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Dear learner,

| extend my heartfelt greetings and profound enthusiasm as | warmly wel-
come you to Sreenarayanaguru Open University. Established in Septem-
ber 2020 as a state-led endeavour to promote higher education through
open and distance learning modes, our institution was shaped by the
guiding principle that access and quality are the cornerstones of equity.
We have firmly resolved to uphold the highest standards of education,
setting the benchmark and charting the course.

The courses offered by the Sreenarayanaguru Open University aim to
strike a quality balance, ensuring students are equipped for both personal
growth and professional excellence. The University embraces the wide-
ly acclaimed "blended format," a practical framework that harmonious-
ly integrates Self-Learning Materials, Classroom Counseling, and Virtual
modes, fostering a dynamic and enriching experience for both learners
and instructors.

The University is committed_to_providing an/engaging and dynamic
educational environment that encourages active learning. The Study and
Learning Material (SLM) is specifically designed to offer you a compre-
hensive and integrated learning experience, fostering a strong interest in
exploring advancements ininformation technology (IT). The curriculum
has been carefully structured torénsure a logical progression of topics,
allowing you to developa clear understanding of the evolution of the
discipline. It is thoughtfully curated to equip you with the knowledge and
skills to,navigate current drends in IT, while fostering critical thinking and
andlytical capabilitiessThe Self-Learning Material has been meticulously
crafted, incorporating relevant examples to facilitate better comprehen-
siohe

Rest asstired, the university's student support services will be at your dis-
posal throughout your academic journey, readily available to address any
concerns or grievances you may encounter. We encourage you to reach
out to us freely regarding any matter about your academic programme. It
is our sincere wish that you achieve the utmost success.

g

Regards,
Dr. Jagathy Raj V. P. 01-02-2026
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Introduction

Machine Learning (ML) is a vital branch of Artificial Intelligence that focuses on the
development of algorithms and models that enable systems to learn from data and
improve their performance without being explicitly programmed. Machine learning
techniques are widely used in modern applications such as predictive analytics, medical
diagnosis, speech recognition, recommendation systems, image processing, finance,
cybersecurity, and business intelligence.

The Machine Learning Lab is designed to provide students with hands-on experience
in both Supervised Learning and Unsupervised Learning techniques using Python
as the implementation platform along with popular machine learning libraries. The
lab emphasizes practical understanding of data preprocessing, model development,
evaluation, and interpretation of results.

Supervised Learning (Cycle I)

Supervised learning involves training a machine learning model using labeled data,
where both the input features and the corresponding output labels are known. The
model learns the relationship between inputs and outputsiand applies this knowledge to
make predictions on new and unseen data.

In Cycle I, students will work with classification and regression algorithms and learn
how to:

¢ Prepare datasets for supervised learning

¢ Apply algorithms such as Lineat Regression, Logistic Regression, k-Nearest
Neighbors (k-NN), Decision Trees, Naive Bayes, and Support Vector
Machines (SVM)

¢ Evaluate model pefformance using metrics such as accuracy, precision,
recall, F1-scote; and mean squared error

¢ Analyze model predictions and improve performance through parameter
tuning

This cycle builds a strong foundation for understanding how machine learning models
learn patterns from labeled data and make accurate predictions.

Unsupervised Learning (Cycle II)

Unsupervised learning deals with unlabeled data, where the model attempts to discover
hidden patterns, structures, or relationships within the dataset without predefined
output labels. These techniques are commonly used for data exploration, customer
segmentation, anomaly detection, and dimensionality reduction.

In Cycle I1, students will focus on:

¢ Understanding clustering and association techniques

e SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab



¢ Implementing algorithms such as k-Means, Hierarchical Clustering,
DBSCAN, and Apriori

¢ Applying dimensionality reduction techniques like Principal Component
Analysis (PCA)

¢ Visualizing clusters and interpreting data patterns
¢ Analyzing real-world datasets to identify meaningful insights

This cycle develops exploratory data analysis skills and prepares students for advanced
machine learning and data science tasks.

Objectives of the Machine Learning Lab

The objectives of the Machine Learning Lab are to:
¢ Understand the core concepts of machine learning and its applications
¢ Distinguish between supervised and unsupervised learning techniques
¢ Implement classification and regression algorithms using Python
¢ Apply clustering and dimensionality#eduction,techniques
¢ Perform data preprocessing, feature scaling, and dataset preparation

¢ Evaluate and interpret machine" learning/models using appropriate
performance metrics

¢ Develop analytical and problem-solving skills through practical experiments
Tools and Soffware Used

Programming Language

¢ Python : Widely usedfor machine learning due to its simplicity and extensive
library support

Integrated Development Environments (IDEs)

¢ Jupyter Notebook : Interactive environment for ML experimentation and
visualization

¢ Visual Studio Code (VS Code) : Lightweight and extensible code editor
¢ PyCharm : Powerful IDE for large-scale machine learning projects
¢ Spyder : Scientific computing—oriented IDE

Machine Learning and Data Science Libraries

¢ NumPy : Numerical computation

. SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab °



¢

¢

¢

Pandas : Data manipulation and analysis
Matplotlib / Seaborn : Data visualization

Scikit-learn : Machine learning algorithms and evaluation tools

Version Control

¢

¢

Git : Version control system

GitHub / GitLab / Bitbucket : Repository hosting and collaboration

Scope of the Lab

This Machine Learning Lab equips learners with practical skills required to design,
implement, and evaluate machine learning models. Through structured experiments
in supervised and unsupervised learning, students gain experience in handling real-
world datasets, selecting appropriate algorithms, and interpréting model outcomes. The
lab prepares learners for advanced coursework, research activities, and industry-level
applications in artificial intelligence, data analytics, and machine learning.

Expectations from Students

¢

¢

¢

Actively participate in all lab sessions

Prepare for lab sessions by studying the relevant theory

Complete and submit lab records and assignments on time

Maintain originality and follow ethi¢al coding practices

Collaborate constructivelywithpeérs while ensuring individualunderstanding

Demonstrate coneéptual and practical knowledge during viva examinations

Lab Guidelines and Code of Conduct

¢

¢

¢

¢

Follow instructions provided in the lab manual and by the instructor
Use only authorized software tools and datasets

Avoid plagiarism and submit original work

Maintain discipline and proper lab conduct

Save and back up programs regularly

Violation of lab rules may result in:

¢

¢

Warnings
Deduction of marks

Suspension from lab sessions

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab



Students should show respect to instructors, lab assistants, and peers, avoid disturbing
others, seek help when needed, and focus on developing strong analytical and problem-
solving skills.

Installation and Configuration of Python

Step 1: Install Python
Download Python from https://www.python.org
¢ Select the latest stable version
¢ Ensure “Add Python to PATH” is checked during installation
Step 2: Verify Installation
Open Command Prompt / Terminal and execute:
python --version
Step 3: Install Required Libraries

pip install numpy pandas matplotlib seaborn scikit-
Common IDEs for Machi earning Development

¢ Jupyter Notebook : Best for ‘supervised and unsupervised learning
experiments

¢ VS Code : Flexible a

¢ Spyder : Focused analysis and visualization
achine Learning Lab

Datasets play a crucial role in machine learning experiments, as model performance
largely depends on data quality and relevance. Students will use both benchmark
datasets and real-world datasets.

Types of Datasets

¢ Labeled datasets for supervised learning

¢ Unlabeled datasets for unsupervised learning
Commonly Used Datasets

¢ [IRIS Dataset : Flower classification

¢ Breast Cancer Dataset : Medical diagnosis

AAAAAAAAAAAAAA
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¢ Diabetes Dataset : Classification and regression

¢ Wine Dataset : Multiclass classification
¢ Student Performance Dataset : Predictive analytics

¢ Sales / Customer Dataset : Clustering and segmentation
Dataset Collection and Preparation

Before applying machine learning algorithms, datasets must be properly prepared.
Steps in Dataset Preparation

¢ Identify the problem statement

¢ Select a suitable dataset

¢ Verify dataset relevance and completeness
Data Preprocessing Techniques

¢ Handling missing values

¢ Removing duplicate records

¢ Encoding categorical variables

¢ Feature scaling and no on

¢ Splitting data into training and sets

Structure of hi earning Programs

dard structure:
1. Import required librari
2. Load the dataset

3. Perform exploratory data analysis

4. Preprocess the data

5. Split the dataset into training and testing sets
6. Train the machine learning model

7. Evaluate model performance

8. Interpret and display results

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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Use of Jupyter Notebook

Jupyter Notebook is the primary environment for machine learning experiments.

Advantages

¢

¢

¢

¢

Interactive code execution
Step-by-step visualization of outputs
Easy debugging and experimentation

Markdown support for explanations

Each notebook should include:

*

*

*

*

*

Use of Google Colab Note

¢

¢

Experiment title
Objective
Dataset description

Code implementation

Output and result analysis

Accessible from any ce with internet connectivity
Pre-installed machine learning libraries
Supports GPU and TPU acceleration

Easy sharing and collaboration

Automatic saving to Google Drive

Structure of a Google Colab Notebook

L

L

AAAAAAAAAAAAAA

Title of the experiment
Objective
Dataset description

Importing required libraries

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab




¢ Dataset loading and preprocessing

¢ Model implementation
¢ Output and visualization
¢ Result and inference

Dataset Handling in Google Colab
¢ Upload datasets from local system
¢ Load datasets from Google Drive
¢ Use online repositories

If additional libraries are required, they can be installed using:

pip install library name

° SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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Experiment 1
Linear Regression and Regularization

Objectives

By the end of this lab, learners will be able to:

¢ To understand the concept of regression and its applications in prediction
problems.

¢ To implement a Linear Regression model using a standard dataset.
¢ To split a dataset into training and testing sets for model validation.

¢ To evaluate model performance using Mean Squared Error (MSE).

¢ To interpret the R? score to understand the goodness of fit,of the model

1.1.1 Theory

Regression is a type of supervised machine learning technique used to predict
continuous numerical values based on one or more input features. Unlike classification,
which predicts categories, regression predicts quantities such as price, temperature, or
medical measurements. It is widelysused in‘demainsdike healthcare analytics, finance
forecasting, and trend predictiofi.

Linear Regression is one of the most fundamental regression algorithms. It models
the relationship betweensdependent and independent variables by fitting a straight line
(or hyperplane in multiple dimensions)'that best represents the data. The goal of the
algorithm is to find the optimalicoefficients that minimize the difference between the
predicted and actual values.

The mathematical representation of Linear Regression is:

where
¢ vy is the predicted output
¢ [0 is the intercept (constant term)
¢ [B1,B2,...,pn are model coefficients
¢ x1,x2,....xn are input features

¢ € represents the error term

The model learns these coefficients during training using the least squares method,
which minimizes the sum of squared differences between actual and predicted values.

. SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab °



1.1.2 Implementation

1. Build a Linear Regression model using a dataset (e.g., housing or any regression
dataset) and evaluate its performance using Mean Squared Error (MSE) and R?
score.

from sklearn.datasets import load diabetes
from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

from sklearn.metrics import mean squared error, r2
score

# Load dataset
data = load diabetes()

X data.data

y = data.target

# Split data

X train, X test, y train, rain test split(
X, y, test siz .2, dom state=42

)

model

# Train Li

model = Li ion ()

model .fit (X trai _train)

# Predictions

y _pred = model.predict (X test)

# Evaluation

print ("MSE:", mean squared error(y test, y pred))

print ("R2 Score:", r2 score(y test, y pred))

OUTPUT

MSE: 2900.19306
R2 Score: 0.4526

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab



2. Implement Ridge and Lasso Regression on the same dataset and compare their
performance with Linear Regression.

@

from sklearn.datasets import load diabetes

from sklearn.model selection import train test split

from sklearn.linear model import Ridge, Lasso

from sklearn.metrics import mean squared error

# Load dataset
data = load diabetes|()

X

data.data

y data.target
# Split data

X train, X test, y train, y

X, y, test size=0.2, 1
)
# Ridge Regression

ridge = Ridge (alpha=1.0)

ridge.fit (X tr )

ridge pred = edict (X test)
# Lasso Regres
lasso = Lasso(alpha=0.1)

lasso.fit (X train, y train)

lasso pred = lasso.predict (X test)

# Evaluation

print ("Ridge MSE:", mean squared error(y test,

pred))

print ("Lasso MSE:", mean squared error(y test,

pred))

ridge

lasso

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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Ridge MSE: 3077.41

Lasso MSE: 3081.38

1.1.3 Lab Practice Questions

1. Load any regression dataset (such as the Diabetes dataset) and:
a. Split the data into training and testing sets.
b. Train a Linear Regression model.
c. Display the Mean Squared Error (MSE).
2. Using a trained Linear Regression model:
a. Predict the target values for the test data.

b. Print the first 5 predicted values.

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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EXPERIMENT 2

Implementation of Decision Tree using ID3 Algorithm
on IRIS Dataset and Evaluation using Accuracy and
Precision

Objectives

By the end of this lab, learners will be able to:
¢ Understand the basic concept of decision tree classification
¢ Explain the working principle of the ID3 algorithm
¢ Implement a decision tree classifier using the IRIS dataset

¢ Calculate performance metrics such as accuracy and precision

¢ Interpret the classification results obtained ffom the model

1.2.1 Theory

1.2.1.1 Decision Tree

A decision tree is a superviséd machine learfiing algorithm commonly used for
classification and prediction fasks. It s€presents the decision-making process in the
form of a tree-like structure. In this structure, each internal node corresponds to a test on
an attribute, each branchmrepresents the outcome of the test, and each leaf node denotes
a final class label orfprediction. Decision trees are widely used due to their simplicity,
interpretability, and effectiveness,in handling structured data.

1.2.1.2 ID3 Algorithm

The ID3 (Iterative Dichotomiser 3) algorithm is one of the earliest algorithms developed
for constructing decision trees. It builds the decision tree in a top-down and greedy
manner by selecting the most informative attribute at each step. The selection of
attributes is based on a quantitative measure known as Information Gain, which helps
identify the attribute that best separates the data into distinct classes.

ID3 uses Information Gain as the attribute selection measure and relies on entropy
to evaluate the effectiveness of splits. The algorithm recursively builds the tree until
all instances are correctly classified or no further attributes are available for splitting.
Although ID3 is simple and efficient, it does not support pruning and is sensitive to
noisy data, which may result in overfitting.

. SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab e



1.2.1.3 Entropy and Information Gain

Entropy is a statistical measure used to quantify the degree of disorder or uncertainty in
a dataset. It reflects how evenly the data instances are distributed among different class
labels. A dataset with low entropy is more uniform, while a dataset with high entropy
indicates greater randomness.

Information Gain measures the expected reduction in entropy achieved by splitting
the dataset based on a specific attribute. It helps determine how well an attribute can
distinguish between different classes. In the ID3 algorithm, the attribute with the highest
information gain is selected for splitting, as it contributes most effectively to improving
classification accuracy.

1.2.1.4 Performance Evaluation Metrics

After building a classification model, it is necessary to evaluate its performance to
understand how well the model predicts unseen data. Perférmance evaluation metrics
provide quantitative measures to assess the effectiveness of the elassifier.

The commonly used performance metrics in classifieation are:
Accuracy

Accuracy measures the overall correctness of the model. It is defined as the ratio of
correctly classified instances to the total number of instances.

TP+TN
TP+TN+FP +FN

Accuyracy =

A higher accuracy indicates bettenoverallimodel performance.
Precision

Precision measures the correctfiess of positive predictions made by the classifier. It
indicates how many of thespfedicted positive instances are actually correct.

TP

P (ST = —
recision TP + EP

High precision means that the model produces fewer false positive results.
Confusion Matrix

A confusion matrix is a tabular representation that summarizes the performance of a
classification model. It shows the number of correct and incorrect predictions for each
class.

For a multi-class classification problem like the IRIS dataset, the confusion matrix
helps in analyzing misclassification patterns among different classes.

e SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab m




1.2.1.5 IRIS Dataset

The IRIS dataset is a standard benchmark dataset frequently used in machine learning
experiments, particularly for classification tasks. It consists of 150 samples equally
distributed among three iris species: [ris-setosa, Iris-versicolor, and Iris-virginica.

Each instance is described using four numerical attributes: sepal length, sepal width,
petal length, and petal width. The dataset is well-structured and balanced, which makes
it ideal for demonstrating supervised learning algorithms. It is commonly used for
algorithm comparison, performance evaluation, and educational purposes.

The IRIS dataset is freely available for download from the UCI Machine Learning
Repository, a widely recognized source for machine learning datasets. The dataset can
be accessed directly via the following link:

¢ UCI Machine Learning Repository — IRIS Dataset: https://archive.ics.
uci.edu/ml/datasets/iris

Alternatively, the dataset can also be obtained from other open seurces such as Kaggle
(e.g., https://www.kaggle.com/datasets/jillanisofttech/iris-datasetstici), and it is built
into popular machine learning libraries such as Scikit=learn, which allows loading it
directly in Python without manual download.

1.2.2 Implementation

1. Using the IRIS dataset, implemeént a Decision Trée classifier based on the ID3
algorithm. Evaluate the performance of the model using accuracy and precision
metrics.

# Import libraries

from sklearn.datasets importload iris

from sklearn.model selection import train_test split

from sklearn.tree import DecisionTreeClassifier, plot tree

from sklearn.metrics import accuracy_score, precision_score, confusion_matrix
import matplotlib.pyplot as plt

import numpy as np

# Load IRIS dataset

iris = load _iris()

X =iris.data

y = iris.target

. SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab e



# Split data into training and testing sets (70% train, 30% test)

X train, X test, y train, y test = train_test split(
X, y, test_size=0.3, random_state=42

)

# Train Decision Tree using ID3 (entropy)

dt = DecisionTreeClassifier(criterion="entropy")

dt.fit(X_train, y train)

# Predict test data

y_pred = dt.predict(X _test)

# Calculate Accuracy and Precision

accuracy = accuracy_score(y_test, y pred)

precision = precision_score(y_test, y pre
print("Accuracy:", accuracy)

print("Precision:", precision)

plot_tree(dt, fe
filled=True)

cm = confusion_matrix(y_test, y pred)
plt.figure(figsize=(5, 4))
plt.imshow(cm, cmap=plt.cm.Blues)
plt.title("Confusion Matrix")

plt.colorbar()

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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plt.xticks(np.arange(len(iris.target names)), iris.target names)

plt.yticks(np.arange(len(iris.target names)), iris.target names)
# Add numbers to the matrix
for 1 in range(cm.shape[0]):

for j in range(cm.shape[1]):

plt.text(j, i, cm[i, j], ha='center', va='center', color="red', fontsize=12)

plt.xlabel("Predicted")
plt.ylabel("Actual")

plt.show()

OUTPUT

Accuracy: 0.9777777777777777

Precision: 0.9761904761904763

Decision Tree (1D3) on IRIS Datas

petal midth (L) == 08

sepal length (om) <= 615
enlrogy = LU
Lemphis = 2

valoe =[D. 1. 1]
akifs = varscohor

Fig. 1.2.1 Decision Tree with ID3 algorithm on IRIS Dataset

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab



Confusion Matrix
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setosa versicolor virginica
Predicted
Fig. 1.2.2 Confusion

1.2.3 Lab Practice Questiox

1. Using the IRIS dataset, implement & ee classifier using the ID3
algorithm (entropy). Split ining and testing sets, train the

2. Visualize the trained isi ing Matplotlib. Identify the features
used at the top xplain their significance.

3. Generate isuali e Confusion Matrix for your predictions. Identify
which clas i correctly and which are misclassified.

4. Use another pu available dataset (e.g., Wine or Seeds dataset).
Implement a Decision Tree classifier using ID3, calculate accuracy and
precision, and compare the results with the IRIS dataset.

e SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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EXPERIMENT 3

Random Forest Algorithm using California Housing
Dataset

Objectives

By the end of this lab, students will be able to:
¢ To understand the working of the Random Forest algorithm
¢ To load and explore the California Housing dataset
¢ To convert a regression problem into a classification problem
¢ To apply tree pruning parameters in Random Forest

¢ To evaluate the model using Confusion Matrix and racy

1.3.1 Theory

1.3.1.1 Random Forest Algorithm

Random Forest is an ensemble learning
and combines their outputs to impr

Key characteristics:

¢ Uses bagging (bootst

(regression)

1.3.1.2 California ing Dataset

The California Housing dataset contains information collected from the 1990 California
census. It includes features like:

¢ Median Income

¢ House Age

¢ Number of Rooms

¢ Population

¢ Latitude & Longitude
Target variable:

¢ Median House Value (continuous)

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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Since Random Forest classification requires categorical output, the target variable is
converted into price categories.

1.3.1.3 Tree Pruning in Random Forest

Pruning controls tree complexity to prevent overfitting.

Common pruning parameters:
¢ max_depth — Maximum depth of each tree
¢ min_samples_split — Minimum samples required to split a node
¢ min_samples_leaf — Minimum samples required in leaf nodes

¢ n_estimators — Number of trees

1.3.1.4 Algorithm

¢ Import required libraries
¢ Load the California Housing dataset

¢ Convert the target variable into categ

¢ Split the dataset into training and
¢ Build a Random Forest Classifier
¢ Apply pruning parameters

¢ Train the model

¢ Predict test data

¢ Generate Matrix and Accuracy
1.3.1.5 Software / H re Requirements
Software:

¢ Python 3.x

¢ Jupyter Notebook / Google Colab
¢ Libraries: numpy, pandas, matplotlib, seaborn, scikit-learn
Hardware:

¢ Any system with minimum 4 GB RAM

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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1.3.2 Implementation

Write a Python program to implement a Random Forest classifier using the
California Housing dataset with appropriate pruning parameters and display the
confusion matrix and accuracy.

