsistent formats, categorical values, and numerical features with different scales. If 
these issues are not handled properly, they can affect the performance and reliability of 
machine learning models.

Data preprocessing is the process of transforming raw data into a clean, consistent, and 
suitable format for analysis and machine learning. It is an important step in the machine 
learning workflow because the quality of the input data directly influences the quality 
of the results produced by a model.

For example, consider a dataset containing the age, salary, and city of several individuals. 
Age and salary are numerical features, while city is a categorical feature. Some age 
or salary values may be missing, and the city values cannot be directly processed by 
most machine learning algorithms because they are represented as text. Preprocessing 
techniques can be used to address these issues.

The major preprocessing tasks covered in this experiment are:

	♦ Handling missing values

	♦ Encoding categorical variables

	♦ Scaling numerical features

	♦ To understand the importance of data preprocessing in data analysis

	♦ To learn how to handle missing values in datasets

	♦ To understand encoding of categorical variables

	♦ To apply normalization technique on numerical features

	♦ To implement preprocessing steps using Python
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These techniques help transform raw data into a format that can be effectively used for 
machine learning algorithms.

1.1.1.2 Handling Missing Values

Missing values occur when information about one or more observations is not available 
in a dataset. They may result from errors during data collection, incomplete forms, 
sensor failures, or unavailable information.

For example:

Age Salary
25 50000
30 NaN
NaN 60000
22 45000

Here, NaN represents a missing value.

Missing values can cause problems because many machine learning algorithms cannot 
directly process incomplete data. Therefore, they need to be identified and appropriately 
handled before model training.

Common approaches include:

	♦ Deleting records: Rows containing missing values can be removed when 
only a small number of records are affected.

	♦ Deleting features: A column may be removed when a large proportion of its 
values are missing and the feature is not essential.

	♦ Mean imputation: Missing numerical values are replaced with the mean of 
the available values.

	♦ Median imputation: Missing numerical values are replaced with the median 
of the available values.

	♦ Mode imputation: Missing categorical values are replaced with the most 
frequently occurring category.

The appropriate method depends on the nature of the data and the amount of missing 
information. Mean and median imputation are commonly used for numerical features, 
while mode imputation can be used for categorical features.

In this experiment, missing numerical values are replaced using the mean.

1.1.1.3 Encoding Categorical Variables
Categorical variables represent groups or categories rather than numerical quantities. 
Examples include gender, city, department, product type, and payment method.
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For example:

City
Kollam
Kochi
Kollam
Trivandrum

Most machine learning algorithms require numerical input. Therefore, categorical 
values need to be converted into numerical representations before they are provided to 
the model. This process is known as categorical encoding.

Two commonly used encoding techniques are:

Label Encoding:

Each category is assigned a numerical value. For example:

Gender Encoded Value
Male 0

Female 1

Label encoding is particularly suitable for categories with a meaningful order or 
for certain binary categorical variables. However, assigning numbers to unordered 
categories may incorrectly suggest an order between them.

One-Hot Encoding:

A separate binary column is created for each category. For example, if the categories 
are Kochi, Kollam, and Trivandrum, three separate columns can be created. A value of 
1 indicates that an observation belongs to that category, while 0 indicates that it does 
not.

One-hot encoding is commonly used for nominal categorical variables where there is 
no natural order among categories.

In this experiment, one-hot encoding is demonstrated using pandas.

1.1.1.4 Feature Scaling and Normalization

Numerical features in a dataset may have very different ranges. For example, age may 
range from 20 to 60, while salary may range from 20,000 to 80,000. Some machine 
learning algorithms may be influenced by these differences in scale.

Feature scaling transforms numerical features to comparable scales. It is particularly 
important for algorithms that rely on distances or numerical magnitudes, such as 
K-Nearest Neighbors, K-Means clustering, and many optimization-based algorithms.

Two commonly used scaling techniques are Min-Max Normalization   and 
Standardization.

19SGOU - SLM - MCA - Machine Learning Lab

SG
O

U



Min-Max Normalization

Min-Max normalization transforms values to a specified range, commonly 0 to 1.

The formula is:

After Min-Max normalization, the minimum value becomes 0 and the maximum value 
becomes 1.

Standardization

Standardization transforms a feature so that it has a mean of approximately 0 and a 
standard deviation of 1.

The formula is:

where:

	♦ X is the original value

	♦ μ is the mean of the feature

	♦ σ is the standard deviation

	♦ Z is the standardized value

Unlike Min-Max normalization, standardization does not restrict values to the range 0 
to 1. The resulting values can be negative or positive.

Thus, feature scaling helps prevent features with larger numerical ranges from 
disproportionately influencing the machine learning algorithm.
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1.1.2 Implementation
Implementation 1 : Handling Missing Values

OUTPUT

import pandas as pd

import numpy as np

# Create sample data

data = {

    'Age': [25, 30, np.nan, 22],

    'Salary': [50000, np.nan, 60000, 45000]

}

df = pd.DataFrame(data)

print("Original Data:")

print(df)

# Fill missing values with mean

df['Age'] = df['Age'].fillna(df['Age'].mean())

df['Salary'] = df['Salary'].fillna(df['Salary'].mean())

print("\nAfter Handling Missing Values:")

print(df)

Original Data:
    Age   Salary
0  25.0  50000.0
1  30.0      NaN
2   NaN  60000.0
3  22.0  45000.0
After Handling Missing Values:
    Age                 Salary
0  25.000000    50000.000000
1  30.000000    51666.7000000
2  25.7000000  60000.000000
3  22.000000    45000.000000
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Implementation 2: Encoding Categorical Data

OUTPUT

import pandas as pd

# Sample data

data = {

    'City': ['Kollam', 'Kochi', 'Kollam', 'Trivandrum']

}

df = pd.DataFrame(data)

print("Original Data:")

print(df)

# One-Hot Encoding

df_encoded = pd.get_dummies(df, columns=['City'])

print("\nEncoded Data:")

print(df_encoded)

Original Data:

         City

0      Kollam

1       Kochi

2      Kollam

3  Trivandrum

Encoded Data:

   City_Kochi  City_Kollam  City_Trivandrum

0           0             1                0

1           1             0                0

2           0             1                0

3           0             0                1
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Implementation 3 : Normalization

OUTPUT

Original Data:
   Age  Salary
0   20   20000
1   30   40000
2   40   60000
3   50   80000
Normalized Data:
        Age    Salary
0  0.000000  0.000000
1  0.333333  0.333333
2  0.666667  0.666667
3  1.000000  1.000000

import pandas as pd

from sklearn.preprocessing import MinMaxScaler

# Sample data

data = {

    'Age': [20, 30, 40, 50],

    'Salary': [20000, 40000, 60000, 80000]

}

df = pd.DataFrame(data)

print("Original Data:")

print(df)

# Apply normalization

scaler = MinMaxScaler()

df_scaled = scaler.fit_transform(df)

df_scaled = pd.DataFrame(df_scaled, columns=df.columns)

print("\nNormalized Data:")

print(df_scaled)
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1.1.3 Lab Practice Questions

1.	 Create a dataset with missing values and replace them using median.

2.	 Perform label encoding on a column containing gender values (Male/
Female).

3.	 Apply one-hot encoding on a dataset with three categories.

4.	 Normalize a dataset using Min-Max scaling.

5.	 Standardize a dataset using mean and standard deviation.

6.	 Combine all preprocessing steps on a single dataset.

7.	 Compare the range and relative scale of features before and after Min-Max 
scaling.
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Experiment 2

Implement Linear Regression to predict a continuous 
variable using Scikit-learn

Objectives

1.2.1 Theory

1.2.1.1 Introduction to Linear Regression

Linear Regression is a supervised machine learning algorithm used to predict a continuous 
numerical value based on one or more input variables. It learns the relationship between 
the input variable and the output variable from the given training data.

For example, Linear Regression can be used to predict house price based on house area, 
sales based on advertising expenditure, or salary based on years of experience.

In Simple Linear Regression, only one input variable is used. The relationship between 
the input and output is represented using a straight-line equation:

where: 

	♦  : independent or input variable 

	♦  : dependent or predicted variable

	♦  : slope of the regression line 

	♦  : intercept of the regression line 

The slope ( ) indicates the change in the predicted output for a one-unit change in the 
input variable. The intercept ( ) represents the predicted output when the input value 
is zero.
The values of m and c are learned from the training data. 

	♦ Understand the basic concept of Linear Regression.

	♦ Identify the independent and dependent variables in a regression 
problem.

	♦ Implement Linear Regression using Scikit-learn.

	♦ Train a regression model using a given dataset.

	♦ Predict a continuous value for a new input.

25SGOU - SLM - MCA - Machine Learning Lab

SG
O

U



1.2.1.2 Working Principle of Linear Regression

The working of Linear Regression can be understood through the following steps.

Step 1 : Provide the Data

The model receives a dataset containing input values and their corresponding output 
values.

For example, a dataset may contain:

	♦ House Area – input variable

	♦ House Price – output variable

Step 2 : Identify the Variables

The input variable is represented as , and the target variable is represented as .

                     = Input Variable 

                     = Target Variable 

The model learns the relationship between these two variables from the available data. 

Step 3 : Split the Dataset

The available dataset is divided into training data and testing data. The training data is 
used to train the model, while the testing data is used to evaluate how well the trained 
model performs on unseen data. 

Step 4 : Train the Model

The training data is provided to the Linear Regression model. The model analyses the 
input and output values and learns suitable values for the slope and intercept. In Scikit-
learn, the model is trained using the fit() method.

Step 5 : Form the Regression Line

After training, the model uses the learned slope and intercept to form the best-fit 
regression line. The line represents the relationship between the input and output 
variables and can be expressed using the equation:

Step 6: Make a Prediction

A new input value is provided to the trained model. The model uses the learned 
regression line to estimate the corresponding continuous output value. In Scikit-learn, 
the predict() method is used to generate the prediction.
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1.2.1.3 Algorithm: Linear Regression Using Scikit-learn        

Step 1 : Start the procedure.

Step 2 : Import the required Python libraries and the LinearRegression class from 
Scikit-learn.

Step 3 : Load or create the dataset containing the input feature and corresponding target 
values.

Step 4 : Identify the independent variable as the input feature and the dependent vari-
able as the target variable.

Step 5 : Separate the input features into X and the target values into . 