# Import libraries

import numpy as np

import pandas as pd

from sklearn.datasets import fetch california housing

from sklearn.model selection import train test split

from sklearn.ensemble import RandomFore lassifier

from sklearn.metrics import confus accuracy

score
import seaborn as sns

import matplotlib.py

# Load California aset

data = fetch ing (as_ frame=True)
df = data.
# Convert regressi target into classification classes

# 0 = Low price, 1 = Medium price, 2 = High price

df ['PriceCategory'] = pd.qcut (df['MedHouseVal'], qg=3,
labels=[0,1,2])

X

df .drop ([ 'MedHouseVal', 'PriceCategory'], axis=1)
y = df['PriceCategory']
# Train-test split

X train, X test, y train, y test = train test split(

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab




X, y, test size=0.2, random state=42

# Random Forest Classifier with pruning
rf = RandomForestClassifier (

n _estimators=100,

max depth=10, # pruning
min samples split=10, # pruning
min samples leaf=5, # pruning

random state=42

# Train model
rf.fit (X train, y tral
# Predictions

tes

y pred = rf.
# Confusio
cm = confusion x(y test, y pred)
print ("Confusion Matrix:\n", cm)

# Accuracy

acc = accuracy score(y test, y pred)
print ("Accuracy:", acc)

# Visualization

sns.heatmap (cm, annot=True, fmt='d', cmap='Blues')

plt.xlabel ('Predicted’)
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plt.ylabel ('Actual')
plt.title('Confusion Matrix - Random Forest')

plt.show ()

OUTPUT

Confusion Matrix:
[[1169 193 16]
[ 204 1000 186]
[ 39 241 108011

Accuracy: 0.7870639534883721

Confusion Matrix - Rand@m, Forest

1000

200

600

- 400

= 200

1] 1 r
Pradicted

Fig. 1.3.1 Confusion matrix

Interpretation:

The confusion matrix indicates good classification performance, and the obtained
accuracy confirms the effectiveness of the Random Forest model with pruning. Random
Forest classifier with pruning achieved an accuracy of approximately 79%.
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2. Implement a Random Forest classifier using the California Housing dataset
without applying any pruning techniques. Evaluate the model performance
using accuracy.

# Import required libraries

import numpy as np

import pandas as pd

from sklearn.datasets import fetch california housing
from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy s e

# Load California Housing datase

data = fetch california housd =True)

df = data.frame

# Convert regression ti ification categories

# 0 = Low price, = Me miprice, 2 = High price

df['"PriceCa
labels=][0,

ut (df [ "MedHouseVal'], g=3,

# Separate feature nd target

X = df.drop(['MedHouseVal', 'PriceCategory'], axis=1)
y = df['PriceCategory']

# Split the dataset into training and testing sets

X train, X test, y train, y test = train test split(

X, y, test size=0.2, random state=42

# Create Random Forest Classifier WITHOUT pruning
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rf = RandomForestClassifier (

n _estimators=100,

random state=42

# Train the model
rf.fit (X train, y train)

# Predict on test data

y pred = rf.predict (X test)

# Evaluate accuracy

accuracy = accuracy score(y test, red)
print ("Accuracy (Random ¥ ith pruning) : ",
accuracy)

OUTPUT

Accuracy (Random Forest withput pruning) :
0.81128875968

categories in the California Housing dataset and
sion matrix and accuracy.

3. Increase the n
analyze how it

# Import requi libraries

import numpy as np

import pandas as pd

from sklearn.datasets import fetch california housing
from sklearn.model selection import train test split

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import confusion matrix, accuracy
score
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import seaborn as sns

import matplotlib.pyplot as plt

# Load California Housing dataset

data = fetch california housing(as_ frame=True)
df = data.frame

# Convert regression target into MORE classification
categories

# 0 = Very Low, 1 = Low, 2 = High, 3 = Very High
df ['PriceCategory'] = pd.gcut (

df [ '"MedHouseVal'],

a=4,

labels=[0, 1, 2, 3]

>
Il
0.
sy
0.
-
O
T

PriceCategory'], axis=1)

nto training and testing sets
X train, X tes ~train, y test = train test split(
X, y, test size=0.2, random state=42
)
# Random Forest Classifier with pruning
rf = RandomForestClassifier (
n estimators=100,

max depth=10,

min samples split=10,
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min samples leaf=5,

random_ state=42
)
# Train the model
rf.fit (X train, y train)
# Predict on test data
y pred = rf.predict (X test)
# Confusion Matrix
cm = confusion matrix(y test, y pred)
print ("Confusion Matrix:\n", cm)
# Accuracy
accuracy = accuracy_ score pred)

print ("Accuracy:",

# Visualize Confu
sns.heatmap ann fmt='d', cmap='Blues')
plt.xlabel ('Pr ")

plt.ylabel ("Actua

plt.title('Confusion Matrix with 4 Price Categories')

plt.show ()

OUTPUT

Confusion Matrix:

[[860 149 20 9]

[184 638 197 20]

[ 44 166 678 144]

[ 13 33 195 7781]
Accuracy: 0.7156007751937985
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Confusion Matrix with 4 Price Categories
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Fig. 1.3.2 Confusion matrix with price

1.3.3 Lab Practice Questions

1. Develop a Random Forest classifier using suitable pruning parameters and
generate the gonfusion matrix to.€valuate the classification performance.

2. Apply Randem Forest classification on the California Housing dataset by
changing the maximum depth of trees and observing the variation in accuracy.

3. Build a machine learning model using Random Forest with pruning
techniques and interpret the results using appropriate classification metrics.

4. Load the California Housing dataset and display the number of features and

target variables used for Random Forest classification.
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EXPERIMENT 4

Linear Discriminant Analysis (LDA) on Wine Dataset

Objectives

By the end of this lab, students will be able to:
¢ To understand the concept of Linear Discriminant Analysis (LDA).
¢ To apply LDA on a multiclass dataset.

¢ To evaluate the classification performance using metrics such as accuracy
and confusion matrix.

¢ To visualize the data in reduced dimensions.

1.4.1 Theory

1.4.1.1 Linear Discriminant Analysis

Linear Discriminant Analysis (LDA)isas ity reduction technique

that 1s used for:

¢ Classification and feature

¢ Finding linear combi es that best separate classes.
Key points:
of features.
s variance and minimizes within-class variance.
¢ LDA can be used r dimensionality reduction and classification.
Applications:

¢ Medical diagnosis (disease classification)

¢ Face recognition

¢ Pattern recognition

1.4.1.2 Working Principle of LDA

Linear Discriminant Analysis works by projecting high-dimensional data onto a lower-
dimensional space in such a way that class separability is maximized.
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It computes:

¢ Within-class scatter : how far samples of the same class are spread.
¢ Between-class scatter : how far different class means are separated.

LDA finds projection axes that maximize the ratio of between-class variance to within-
class variance, ensuring better discrimination between classes.

1.4.1.3 Number of LDA Components

The maximum number of components produced by LDA is given by:

Number of components=C—1\text{Number of components} = C - INumber of
components=C—1

Where C is the number of classes.
For the Wine dataset:

¢ Number of classes = 3

¢ Maximum LDA components = 2
1.4.1.4 Algorithm

¢ Load the Wine dataset.

¢ Split the dataset into fea

¢ Evaluate perform ing confusion matrix and accuracy.

¢ Visualize the first two LDA components (optional).

1.4.1.5 Software / Hardware Requirements

¢ Software: Python 3.x, Jupyter Notebook / Google Colab
¢ Libraries: numpy, pandas, scikit-learn, matplotlib, seaborn

¢ Hardware: Minimum 4GB RAM, any OS (Windows/Linux/Mac)

1.4.2 Implementation

1. Write a Python program to apply Linear Discriminant Analysis (LDA) on the
Wine dataset and analyze its classification performance.

AAAAAAAAAAAAAA
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# Import required libraries

import numpy as np

import matplotlib.pyplot as plt

from sklearn.datasets import load wine

from sklearn.model selection import train test split
from sklearn.discriminant analysis import

LinearDiscriminantAnalysis

from sklearn.metrics import confusion matrix, accuracy
score

import seaborn as sns

# Load Wine dataset

wine = load wine()
X = wine.data eat
y = wine.target # Target classes

# Split dat ng and testing sets

X train, X\ ain, y test = train test split(

X, y, test /si 0.2, random state=42

# Create LDA classifier

lda = LinearDiscriminantAnalysis ()
# Train the model

lda.fit (X _train, y train)

# Predict on test data

y pred = lda.predict (X test)
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# Generate Confusion Matrix

cm = confusion matrix(y test, y pred)
print ("Confusion Matrix:\n", cm)

# Calculate Accuracy

accuracy = accuracy score(y test, y pred)
print ("Accuracy:", accuracy)

# Visualize LDA transformed features (first
components)

X lda = lda.transform(X)
plt.figure (figsize=(8,6))
for class value in np.uniqu

plt.scatter (

X ldaly =
X ldaly = e, 11,
lab ne. ames [class value]
)
plt.xlabel ("LD onent 1")

plt.ylabel ("LDA Component 2")
plt.title ("LDA Classification - Wine Dataset")
plt.legend()

plt.show ()

two
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OUTPUT

Confusion Matrix:

Accuracy: 1.0

DA, Clzssification - Wine Datasst

LA Component 2

# dass D
8 dass_ 1
# class 2

ormponent 1

4.1 LDA classification

2. Write a Python progr: ot the LDA-transformed Wine dataset and interpret
the class distribution.

import matplotlib.pyplot as plt

import numpy as np

X lda = lda.transform(X)

for class value in np.unique(y) :
plt.scatter (

X ldaly == class value, 0],

X ldaly == class value, 1],
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label=wine.target names[class value]

plt.
plt.
plt.
plt.

plt.

)

xlabel ("LDA Component 1")

ylabel ("LDA Component 2")

title ("LDA Visualization of Wine Dataset")
legend ()

show ()

OUTPUT

LD& Component 2

LD& Visualization of Win taset

LOA Component 1

Fig. 1.4.2 LDA classification of wine dataset

3. Load the Wine dataset and display the number of features and target classes used

for classification.

# Import required library

from sklearn.datasets import load wine
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# Load Wine dataset

wine = load wine ()

# Number of features

num features = wine.data.shape[l]

# Number of target classes

num classes = len(set (wine.target))
# Display results

print ("Number of features:", num features)

print ("Number of target classes:", asses)

print ("Target class names:", win

OUTPUT

Number of features: 13

Number of target c

Target class names ' 'class 1' 'class 2']

nalysis on the Wine dataset with different train—
). Compare the classification accuracy obtained
effect of training data size on model performance

4. Apply Linear
test split ratios
in both cases and analyze

# Import required libraries

from sklearn.datasets import load wine

from sklearn.model selection import train test split
from sklearn.discriminant analysis import
LinearDiscriminantAnalysis

from sklearn.metrics import accuracy score

# Load Wine dataset

wine = load wine()
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X train 20,
test split(

X, Yy

)

lda 20 =

lda 20.fit (X

y pred 20 =

accuracy 20

print ("LDA Accuracy with 20%

test size=0.2,

wine.data

wine.target

- LDA with 20% Test Data

X test 20, y train 20, y test 20 = train_

random state=42

LinearDiscriminantAnalysis ()

train 20, y train 20)
lda 20.predict (X test 20)

= accuracy score(y tes 0, vy ed 20)

ta:", accuracy 20)

# - LDA with 30%\ Test Data ---—-——————-
X train 30, X test ;Y in 30, y test 30 = train_
test split(
X, y, te 3, dom state=42
)
lda 30 = LinearDi iminantAnalysis ()

1da 30.fit (X_

y pred 30 =

accuracy 30

train 30, y train 30)
lda 30.predict (X test 30)

= accuracy_ score(y test 30, y pred 30)

print ("LDA Accuracy with 30% test data:", accuracy 30)
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OUTPUT

LDA Accuracy with 20% test data: 0.97

LDA Accuracy with 30% test data: 0.94

1.4.3 WLab Practice Questions

1. Implement Linear Discriminant Analysis (LDA) on the Wine dataset and
evaluate the classification performance using accuracy and confusion matrix.
Analyze the correctness of the predictions.