Step 6 : Divide the dataset into training and testing subsets. 

Step 7 : Initialize the Linear Regression model using the LinearRegression() class. 

Step 8 : Train the model using the training data by applying the fit() method. 

Step 9 : Provide a new input value to the trained model for prediction. 

Step 10 : Generate the predicted continuous value using the predict() method. 

Step 11 : Display the predicted value obtained from the model. 

Step 12 : Plot the actual data points and the learned regression line to visualize the 
relationship between the input and target variables. 

Step 13 : End the procedure.

1.2.2 Implementation
Write a Python program using Scikit-learn to implement Linear Regression for predicting 
the price of a house based on its area. Train the model using the given dataset, predict 
the price for a new house with an area of 2600 sq.ft., and display the regression line.
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Program

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LinearRegression

# Create the dataset

data = {

    'Area': [1000, 1200, 1400, 1600, 1800,

             2000, 2200, 2400, 2600, 2800,

             3000, 3200, 3400],

    'Price': [200, 240, 280, 320, 360,

              400, 440, 480, 520, 560,

              600, 640, 680]
}

# Convert the data into a DataFrame

df = pd.DataFrame(data)

# Display the dataset

print("Dataset:")

print(df)

# Separate input and target variables

X = df[['Area']]

y = df['Price']

# Split the dataset into training and testing data

X_train, X_test, y_train, y_test = train_test_split(

    X,

    y,

    test_size=0.2,

    random_state=42

)
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# Create the Linear Regression model

model = LinearRegression()

# Train the model

model.fit(X_train, y_train)

# Display the slope and intercept

print("\nSlope:", model.coef_[0])

print("Intercept:", model.intercept_)

# Predict the price for a new house

new_house = pd.DataFrame({

    'Area': [2600]

})

predicted_price = model.predict(new_house)[0]

print("\nPredicted Price for 2600 sq.ft.:", predicted_price)

# Plot the actual data points

plt.scatter(

    X,

    y,

    color='blue',

    label='Actual Data'

)

# Plot the regression line

plt.plot(

    X,

    model.predict(X),

    color='red',

    label='Regression Line'

)
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# Mark the new input and predicted value

plt.scatter(

    [2600],

    [predicted_price],

    color='green',

    s=120,

    label='Prediction'

)

# Draw a vertical dashed line from the prediction to the x-axis

plt.plot(

    [2600, 2600],

    [0, predicted_price],

    linestyle='--',

    color='green'

)

# Add annotation to the prediction point

plt.annotate(

    f'2600 sq.ft. → {predicted_price:.0f}',

    xy=(2600, predicted_price),

    xytext=(2100, 570),

    arrowprops=dict(arrowstyle='->'),

    fontsize=11

)

# Add labels and title

plt.xlabel('House Area (sq.ft.)')

plt.ylabel('House Price')

plt.title('Linear Regression: House Area vs House Price')

# Display legend and grid
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plt.legend()

plt.grid(True)

# Display the graph

plt.show()

OUTPUT
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1.2.3 Lab Practice Questions

1.	 Implement Linear Regression using Scikit-learn to predict the salary of an 
employee based on years of work experience. Create a suitable dataset, train 
the model, and predict the salary for a new employee with a given number 
of years of experience. 

2.	 Modify the given Linear Regression program to predict the price of a house 
based on its area. Train the model using a suitable dataset and predict the 
price of a new house with an area of 3500 sq.ft. Display the predicted value 
and the regression graph. 

3.	 Implement Linear Regression using Scikit-learn to predict a student's 
examination marks based on the number of hours studied. Create a suitable 
dataset, train the model, and predict the marks for a student who studies for 
a given number of hours. 

4.	 Implement Linear Regression using Scikit-learn to predict the sales of a 
product based on advertising expenditure. Create a suitable dataset, train the 
model, and predict the expected sales for a given advertising expenditure. 
Display the predicted value and the regression graph. 

5.	 Implement Linear Regression using Scikit-learn to predict the electricity 
consumption of a household based on the number of hours of appliance 
usage. Create a suitable dataset, train the model, and predict the electricity 
consumption for a new usage value. Display the predicted output and 
visualize the regression line.

32             SGOU - SLM - MCA - Machine Learning Lab

SG
O

U



Experiment 3

Implement Logistic Regression and evaluate results 
using accuracy scores

Objectives

1.3.1 Theory

1.3.1.1 Introduction

Logistic Regression is a supervised machine learning algorithm used for classification 
tasks. It predicts the probability that a given input belongs to a particular class.

The output of Logistic Regression lies between 0 and 1, making it suitable for binary 
classification problems such as:

	♦ Spam vs Not Spam

	♦ Pass vs Fail

	♦ Disease vs No Disease

Instead of fitting a straight line (like Linear Regression), Logistic Regression uses a 
Sigmoid function to produce probabilities.

1.3.1.2  Types of Logistic Regression 

Binary Logistic Regression

	♦ Output has two classes (0 or 1)

	♦ Example: Yes/No

Multinomial Logistic Regression

	♦ More than two categories

	♦ Example: Classifying types of fruits

	♦ To understand the concept of Logistic Regression

	♦ To implement Logistic Regression using Python

	♦ To perform classification on a dataset

	♦ To evaluate model performance using accuracy score
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Ordinal Logistic Regression

	♦ Categories with order

	♦ Example: Rating (Low, Medium, High)

1.3.1.3 Working Principle

Logistic Regression uses the Sigmoid Function:

Thus logistic regrevion can be used for binary classification. It can also be extended to 
handle multi-class classification

1.3.1.4 Algorithm

1.	 Import necessary libraries

2.	 Load dataset

3.	 Separate features (X) and target (y)

4.	 Split dataset into training and testing sets

5.	 Create Logistic Regression model

6.	 Train the model using training data

7.	 Predict using test data

8.	 Evaluate using accuracy score
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1.3.2 Implementation

# Import required libraries

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy_score

# Load dataset

from sklearn.datasets import load_breast_cancer

data = load_breast_cancer()

# Define features and target

X = data.data

y = data.target

# Split the dataset

X_train, X_test, y_train, y_test = train_test_split(

    X, y, test_size=0.2, random_state=42

)

# Create Logistic Regression model

model = LogisticRegression(max_iter=5000)

# Train the model

model.fit(X_train, y_train)

# Make predictions

y_pred = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, y_pred)

# Display result

print("Accuracy Score:", accuracy)
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OUTPUT

1.3.3 Lab Practice Questions
Use the Iris dataset to classify flowers based on their measurements.

Tasks:

1.	 Implement Logistic Regression .

2.	 Change the test size (e.g., 0.3) and compare accuracy.

3.	 Compute and display the confusion matrix.

4.	 Compare results with another classifier like KNN.

5.	 Perform Logistic Regression on a custom dataset.

6.	 Experiment with different values of max_iter and observe results.

7.	 Plot the ROC Curve

Use the Diabetes dataset available in Scikit-learn or another suitable dataset.

Tasks:

1.	 Load the Iris dataset.

2.	 Display the first five records.

3.	 Select appropriate input features and target variables.

4.	 Split the dataset into training and testing sets.

5.	 Train a Logistic Regression classifier.

6.	 Predict the class of the test samples.

7.	 Calculate the accuracy score.

8.	 Display the predicted and actual classes.

Accuracy Score: 0.95
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Experiment 4

Train a Decision Tree Classifier and compare it with 
Random Forest on a sample dataset

Objectives

1.4.1 Theory

Introduction
In machine learning, classification algorithms are used to predict categories or labels 
based on input data. Two widely used classification techniques are Decision Tree and 
Random Forest. A Decision Tree is simple and interpretable, while Random Forest 
improves performance by combining multiple decision trees. This lab helps students 
gain practical knowledge of both methods and understand their differences through 
implementation.

1.4.1.1  Decision Tree Classifier

A Decision Tree is a supervised learning algorithm that splits the dataset into smaller 
subsets based on feature values. It creates a tree-like structure where:

	♦ Each internal node represents a feature (attribute)

	♦ Each branch represents a decision rule

	♦ Each leaf node represents an output (class label)

Advantages:

	♦ Easy to understand and visualize

	♦ Requires less data preprocessing

	♦ To understand the working of Decision Tree and Random Forest 
algorithms.

	♦ To implement both classifiers using a sample dataset.

	♦ To evaluate and compare their performance using accuracy.

	♦ To analyze which model performs better and why.
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Limitations:

	♦ Prone to overfitting

	♦ Sensitive to noise in data

1.4.1.2 Random Forest Classifier

A Random Forest is an ensemble learning technique that builds multiple decision trees 
and combines their outputs. It uses:

	♦ Bagging (Bootstrap Sampling) to create different datasets

	♦ Random Feature Selection to introduce diversity

Final prediction is made using:

	♦ Majority voting (classification)

Advantages:

	♦ Reduces overfitting

	♦ Higher accuracy compared to a single decision tree

Limitations:

	♦ More computationally expensive

	♦ Less interpretable

1.4.2 Implementation 

1.4.2.1 Tools Required

	♦ Python

	♦ Jupyter Notebook / Google Colab

	♦ Libraries: pandas, scikit-learn

1.4.2.2 Dataset Used

We use the wine quality dataset, which contains 11 features.
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1.4.2.3 Implementation step1: Import Libraries

1.4.2.4 Implementation step2: Load the Dataset

1.4.2.5 Implementation step3: Split the Dataset

1.4.2.6 Implementation step4: Train Decision Tree Model

import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy_score, classification_report

from sklearn.datasets import load_wine

data = load_wine()

X = data.data

y = data.target

X_train, X_test, y_train, y_test = train_test_split(

X, y, test_size=0.3, random_state=42

)

dt_model = DecisionTreeClassifier(random_state=42)

dt_model.fit(X_train, y_train)

dt_predictions = dt_model.predict(X_test)

dt_accuracy = accuracy_score(y_test, dt_predictions)

print("Decision Tree Accuracy:", dt_accuracy)

print(classification_report(y_test, dt_predictions))
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1.4.2.7 Implementation step5 : Train Random Forest Model

1.4.2.8 Implementation step6 : Comparison of result

OUTPUT

Observation: Random Forest generally gives higher accuracy due to ensemble learning.

The Random Forest Classifier performs better than the Decision Tree Classifier in terms 
of accuracy and generalization. It reduces overfitting by combining multiple trees.