2. Apply Linear Discriminant Analysis on the Wine dataset without splitting it
into training and testing sets. Compare the obtained accuracy with the train—
test split approach and explain the impact of overfitting.

e classification
performance.

4. sis and Logistic
Regression classifiers on the Wi g accuracy and confusion
matrix. Interpret the results and id -performing model

5.
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Experiment 5
Linear Discriminant Analysis (LDA) on Wine Dataset

Objectives

By the end of this lab, students will be able to:

¢ Understand the basic concept of Support Vector Machine (SVM) for
classification.

¢ Implement SVM on the Iris dataset using different kernel functions.
¢ Compare the classification accuracy of Linear and RBF kernels.
¢ Analyze how kernel choice affects model performance.

¢ Interpret the results to identify the most suitable kernel'for the dataset.

1.5.1 Theory

1.5.1.1 Support Vector Machine (SYM)

Support Vector Machine (SVM) is a powerful supervised machine learning algorithm
mainly used for classification tasks. Tt works byfinding the best boundary that separates
data points of different classes. This boundary is called a hyperplane. The objective
of SVM is to choose a hyperplane that maximizes the distance (margin) between the
classes, which helps the model perform better on new and unseen data.

1.5.1.2 Conceptéof Hyperplane'and Margin

A hyperplane is a decision boundary that separates data into different classes.
¢ Intwo dimensions, it1s a straight line.
¢ In higher dimensions, it becomes a plane or a higher-dimensional surface.

The margin is the distance between the hyperplane and the nearest data points from each
class. These nearest points are called support vectors. SVM selects the hyperplane with
the largest margin because it provides better generalization and reduces classification
errors.

1.5.1.3 Role of Kernel Functions

Sometimes, data cannot be separated using a straight line. In such cases, SVM uses
kernel functions to transform the data into a higher-dimensional space where it becomes
easier to separate the classes. Kernels allow SVM to create flexible decision boundaries
without explicitly performing complex transformations.
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Common Kernels

¢ Linear Kernel: Used when data is linearly separable. It produces a straight
decision boundary and is simple and computationally efficient.

¢ RBF (Radial Basis Function) Kernel: The most widely used kernel for non-
linear data. It creates curved decision boundaries and can capture complex
relationships between features.

¢ Polynomial Kernel: Models relationships where interactions between
features are important. It generates polynomial decision boundaries.

1.5.1.4 Iris Dataset for Classification

The Iris dataset is a standard dataset in machine learning used for classification tasks. It
contains measurements such as sepal length, sepal width, petal length, and petal width
for three species of iris flowers: Setosa, Versicolor, and Virginica. Because the dataset
is well-structured and relatively easy to separate, it is ideal forunderstanding how SVM
works with different kernels.

1.5.1.5 Performance Evaluation

After training the SVM model, its performance “ishevaluated using classification
accuracy, which measures how many predictions are ‘correct compared to the actual
labels. By comparing the accuracy of different kernels, we can determine which kernel
is most suitable for the dataset.

1.5.2 Implementation

1. Implement an SVMelassifierusing thedris dataset and compare the classification
accuracy of Linéar and RBF kernels. Tdentify which kernel performs better.

from sklearn import /datasets

from sklearn.med@l selection import train test split
from sklearn.svm import SVC

from sklearn.metrics import accuracy score

# Load dataset

iris = datasets.load iris()
X = iris.data
y = iris.target

# Split data
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X train, X test, y train, y test = train test split(

X, y, test size=0.2, random state=42
)
# Linear Kernel
model linear = SVC(kernel='linear')
model linear.fit (X train, y train)
pred linear = model linear.predict (X test)
# RBF Kernel
model rbf = SVC(kernel='rbf')
model rbf.fit(X train, y train)
pred rbf = model rbf.predict (Xgtest
# Accuracy

print ("Linear Kernel _Accura accuracy score(y_
test, pred linear))

print ("RBF Kernel ccuracys", accuracy score(y test,
pred rbf))

OUTPUT

Linear Kernel C cy: 1.0

RBF Kernel Accuracy: 1.0

1.5.3 Lab Practice Questions

1. Train an SVM model on the Iris dataset using a linear kernel and find its
classification accuracy.

2. Train an SVM model on the Iris dataset using an RBF kernel and compare
the accuracy with the linear kernel.

3. Apply a polynomial kernel SVM on the Iris dataset and observe the
classification results.
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EXPERIMENT 6
Logistic Regression With Titanic Dataset
Objectives

By the end of this lab, students will be able to:
¢ To apply logistic regression to predict survival in the Titanic dataset.
¢ To clean and prepare the Titanic data before building the model.
¢ To train the logistic regression model using selected features.

¢ To check how well the model performs using accuracy and confusion matrix.

¢ To identify which factors helped predict survival in the dataset.

1.6.1 Theory

Logistic regression is a supervised machine learninghalgorithm used for predicting
categorical outcomes, especially binary classesssuch as‘yes/no or/survive/not survive.
In this experiment, the Titanic dataset is used as a real-world example to understand
how logistic regression works. The dataset contains information about passengers such
as age, gender, ticket class, and survival status. By applying logistic regression, we
can build a model that learns patterns,from the data afid predicts whether a passenger
would have survived the Titanic disaster, This'experiment helps us understand data
preprocessing, model training, and performance evaluation using basic metrics like
accuracy and confusion matriX.

1.6.1.1 Introduction to LogisticiRegression

Logistic Regressionisione of the most commonly used machine learning techniques for
predictive modeling, especially when the output variable is categorical. Unlike linear
regression, which predictsi€ontinuous values, logistic regression is used when the goal
is to classify data into categories such as 0 or 1, yes or no, or survived or not survived.
It works by estimating the probability that a given input belongs to a particular class
based on its features. The model uses the logistic (sigmoid) function to convert linear
combinations of input variables into probability values between 0 and 1, making it
suitable for classification tasks.

Binary Classification Concept

Binary classification refers to the task of predicting which of two possible classes a
given observation belongs to. In logistic regression, the predicted output is a probability,
and based on a threshold (commonly 0.5), the probability is converted into a class label.
For example, if a model predicts a 0.85 probability of survival, it would classify that
passenger as “survived”. Binary classification helps simplify decision-making and is
commonly applied in spam detection, fraud detection, sentiment analysis, and survival
prediction.

O
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Titanic Dataset Overview

The Titanic dataset is a popular real-world dataset used in machine learning for learning
classification techniques. It contains information about the passengers who were on board
the RMS Titanic during its tragic sinking in 1912. The dataset includes details such as
passenger class (1st, 2nd, 3rd), gender, age, fare paid, cabin and ticket information, and
whether the passenger survived. This dataset is widely used for educational purposes
because it clearly shows how different factors contributed to survival chances, making
it ideal for understanding classification models.

Why Logistic Regression is suitable for this dataset?

The Titanic dataset is well-suited to logistic regression because the prediction target
whether a passenger survived, is a binary outcome (0 = Not Survived, 1 = Survived).
Logistic regression is specifically designed to handle such two-class classification
problems. Additionally, the dataset contains several independent variables like age,
sex, passenger class, and fare, which can help the model learn patterns and estimate
survival probability. Logistic regression also offers a clear interpretation of feature
effects through its coefficients, making it useful for understandingwhich characteristics
had the greatest influence on survival.

1.6.1.2 Requirements

To implement and evaluate the Logistic Regression model using the Titanic dataset, the
following software, hardware, and dataset resources are required:

1. Software / Tools

¢ Python Programming Language: Used for writing and executing machine
learning code.

¢ Jupyter Notebook /1Geogle Colab: Interactive environment for running
Python programs, visualizing data, and documenting steps.

¢ Python Libraries

* Pandas: For loading and preprocessing the dataset (data cleaning,
handling missing values, data manipulation).

*  NumPy: For numerical computation and array operations.

» scikit-learn (sklearn): Machine learning library used to implement
logistic regression, split data, and evaluate model performance.

* matplotlib / seaborn (optional): For visualizing the dataset and
results, such as graphs and confusion matrices.

2. Hardware Requirements

¢ Computer / Laptop with basic processing capability.
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¢ Minimum Configuration
* Processor: Dual-core CPU or higher.

e RAM: Minimum 4 GB (8 GB recommended for smooth data
processing).

» Storage: At least 1 GB of free disk space.

(Cloud platforms like Google Colab remove most hardware limitations by running code
online.)

3. Dataset Required: Titanic Dataset (train.csv / Titanic Survival Data).

¢ This dataset contains information of Titanic passengers including age,
gender, passenger class, fare, and survival status.

¢ The dataset can be downloaded from open sources such as Kaggle or
available in pre-loaded machine learning practice sets:

1.6.1.3 Algorithm / Methodology

The implementation of Logistic Regression on_the Titaniéidataset follows a systematic
methodology. The steps include loading thefdataset, preprocessing the data to remove
errors or missing values, selecting importafit features, training the model, and evaluating
its performance.

1. Data Loading
¢ Import required Python librarigs such as pandas, NumPy, and scikit-learn.
¢ Load the Titaniedataset(€:g., traindesv) into a pandas DataFrame (Fig 1.6.1).

¢ View the dataset usifig commands like .head() and .info() to understand its
structure and available features.

Data Collection & Processing J

[2) 18 load the data from csv file to Pandas Dataframe
2 titanic_data = pd.read_csv('/eontent/train.csv')

Q 17 printing the first 5 rows of the datafrane
1 titanic_data,head()

C PagsengerId Survived Pelass Name  Sex Age SibSp Parch Ticket  Fare Cabin Embarked
0 1 0 3 Braund, Mr. Owon Harris ~ malo 22.0 1 |ktl NS0T 72600 NaN §
1 2 1 1 Cumings, Mrs. John Bradiay (Florance Briggs Th... famala 38.0 1 0 PC17569 712833  C8S C
2 3 1 3 Heikkinan, Miss. Laina fomala  26.0 0 0 STON/OZ 3101282 7.9250  NaN $
3 4 1 1 Futrelle, Mrs. Jacquas Heath (Lily May Peel) fomalo 35.0 1 0 113803 53.1000 C123 S
4 5 0 3 Allan, Mr. Wiliam Hanry — male  35.0 0 0 73450 8.0500  NaN $

Fig. 1.6.1 Load the titanic dataset
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2. Data Cleaning (Handling Missing Values)
¢ Check for missing or null values using .isnull().sum().
¢ Fill missing values using methods like:
* Mean or median (for numerical data, e.g., Age)
* Mode or most frequent value (for categorical data, e.g., Embarked)

¢ Removeunnecessary or empty columns if they do not contribute to prediction
(e.g., Cabin, Ticket).