Feature Comparison

Feature Decision Tree Random Forest

Model Type Single Tree Multiple Trees

Overfitting High Low
Accuracy Moderate High

Speed Fast Slower

1.4.3 Lab Practice Questions
1.	 Train both models on a different dataset (e.g., Breast cancer wisconsin 

dataset ) and compare their performance.

2.	 Modify the number of trees (n_estimators) in Random Forest and analyze its 
effect on accuracy.

rf_model = RandomForestClassifier(n_estimators=100, random_state=42)

rf_model.fit(X_train, y_train)

rf_predictions = rf_model.predict(X_test)

rf_accuracy = accuracy_score(y_test, rf_predictions)

print("Random Forest Accuracy:", rf_accuracy)

print(classification_report(y_test, rf_predictions))

print("Comparison:")

print("Decision Tree Accuracy:", dt_accuracy)

print("Random Forest Accuracy:", rf_accuracy)

Decision Tree Accuracy: 0.9629

Random Forest Accuracy: 1.0
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3.	 Compare Decision Tree performance with and without limiting its depth 
(max_depth).
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Experiment 1

Implement K-Nearest Neighbors (KNN) for 
classification and evaluate its performance

Objectives

2.1.1 Theory
K-Nearest Neighbors (KNN) is a supervised machine learning algorithm used for 
classification and regression tasks. It is a non-parametric and lazy learning algorithm, 
meaning it does not build a model during training but instead stores the training data.

In classification, KNN assigns a class label to a new data point based on the majority 
class among its K nearest neighbors in the feature space.

Key Concepts

	♦ Distance Metric: Measures similarity (e.g., Euclidean distance).

	♦ K Value: Number of nearest neighbors considered.

	♦ Majority Voting: Determines the final class label.

2.1.1.1 Algorithm

1.	 Load the dataset.

2.	 Choose the value of K.

3.	 Calculate the distance between the test data point and all training data points.

4.	 Sort the distances in ascending order.

5.	 Select the top K nearest neighbors.

	♦ To understand the working principle of the K-Nearest Neighbors 
(KNN) classification algorithm.

	♦ To implement KNN using a suitable programming language (e.g., 
Python).

	♦ To analyze the effect of different values of K on classification accuracy.

	♦ To evaluate the performance of the KNN model using metrics such as 
accuracy, precision, recall, and confusion matrix.
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6.	 Assign the class based on majority voting.

7.	 Repeat for all test samples.

2.1.1.2 Requirements

Hardware

	♦ Computer with minimum 4GB RAM

Software

	♦ Python (3.x)

	♦ Libraries: NumPy, Pandas, Matplotlib, Scikit-learn

2.1.2 Implementation
# Import libraries

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.neighbors import KNeighborsClassifier

from sklearn.metrics import accuracy_score, confusion_matrix, classification_
report

# Load dataset (Example: Iris dataset)

from sklearn.datasets import load_iris

data = load_iris()

X = data.data

y = data.target

# Split dataset

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3)

# Create KNN model

k = 5

model = KNeighborsClassifier(n_neighbors=k)

# Train model

model.fit(X_train, y_train)
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OUTPUT

The KNN classifier was successfully implemented and tested. The performance was 
evaluated using accuracy and other metrics, showing effective classification based on 
nearest neighbors.

Accuracy: 0.9333333333333333

Confusion Matrix:

 [[15  0  0]

 [ 0 11  1]

 [ 0  2 16]]

Classification Report:

               precision    recall  f1-score   support

           0       1.00      1.00      1.00        15

           1       0.85      0.92      0.88        12

           2       0.94      0.89      0.91        18

    accuracy                           0.93        45

   macro avg       0.93      0.94      0.93        45

weighted avg       0.94      0.93      0.93        45

# Predictions

y_pred = model.predict(X_test)

# Evaluation

print("Accuracy:", accuracy_score(y_test, y_pred))

print("Confusion Matrix:\n", confusion_matrix(y_test, y_pred))

print("Classification Report:\n", classification_report(y_test, y_pred))
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2.1.3  Lab  Practice Questions

1.	 Write a program to implement the K-Nearest Neighbors (KNN) algorithm 
for a given dataset (e.g., Iris dataset). Classify the test data and compute the 
accuracy of the model.

2.	 Implement KNN for different values of K (e.g., 1, 3, 5, 7, 9). Compare the 
classification accuracy for each value and identify the optimal K. Plot a 
graph of K vs Accuracy and interpret the results.

3.	 Using a dataset, apply KNN classification and evaluate the model using:

	♦ Confusion Matrix

	♦ Precision

	♦ Recall

	♦ F1-Score

Analyze the performance and discuss how well the model classifies different classes.
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Experiment 2

Evaluate classification models using confusion matrix, 
precision, recall, and F1-score

Objectives

2.2.1 Theory
Classification is a supervised machine learning task in which a model learns to assign 
observations to predefined classes. Examples include classifying an email as spam or 
not spam, identifying whether a transaction is fraudulent or genuine, and classifying a 
flower into one of several species.

After training a classification model, it is necessary to evaluate how well the model 
performs on data that was not used during training. Evaluating the model only on the 
training data may give an overly optimistic estimate of its performance. Therefore, the 
available dataset is generally divided into training and testing sets. The training set is 
used to build the model, while the testing set is used to evaluate its performance on 
unseen data.

Accuracy is one of the commonly used classification metrics. However, accuracy alone 
may not provide sufficient information about the types of errors made by a model, 
particularly when the classes are imbalanced or when false positive and false negative 
errors have different consequences. Therefore, additional measures such as precision, 
recall, and F1-score are used to obtain a more detailed evaluation.

Confusion Matrix

A Confusion Matrix is a table used to describe the performance of a classification model.

Predicted Positive Predicted Negative

Actual Positive True Positive (TP) False Negative (FN)

Actual Negative False Positive (FP) True Negative (TN)

	♦ To understand the concept of classification model evaluation.

	♦ To construct and interpret a confusion matrix.

	♦ To compute precision, recall, and F1-score for a classification model.

	♦ To analyze the effectiveness of a model using different evaluation 
metrics.
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2.2.1.1 Evaluation Metrics

1.	 Precision

Precision measures how many of the predicted positive instances are actually positive.

Precision=TP/(TP+FP)

2.	 Recall

Recall measures how many actual positive instances are correctly identified.

Recall=TP/(TP+FN)

3.	 F1-Score

F1-score is the harmonic mean of precision and recall.

F1=2×(Precision×Recall)/(Precision+Recall​

2.2.1.2 Algorithm

4.	 Load the dataset.

5.	 Split the dataset into training and testing sets.

6.	 Train a classification model (e.g., logistic regression, KNN).

7.	 Predict the output for test data.

8.	 Construct the confusion matrix.

9.	 Calculate precision, recall, and F1-score.

10.	Interpret the results.

2.2.1.3 Requirements

Hardware

	♦ Computer with minimum 4GB RAM

Software

	♦ Python (3.x)

	♦ Libraries: NumPy, Pandas, Scikit-learn
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2.2.2 Implementation

# Import libraries

from sklearn.model_selection import train_test_split

from sklearn.metrics import confusion_matrix, precision_score, recall_score, 
f1_score

from sklearn.datasets import load_iris

from sklearn.neighbors import KNeighborsClassifier

# Load dataset

data = load_iris()

X = data.data

y = data.target

# Split dataset

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3)

# Train model

model = KNeighborsClassifier(n_neighbors=3)

model.fit(X_train, y_train)

# Predictions

y_pred = model.predict(X_test)

# Evaluation

cm = confusion_matrix(y_test, y_pred)

precision = precision_score(y_test, y_pred, average='macro')

recall = recall_score(y_test, y_pred, average='macro')

f1 = f1_score(y_test, y_pred, average='macro')

print("Confusion Matrix:\n", cm)

print("Precision:", precision)

print("Recall:", recall)

print("F1 Score:", f1)
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OUTPUT

The classification model was evaluated successfully using a confusion matrix and 
performance metrics. The results provide a detailed understanding of model performance 
beyond simple accuracy.

2.2.3  Lab  Practice Questions
1.	 Compute the confusion matrix and evaluation metrics for a binary 

classification dataset.

2.	 Compare precision and recall for two different models and interpret the 
results.

3.	 Modify the program to evaluate another classifier (e.g., logistic regression) 
and compare performance.

Confusion Matrix:

[[15  0  0]

 [ 0 15  0]

 [ 0  2 13]]

Accuracy: 0.9555555555555556

Precision: 0.9607843137254902

Recall: 0.9555555555555556

F1 Score: 0.9553571428571429
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Experiment 3

Apply K-Means clustering to discover patterns in 
unlabeled data

Objectives

2.3.1 Theory

2.3.1.1 Introduction to Clustering

Clustering is a fundamental technique in Machine Learning, specifically belonging to 
the category of unsupervised learning. Unlike supervised learning, where models are 
trained using labeled data, clustering works with unlabeled data and aims to discover 
hidden structures or patterns within it.

The primary goal of clustering is to group similar data points together while ensuring 
that points in different groups are as dissimilar as possible. These groups are called 
clusters.

Key Characteristics of Clustering

	♦ No prior labels or categories are provided.

	♦ The algorithm automatically identifies patterns in data.

	♦ It is exploratory in nature and helps in data understanding.

Objective of Clustering

	♦ Maximize intra-cluster similarity: Data points within the same cluster 
should be highly similar.

	♦ Minimize inter-cluster similarity: Data points in different clusters should 
be as different as possible.

	♦ To implement the K-Means clustering algorithm on an unlabeled 
dataset

	♦ To group data points into clusters based on similarity

	♦ To understand centroid calculation and distance-based clustering

	♦ To visualize clusters using graphical representation
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Real-Life Example

Consider a supermarket trying to understand customer behavior. Without predefined 
categories, clustering can group customers based on purchasing patterns such as:

	♦ Frequent buyers

	♦ Occasional buyers

	♦ High-value customers

This helps businesses make better decisions in marketing and product placement.

2.3.1.2 K-Means Clustering Algorithm

K-Means is one of the most widely used partition-based clustering algorithms. It divides 
a dataset into K distinct clusters, where K is a predefined number.

Each cluster is represented by a centroid, which is the mean (average) position of all 
data points in that cluster.