3. Feature Selection and Encoding

¢ Select relevant features such as Pclass, Sex, Age, Fare, SibSp, Parch, and
Embarked (Fig 1.6.2).

¢ Convert categorical variables like gender (male/fem
into numeric format using encoding techniques (e.g.,
label encoding).

¢ Split the dataset into training data and

Dala Analysis

£ 15 gercing some statistical mea
2 rhitanie _data.doscribal)

C- Fassengerid
counl  B91.000000 899,
mban AA4E.000000

dge sibip Farch Fare
1.000000 S91.000000 891000000 E51.000000
0056110 0523008 QARG 3220408

s1d 257 13.002015 1102743 0QEDGOST  49.683429
milin 1. Q420000 0. OO0 0. OO0 O OO00
5% L2393, 22000000  Q.000000 Q000000 7910400
S0% 446 000000 | . o BE5114 0000000 000000 14454300
T53% BE8.500000 . 35.000000 1000000 Q.00000G 31000000

max 851 000000 1.000000 3000000  A0.000000 E.0O0000 E.000000 512 326300

Fig. 1.6.2 Select relevant features
4. Model Training

¢ Import Logistic Regression model from scikit-learn (from sklearn.linear
model import LogisticRegression).

¢ Create a model object and fit the training data using .fit(X_train, y train).

¢ The model learns the relationship between selected features and the target
variable (survival).
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S. Model Evaluation
¢ Predict survival outcomes on test data using .predict(X _test).
¢ Compare predictions with actual values using evaluation metrics such as:
* Accuracy score
* Confusion matrix
+ Classification report (precision, recall, F1-score)

¢ Analyze the results to determine how well the logistic regression model
performs for the given dataset.

1.6.1.4 Procedure

Before implementing the Logistic Regression model, itis important to follow a systematic
sequence of steps to ensure proper data handling, model training, and evaluation. The
procedure below explains each step clearly, allowing students to practically perform the
experiment using Python and the Titanic dataset.

Step-by-Step Execution Instructions

1. Open the development environment: Launch Jupyter Notebook, Google
Colab, or any Python IDE for writing and executing code.

2. Import necessary libraries: Load requiredPython libraries such as pandas,
NumPy, scikit-learn, and matplotliby(optional for visualization).

3. Load the Titanic dataset: Read the dataset (CSV file) using pandas.read
csv() and view its structureusingthead() and info() functions.

4. Inspect and clean the data: Identify missing values using .isnull().sum()
and handle them by filling (mean/median/mode) or removing unnecessary
records. Drop irrelevant columns such as Cabin, Ticket, or Name if required.

5. Encode categorical variables: Convert non-numeric data like Sex (male/
female) and Embarked into numeric format using encoding methods (e.g.,
label encoding or one-hot encoding).

6. Select features and target variable: Choose the independent variables
(e.g., Age, Sex, Pclass, Fare) as feature set X, and the dependent variable
Survived as'y.

7. Split the data: Divide the dataset into training and testing sets using train_
test_split() to evaluate how the model performs on unseen data.

8. Create and train the Logistic Regression model: Initialize the model
using scikit-learn's LogisticRegression() and apply fit() on the training data.

O
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9. Make predictions: Use the trained model to predict passenger survival on
the test dataset using predict().

10. Evaluate model performance: Measure accuracy, generate a confusion
matrix, and view the classification report to analyze how well the model
works.

11. Display and interpret results: Present the output values (Fig 1.6.3) and
explain the model's effectiveness based on accuracy and classification
metrics.

+ Coile  + Test

n 10 mukisg & cosnt plot For “Pelass™ columa
& snsCoswtplot( Folass’ , dataetitadc_dava)

[ Fete Flecald] S prathond. 79dd ot pa kagesdseaborn) decorators.ovidd: Futuwelaralng: Pass the f3llowming varlable as & keyword arg: x.
Futureidarnieg
il pliot § B g _subgrlol s AnesSubplon ot @ icSF Tofdds

€0
® Xa
B
: .
L] .
1 H 3
Frlaza
Fig. 1.6 format
1.6.1.5 Evaluation Metri¢s
After training and testi i ssion model, it is important to evaluate how

measure the correctness and reliability of the
the Titanic dataset.

well it performs.
predictions made

nts the percentage of correct predictions out of the
tells us how well the model is performing overall.

1. Accuracy: Accuracy re
total predictions ma

True Positive + True Negative
Total Predictions

Accuracy =

Example: If 80 out of 100 predictions are correct, accuracy = 80%.

2. Precision, Recall, F1-Score (Optional): These metrics provide a deeper
understanding of performance, especially in binary classification.

¢ Precision: Out of all passengers the model predicted as survived, how many
actually survived?

@ SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab o
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True Positive

Precision = — —
True Positive + False Positive

¢ Recall (Sensitivity): Out of all actual survivors, how many did the model
correctly identify?

True Positive
Recall =

True Positive + False Negative

¢ F1-Score: Harmonic mean of Precision and Recall; useful when data is
imbalanced.

2 X (Precision X Recall)

F1-8 = —
core Precision + Recall

These metrics help us understand not only how many,predictions Were correct, but also
how well the model identifies survival vs. non-survivalicases.

3. Interpretation of Confusion Matrixs’ A confusion ‘mafrix is a table that

compares actual labels with predicted labels. It contains four key values as
shown in table 1.6.1.

Table 1.64 Key values of confusion matrix

Term Meaning

TP (True Positive)anCorrectly predicted survivors

TN (True Negative) Correctly predicted non-survivors

FP (False Positive)® Predicted survivor, but actually did not survive

FN (False Negative) Predicted non-survivor, but passenger actually survived

A good model should have,
¢ High TP+ TN
¢ Low FP+FN

By analyzing the confusion matrix, we can understand which type of mistakes the
model is making and whether it predicts survivors or non-survivors more accurately.

1.6.1.6 Result

The Logistic Regression model was successfully implemented and evaluated using
the Titanic dataset. After training and testing the model, it achieved a satisfactory
performance, with an accuracy of approximately 78%—82% (this value may slightly vary
depending on the dataset split and preprocessing steps used). Based on the confusion

O
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matrix and classification metrics, the model was able to correctly predict most survival
outcomes. Therefore, Logistic Regression can be considered an effective method for
binary classification problems such as predicting passenger survival on the Titanic.

1.6.2 Implementation

Implement and evaluate logistic regression with titanic dataset.

Source Code
# Import Libraries
import pandas as pd

import numpy as np

from sklearn.model selection import train_test split

from sklearn.metrics import accuracy s€o x, classification

report

# Load Dataset

data = pd.read_csv("titanic.csv")
print(data.head()

# Data Cleanin
data['Age'].fillna(data ].median(), inplace=True)
data['Embarked'].fillna(data['Embarked'].mode()[0], inplace=True)
data.drop(['Cabin', 'Ticket', 'Name'], axis=1, inplace=True)

# Encoding Categorical Data

data['Sex'] = data['Sex'].map({'male":0, 'female":1})

data = pd.get dummies(data, columns=['Embarked'], drop_first=True)

# Feature and Target Selection

AAAAAAAAAAAAAA
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X = data.drop('Survived', axis=1)
y = data['Survived']
# Train-Test Split

X train, X test, y train, y test = train_test split(X, y, test size=0.2, random
state=42)

# Model Training

model = LogisticRegression(max_iter=200)

model.fit(X train, y train)

# Prediction

y_pred = model.predict(X test)

# Evaluation

print("Accuracy:", accuracy score(y_test, y pred))
print("\nConfusion Matrix:\n", eenfusion_matrix(y{ test, y pred))

print("\nClassification Report:\n", classification report(y test, y pred))

OUTPUT

After executing the programgthe following results were obtained. The below screenshot
(Fig 1.6.4) shows the,sample output include the confusion matrix result,

Accuracy:

Confusion Matrix:

Classification Report:

precision recall fi1-score support

accuracy
macro avg

weighted avg

Fig. 1.6.4 Confusion matrix result
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1.6.3 Lab Practice Questions

1. Modify the Logistic Regression model by changing the train—test split ratio
and observe how it affects the accuracy of the Titanic survival prediction.

2. Identify the most important features influencing survival in the Titanic
dataset and explain their impact on the model’s predictions.

SREENARAYANAGURU.
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EXPERIMENT 7

Create a prediction model for cancer using logistic
regression - Use Breast Cancer Wisconsin dataset

Objectives

By the end of this lab, students will be able to:

¢ To understand the logistic regression algorithm and when it is appropriate
to use.

¢ To learn data loading, preprocessing, feature scaling, and train/test splitting.

¢ To build, train, and evaluate a logistic regression model for binary
classification.

¢ To compute and interpret evaluation metrics: accurac nfusion matrix,

precision, recall, F1-score, and ROC-AUC.

¢ To practice model selection / regulari tation of model

coefficients.

1.7.1 Theory

1.7.1.1 Introduction to i res

algorithm used for binary classification.
It models the probabi at a ngs to the positive class using the logistic
(sigmoid) function@pplied ombination of features. Output is interpreted as
probability; a thre monly 0.5) maps probability to class labels.

Logistic Regression is a sup

Key points:
¢ Outputs probabilities in (0,1).
¢ Loss function: log-loss / cross-entropy.
¢ Can include L1/L2 regularization to avoid overfitting.

¢ Coefficients indicate direction and relative influence of features (after
scaling).

1.7.1.2 Breast Cancer Wisconsin Dataset

¢ Astandard benchmark dataset for binary classification (malignant vs benign).

¢ Features: real-valued measurements of cell nuclei from digitized images
(e.g., radius, texture, perimeter, area, smoothness).
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¢ Labels: malignant (often encoded as 0/1 or 1/0 depending on loader).

¢ Available via sklearn.datasets.load_breast cancer().