Working of K-Means Algorithm

The K-Means algorithm follows an iterative refinement process:

Step 1: Initialization

	♦ Select the number of clusters K.

	♦ Randomly initialize K centroids.

Step 2: Assignment Step

	♦ Assign each data point to the nearest centroid based on a distance measure 
(usually Euclidean distance).

Step 3: Update Step

	♦ Recalculate the centroids by taking the mean of all data points assigned to 
each cluster.

Step 4: Repeat

	♦ Repeat the assignment and update steps until:

•	 Centroids do not change significantly, or

•	 Maximum number of iterations is reached.

52             SGOU - SLM - MCA - Machine Learning Lab

SG
O

U



2.3.1.3 Objective Function

K-Means tries to minimize the Within-Cluster Sum of Squares (WCSS):

Where:

	♦ Ci​ = cluster

	♦ μi​ = centroid of cluster

	♦ x = data point

This ensures clusters are compact and well-separated.

Advantages of K-Means

	♦ Simple and easy to implement

	♦ Computationally efficient for large datasets

	♦ Works well when clusters are spherical and evenly sized

Limitations

	♦ Requires predefining the number of clusters (K)

	♦ Sensitive to initial centroid selection

	♦ Not suitable for non-spherical or overlapping clusters

	♦ Affected by outliers

2.3.1.4 Distance Measure

In clustering, distance metrics are used to determine the similarity or dissimilarity 
between data points and centroids.

The most commonly used distance measure is the Euclidean Distance.

	♦ It calculates the straight-line distance between two points in a 2D plane.

	♦ For higher dimensions, the formula extends similarly.

If two points are:

	♦ A(2, 3)

	♦ B(5, 7)
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Then,

d =

   =  

   =

   = 5

2.3.2 Implementation

1.	 Write a Python program to implement K-Means clustering for K = 2 and display 
the clusters.

import numpy as np

import matplotlib.pyplot as plt

from sklearn.cluster import KMeans

X = np.array([

   [1, 2], [1.5, 1.8], [5, 8],

   [8, 8], [1, 0.6], [9, 11]

])

kmeans = KMeans(n_clusters=2, random_state=0)

kmeans.fit(X)

labels = kmeans.labels_

centroids = kmeans.cluster_centers_

print("Cluster Labels:", labels)

print("Centroids:\n", centroids)

plt.scatter(X[:, 0], X[:, 1], c=labels)

plt.scatter(centroids[:, 0], centroids[:, 1], marker='X')

plt.show()
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OUTPUT

Graph shows 2 clusters with centroids marked as X

2.	 Write a Python program to implement K-Means clustering for K = 3 and observe 
the change in clustering.

Cluster Labels: [1 1 0 0 1 0]

Centroids:

 [[7.33333333 9.        ]

 [1.16666667 1.46666667]]

kmeans = KMeans(n_clusters=3, random_state=0)

kmeans.fit(X)

labels = kmeans.labels_

centroids = kmeans.cluster_centers_

print("Cluster Labels:", labels)

print("Centroids:\n", centroids)
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OUTPUT

3.	 Write a Python program to calculate inertia (Within-Cluster Sum of Squares).

OUTPUT

4.	 Write a Python program to display cluster labels for each data point.

OUTPUT

Cluster Labels: [1 1 0 0 1 2]

Centroids:

 [[ 6.5         8.        ]

 [ 1.16666667  1.46666667]

 [ 9.         11.        ]]

kmeans = KMeans(n_clusters=2, random_state=0)

kmeans.fit(X)

print("Inertia:", kmeans.inertia_)

Inertia: 15.98

for i, point in enumerate(X):

   print(f"Point {point} belongs to Cluster {labels[i]}")

Point [1. 2.] belongs to Cluster 1

Point [1.5 1.8] belongs to Cluster 1

Point [5. 8.] belongs to Cluster 0

Point [8. 8.] belongs to Cluster 0

Point [1.  0.6] belongs to Cluster 1

Point [9. 11.] belongs to Cluster 2
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5.	 Write a Python program to apply K-Means clustering on the Iris dataset.

OUTPUT

2.3.3  Lab  Practice Questions

1.	 Write a Python program to implement K-Means clustering for K = 4.

2.	 Modify the dataset and observe how clustering results change.

3.	 Write a program to visualize clusters using different color maps.

4.	 Implement K-Means and display centroids separately.

5.	 Write a program to compare results for different values of K.

6.	 Apply K-Means clustering on a real-world dataset and interpret the output.

7.	 Write a program to calculate inertia for different K values.

8.	 Implement clustering and display results in tabular form.

from sklearn.datasets import load_iris

data = load_iris()

X = data.data

kmeans = KMeans(n_clusters=3, random_state=0)

kmeans.fit(X)

print("Cluster Labels:\n", kmeans.labels_)

Cluster Labels:

 [1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

 1 1 1 1 1 1 1 1 1 1 1 1 1 2 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 2 2 2 2 0 2 2 2 2

 2 2 0 0 2 2 2 2 0 2 0 2 0 2 2 0 0 2 2 2 2 2 0 2 2 2 2 0 2 2 2 0 2 2 2 0 2

 2 0]
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Experiment 4

Apply Principal Component Analysis (PCA) to reduce 
dimensions and visualize clusters

Objectives

2.4.1 Theory

2.4.1.1 Introduction to Dimensionality Reduction

Dimensionality reduction is a key concept in Machine Learning that involves reducing 
the number of input variables (features) in a dataset while preserving important 
information. High-dimensional data often leads to increased computational complexity 
and difficulty in visualization. Dimensionality reduction techniques help in simplifying 
data without losing significant patterns.