1.7.1.3 Typical ML pipeline for this experiment

1. Load dataset (features X, labels y).
2. Exploratory Data Analysis: class balance, feature overview.

3. Preprocessing: handle missing values (dataset has none), scale features
(StandardScaler).

4. Split data into training and test sets (e.g., 70/30 or 80/20).

5. Train logistic regression (with solver choice, regularization).

6. Evaluate on a test set with accuracy, confusion matri
score, ROC curve, and AUC.

ecision, recall, F1-

7. Optionally tune regularization C using cross-v

1.7.2 Implementation

# Logistic Regression on Breast Cance
# Requirements: scikit-learn; pandas,
import numpy as np
import pandas a:
from sklearn.da port load breast cancer
from sklearn.model s import train_test_split, GridSearchCV
from sklearn.preprocessing import StandardScaler
from sklearn.linear model import LogisticRegression
from sklearn.metrics import (accuracy score, confusion_matrix, precision_score,
recall score, fl _score, roc_auc_score,
roc_curve, classification_report)

import matplotlib.pyplot as plt

AAAAAAAAAAAAAA
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# Load data

data = load_breast cancer()

X = pd.DataFrame(data.data, columns=data.feature names)

y = pd.Series(data.target) # 0 =malignant, 1 = benign (note: check loader docs)
# Quick EDA

print("Shape:", X.shape)

print("Class distribution:\n", y.value counts())
# Train-test split

X train, X test, y train, y test = train_test split(

X, y, test_size=0.25, random_state=42, strati )

# Feature scaling

scaler = StandardScaler()

X train_s = scaler.fit_transf _tra

X test_s = scaler.transfo
# Train logistic t L2 regularization

clf = Logist
works well fo

ax_iter=10000, solver="liblinear') # 'liblinear'

clffit(X train s,y
# Predictions

y_pred = clf.predict(X test s)

y_proba = clf.predict proba(X test s)[:, 1] # probability for positive class
# Evaluation metrics

acc = accuracy_score(y_test, y pred)

prec = precision_score(y_test, y _pred)

rec =recall score(y_test, y pred)
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f1 =f1 score(y_test, y pred)

auc =roc_auc_score(y_test, y_proba)

cm = confusion_matrix(y_test, y pred)

print("\nAccuracy: {:.4f}".format(acc))

print("Precision: {:.4f}".format(prec))

print("Recall: {:.4f}".format(rec))

print("F1-score: {:.4f}".format(f1))

print("ROC AUC: {:.4f}".format(auc))

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

print("\nClassification Report:\n", classification report(y test,y pred))

# ROC curve
fpr, tpr, thresholds = roc_curve(y_test, y _proba)
plt.figure()

plt.plot(fpr, tpr, label=f'ROC curv = {auc:.3f})")

plt.title('ROC Curve - Logistic Regression')

plt.legend(loc='lower right')

plt.show()

# Optional: Hyperparameter tuning for regularization strength

param_grid = {'C": [0.01, 0.1, 1, 10, 100]}

gs = GridSearchCV(LogisticRegression(solver="liblinear', max_iter=10000),
param_grid, cv=5, scoring="roc_auc')

gs.fit(X train_ s,y train)
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print("Best C:", gs.best params_)

best clf = gs.best estimator

y_pred best = best clf.predict(X test s)

print("Tuned ROC AUC:", roc auc score(y_test, best clf.predict proba(X
test s)[:,1]))

OUTPUT

¢ Dataset shape, number of features (30), and class distribution.
¢ Train/test split sizes (e.g., train 426, test 143 for 75/25 split).

¢ Printed evaluation metrics (accuracy, precision,
Example format:

1, F1, ROC AUC).

Accuracy: 0.96
Precision: 0.97
Recall: 0.95
F1-score: 0.96
ROC AUC: 0.
Confusion Ma
[[TNFP]

[F

¢ ROC curve plott area under curve ~ high (e.g., 0.98-0.99 depending
on split).

¢ Best regularization parameter C found by GridSearch (if tuning done) and
improved/worse metrics accordingly.

¢ Short discussion interpreting confusion matrix:

» False Negatives (FN) are the most critical in cancer detection ,
discussing trade-offs (choose threshold to reduce FN at cost of FP if
clinically required).

1.7.3 Lab Practice Questions

1. Write a Python program to load the Breast Cancer Wisconsin dataset, train
a logistic regression model, and report accuracy, precision, recall, F1-score,
and ROC-AUC.
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Plot the ROC curve and compute AUC for your model. Interpret the results.

. Perform hyperparameter tuning for Logistic Regression regularization

parameter C using 5-fold cross-validation and report the best C.

Identify the top 5 features (by absolute coefficient) contributing to the
prediction and explain their meaning.

Change the decision threshold from 0.5 to 0.3 and report how precision and
recall change. Discuss which threshold is preferable for cancer screening

and why.

Compare logistic regression performance with a simple Decision Tree
classifier (report metrics and give a short interpretation).

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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EXPERIMENT 8

Implement and evaluate the Linear Discriminant
Analysis (LDA) algorithm on the Wine dataset

Objectives

By the end of this lab, students will be able to:
¢ Familiarize the concept of Linear Discriminant Analysis (LDA).
¢ Understand how LDA reduces dimensions while keeping class information.

¢ Implement LDA on the Wine dataset using Python.

1.8.1 Theory

1.8.1.1 Introduction to Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a supervised.dimensionality reduction technique
used to separate multiple classes in a dataset. Unlike, PCA,"which focuses only on
variance, LDA considers the class labels and tries to'project the data onto a lower-
dimensional space where the classes are best separated.

LDA works by calculating two important measures:
1. Between-class scatter: how far the class means are from each other.

2. Within-class$eatter: howsspread out the samples are within each class.
LDA finds a projection that maximizes the ratio:

Between-class variance

Within-class variance

This means LDA tries to pull classes far apart while keeping each class tight and
compact. If a dataset has k classes, LDA can produce at most k — 1 new components.
Since the Wine dataset has 3 classes, LDA reduces it to 2 components.

Before applying LDA, the features are standardized using StandardScaler because
LDA works with linear combinations of features. Standardization ensures all features
contribute equally.

After reducing the dimensions, a machine learning classifier (like Logistic Regression)
can be trained on the transformed data. LDA often improves class separation and can
lead to better classification accuracy. Finally, the new LDA components can be plotted
to visually observe how well the classes are separated.
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This theory helps students understand why each step in the program—Iloading data,
standardizing, applying LDA, training a classifier, and plotting—is necessary.

1. Importing Libraries

In machine learning programs, we import pre-built modules to perform tasks like
loading data, scaling, training models, and plotting graphs.

Example concepts:
import matplotlib.pyplot as plt — for plotting graphs
from sklearn.datasets import load wine — for loading datasets

from sklearn.model selection import train_test split — for splitting data

Libraries save time by providing ready-made functions.
2. Loading a Dataset

Machine learning programs usually start by loading(data.
load wine() returns:

Features (X) — the inputs

Labels (y) — the class for each

Testing data — used to evaluate the model

test_size=0.3 — 30% test data, 70% training data
This is a basic practice in machine learning.

4. Standardization (Scaling)

Using:

StandardScaler()

¢ Scaling makes features comparable

¢ Models work better when data is normalized
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¢ Fit on training data, transform both training and test data

This prevents large-valued features from dominating.

5. Dimensionality Reduction

Concept:

LinearDiscriminantAnalysis(n_components=2)

LDA reduces many features to a smaller number (here, 13 — 2)
New features are combinations of original features

It improves class separation and visualization

6. Training a Machine Learning Model

LogisticRegression( )

¢ Fit — learning patterns

¢ Predict — making predictions on ng

These are fundamental machine-learning
7. Evaluating the Model

Using:

accuracy_score()

confusion_matrix
¢ Accuracy — how many predictions were correct
¢ Confusion matrix — class-wise performance

These are basic evaluation methods.

8. Plotting Results
Using:
plt.scatter()
plt.show()
Scatter plots visualize two-dimensional data
Color indicates different classes

Helps to see how well LDA separates classes

SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab
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1.8.2 Implementation

1.

This program only loads the dataset, applies LDA, and prints the transformed
values.

from sklearn.datasets import load wine

from sklearn.preprocessing import StandardScaler

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis

# Load dataset

data = load_wine()

X = data.data

y = data.target

# Standardize features
scaler = StandardScaler()

X scaled = scaler.fit_transform(X

# Apply LDA

lda = LinearDiscrimi

print("First 5 Tr. ed Samples:\n", X Ida[:5])

OUTPUT

LDA Transformed Shape: (178, 2)

First 5 Transformed Samples:
[[-4.70024401 1.97913835]
[-4.30195811 1.17041286]
[-3.42071952 1.42910139]

[-4.20575366 4.00287148]

[-1.50998168 0.4512239 1]
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2. Ashort and clear program that applies LDA and evaluates a simple classifier.

from sklearn.datasets import load wine

from sklearn.model selection import train_test split

from sklearn.preprocessing import StandardScaler

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.linear model import LogisticRegression

from sklearn.metrics import accuracy_score

# Load dataset

data = load_wine()

X = data.data

y = data.target

# Split dataset

X train, X test, y train, y test plit(X, vy, test size=0.3,

random_state=0)

# Standardize feature

scaler = Stan
X train =
X test = scaler.trans
# Apply LDA

lda = LinearDiscriminantAnalysis(n_components=2)
X train_lda = lda.fit transform(X train, y train)

X test lda = lda.transform(X _test)

# Train classifier

model = LogisticRegression()

model.fit(X train lda, y train)
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# Predict

y_pred = model.predict(X test lda)
# Accuracy

print("Accuracy:", accuracy score(y_test, y pred))

OUTPUT

Accuracy: 1.0

3. Write a program to implement Linear Discriminant Analysis (LDA) on the
Wine dataset.

from sklearn.datasets import load wine
from sklearn.model selection import train_test split

from sklearn.preprocessing import StandardScaler

from sklearn.discriminant_analysis imp

from sklearn.linear model import Logisti

from sklearn.metrics import@ccuracy core, sion_matrix
import matplotlib.pyplot as plt

# Load dataset

data = load_win

X = data.data

y = data.target

# Split into training and testing

X train, X test, y train, y test = train_test split(X, y, test size=0.3, random
state=42)

# Standardize

scaler = StandardScaler()

X_train = scaler.fit_transform(X train)
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X _test = scaler.transform(X _test)

# Apply LDA

lda = LinearDiscriminantAnalysis(n_components=2)
X train_lda = lda.fit_transform(X train, y train)

X test lda = lda.transform(X_test)

# Train classifier

model = LogisticRegression( )
model fit(X train lda, y_train)

# Predictions

y_pred = model.predict(X test lda)

# Evaluation

print("Accuracy:", accuracy score(y _t
print("Confusion Matrix:\n", ion_ X t,y_pred))

# Plot LDA components

train_lda[:,1], c=y_train, cmap='viridis')
plt.title("LDA Projection ine Dataset")
plt.xlabel("LD1")
plt.ylabel("LD2")

plt.show()
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1.83 Lab P estions

1. Perform LDA wi
change in accuracy.

ut standardizing the features. Observe and record the

2. Visualize the LDA components using different color maps and analyze class
separability.

3. Change the test size (e.g., 0.2, 0.4, 0.5). Evaluate how accuracy varies.

4. Print the explained variance ratio of LDA components. Interpret the result.
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EXPERIMENT 1
Hierarchical Clustering using IRIS Dataset
Objectives

By the end of this lab, students will be able to:

¢ To implement hierarchical clustering on the IRIS dataset

*

To apply Ward’s linkage method on real-world datasets

¢ To visualize clusters using dendrograms

¢ To analyze clustering results

2.1.1 Theory

2.1.1.1 Hierarchical clustering

o group data points
ing (such as K-means),
dendrogram, which represents

Hierarchical clustering is an unsupervised lea
into clusters based on similarity. Unlike p,
hierarchical clustering builds a tree-like st
nested groupings of data.

Hierarchical clustering can be

In this experiment, Agglomerative Hierarchical Clustering is applied to the IRIS dataset.

2.1.1.2 Algorithm

Load the IRIS dataset.

2

¢ Select relevant feature columns.

¢ Standardize the dataset (optional but recommended).
¢ Apply hierarchical clustering using linkage criteria.
¢ Plot the dendrogram.

¢ Form clusters and analyze the results.

AAAAAAAAAAAAAA
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2.1.1.3 Software / Hardware Requirements

¢ Software: Python 3.x, Jupyter Notebook / Google Colab
¢ Libraries: numpy, pandas, scikit-learn, scipy, matplotlib

¢ Hardware: Minimum 4GB RAM, Windows/Linux/Mac OS

2.1.2 Implementation

1. Implement Hierarchical Clustering on the IRIS dataset using Ward’s linkage
method and plot the dendrogram.

import matplotlib.pyplot as plt

from sklearn.datasets import load iris

rdScaler

from sklearn.preprocessing import Sta
from scipy.cluster.hierarchy import dendro m, linkage
# Load dataset

iris = load iris()

X = iris.data

# Standardize feat
scaler = Standard
X scaled = form (X)
# Hierarchi ring using Ward's method
linked = linka ~scaled, method='ward')
# Plot dendrogram

plt.figure (figsize= (10, 6))

dendrogram (linked)

plt.title("Hierarchical Clustering Dendrogram (IRIS
Dataset) ")

plt.xlabel ("Sample Index")

plt.ylabel ("Distance")

plt.show ()
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OUTPUT

Hierarchical Clustering Dendrogram (RIS Dataset)

22

load iris
from sklearn. port StandardScaler

from scipyiclus ierarchy import linkage, fcluster
# Load dataset

iris = load iris()

X = iris.data

# Standardize data

scaler = StandardScaler ()

X scaled = scaler.fit transform(X)

# Perform clustering

linked = linkage (X scaled, method='ward")
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# Create flat clusters

clusters = fcluster(linked, t=3, criterion='maxclust')

print ("Cluster labels:\n", clusters)

OUTPUT

Cluster labels:

[

i11111111111111111111111111
11111111111

1111211111111 33323232322323
2322223333

3333322223233 2272 322 232 23
3333323333

3333333323333 333333
33333333233

3 3]

Visualize the hierarchical
features of the IRIS datas

by plotting clusters using the first two

import mat s plt

from sklear import load iris
from sklearn.p ocessing import StandardScaler

from scipy.cluster.hierarchy import linkage, fcluster
# Load data

iris = load iris()

X = iris.data

# Standardize features

scaler = StandardScaler ()

X scaled = scaler.fit transform(X)
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# Hierarchical clustering

linked = linkage (X scaled, method='ward")
clusters = fcluster(linked, t=3, criterion='maxclust

# Plot clusters using first two features

")

plt.figure (figsize=(8, 6))
plt.scatter (X[:, 0], X[:, 1], c=clusters, cmap="'viridis')
plt.xlabel ("Sepal Length")
plt.ylabel ("Sepal Width")
plt.title("Hierarchical Clustering on S Dataset")
plt.show()
OUTPUT
Hierarchical Clustening on 18IS Dataset
4,5
(]
.
4.0 4
3.5 1
=
b=
x
g
& 3D
2.5
.
- 8
2.0 1 L
45 5.0 5.5 6.0 6.5 7.0 15 8.0
Sepal Length

Fig. 2.1.2 Hierarchical clustering
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4. Perform Hierarchical Clustering using different linkage methods (single,
complete, average) and compare their dendrograms.

import matplotlib.pyplot as plt
from sklearn.datasets import load _iris
from sklearn.preprocessing import StandardScaler
from scipy.cluster.hierarchy import dendrogram, linkage
# Load dataset
iris = load _iris()
X = iris.data
# Standardize data
scaler = StandardScaler()
X scaled = scaler.fit_transform(X)
methods = ['single', 'complete’, 'averag
plt.figure(figsize=(15, 10))
for 1, method in enumerate(metho
plt.subplot(2, 2,4
linked = link ethod=method)
dendrogram(linked)
plt.title(f" {method.capitalize()} Linkage")
plt.tight layout()

plt.show()
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2.1.2 Lab Practice Questions

1.

Perform hierarchical clustering on the IRIS dataset without standardization
and analyze the effect on clustering.

Compare the results of Hierarchical Clustering and K-means Clustering on
the IRIS dataset.

Analyze how changing the number of clusters affects the structure of flat
clusters.

Apply hierarchical clustering on a different real-world dataset and interpret
the results.

Identify situations where Hierarchical Clustering is preferred over K-means.
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EXPERIMENT 2

Implementation of BIRCH and DBSCAN Clustering
Algorithms Using a Publicly Available Dataset

Objectives

By the end of this lab, learners will be able to:
¢ Understand the concept of clustering in unsupervised learning
¢ Explain the working principles of BIRCH and DBSCAN algorithms

¢ Implement BIRCH and DBSCAN clustering using a publicly available
dataset

¢ Observe and interpret the clusters formed by each algorithm

2.2.1 Theory

In this experiment, clustering algorithms aredmplementedyusing a publicly available
dataset, namely the IRIS dataset, with the hélp of Pytheniand machine learning libraries.
Since clustering is an unsupervised learning technique, the class labels present in the
dataset are not used during the implementation. Only the numerical feature values are
considered for grouping the data.

The experiment involves loading the dataset, preprocessing the data, applying clustering
algorithms, and observing the ¢lusters formed.

2.2.1.1 Dataset Used — IRIS Dataset

The IRIS dataset iSused in this experiment for implementing clustering algorithms. It
consists of 150 data instances, €ach described by four numerical attributes:

¢ Sepal length
¢ Sepal width
¢ Petal length
¢ Petal width

Although the dataset contains class labels for three iris species, these labels are ignored
during clustering, as clustering does not require predefined categories. The dataset is
suitable for laboratory experiments because it is clean, balanced, and easy to understand.

In the implementation, the dataset is loaded directly using the Scikit-learn library, which
avoids the need for manual data downloading and simplifies laboratory execution.
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2.2.1.2 BIRCH Clustering

BIRCH (Balanced Iterative Reducing and Clustering using Hierarchies) is implemented
in this experiment using the Birch class available in the Scikit-learn library.

Initially, the dataset is loaded into the program and only the feature values are considered
for clustering. The data is then preprocessed using standardization, which scales the
features so that all attributes contribute equally to distance calculations.

The BIRCH algorithm works by incrementally building a Clustering Feature (CF) Tree
from the input data. Instead of storing all data points, the CF tree stores summarized
information such as the number of points and their statistical properties. This makes
BIRCH memory-efficient and suitable for large datasets.

In the implementation, the number of clusters is specified using then_clusters parameter.
After fitting the model to the dataset, each data point is assigned a cluster label. These
labels are printed and observed to understand how the data is grouped.

2.2.1.3 DBSCAN Clustering

DBSCAN (Density-Based Spatial Clustering of Applicatiens with Noise) is implemented
using the DBSCAN class from Scikit-learn.

After loading and preprocessing the dataset, DBSCAN groups data points based on
density rather than distance to cluster centers. Two important parameters are defined
during implementation:

¢ eps — the radius of the fieighborheod around a data point

¢ min_samples — the minimum number of points required to form a dense
region

The algorithm identifies cefé points, border points, and noise points based on these
parameters. Data points that do not belong to any dense region are marked as noise and
assigned a label -1.

During implementation, the fit_predict() method is used to assign cluster labels to each
data point. The output labels are examined to identify clusters and noise points formed
by DBSCAN.

Observation of Clustering Results

The cluster labels obtained from BIRCH and DBSCAN are analyzed to observe how
data points are grouped. In BIRCH, each data point is assigned to one of the predefined
clusters. In DBSCAN, some data points may not belong to any cluster and are identified
as noise.

By changing the parameter values such as the number of clusters in BIRCH and the eps
and min_samples values in DBSCAN, different clustering patterns can be observed.
This helps in understanding the working behavior of both clustering algorithms in a
practical environment.
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2.2.2 Implementation

Write a python program to implement BIRCH and DBSCAN clustering algorithms on
the RIS dataset. Standardize the dataset before clustering and visualize the clusters
formed by each algorithm using the first two features (sepal length and sepal width)

# Import required libraries

import matplotlib.pyplot as plt

from sklearn.datasets import load _iris

from sklearn.cluster import Birch, DBSCAN
from sklearn.preprocessing import StandardScaler
# Load IRIS dataset

iris = load _iris()

X = iris.data

# Standardize data

scaler = StandardScaler()

X scaled = scaler.fit_trans (X)

birch_labels = birch.fit_predict(X scaled)

# Apply DBSCAN clustering

dbscan = DBSCAN(eps=0.8, min_samples=5)
dbscan_labels = dbscan.fit predict(X scaled)

L Visualization using first two features --------
# BIRCH Cluster Visualization

plt.figure()

plt.scatter(X_scaled[:, 0], X scaled[:, 1], c=birch_labels)

plt.title("BIRCH Clustering on IRIS Dataset")
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SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab e



plt.xlabel("Feature 1")

plt.ylabel("Feature 2")

plt.show()

# DBSCAN Cluster Visualization

plt.figure()

plt.scatter(X_scaled[:, 0], X scaled[:, 1], c=dbscan_labels)
plt.title("DBSCAN Clustering on IRIS Dataset")
plt.xlabel("Feature 1")

plt.ylabel("Feature 2")

plt.show()
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Fig. 2.2.1 Output of BIRCH Clustering on IRIS Dataset
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Feature 2

DBSCAN Clustering on IRIS Dataset
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g on IRIS Dataset

. Apply BIRCH and DBSCAN ¢ g on the IRIS dataset and observe the

g another publicly available dataset such

¢ Breast Cance

¢ Seeds dataset

. Apply DBSCAN clustering on the same publicly available dataset and
observe cluster formation.

Compare the clustering results obtained using IRIS dataset and the selected
public dataset based on visual observation.

. Identify noise points produced by DBSCAN in the selected dataset, if any.

. Perform clustering using only two features from the selected dataset and
visualize the results.
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EXPERIMENT 3

Implementation of Gaussian Mixture Models (GMM)
for Clustering using the Wine Dataset

Objectives

By the end of this lab, students will be able to:
¢ To understand the concept of Gaussian Mixture Models
¢ To apply GMM for clustering a real-world dataset
¢ To analyze clustering results and compare them with actual class labels

¢ To visualize clusters formed by GMM

2.3.1 Theory

Gaussian Mixture Models are probabilistic clusteringhalgorithms that assume data
points are generated from a mixture of several'Gaussian distributions. Unlike k-means
clustering, GMM assigns probabilities to each data pointbelonging to each cluster. This
allows flexible cluster shapes and overlapping clusters.

Each Gaussian component is defined:by:
¢ Mean (p)
¢ Covariance matrix (X)
¢ Mixing coefficient (7)
GMM uses the Expeetation—Maximization (EM) algorithm:

¢ Expectation step (E-step): Estimates the probability of each point belonging
to each Gaussian component

¢ Maximization step (M-step): Updates parameters to maximize likelihood

The Wine dataset contains chemical analysis results of wines derived from three
different cultivars. It is commonly used for clustering and classification tasks.

2.3.1.1 Introduction to Gaussian Mixture Model

Gaussian Mixture Model (GMM) is a probabilistic clustering technique used to identify
hidden patterns in unlabeled data. It assumes that the data is generated from a mixture
of multiple Gaussian distributions with unknown parameters. Unlike hard clustering
methods, GMM assigns probabilities to each data point indicating its likelihood of
belonging to different clusters. This makes GMM suitable for datasets where clusters
may overlap. The model uses the Expectation—Maximization algorithm to iteratively
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estimate the parameters of the Gaussian distributions. GMM can capture complex
cluster shapes by considering covariance between features. It is particularly effective
for multivariate numerical datasets such as the Wine dataset. Using GMM helps in
understanding the natural grouping of data based on underlying statistical properties.
The probabilistic nature of the model provides better interpretability of clustering
results. Therefore, Gaussian Mixture Model is widely used in data analysis and pattern
recognition tasks.