The main goal is to transform the original dataset into a new set of variables that retain 
most of the useful information.

2.4.1.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a statistical technique used to transform high-
dimensional data into a lower-dimensional space. It does this by identifying directions, 
called principal components, along which the variance in the data is maximized.

These principal components are:

	♦ Orthogonal (independent of each other)

	♦ Ordered by the amount of variance they capture

The first principal component captures the maximum variance, followed by the second, 
and so on.

	♦ To implement Principal Component Analysis (PCA) on a dataset

	♦ To reduce high-dimensional data into lower dimensions

	♦ To understand variance and feature transformation

	♦ To visualize data in 2D or 3D space
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2.4.1.3 Working of PCA

PCA follows a systematic process:

Step 1: Standardization 

The data is standardized so that each feature has a mean of zero and unit variance.

Step 2: Covariance Matrix Computation

A covariance matrix is computed to understand relationships between variables.

Step 3: Eigenvalues and Eigenvectors

Eigenvalues represent the amount of variance captured, and eigenvectors represent 
directions of principal components.

Step 4: Feature Vector Formation

Top eigenvectors are selected to form a feature vector.

Step 5: Data Projection

The original data is projected onto the new feature space.

Objective of PCA

PCA aims to:

	♦ Maximize variance in reduced dimensions

	♦ Minimize information loss

	♦ Remove redundancy in features

	♦ Improve visualization and efficiency

2.4.1.4 Advantages and Limitations

Advantages

	♦ Reduces dimensionality effectively

	♦ Removes correlated features

	♦ Improves computational efficiency

	♦ Helps in visualization

Limitations

	♦ Loss of interpretability

	♦ Sensitive to scaling
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	♦ Assumes linear relationships

	♦ May discard useful information

2.4.2 Implementation

1.	 Write a Python program to apply PCA and reduce data to 2 dimensions.

import numpy as np

from sklearn.decomposition import PCA

from sklearn.preprocessing import StandardScaler

# Sample dataset

X = np.array([

   [2.5, 2.4],

   [0.5, 0.7],

   [2.2, 2.9],

   [1.9, 2.2],

   [3.1, 3.0],

   [2.3, 2.7],

   [2, 1.6],

   [1, 1.1],

   [1.5, 1.6],

   [1.1, 0.9]

])

# Standardize data

X_scaled = StandardScaler().fit_transform(X)

# Apply PCA

pca = PCA(n_components=2)

X_pca = pca.fit_transform(X_scaled)

print("Transformed Data:\n", X_pca)
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OUTPUT

2.	 Write a Python program to visualize PCA output in 2D.

OUTPUT 

Graph shows data projected onto 2 principal components

Transformed Data:

 [[ 1.08643242 -0.22352364]

 [-2.3089372   0.17808082]

 [ 1.24191895  0.501509  ]

 [ 0.34078247  0.16991864]

 [ 2.18429003 -0.26475825]

 [ 1.16073946  0.23048082]

 [-0.09260467 -0.45331721]

 [-1.48210777  0.05566672]

 [-0.56722643  0.02130455]

 [-1.56328726 -0.21536146]]

import matplotlib.pyplot as plt

plt.scatter(X_pca[:, 0], X_pca[:, 1])

plt.title("PCA - 2D Visualization")

plt.xlabel("Principal Component 1")

plt.ylabel("Principal Component 2")

plt.show()
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3.	 Write a Python program to display explained variance ratio.

OUTPUT

4.	 Write a Python program to apply PCA on Iris dataset.

OUTPUT

5.	 Write a Python program to visualize Iris dataset using PCA.

print("Explained Variance Ratio:", pca.explained_variance_ratio_)

Explained Variance Ratio: [0.96318131 0.03681869]

from sklearn.datasets import load_iris

data = load_iris()

X = data.data

# Standardize

X_scaled = StandardScaler().fit_transform(X)

# Apply PCA

pca = PCA(n_components=2)

X_pca = pca.fit_transform(X_scaled)

print("Reduced Shape:", X_pca.shape)

Reduced Shape: (150, 2)

plt.scatter(X_pca[:, 0], X_pca[:, 1])

plt.title("Iris Dataset PCA Visualization")

plt.show()
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OUTPUT

 

Graph shows clusters of Iris data in 2D space

2.4.3 Lab Practice Questions

1.	 Write a Python program to reduce a dataset to 3 principal components.

2.	 Modify the program to visualize PCA in 3D.

3.	 Write a program to compare original and reduced dimensions.

4.	 Implement PCA and display eigenvalues and eigenvectors.

5.	 Apply PCA on a real-world dataset and interpret the results.

6.	 Write a program to calculate cumulative explained variance.

7.	 Modify PCA code using different scaling techniques.

8.	 Compare PCA with clustering techniques like K-Means.
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