2.3.1.2 Key Characteristics of GMM

¢ Performs soft clustering (probabilistic assignment).
¢ Can model clusters of different shapes and sizes.

¢ More flexible than K-Means.

¢ Suitable for overlapping clusters.

2.3.1.3 Limitations

¢ Computationally more expensive than K-Me
¢ Sensitive to initialization.
¢ May converge to local optima.

2.3.1.4 Applications

¢ Image segmentation

¢ Speech recogniti

¢ Anomaly
¢ Bioinformati

¢ Pattern recogniti
2.3.2 Requirements

To implement and evaluate the Gaussian Mixture Model using the Wine dataset, the
following software, hardware, and dataset resources are required:

1. Software / Tools

¢ Python Programming Language: Used for writing and executing machine
learning code.

¢ Jupyter Notebook / Google Colab: Interactive environment for running
Python programs, visualizing data, and documenting steps.
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¢ Python Libraries:

* Pandas: For loading and preprocessing the dataset (data cleaning,
handling missing values, data manipulation).

*  NumPy: For numerical computation and array operations.

» scikit-learn (sklearn): Machine learning library used to implement
logistic regression, split data, and evaluate model performance.

* matplotlib / seaborn (optional): For visualizing the dataset and
results, such as graphs and confusion matrices.

2. Hardware Requirements
¢ Computer / Laptop with basic processing capability.
¢ Minimum Configuration:
* Processor: Dual-core CPU or higher

* RAM: Minimum 4 GB (8 GB recommended for smooth data
processing)

* Storage: At least 1 GB of free disk space

(Cloud platforms like Google Colab remove most hardware limitations by running code
online.)

3. Dataset Required
Wine Dataset

This refers to the Wine_dataseét, which is a well-known machine learning dataset
commonly used for elassification problems.

Source: scikit-learn library

The dataset is built into the scikit-learn library, so you don’t need to download it
separately. It can be easily loaded using Python for experiments and learning.

Number of samples: 178
There are 178 data records in total. Each record represents one wine sample.
Number of features: 13
Each wine sample is described using 13 numerical features, such as:
¢ Alcohol content
¢ Malic acid

¢ Ash

@ SGOU - SLM - Data Science and Data Analytics - Machine Intelligence Lab



¢ Magnesium

¢ Color intensity

¢ Flavanoids
(These features represent chemical properties of the wine.)
Classes: 3 wine categories

The wines are classified into 3 different classes, which correspond to three different
types of wine. This makes it a multiclass classification problem.

Type: Multivariate numerical dataset
¢ Multivariate — More than one feature (13 features per sample)
¢ Numerical — All feature values are numbers (no text or categorical values)

The Wine dataset contains 178 wine samples, each described by 13 numerical chemical
properties, and each sample belongs to one of three wine classes. It is widely used to
test and demonstrate classification algorithms in ma€hine learning.

2.3.3 Procedure

Step 1: Import Required Libraries

Import necessary Python libraries sueh as:
¢ NumPy and Pandas for numerical and data operations.
¢ Matplotlib and Seaborn for visualization.

¢ Scikit-learngmodules for “dataset loading, preprocessing, clustering, and
dimensionality reduction:

Step 2: Load the Dataset
Load the Wine dataset using load wine() from scikit-learn.
¢ X contains the feature values (chemical properties of wine).
¢ y contains the true class labels (three different wine types).
Step 3: Data Standardization
Standardize the feature values using StandardScaler.
This step:
¢ Transforms data to have zero mean and unit variance.
¢ Ensures all features contribute equally to clustering.

¢ Prevents features with large scales from dominating the model.
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The standardized data is stored in X_scaled.

Step 4: Apply Gaussian Mixture Model (GMM)
Initialize the GMM model with:
¢ n_components = 3 (since the dataset contains three wine classes).
¢ random_state = 42 for reproducibility.
Fit the model on standardized data using fit predict():
¢ The model learns the Gaussian distributions.
¢ FEach data point is assigned to a cluster.
¢ Cluster labels are stored in gmm_labels.
Step S: Dimensionality Reduction using PCA

Since the Wine dataset has multiple features (13 feature isualization in high
dimensions is not possible.

Apply Principal Component Analysis (PCA):

¢ Reduce data to 2 principal compo

¢ Store transformed data in X pca.

¢ This enables 2D visuali fclus Its.
Step 6: Visualization

Create a figure with

¢ Plot PCA-tra
¢ Color points bas true labels (y).
¢ Title: Actual Wine Classes.
Right Plot —- GMM Clustered Data
¢ Plot PCA-transformed data.
¢ Color points based on GMM predicted labels (gmm_labels).
¢ Title: GMM Clustered Data.
Step 7: Interpretation
¢ Compare both plots visually.

¢ If cluster structure in the GMM plot closely resembles the actual class plot,
the clustering is effective.
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¢ Differences indicate mis-clustering or overlap between classes.

Workflow

1. Import libraries

2. Load dataset

3. Standardize features

4. Apply GMM clustering

5. Reduce dimensions using PCA

6. Visualize and compare results

2.3.4 Implementation

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

# Load dataset
wine = load wine()
X = wine.data

y = wine.target

# Standardize data

scaler = StandardScaler()

X scaled = scaler.fit_transform(X)
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# Apply GMM

gmm = GaussianMixture(n_components=3, random_state=42)
gmm_labels = gmm.fit predict(X scaled)

# Dimensionality reduction for visualization

pca = PCA(n_components=2)

X pca = pca.fit transform(X scaled)
# Visualization
plt.figure(figsize=(10,5))
plt.subplot(1,2,1)

plt.scatter(X_pca[:,0], X pca[:,1], c=y,

plt.title("Actual Wine Classes")
plt.xlabel("PCA Component 1")

plt.ylabel("PCA Component 2"

plt.subplot(1,2,2)

plt.scatter(X_pcal: _labels, cmap="'viridis', s=50)

plt.ylabel("PCA Component 2")
plt.tight layout()

plt.show()
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Fig. 2.3.1 Scatter Plots showing original wine class distr
Clusters formed by Gaussian Mixture Model (on

Scatter plots showing:
¢ Original wine class distribution
¢ Clusters formed by Gaussian Mix

Clusters may overlap due to prob

2.3.5 Result

ples into clusters based on probabilistic
ion using PCA showed that GMM clusters closely

1. Modify the number of Gaussian components in the Gaussian Mixture Model
(for example, 2, 3, and 4 components) and observe how this change affects
the clustering accuracy and overall cluster separation of the Wine dataset.

2. Identify the most influential features in separating the wine clusters by
analyzing the Gaussian means and variances of each component, and explain
how these features impact the clustering results produced by the model.
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EXPERIMENT 4
Implement k-means clustering using a titanic dataset

Objectives

By the end of this lab, students will be able to:
¢ To understand the concept of unsupervised learning and clustering.
¢ To study the K-Means clustering algorithm and its working principle.

¢ To perform data loading, preprocessing, and feature scaling for clustering
tasks.

¢ To implement K-Means clustering on the Titanic dataset.

¢ To evaluate clustering quality using the Silhouette Sc

¢ To analyze and interpret the formed cluster:

2.4.1 Theory

meaning.

2.4.1.1 Introduction to K-Means (

K-Means is an unsupervised g m used to group unlabeled data
into K distinct clusters based - Fhe algorithm assigns each data point to the
nearest cluster centroid such hin:cluster variance is minimized.

¢ Works on
¢ Distance-based (usually Euclidean distance)
¢ Requires predefined number of clusters (K)

¢ Sensitive to feature scaling and initial centroid selection

2.4.1.2 Titanic Dataset

The Titanic dataset contains information about passengers aboard the Titanic and is
widely used for machine learning experiments.

Important Attributes Used for Clustering:
Age — Passenger age
Fare — Ticket fare

Pclass — Passenger class

AAAAAAAAAAAAAA
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Sex — Encoded as numerical value

Since K-Means is unsupervised, the Survived column is not used during clustering but

may be used later for interpretation.

2.4.1.3 Typical Clustering Pipeline

1. Load dataset

2. Select relevant features

3. Handle missing values

4. Encode categorical variables

5. Feature scaling

6. Choose optimal K using Elbow Method
7. Apply K-Means clustering

8. [Evaluate clusters using Silhouette Sc

9. Interpret cluster characteristics

Algorithm (K-Means Clusterin

5. Repeat steps 3 and 4 until centroids converge.

2.4.2 Implementation

# K-Means Clustering on Titanic Dataset

import numpy as np
import pandas as pd

import matplotlib.pyplot as plt
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from sklearn.cluster import KMeans

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import silhouette score

# 1. Load dataset

data = pd.read_csv("titanic.csv")

# 2. Select relevant features

df = data[['Pclass', 'Sex', 'Age', 'Fare']]

# 3. Handle missing values

dff'Age'] fillna(df['Age'].median(), inplace=True)

# 4. Encode categorical variable

df['Sex'] = df['Sex'].map({'male": 0, 'fem.

# 5. Feature scaling

scaler = StandardScaler()

X scaled = scaler.fit_transform(df)

# 6. Elbow Metho

wcss =[]

for k in range(1, 11):
kmeans = KMeans(n_clusters=k, random_state=42)
kmeans.fit(X scaled)
wcss.append(kmeans.inertia )

plt.figure()

plt.plot(range(1, 11), wcss, marker="0")

plt.xlabel('Number of Clusters (K)")

plt.ylabel('WCSS)
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plt.title('Elbow Method')

plt.show()

# 7. Apply K-Means with optimal K

kmeans = KMeans(n_clusters=3, random_state=42)
clusters = kmeans.fit_predict(X scaled)
df['Cluster'] = clusters

# 8. Silhouette Score

score = silhouette score(X scaled, clusters)
print("Silhouette Score:", score)

# 9. Cluster visualization

plt.figure()

plt.scatter(df['Age'], df['Fare'], c=clust
plt.xlabel('Age")

plt.ylabel('Fare")

plt.title('K-Means rin Titani¢ Dataset')

plt.show()

OUTPUT

¢ Titanic dataset loaded and preprocessed

¢ Missing values handled and categorical data encoded

¢ Elbow curve showing optimal number of clusters (usually K = 2 or 3)
¢ Cluster labels assigned to each passenger

¢ Scatter plot visualizing clusters

¢ Silhouette Score indicating clustering quality (e.g., 0.3-0.5)
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2.4.3 Lab Practice Questions

1. Write a Python program to load the Titanic dataset, handle missing values in
the Age column, and encode the Sex attribute.

2. Write a program to apply feature scaling using StandardScaler on selected
Titanic features used for clustering.

3. Write a Python program to perform K-Means clustering with K = 3, assign
cluster labels to the dataset, and display the first 10 clustered records.

4. Write a program to calculate the Silhouette Score for the K-Means clustering
result and visualize the clusters using a scatter plot (Age vs Fare).

SREENARAYANAGURU
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